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Abstract001

Reasoning Language Models (RLMs) provide002
strong step-by-step reasoning and evidence003
integration for agentic Retrieval-Augmented004
Generation (RAG), yet their retrieval behav-005
iors remain unstable, often exhibiting over and006
under retrieval that degrades both efficiency007
and reliability. A controlled comparison under008
matched parameter scales shows that RLMs009
consistently outperform conventional LLMs010
across QA benchmarks, with particularly pro-011
nounced gains on multi-hop tasks. Further012
analysis indicates that RLMs tend to repeat-013
edly verify retrieved evidence and reconcile it014
with internal knowledge, which helps reduce015
hallucinations but may also trigger confirma-016
tion heavy overthinking when internal knowl-017
edge is uncertain or external evidence is in-018
sufficient or conflicting, leading to redundant019
retrieval. To address this issue, we propose a020
reinforcement learning framework centered on021
a multi-stage reward design that explicitly cou-022
ples answer quality rewards with the number023
of retrieval steps. Through staged optimiza-024
tion, the model learns when to retrieve and how025
many retrievals are necessary, balancing cor-026
rectness and retrieval cost. Experiments across027
multiple benchmarks demonstrate that our ap-028
proach improves average F1 and accuracy over029
prompt based and prior reinforcement learning030
baselines while significantly reducing the av-031
erage number of retrievals, achieving a better032
performance efficiency trade-off.033

1 Introduction034

Over the past year, reinforcement learning (Zhang035

et al., 2025c) driven Reasoning Language Models036

(RLMs) (Xu et al., 2025) have achieved substan-037

tial progress. Representative models such as Ope-038

nAI o1 (Wu et al., 2024), Qwen (Qwen3, 2025) ,039

and DeepSeek-R1 (DeepSeek-AI et al., 2025) ex-040

hibit strong long horizon, step-by-step reasoning041

Figure 1: Performance comparisons with other methods
on RAG benchmarks. The x-axis represents the average
accuracy, the y-axis represents the average F1 score, and
the size of the markers represents the average number
of retrievals. The larger the marker, the more retrievals
are performed.

capabilities, enabling test time reasoning expan- 042

sion to handle increasingly complex tasks. While 043

such capabilities are well aligned with information 044

intensive applications, relying solely on internal 045

model knowledge remains insufficient to meet re- 046

quirements for factuality and timeliness. Retrieval- 047

Augmented Generation (RAG) (Gao et al., 2024) 048

addresses this limitation by incorporating external 049

evidence to mitigate hallucinations and improve an- 050

swer grounding. Agentic RAG (Singh et al., 2025) 051

further formulates retrieval as an interactive deci- 052

sion making process, requiring models to dynam- 053

ically decide whether, when, and what to retrieve 054

during multi-step reasoning. However, existing 055

agentic RAG systems are often constrained by sub- 056

optimal retrieval strategies: over-retrieval leads to 057

redundant reasoning and high computational costs, 058

whereas under-retrieval (Wu et al., 2025b) deprives 059

models of necessary external knowledge, jointly 060

degrading efficiency and reliability. 061

Motivated by these challenges, we first conduct 062

a controlled comparison between RLMs and con- 063

1



ventional LLMs under matched parameter scales064

across diverse question answering benchmarks.065

As illustrated in Figure 2, the results show that066

RLMs consistently outperform LLMs, with partic-067

ularly pronounced gains on challenging multi-hop068

datasets. Further analysis reveals that the reason-069

ing chains of RLMs enable repeated verification of070

retrieved evidence and its integration with internal071

knowledge, thereby improving information aggre-072

gation and suppressing hallucinations. However,073

this confirmation oriented reasoning paradigm may074

also induce overthinking in RAG settings: when in-075

ternal knowledge is uncertain or external evidence076

is insufficient or conflicting, models tend to repeat-077

edly retrieve and verify information, resulting in078

excessive retrieval and reduced efficiency.079

To address this issue, we apply reinforcement080

learning with Dynamic sAmpling Policy Optimiza-081

tion (DAPO) (Yu et al., 2025) to train reasoning082

models and propose a multi-stage reward design083

that explicitly couples answer quality with retrieval084

cost. This design guides models toward efficient085

retrieval policies by balancing correctness and effi-086

ciency. As illustrated in Figure 1, experimental re-087

sults demonstrate that compared with prompt based088

baselines and existing reinforcement learning meth-089

ods, our approach achieves higher average F1 and090

accuracy across multiple benchmarks while signif-091

icantly reducing the average number of retrievals,092

yielding a more favorable trade-off between perfor-093

mance and efficiency.094

Our contributions are summarized as follows.095

• Reasoning models can integrate evidence ef-096

fectively via internal reasoning chains, yet un-097

der dynamic retrieval they often call tools un-098

necessarily, resulting in over-retrieval. We099

therefore introduce a reinforcement learn-100

ing–based multi-stage framework that bal-101

ances reasoning and retrieval, improving effi-102

ciency while strengthening reasoning perfor-103

mance.104

• To further mitigate the problem of excessive105

retrieval and enhance the model’s reasoning106

abilities, we design a multi-stage reward func-107

tion. This function operates through a dy-108

namic adjustment mechanism, wherein re-109

wards are applied differently at each stage110

to promote more efficient retrieval. By in-111

centivizing the model to perform targeted re-112

trieval only when necessary, we achieve a sig-113

nificant reduction in unnecessary retrieval be-114

Figure 2: Reasoning models benefit from deeper thought
in the reasoning chain, improving task accuracy.

havior while enhancing the model’s internal 115

reasoning skills. 116

• Our experimental results show that the pro- 117

posed method leads to substantial improve- 118

ments in both retrieval count and accuracy. 119

We compare our approach with other exist- 120

ing reinforcement learning based methods, 121

demonstrating that our framework outper- 122

forms them in terms of both efficiency and 123

accuracy. These results highlight the effec- 124

tiveness of our approach in improving model 125

performance by better balancing retrieval and 126

reasoning. 127

2 Related work 128

2.1 Retrieval Augmented Generation 129

Early structural innovations such as IRCoT (Trivedi 130

et al., 2023) interleave retrieval with chain-of- 131

thought reasoning, allowing each reasoning step 132

to guide the next retrieval action. Iter-RetGen 133

(Shao et al., 2023) is a method that synergizes re- 134

trieval and generation in an iterative manner to 135

improve relevance modeling and performance on 136

text tasks. Self-Knowledge guided Retrieval aug- 137

mentation (SKR) (Wang et al., 2023) is a simple 138

yet effective method which can let LLMs refer to 139

the questions they have previously encountered and 140

adaptively call for external resources when dealing 141

with new questions. 142

2.2 Reinforcement Learning 143

The R1-Searcher (Song et al., 2025b) and Search- 144

R1 (Jin et al., 2025a) series, which explicitly train 145

LLMs to autonomously generate search queries 146

during reasoning. R1-Searcher adopts a two stage 147
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Figure 3: Overall framework of our proposed approach. Module 1 describes the entire workflow of reinforcement
learning, and Module 2 introduces the reward function design scheme.

pipeline SFT for format acquisition followed by148

outcome based RL to encourage effective external149

search usage. ReSearch (Chen et al., 2025a) trains150

tool augmented reasoning agents in executable151

multi-step environments.Auto-Refine (Shi et al.,152

2025) enabling the model to iteratively filter, distill,153

and organize evidence before generating an answer.154

O2-Searcher (Mei et al., 2025) a novel search agent155

leveraging reinforcement learning to effectively156

tackle both open-ended and closed-ended questions157

in the open domain. Simple-Deepsearch (Sun et al.,158

2025b) a lightweight yet effective framework that159

bridges this gap through strategic data engineering160

rather than complex training paradigms. CoRAG161

(Wang et al., 2025) allows the model to dynami-162

cally reformulate the query based on the evolving163

state.164

Existing studies primarily focus on enhancing165

internal reasoning capabilities, while systematic166

exploration of how to tightly couple step-by-step167

reasoning with external knowledge retrieval so that168

models not only reason effectively but also re-169

trieve judiciously and efficiently remains an open170

research challenge.171

3 Methodology172

As shown in the figure 3, we present the overall173

framework of our method, which consists of two174

core components: the training pipeline and the re-175

ward modeling.176

3.1 Problem Definition 177

We formulate RAG as a sequential decision-making 178

process. Given a question q, the model incremen- 179

tally performs internal reasoning and may option- 180

ally invoke an external retriever multiple times be- 181

fore producing a final answer y. At step t, the 182

system maintains a state 183

st = (q, xt, et), (1) 184

where xt denotes the current intermediate reason- 185

ing context and et is the set of evidence retrieved 186

so far. At each step, the model selects an action 187

at ∈ {Search, Answer}. (2) 188

When at = Search, the model issues a retrieval 189

query and appends the newly obtained evidence to 190

et; when at = Answer, the process terminates and 191

the model outputs a final answer. 192

3.2 Training Process 193

In this study, we adopt the DAPO algorithm. Un- 194

like PPO, which trains a separate critic model, 195

DAPO optimizes the policy by estimating the base- 196

line from a group of rollouts. Given an existing 197

policy πθold and a reference policy πθref , based on 198

G rollouts for each input, the objective of DAPO 199

is to optimize the policy πθ by maximizing the 200

following objective: 201
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E(q,at)∼D,{oi}Gi=1∼πθold (·|q)[
1

G

G∑
i=1

|oi|
|oi|∑
t=1

min
(
ri,t(θ)Ai,t,

clip(ri,t(θ), 1− ϵlow, 1 + ϵhigh)Ai,t

)] (3)202

Explanation of Symbols:203

• πθold : Old policy used to generate trajectories.204

• oi: A trajectory representing the sequence of205

actions and states taken.206

• ri,t(θ):Reward at time step t, used to update207

the policy based on the reward. ri is the re-208

turn for the i-th rollout, representing the total209

accumulated reward from a given time step210

onward.211

ri,t(θ) =
πθ(at|st)
πθold(at|st)

(4)212

• Ai,t: Advantage at time step t, compared to213

the expected return. Ai is the advantage value214

of the i-th rollout. It represents the deviation215

of the model’s return ri in that rollout com-216

pared to the average return of all rollouts.217

Ai =
ri − mean({ri}Gi=1)

std({ri}Gi=1)
(5)218

• ϵlow, ϵhigh: The clipping range to prevent large219

updates.220

• G: Number of rollouts generated in a batch.221

• D: Dataset contains questions and answers.222

When t is included, the advantage and reward223

are calculated at each time step of the trajectory,224

whereas without t, the advantage and reward are225

computed over the entire rollout, reflecting the over-226

all performance across the whole sequence.227

In contrast to Group Relative Policy Optimiza-228

tion (GRPO) (Shao et al., 2024), which uses a KL229

divergence penalty to prevent the policy from devi-230

ating too much from the reference policy, DAPO231

removes the KL divergence term, focusing instead232

on decoupling the clip operation and dynamically233

sampling rollouts to optimize the policy more ef-234

fectively. We have encountered training crashes235

when using GRPO. Therefore, we choose DAPO.236

Rollout with Search 237

Unlike traditional rollouts that only contain text- 238

based reasoning, the rollouts in our method also 239

incorporate search queries and retrieval results. We 240

use <search> and </search> to denote the search 241

queries, and <information> and </information> 242

to denote the retrieved information. Additionally, 243

reflection is facilitated through the <reflect> and 244

</reflect> tags. These instructions are defined 245

within the prompt templates, which will be intro- 246

duced in the Appendix. 247

The rollout process forms an iterative cycle be- 248

tween text-based reasoning, search queries, re- 249

trieval results, and reflection. Specifically, when 250

the generation process encounters the </search> 251

tag, the query between the preceding <search> and 252

the current </search> tags will be used as a search 253

query to retrieve relevant factual information, and 254

the retrieval results will be enclosed within <in- 255

formation> and </information> tags. The exist- 256

ing rollout, concatenated with the retrieval results, 257

will be used as the next input to generate subse- 258

quent responses, and reflection will be incorporated 259

through the <reflect> tags until the generation pro- 260

cess encounters an end-of-sentence tag. 261

3.3 Reward Modeling 262

In the reinforcement learning process, the reward 263

function serves as a supervisory signal to adjust 264

and optimize the behavior of the model. Therefore, 265

given a question q and the i-th generated response 266

oi, we design three types of rewards: format re- 267

ward, answer reward, and search reward. The 268

following section introduces the details of the re- 269

ward function. 270

Format Reward 271

The format reward ensures that the model’s out- 272

put adheres to the expected structural format. In 273

many cases, deviations from the required format 274

can lead to inefficiencies or errors in further pro- 275

cessing. This function encourages the model to 276

generate responses that are both syntactically cor- 277

rect and semantically accurate, thereby ensuring 278

that the output meets the necessary structural stan- 279

dards. 280

We define two types of output structures: when 281

retrieval is not required, the output consists of think, 282

reflect, answer; when retrieval is needed, the out- 283

put includes multiple iterations of think, search, 284

information, reflect,answer. The format reward is 285
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calculated based on the alignment of the model’s286

output with these structures.287

The format reward is calculated as follows:288

rf =

{
1.0, they fully match
−1.0, otherwise

(6)289

This structure ensures that the model prioritizes290

generating outputs in the correct format, while291

penalizing deviations, thereby guiding the model292

to produce structurally consistent and correct re-293

sponses.294

Search Reward295

The search reward module evaluates the quality of296

search queries rather than directly scoring the re-297

trieved documents. Traditional methods often score298

documents based on relevance, but this approach is299

heavily dependent on the retriever’s performance,300

which is not the focus of our study. Instead, we301

focus on evaluating the search queries and their302

impact on the retrieval process.303

We use a rule-based approach to determine304

whether the query is concise. Specifically, we apply305

rules to avoid redundant question words, preposi-306

tions, and irrelevant modifiers in the query, ensur-307

ing that it remains as brief and direct as possible.308

For example, for a simple question, if relevant309

results are not found using keywords, the model310

should refrain from continuing to search, as this311

could be due to issues with the retriever. For com-312

plex queries, the model is encouraged to perform313

multiple rounds of retrieval in different directions.314

Our goal is to promote this behavior, enabling the315

model to demonstrate flexibility and diversity in316

handling multi-hop queries.The cosine similarity317

between two vectors m and n is calculated as fol-318

lows:319

cosine_similarity(m,n) =
m · n

∥m∥∥n∥
(7)320

Where m and n are the embedding vectors of321

two search queries. ∥ · ∥ represents the Euclidean322

norm of the vectors.The average similarity between323

all search queries is computed as the mean of pair-324

wise cosine similarities:325

avg_sim =

∑N
i=1

∑N
j=i+1 cosine_similarity(mi, nj)

N(N − 1)
(8)326

Where N is the total number of search queries. 327

mi and mj are the embedding vectors of the i- 328

th and j-th search queries.The search reward is 329

calculated based on the number of retrieval counts 330

(RC), expressed as a piecewise function: 331

rs =


0, concise & RC ≤ 1

−1.0, no concise & RC ≤ 1

−avg_sim, if RC > 1

(9) 332

This structure ensures that the model optimizes 333

the retrieval process by promoting diversity and 334

effectiveness while minimizing redundant search 335

behaviors. 336

Multi-Stage Answer Reward 337

The reward function adjusts the model’s behavior 338

based on the correctness of its answer and the num- 339

ber of retrieval counts it performs. 340

In Stage 1, for correct answers, the reward is 341

independent of the number of retrieval counts. For 342

incorrect answers, the reward is calculated based 343

on the number of retrieval counts, encouraging the 344

model to perform more retrievals in an attempt to 345

improve the answer. The reward for an incorrect 346

answer is given by where we set β to 0.3 : 347

ra =

{
1.0, if y is correct
−1.0 + β · RC, otherwise

(10) 348

In Stage 2, the reward for correct answers is 349

adjusted to account for the number of retrieval cy- 350

cles, encouraging the model to perform retrievals 351

when necessary. The reward for correct answers is 352

calculated as: 353

ra =

{
1.0− β · RC, if y is correct
−1.0, otherwise

(11) 354

This staged reward structure guides the model’s 355

behavior by first encouraging more retrievals for 356

incorrect answers and then optimizing retrievals for 357

correct answers in the later stage. 358

The reason for stage-based training is that in dy- 359

namic retrieval, the model may suffer from insuffi- 360

cient retrieval, which can reduce task accuracy.The 361

final reward consists of the following components: 362

rsum = ra + rs + rf (12) 363

rsum is used to evaluate the overall performance 364

and guide the optimization of the model’s policy. 365
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Figure 4: Answer category distribution across datasets
under RAG and non-RAG conditions. The answers are
divided into four categories. The proportion of each cate-
gory is shown for three models across different datasets.

4 Experiments366

4.1 Datasets and Metrics367

We evaluate our approach on seven established368

open-domain question answering, Natural Ques-369

tions (Kwiatkowski et al., 2019), TriviaQA (Joshi370

et al., 2017), PopQA (Mallen et al., 2023) and371

multi-hop reasoning benchmarks, HotpotQA (Yang372

et al., 2018), 2WikiMultihopQA (Ho et al., 2020),373

MuSiQue (Trivedi et al., 2023), Bamboogle (Shen374

et al., 2023).375

As shown in the figure 4 we classified the dataset376

into four categories: (1) correctly answered with377

and without RAG , (2) correctly answered with378

RAG indicating that the retrieved documents con-379

tributed to the answer, (3) correctly answered with-380

out RAG indicating that the retrieved documents381

contain noise, and (4) incorrectly answered in both382

cases indicating issues with the dataset itself. These383

four categories allow us to assess the impact of re-384

trieval documents on model performance.385

We report three evaluation metrics: F1 score,386

LLM as a Judge (using a large model for scoring),387

and Retrival Counts. Throughout both the training388

and testing phases, we used the same evaluation389

large model to ensure the accuracy of the results.390

4.2 Preliminary391

We provide a detailed description of the retriever392

setup. We utilized the work of FlashRAG (Jin et al.,393

2025b) to prepare our retriever, as our task focuses394

on training and optimizing the generator rather than395

working on the retriever. As a result, all experi-396

ments in this paper are conducted using the same397

retriever. For the corpus, we use the September398

2025 Wikipedia data. The pooling method selected399

Figure 5: Accuracy and output token usage as a function
of retriever top-k. Accuracy increases with top-k and
stabilizes after a certain point. Experiments are con-
ducted on both standard and reasoning models.

for the embeddings is the mean method for the 400

e5 model. For the search reward, we use the lat- 401

est Qwen3-Embedding (Zhang et al., 2025g). Our 402

approach does not involve rerank models, and all 403

model deployments are initiated using the VLLM 404

method. We provide a detailed description of ex- 405

periments in the appendix. 406

To investigate the impact of the number of re- 407

trieved documents on model performance, we con- 408

ducted detailed experiments. We compared the 409

results between a LLM and a RLM with the same 410

parameter size. As shown in the figure 5, the re- 411

sults demonstrate that increasing the number of 412

retrieved documents does not necessarily improve 413

performance. While retrieving more documents in- 414

creases the number of input tokens, it does not lead 415

to an improvement in accuracy. To better under- 416

stand the relationship between the model’s context, 417

retrieval count, and document length, we standard- 418

ized the retrieval setting with top k equal to 5. 419

4.3 Main Results 420

As shown in Table 1, the reasoning model’s reason- 421

ing chain significantly enhances accuracy across 422

various datasets. In the NQ dataset, the Qwen3- 423

4B model initially achieved a LasJ score of 0.38 424

and an RC score of 0.18 in Stage one, demonstrat- 425

ing basic retrieval capabilities. This indicates the 426

model’s early stage of learning how to retrieve rel- 427

evant information, albeit with limited efficiency. 428

As the training progresses within Stage one, the 429

model further improves, with the LasJ score rising 430

to 0.45 and the RC score increasing to 1.09, signi- 431

fying the model’s ability to perform multi-round 432

retrieval. At this stage, the model becomes more 433

proficient at conducting multiple retrievals to yield 434
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Methods Single-hop QA Multi-hop QA

NQ PopQA TriviaQA HotpotQA MuSiQue 2WIKI Bamboogle

LasJ RC LasJ RC LasJ RC LasJ RC LasJ RC LasJ RC LasJ RC

Qwen3-4B
Zero-shot 0.32 0.00 0.20 0.00 0.48 0.00 0.28 0.00 0.12 0.00 0.23 0.00 0.37 0.00
Naive 0.55 1.00 0.51 1.00 0.73 1.00 0.56 1.00 0.19 1.00 0.41 1.00 0.50 1.00
Naive w/o think 0.53 1.00 0.43 1.00 0.58 1.00 0.42 1.00 0.15 1.00 0.41 1.00 0.37 1.00

Stage one
0.38 0.18 0.32 0.33 0.67 0.13 0.35 0.30 0.16 0.41 0.37 0.45 0.39 0.14
0.45 1.09 0.49 1.12 0.67 1.14 0.47 1.35 0.18 1.52 0.53 1.65 0.45 1.35
0.48 1.83 0.51 1.82 0.72 1.88 0.54 2.25 0.22 2.28 0.54 2.75 0.46 2.05

Stage two 0.57 1.07 0.54 1.06 0.83 1.03 0.55 1.11 0.24 1.25 0.61 1.33 0.61 1.44

Qwen3-8B
Zero-shot 0.39 0.00 0.25 0.00 0.61 0.00 0.35 0.00 0.14 0.00 0.28 0.00 0.48 0.00
Naive 0.62 1.00 0.52 1.00 0.70 1.00 0.54 1.00 0.18 1.00 0.43 1.00 0.54 1.00
Naive w/o think 0.47 1.00 0.48 1.00 0.58 1.00 0.42 1.00 0.13 1.00 0.37 1.00 0.27 1.00

Stage one
0.51 0.43 0.46 0.62 0.66 0.26 0.48 0.65 0.21 0.70 0.39 0.85 0.49 0.36
0.57 1.13 0.53 1.27 0.72 1.01 0.59 1.79 0.24 2.29 0.58 1.98 0.51 1.20
0.64 1.52 0.56 1.64 0.79 1.65 0.62 2.26 0.31 2.61 0.64 2.19 0.65 2.01

Stage two 0.64 1.13 0.53 1.01 0.81 1.01 0.55 1.15 0.27 2.15 0.51 1.41 0.56 1.22

Table 1: Multi-stage capability evolution of a reasoning model during training. We report results for Qwen3-4B and
Qwen3-8B across single-hop and multi-hop QA benchmarks, comparing Zero-shot and Naive using the LLM as a
Judge (LasJ) and Retrieval Count metrics.

Checkpoints NQ PopQA TriviaQA HotpotQA MuSiQue 2WIKI Bamboogle
LasJ RC LasJ RC LasJ RC LasJ RC LasJ RC LasJ RC LasJ RC

Qwen3-4B
Step 30 0.38 0.18 0.32 0.33 0.67 0.13 0.35 0.30 0.16 0.41 0.37 0.45 0.39 0.14
Step 90 0.48 0.49 0.47 0.80 0.75 0.39 0.44 0.72 0.19 0.97 0.47 1.08 0.41 0.29
Step 180 0.49 0.35 0.49 0.61 0.74 0.23 0.42 0.64 0.18 0.76 0.48 0.78 0.38 0.28
Qwen3-8B
Step 30 0.38 0.18 0.33 0.33 0.66 0.13 0.37 0.30 0.13 0.41 0.34 0.45 0.45 0.14
Step 90 0.47 0.44 0.45 0.79 0.74 0.26 0.45 0.60 0.18 0.82 0.50 1.03 0.48 0.22
Step 180 0.47 0.40 0.47 0.77 0.74 0.20 0.43 0.43 0.18 0.69 0.50 0.86 0.48 0.10

Table 2: Performance of RLMs at training steps, showing inadequate retrieval behavior under the unified dynamic
reward function, without stage-based training.

more accurate and comprehensive answers.435

In Stage two, further optimization leads to im-436

proved accuracy and efficiency. The model not437

only learns appropriate retrieval behavior but also438

avoids excessive retrieval. For instance, on the NQ439

dataset, the Qwen3-4B model reaches a LasJ score440

of 0.57 and an RC score of 1.07, indicating a better441

balance between retrieval accuracy and efficiency.442

Through multi-stage training, the model tran-443

sitions from learning basic retrieval to mastering444

multi-round retrieval, and ultimately optimizing445

retrieval efficiency. This process leads to signifi-446

cant improvements in both accuracy and retrieval447

efficiency, achieving optimization in multi-hop QA448

tasks.449

During the model training process, we conducted450

tests on the checkpoints at various training steps.451

As shown in Table 2, we observed that training452

without stage-based learning where answer rewards453

for both correct and incorrect responses are di-454

rectly tied to the number of retrievals results in 455

lower accuracy. This is because the model has not 456

learned multi-round retrieval, leading to inadequate 457

retrieval performance. 458

4.4 Baselines 459

We compared our approach with other methods, 460

which can be divided into prompt-based methods 461

and RL methods. Our approach uses a different RL 462

method and strategy. To ensure fairness, we con- 463

ducted training on the standard model. As shown 464

in the table 3 , our method demonstrates significant 465

advantages over other approaches across various 466

benchmarks. 467

Moreover, retrieval efficiency is a key strength 468

of our method. On Bamboogle, our model achieves 469

an RC of 1.03 with an acc score of 0.49, while R1- 470

Searcher requires 2.11 retrievals for an acc score 471

of 0.39, highlighting a significant improvement in 472

efficiency. These results indicate that our approach 473
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Type Methods NQ PopQA TriviaQA HotpotQA‡ MuSiQue‡ 2WIKI‡ Bamboogle‡
F1 ACC RC F1 ACC RC F1 ACC RC F1 ACC RC F1 ACC RC F1 ACC RC F1 ACC RC

Prompt

Directly Gen 0.09 0.32 0.00 0.05 0.25 0.00 0.17 0.52 0.00 0.07 0.26 0.00 0.04 0.13 0.00 0.08 0.43 0.00 0.08 0.27 0.00
Standard RAG 0.14 0.41 1.00 0.11 0.34 1.00 0.07 0.32 1.00 0.15 0.40 1.00 0.05 0.18 1.00 0.11 0.41 1.00 0.02 0.12 1.00

IRCoT 0.08 0.07 3.16 0.04 0.08 3.79 0.15 0.31 3.10 0.12 0.11 2.70 0.05 0.04 2.68 0.08 0.08 2.52 0.12 0.11 3.03
Iter-RetGen 0.15 0.49 3.00 0.20 0.65 3.00 0.19 0.17 3.00 0.18 0.43 3.00 0.07 0.23 3.00 0.30 0.33 3.00 0.33 0.32 3.00

SKR 0.04 0.18 0.78 0.02 0.13 0.56 0.09 0.37 0.75 0.03 0.20 0.72 0.02 0.06 0.74 0.06 0.39 0.74 0.09 0.30 0.83

RL

Auto-Refine (3B) 0.25 0.22 2.00 0.16 0.17 2.04 0.43 0.39 1.99 0.26 0.20 2.02 0.14 0.08 2.04 0.30 0.26 2.02 0.28 0.22 2.04
O2-Searcher (3B) 0.20 0.18 3.04 0.11 0.10 2.70 0.38 0.35 2.08 0.21 0.16 3.15 0.10 0.05 2.70 0.19 0.17 4.89 0.29 0.22 2.76
Search-R1 (7B) 0.42 0.38 1.43 0.50 0.56 1.31 0.63 0.60 1.48 0.47 0.53 1.39 0.47 0.41 1.91 0.53 0.52 1.18 0.21 0.19 1.46
Self-RAG (7B) 0.05 0.08 1.00 0.09 0.12 1.00 0.23 0.38 1.00 0.13 0.18 1.00 0.06 0.04 1.00 0.17 0.32 1.00 0.06 0.09 1.00

R1-Searcher (7B) 0.43 0.50 1.87 0.48 0.53 1.54 0.63 0.61 1.84 0.53 0.46 2.22 0.34 0.30 2.40 0.63 0.61 2.20 0.48 0.39 2.11
Simple-Deepsearch (7B) 0.44 0.42 2.10 0.52 0.60 1.60 0.66 0.67 1.80 0.47 0.44 2.30 0.31 0.30 2.45 0.55 0.57 2.70 0.52 0.44 2.26

CoRAG (8B) 0.39 0.47 4.00 0.40 0.69 4.00 0.62 0.69 4.00 0.49 0.51 4.00 0.38 0.38 4.00 0.64 0.67 4.00 0.49 0.53 4.00

RL Our Method (3B) 0.27 0.39 0.59 0.37 0.33 0.85 0.40 0.57 0.39 0.39 0.38 0.75 0.21 0.14 1.10 0.49 0.28 0.68 0.45 0.29 0.87
Our Method (7B) 0.46 0.48 0.82 0.57 0.59 1.04 0.60 0.73 0.66 0.52 0.53 1.09 0.34 0.37 1.65 0.55 0.53 1.20 0.49 0.49 1.03

Table 3: Performance comparisons with other methods across seven datasets with three metrics (F1/ACC/RC). Best
and second-best can be highlighted with bold and underline.3B represents Qwen2.5-3B-Instruct and 7B represents
Qwen2.5-7B-Instruct.

Settings NQ PopQA TriviaQA HotpotQA MuSiQue 2WIKI Bamboogle
LasJ RC LasJ RC LasJ RC LasJ RC LasJ RC LasJ RC LasJ RC

Qwen3-4B
Ours 0.57 1.07 0.54 1.06 0.83 1.03 0.55 1.11 0.24 1.25 0.61 1.33 0.61 1.14
w/o rs 0.57 1.33 0.53 1.14 0.81 1.14 0.52 1.21 0.22 1.34 0.54 1.44 0.59 1.19
w/o stage one 0.36 0.12 0.25 0.31 0.65 0.61 0.31 0.48 0.14 0.23 0.34 0.39 0.40 0.31
w/o stage two 0.55 1.71 0.54 1.72 0.81 1.23 0.53 1.75 0.23 2.33 0.57 2.52 0.59 1.49
w/o ra 0.48 2.02 0.52 1.93 0.69 2.03 0.55 2.09 0.19 2.48 0.54 1.93 0.38 1.96

Table 4: Ablation study of reward components on Qwen3-4B across multiple RAG benchmarks.

achieves a better balance between accuracy and474

retrieval cost, demonstrating superior performance475

across both single-hop and multi-hop QA tasks.476

Our method consistently outperforms other RL-477

based models in both accuracy and retrieval ef-478

ficiency. By optimizing retrieval behavior, it479

achieves higher performance with fewer retrievals,480

making it a more efficient solution for RAG tasks.481

4.5 Ablation Study482

Table 4 reports an ablation study on the reward de-483

sign for Qwen3-4B. Overall, removing any single484

reward component consistently degrades perfor-485

mance, confirming that the full objective is nec-486

essary for stable improvement. In particular, the487

search reward is crucial for learning effective tool488

use: without it, the model becomes less reliable in489

leveraging external evidence and the retrieval be-490

havior is less well-controlled. Similarly, removing491

different stages affects the model’s training process.492

For instance, removing Stage one means that in the493

reward function for incorrect answers during this494

stage, the number of retrievals is no longer linked495

to the answer, which results in inadequate retrieval496

behavior. On the other hand, removing Stage two497

implies that in the reward function for correct an-498

swers during this stage, the number of retrievals is499

no longer associated with the answer, leading to500

over-retrieval behavior. 501

Removing the answer level reward most directly 502

harms end task quality, indicating that explicit su- 503

pervision on final correctness is essential to align 504

retrieval actions with answering goals. Together, 505

these results validate that the proposed reward com- 506

position provides complementary signals which 507

encourage accurate answers while discouraging un- 508

necessary retrieval. 509

5 Conclusion 510

In conclusion, we show that reasoning language 511

models deliver stronger evidence integration for 512

agentic RAG, but their retrieval policies are often 513

unstable between under- and over-retrieval, which 514

harms both efficiency and reliability. Our anal- 515

ysis attributes this to confirmation-heavy reason- 516

ing: repeated verification improves faithfulness 517

yet can trigger redundant retrieval when knowl- 518

edge is uncertain or evidence is noisy. To resolve 519

this problem, we propose a reinforcement learning 520

framework with a multi-stage reward that jointly 521

optimizes answer quality and retrieval cost, en- 522

abling the model to learn when to retrieve and how 523

much retrieval is sufficient. Across diverse bench- 524

marks, our method improves overall answer quality 525

while substantially reducing unnecessary retrieval, 526

achieving a better performance efficiency trade-off. 527
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Limitations528

We acknowledge three limitations in our study.529

First, our experiments are conducted exclusively530

on the Qwen series of language models. We do531

not explore or evaluate models from other families532

(e.g., Llama or DeepSeek) due to the architectural533

incompatibilities: the verl-tool reinforcement learn-534

ing (RL) training framework employed in this work535

currently supports only the Qwen architecture.536

Furthermore, all datasets used in our study are in537

English. Consequently, the model’s performance538

may differ when applied to tasks in other lan-539

guages—a direction beyond the scope of this work.540

Finally, while reinforcement learning is known541

to suffer from issues such as low data efficiency and542

slow training convergence, addressing these chal-543

lenges lies outside the focus of the present study.544

Potential Risks545

Our systems integrate external knowledge sources546

to enhance model outputs, yet this dependency in-547

troduces critical risks that require systematic anal-548

ysis. First, external knowledge repositories may549

contain outdated, biased, or adversarially injected550

content, which can compromise the factual accu-551

racy and reliability of generated responses.552

Second, privacy and data leakage risks are in-553

herent in RAG architectures. Sensitive information554

embedded in private documents or user queries555

may be inadvertently exposed during retrieval or556

generation processes.557
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A Related work858

A.1 Architecture of Agentic RAG Systems859

Recent advances in knowledge intensive reasoning860

highlight the importance of system level innova-861

tions in RAG. Beyond traditional linear pipelines,862

emerging studies redesign the architecture and or-863

chestration of RAG systems to achieve more adap-864

tive, explainable, and robust agentic search. These865

methods share a common goal: tightly integrating866

reasoning, retrieval, and rereasoning through mod-867

ular design, multi agent cooperation, and planning868

driven workflows.869

Early structural innovations such as IRCoT870

(Trivedi et al., 2023) interleave retrieval with chain-871

of-thought reasoning, allowing each reasoning872

step to guide the next retrieval action. This idea873

is extended in ComposeRAG (Wu et al., 2025c)874

which decomposes the entire RAG pipeline into875

atomic, composable modules question decompo-876

sition, query rewriting, retrieval decisions, verifi-877

cation, and answer synthesis thereby improving878

flexibility and interpretability.879

Multi agent frameworks further enhance robust-880

ness. DRAG (Hu et al., 2025) introduces structured881

debates supporter, opponent, judge across both re-882

trieval and generation stages to reduce hallucina-883

tions. MA-RAG (Nguyen et al., 2025) and MAO-884

ARAG (Chen et al., 2025c) partition the RAG pro-885

cess into specialized agents planner, step definer,886

extractor, QA agents and orchestrate them through887

multi step coordination, enabling adaptive multi888

round refinement.889

Another line of work emphasizes plan driven rea-890

soning. PAR RAG (Zhang et al., 2025d) adopts a891

“Plan–Act–Review” paradigm to prevent error prop-892

agation in multi hop QA. Similarly, OPERA (Liu893

et al., 2025) employs a Planner Executor architec-894

ture where the goal planner decomposes tasks and895

the reasoning execution module handles precise896

retrieval trained via the MAPGRPO multi agent897

optimization framework.898

Systems also begin to model retrieval as an899

explicit decision process. DeepRAG (Guan900

et al., 2025) formulates RAG as an MDP, mak-901

ing “whether, what, and how many times to re-902

trieve” part of the system’s action space. PAIRS903

(Chen et al., 2025b) follows a dual path strategy904

that fuses parametric and retrieved knowledge to905

dynamically determine when external evidence is906

necessary, without additional training.907

To broaden capabilities, several works integrate908

tool usage or handle heterogeneous information 909

sources. TURA (Zhao et al., 2025) unifies static 910

corpus retrieval with dynamic API calls within a 911

single agent. Search-o1 (Li et al., 2025a) embeds 912

agentic search directly into long reasoning chains 913

and introduces a Reason-in-Documents module 914

for structured interpretation of retrieved evidence. 915

Meanwhile, MixRAG (Zhang et al., 2025a) and 916

GTR (Zou et al., 2025) extend RAG to heteroge- 917

neous documents including tables and graph struc- 918

tured data via hierarchical representations, hetero- 919

geneous graph construction, and layered retrieval. 920

As illustrated in the figure 6, we depict the typ- 921

ical structural characteristics of existing RAG ap- 922

proaches and further point out the key issues these 923

methods exhibit in practice. 924

A.2 Reinforcement Learning for RAG 925

A growing body of research strengthens agen- 926

tic RAG systems through reinforcement learning 927

which treats both reasoning and retrieval as learn- 928

able policies. These methods share the goal of 929

teaching models when to think, when to search, 930

how to search, and how to integrate retrieved 931

evidence, while differing in reward granularity 932

outcome-level vs. process-level, use of GRPO vari- 933

ants, memory mechanisms, and the modeling of 934

knowledge boundaries. 935

R-Search (Shi and Shen, 2025) employs GRPO 936

based reinforcement fine tuning to generate struc- 937

tured outputs (<think>, <search>, <result>, <an- 938

swer>) using multi component rewards for answer 939

correctness, DAG validity, and format compliance. 940

CR-Planner (Li et al., 2025b) uses dual critics to 941

guide subgoal planning and execution, while Deep- 942

RAG formulates retrieval decisions as an MDP, en- 943

abling adaptive policies for “whether and when to 944

retrieve.” MaskSearch (Wu et al., 2025d) strength- 945

ens general purpose search ability through a DAPO 946

based RL stage, and ZeroSearch (Sun et al., 2025a) 947

reduces API cost by replacing real retrieval with 948

simulated noisy documents under a curriculum- 949

based rollout strategy. EvolveSearch (Zhang et al., 950

2025b) further alternates SFT and RL in a self 951

improving loop that requires no human labeled rea- 952

soning traces. 953

The R1-Searcher (Song et al., 2025a) and Search- 954

R1 (Jin et al., 2025a) series, which explicitly train 955

LLMs to autonomously generate search queries 956

during reasoning. R1-Searcher adopts a two stage 957

pipeline SFT for format acquisition followed by 958

outcome based RL to encourage effective external 959
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Figure 6: The overall framework and limitations of other methods.

search usage. R1-Searcher++ (Song et al., 2025b)960

extends this with a memory mechanism that accu-961

mulates and internalizes retrieved information over962

time. Search-R1 simplifies training with retrieved-963

token masking to stabilize RL, substantially outper-964

forming strong RAG baselines across multiple QA965

datasets. Taken together, these works demonstrate966

the feasibility of training LLMs to actively plan967

and execute external search through lightweight968

reward signals.969

FrugalRAG (Java et al., 2025) directly optimizes970

retrieval cost and shows that competitive RAG per-971

formance can be achieved with far fewer retrieval972

calls through lightweight SFT RL.IKEA which fo-973

cuses on knowledge sufficiency and retrieval neces-974

sity (Huang et al., 2025) introduces a knowledge-975

boundary-aware reward and dataset that jointly en-976

courage. This explicitly reframes retrieval as a con-977

ditional rather than default action. Similar ideas978

appear in FrugalRAG.979

ReasonRAG which develops process level re-980

wards (Zhang et al., 2025f) supervises intermediate981

steps query generation, evidence extraction, an-982

swer synthesis using process level rewards. LeTS983

(Zhang et al., 2025e) combines process level and984

outcome level signals to better supervise multi-step985

reasoning. ARENA (Ren et al., 2025) employs986

adaptive rewards and structured generation to train987

models to identify key evidence and produce inter-988

pretable decision traces.989

RL has also been applied in domain-specific990

and multimodal contexts. Domain-Aware (Lin 991

et al., 2025) RAG uses GRPO to optimize domain 992

adapted query and passage generation with efficient 993

fusion strategies. MMSearch-R1 (Wu et al., 2025a) 994

extends RL incentives to multimodal retrieval. Thai 995

Legal GRPO demonstrates that GRPO can signifi- 996

cantly improve citation accuracy and legal reason- 997

ing. ReSearch (Chen et al., 2025a) trains tool aug- 998

mented reasoning agents in executable multi-step 999

environments. 1000

B Experiments Details 1001

B.1 Datasets 1002

We evaluate our approach on seven established 1003

open-domain question answering (ODQA) and 1004

multi-hop reasoning benchmarks: 1005

Natural Questions (Kwiatkowski et al., 2019) 1006

is a large-scale dataset derived from real Google 1007

search queries, paired with Wikipedia articles and 1008

human-annotated long and short answers. It empha- 1009

sizes answer localization within full documents un- 1010

der realistic retrieval conditions. TriviaQA (Joshi 1011

et al., 2017) consists of over 650k question–answer 1012

pairs authored by trivia enthusiasts, accompanied 1013

by evidence documents collected from the web 1014

or Wikipedia. It features high linguistic diversity 1015

and complex compositional questions, making it a 1016

strong testbed for generalization. PopQA (Mallen 1017

et al., 2023) is a dynamic, large-scale dataset con- 1018

structed from Wikidata facts about popular entities 1019

(e.g., celebrities, movies), designed to assess mod- 1020
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Parameter Value Description
n 32 Number of sampled rollouts per prompt.
total_epochs 10 Maximum number of training epochs.
total_training_steps 500 Total number of RL training steps.
batch_size 32 Training batch size.
ppo_mini_batch_size 32 Mini-batch size used for policy updates.
ppo_micro_batch_size_per_gpu 1 Micro-batch size per GPU to control peak memory usage.
max_prompt_length 2048 Maximum length of the input prompt.
max_obs_length 4096 Maximum length of tool observations.
max_action_length 8192 Maximum length of tool actions.
max_response_length 16384 Maximum length of the generated response.
temperature 1.0 Sampling temperature for rollout generation.
top_p 1.0 Nucleus sampling threshold for rollouts.
max_turns 5 Maximum number of interaction turns per episode.
lr 1× 10−6 Learning rate for the actor (policy) optimizer.
kl_loss_coef 1× 10−4 Coefficient of the KL regularization term in the actor loss.
tensor_model_parallel_size 4 Tensor model parallelism degree for rollout inference.
gpu_memory_utilization 0.5 vLLM rollouts

Table 5: Experimental parameter design and training configuration used in our framework.

els’ internalized knowledge of time-sensitive and1021

culturally relevant facts without external retrieval.1022

HotpotQA (Yang et al., 2018) requires systems1023

to perform multi-hop reasoning across multiple1024

Wikipedia paragraphs to answer questions and pro-1025

vide supporting facts. It includes both “distractor”1026

and “fullwiki” settings to evaluate reasoning and re-1027

trieval jointly. 2WikiMultihopQA (Ho et al., 2020)1028

is a synthetically generated multi-hop QA dataset1029

built from structured paths in Wikipedia and Wiki-1030

data. It ensures logically sound two-hop questions1031

with minimal noise, enabling controlled evalua-1032

tion of reasoning capabilities. MuSiQue (Trivedi1033

et al., 2023) constructs challenging multi-step ques-1034

tions by systematically composing single-hop ques-1035

tions, ensuring that answers cannot be inferred1036

from any individual hop alone. It mitigates shortcut1037

learning and enforces sequential reasoning. Bam-1038

boogle (Shen et al., 2023) is an adversarially de-1039

signed multi-hop QA dataset where questions are1040

crafted to prevent surface-level heuristics or key-1041

word matching.1042

B.2 Models1043

We conduct experiments on the Qwen2.5 (Qwen1044

et al., 2025) and Qwen3 (Yang et al., 2025) model1045

families, and adopt Qwen3-235B-A22B-Instruct as1046

the LLM-as-a-Judge to provide automatic evalua-1047

tion signals. For the training targets, we fine-tune1048

Qwen2.5-7B-Instruct and Qwen2.5-3B-Instruct as1049

non-reasoning models, and Qwen3-4B and Qwen3-1050

8B as reasoning-oriented models. All experiments1051

are performed on eight H800 GPUs.1052

The choice of model scale is guided by a trade-1053

off between computational feasibility and the qual-1054

ity of learning signals. Larger models incur pro- 1055

hibitive memory and computational costs, leading 1056

to severe GPU memory pressure, whereas smaller 1057

models suffer from insufficient internal reason- 1058

ing and representation capacity. As a result, low- 1059

capacity models often fail to answer questions re- 1060

lying on their internal knowledge, which in turn 1061

yields sparse or ineffective reward signals during 1062

training. Therefore, we select medium-scale mod- 1063

els to ensure stable and informative reward feed- 1064

back under a practical computational budget. 1065

B.3 Experimental Setup 1066

During the training phase, we specify the detailed 1067

hyperparameter configuration in the Table 5. A val- 1068

idation check and checkpoint saving are performed 1069

every 30 optimization steps. The training data is 1070

sourced from the 2WikiMultihopQA (Ho et al., 1071

2020) dataset, which we partition into two subsets: 1072

80% is used for training within the reinforcement 1073

learning framework, and the remaining 20% serves 1074

as a validation set to monitor training dynamics. 1075

All experiments are conducted on eight NVIDIA 1076

H800 GPUs. For the reasoning model, each train- 1077

ing iteration involves the generation of a full CoT, 1078

resulting in a total training duration of approxi- 1079

mately 24 hours. In contrast, the non-reasoning 1080

model does not produce genuine CoT sequences; 1081

instead, it simulates highly abbreviated reasoning 1082

paths. Consequently, its training time is signifi- 1083

cantly reduced to about 6 hours, during which the 1084

model is already able to effectively explore and 1085

converge toward the optimal reward region. As 1086

shown in the figure 7, it demonstrates the changes 1087

in different metrics as the training steps progress. 1088
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Figure 7: Trends of Evaluation Metrics Across Training Steps for Qwen3-4B.

B.4 Prompt Settings1089

Instruction for Judge LLM

You are an evaluation assistant. Your task is to determine
whether the given prediction semantically matches any of
the reference answers.This is a flexible match: even if the
wording is different, if the meaning is the same, consider
it a match. Prediction: normalized prediction Reference
Answers: normalized golden Please answer with a single
word: - YES → if the prediction expresses the same mean-
ing as any of the reference answers. - NO → otherwise.
Only respond with YES or NO.

1090

Instruction for Trained RLM
Please answer the given question by following the struc-
tured reasoning protocol below:
1. Always begin with <think>...</think> to provide a brief
internal reasoning sketch. - This reasoning must primarily
rely on your internal knowledge and reasoning abilities. - If
your internal knowledge is sufficient to answer the question,
do not assume the need for external tools.
2. If your internal knowledge is sufficient to answer the
question: - Provide a concise summary of your reasoning
inside <reflect>...</reflect>. - Then give the final answer
inside <answer>...</answer>. - Under no circumstances
should you generate a <search> block if your internal
knowledge is adequate.
3. Only if your internal knowledge is genuinely insufficient
to answer the question: - Generate a brief keyword-based
search query inside <search>...</search>. The query should
be as concise as possible but must include sufficient factual
clues, such as names, dates, locations, key concepts, etc.
- The query should be a brief description with multiple
keywords instead of a natural language question.
4. When the system returns information inside <infor-
mation>...</information>: - If the information is reliable
and sufficient, integrate it with your reasoning inside <re-
flect>...</reflect>. - Then provide the final concise answer
inside <answer>...</answer>.
5. If the retrieved information is insufficient or contra-
dicts your internal knowledge: - Explain the issue within
<reflect>...</reflect>. - If necessary, generate a revised
<search> query.
6. Final rule: - The final answer must be concise and clear,
placed inside <answer></answer>. - Internal reasoning (in
<think>) must always be the primary method; tool usage
should be a last resort, not the default.

1091
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Table 6: An example from naive methods on 2wikimultihopqa dataset, with special symbols used in the thinking
process. The thought words are highlighted in blue box and the correct answer is highlighted in green box

respectively. The wrong answer is highlighted in red box .

Example #1 from 2wikimultihopqa Dataset

Question:
When Lavinia Norcross Dickinson’s father died ?
Labeled Answer:
June 16, 1874

Direct Reasoning - Overthinking caused by high uncertainty

<think>Okay, I need to figure out when Lavinia Norcross Dickinson’s father died. First, I remember that Lavinia Dickinson
was one of the nineteen Dickinson sisters, right? The Dickinson family was pretty well-known in the 19th century, especially
for their poet, Emily Dickinson.
But I’m not exactly sure about the dates of Lavinia’s father or when he died.So, the Dickinson family was from Amherst,

Massachusetts. Emily Dickinson was born in 1830, and her father was Edward Dickinson. Wait, but was Edward Dickinson
the father of all the Dickinson sisters? I think he was the father of Emily, but maybe Lavinia was a different sister? Wait, no,
the Dickinson family had several children, including Emily, and others like Lavinia.
...
But I need to check which of them were born when. For example, Emily was born in 1830, then her older sisters might have

been born in the 1820s. Let me see if I can get the birth years of the Dickinson daughters.I think the children of Edward
Dickinson were:
...
but I’m not entirely sure Alternatively, maybe Lavinia was born in 1825. If that’s the case, then her father, Edward Dickinson,

would have died when? Edward Dickinson died in 1887. Wait, but that’s conflicting because Emily was born in 1830, and
Edward died in 1887. So, if Lavinia Norcross Dickinson is one of the daughters of Edward Dickinson, then Lavinia’s father
died in 1887.
But I need to confirm this Alternatively, maybe Lavinia Norcross Dickinson is a different person. Wait, she might be the

daughter of Henry Norcross, a different family. But that seems unlikely. Wait, but the name "Norcross" might be a surname of
the Dickinson family. Wait, maybe Lavinia Norcross Dickinson was the daughter of Edward Dickinson, and her father’s name
is Edward Dickinson. But then, when did he die? Edward Dickinson was the father of Emily Dickinson, and he died in 1887.
Therefore, if Lavinia was one of the daughters, then her father died in 1887.
...
Alternatively maybe Lavinia Norcross is a different person. Wait, but I think that in some sources, Lavinia Norcross

Dickinson was the daughter of Edward Dickinson and Elizabeth Norcross Dickinson. Wait, but I need to get this right. Let me
try to recall. The name "Norcross" is not commonly associated with the main Dickinson family. Wait, maybe I’m mixing up
the names. Alternatively, perhaps Lavinia Norcross Dickinson is a different person, not a Dickinson daughter. Wait, but I
think Lavinia Dickinson was one of the daughters, and I’m not sure about her full name. Maybe there’s confusion with the
fact that some of the Dickinson sisters were divorced, and their spouses might have taken surnames. For example, Lavinia
Dickinson married a man named Sheldon, so her full name could be Lavinia Norcross Dickinson if her husband’s surname
was Norcross. Wait, that might be the case. So, Lavinia Norcross Dickinson was the daughter of Edward Dickinson, who died
in 1887. Then her father died in 1887. Therefore, the answer is that Lavinia Norcross Dickinson’s father died in 1887, when
Edward Dickinson died.
But I should confirm this Let me check. Edward Dickinson was born in 1794 and died in 1887. Yes, that’s correct. So, if

Lavinia was his daughter, then her father died in 1887. Therefore, the answer is 1887.</think>
Answer: Lavinia Norcross Dickinson’s father, Edward Dickinson, died on July 4, 1887

Standard RAG - Rely on the documents and Lack of internal reasoning

<think>Okay, let’s tackle this question: When did Lavinia Norcross Dickinson’s father die?
First, I need to figure out who Lavinia Norcross Dickinson’s father is. From the documents provided, I see that Lavinia is the
daughter of Edward Dickinson and Emily Norcross. Specifically, Doc 2 mentions that Lavinia was born to Edward Dickinson
and his wife Emily Norcross. So, her father is Edward Dickinson.
Now, I need to find out when Edward Dickinson died. Looking through the documents, Doc 4 talks about Edward Dickinson.
It states that he died on June 16, 1874. The document also mentions that he died after a speech in the House on his connection
with the Hoosac Tunnel. Additionally, Doc 1 mentions that Emily Norcross Dickinson (Lavinia’s mother) suffered a stroke in
1874 and died in 1882. However, the death date of Edward Dickinson is clearly stated in Doc 4 as June 16, 1874.
So, putting it all together, Lavinia Norcross Dickinson’s father, Edward Dickinson, died on June 16, 1874. The answer should
be that date.</think>
Lavinia Norcross Dickinson’s father was Edward Dickinson, who died on June 16, 1874 This is explicitly stated in Doc 4,
which notes his death date and provides context about his life and career. The information is corroborated across documents,
including references to his role as treasurer of Amherst College and his eventual demise from apoplexy during a speech in the
House.
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Table 7: An example from Our framework on 2wikimultihopqa dataset, with special symbols used in the thinking
process. the correct answer is highlighted in green box respectively.

Example #1 from 2wikimultihopqa Dataset

Question:
When Lavinia Norcross Dickinson’s father died ?
Labeled Answer:
June 16, 1874

Ours - Integration of internal reasoning and external information

<think>
Okay, let’s see. The question is when Lavinia Norcross Dickinson’s father died. First, I need to find out who Lavinia Norcross
Dickinson was. From what I remember, she was an American author and writer. She’s known for her letters and diaries.Now, I
need to find out who her father was. Lavinia Norcross Dickinson was married to Edmond Dickinson. Wait, but that’s her
husband. Her father’s name... I think her father was Samuel Norcross. Wait, but I need to confirm that. Wait, Lavinia Norcross
Dickinson was born in 1830. Her father’s death date would be somewhere in her early life.Wait, I recall that Samuel Norcross
died in 1834. Because Lavinia was born in 1830, so if her father died when she was four years old, that would put the date
around 1834. But I need to be sure. Let me make a search.
</think>
<search>
when did Lavinia Norcross Dickinson’s father die
</search>
<information>
Doc 1 (Title: ""Emily Norcross Dickinson"") Emily Norcross Dickinson (née Norcross; July 3, 1804 – November 14, 1882)
was a member of the Dickinson family of Amherst, Massachusetts, and the mother of American poet Emily Dickinson...
Doc 2 (Title: ""Lavinia Norcross Dickinson"") Lavinia "Vinnie" Norcross Dickinson (February 28, 1833 – August 31, 1899)
was the younger sister of American poet Emily Dickinson. Vinnie was the youngest of the Dickinson siblings born to Edward
Dickinson and his wife Emily Norcross in Amherst...
Doc 3 (Title: ""Fred Norcross"") They had two children, Fred Stevenson Norcross III (1926–1990) and Robert Jackman
Norcross (1929–2009)...
Doc 4 (Title: ""Edward Dickinson"") Edward Dickinson (January 1, 1803 – June 16, 1874) was an American politician
from Massachusetts. He is also known as the father of the poet Emily Dickinson; their family home in Amherst, the Emily
Dickinson Museum, is a museum dedicated to her...
Doc 5 (Title: ""Emily Dickinson"") Two hundred years earlier, her patrilineal ancestors had arrived in the New World—in the
Puritan Great Migration—where they prospered. Emily Dickinson’s paternal grandfather, Samuel Dickinson, was one of the
founders of Amherst College...
</information>
<reflect>
The question is about when Lavinia Norcross Dickinson’s father died. From Document 4, we learn that Edward Dickinson
(father of Emily Dickinson) died on June 16, 1874 . Since Lavinia Norcross Dickinson was born on February 28, 1833
(Document 2), her father Edward Dickinson was alive when she was born. Therefore, his death date of June 16, 1874, is the
answer.
</reflect>
<answer>
June 16, 1874

</answer>
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Table 8: An example from naive methods on 2wikimultihopqa dataset, with special symbols used in the thinking
process. The thought words are highlighted in blue box and the position of correct answers are highlighted in
green box respectively. The first wrong thought is highlighted in red box .

Example #2 from 2wikimultihopqa Dataset

Question:
What is the date of birth of Frederick of Liège’s father?
Labeled Answer:
1027

Direct Reasoning - Overthinking caused by high uncertainty

<think>Okay, I need to find the date of birth of Frederick of Liège’s father. First, I should figure out who Frederick of Liège is.
From what I remember, Frederick of Liège was a medieval figure, maybe a duke or a noble. Let me start by confirming his
identity
...
Alternatively , I might have mixed up the names. Maybe the father of Frederick of Liège was Henry IV of Liège. But I’m

not certain. Let me think again. The House of Liège had several dukes. The first duke was William the Silent (1025-1057),
then his son William II (1057-1071), then Henry I (1071-1110), Henry II (1110-1131), Henry III (1131-1163), Henry IV
(1163-1186), Henry V (1186-1216), and so on
...
Alternatively , there might be a Frederick of Liège who was a 16th-century duke. That’s possible. Wait, the name Frederick

of Liège might be associated with the 15th or 16th century. For example, Frederick the Lion, but he was a king. Wait, perhaps
Frederick of Liège was a lesser noble, but the dukes of Liège are from the 11th century onwards.
...
</think>
Answer: The date of birth of Frederick of Liège’s father, Henry IV of Liège, is 10 June 1087 .

Standard RAG - Overthinking caused by insufficient information

<think>Okay, let’s tackle this question: "What is the date of birth of Frederick of Liège’s father?"
First, I need to figure out who Frederick of Liège is. The user mentioned "Frederick of Liège," but looking at the external
documents, there’s a document titled "Floribert of Liège" which says he was the son of Hubert of Liège. Wait, the question is
about Frederick of Liège’s father. But the documents don’t mention a Frederick of Liège directly. Let me check again.
Looking at the documents, Doc 1 talks about Floribert of Liège, who was the son of Hubert of Liège. The question is about
Frederick of Liège’s father. Maybe there’s a confusion here. The user might be mixing up names. Alternatively, maybe there’s
a Frederick mentioned in another document.
...
Alternatively , maybe the user is referring to Frederick of Denmark (Doc 4), but again, that’s not Liège.

Since the documents don’t mention a Frederick of Liège, and the only related person is Floribert, whose father is Hubert, but
no birth date for Hubert. Therefore, the answer would be that there’s no information in the provided documents. However, the
user might have made a mistake, but since the assistant is supposed to use the documents, maybe the answer is that there’s no
such person in the documents.
Alternatively , perhaps the user intended to ask about Floribert of Liège’s father, Hubert, but the question says Frederick.

Given that, perhaps the assistant should note that there’s no Frederick of Liège in the documents, but if it’s a mistake, then
Hubert of Liège’s birth date is unknown. However, the assistant must rely on the documents.
...
<think/>
Final Answer: The provided documents do not contain the date of birth of Frederick of Liège’s father.
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Table 9: An example from Our framework on 2wikimultihopqa dataset, with special symbols used in the thinking
process.The position of correct answers are highlighted in green box respectively.

Example #2 from 2wikimultihopqa Dataset

Question:
What is the date of birth of Frederick of Liège’s father?
Labeled Answer:
1027

Ours - Learn to perform multiple retrievals

<think>
Okay, let’s see. The question is asking for the date of birth of Frederick of Liège’s father. First, I need to figure out who
Frederick of Liège was. From what I remember, Frederick of Liège was a historical figure, probably a noble or a ruler. He was
the Duke of Liège, I think. Liège is a city in Belgium, so maybe he was a duke there.
Now, I need to find out who his father was. Typically, dukes have parents, so his father would be the previous duke or another
prominent figure. Let me recall. Frederick of Liège was born in the 13th century, maybe? Wait, I think he was born around
1224. But wait, that’s his birth date, not his father’s.
Wait, no. The question is about his father’s date of birth. So first, I need to confirm who Frederick of Liège was. Let me

think. Frederick of Liège was the Duke of Liège from 1248 until his death in 1296. He was the son of Duke Henry I of Liège.
Wait, yes, Henry I was the Duke before him. So if Frederick was the son of Henry I, then Henry I would be his father.
So now I need to find the date of birth of Henry I of Liège. From what I remember, Henry I was born around 1203. But I need
to be sure. Wait, Henry I of Liège was born on December 16, 1203. He was the father of Frederick. Therefore, Frederick’s
father was Henry I, born December 16, 1203. But I need to confirm this.
Wait, but maybe I’m mixing up different Henrys. Let me check my memory. Henry I of Liège was indeed the father of

Frederick. He was born in 1203. So the date of birth of Frederick’s father would be December 16, 1203. Therefore, the answer
should be December 16, 1203.
</think>
<search>
Frederick of Liège father’s date of birth
</search>
<information>
Doc 1 (Title: ""Floribert of Liège"") Doc 2 (Title: ""Frederick III of Austria"") Doc 3 (Title: ""Frederick II, Duke of Upper
Lorraine"") Doc 4 (Title: ""Frederick III, Duke of Upper Lorraine"") Doc 5 (Title: ""Rainald III of Toul"")...
</information>
<reflect>
The question asks for the date of birth of Frederick of Liège’s father. The provided documents do not mention Frederick of
Liège. Document 1 refers to Frederick of Verdun, document 2 to Frederick of Antioch, document 3 to Floribert of Liège,
document 4 to Frederick III of Upper Lorraine, and document 5 to Frederick II of Upper Lorraine. None of these documents
provide information about Frederick of Liège or his father’s birth date. Therefore, the information required is not available in
the provided documents.
</reflect>
<search>
Albert III, Count of Namur birth date
</search>
<information>
Doc 1 (Title: ""Albert II, Count of Namur"") Doc 2 (Title: ""Albert III, Count of Namur"") Doc 3 (Title: ""Robert II, Count of
Namur"") Doc 4 (Title: ""Albert III, Prince of Anhalt-Zerbst"") Doc 5 (Title: ""Albert IV, Count of Habsburg"")...
</information>
<reflect>
The question asks for the date of birth of Frederick of Liège’s father. From Document 2, Frederick (Bishop of Liege) was
the son of Albert III, Count of Namur. Document 2 also states that Albert III was born in 1027 and died on 22 June 1102.
Therefore, the date of birth of Frederick of Liège’s father is 1027.
</reflect>
<answer>
1027

</answer>
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