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Abstract

Large language models (LLMs) have notably
progressed in multi-step and long-chain reason-
ing. However, extending their reasoning ca-
pabilities to encompass deep interactions with
search remains a non-trivial challenge, as mod-
els often fail to identify optimal reasoning-
search interaction trajectories, resulting in sub-
optimal responses. We propose R-Search, a
novel reinforcement learning framework for
Reasoning-Search integration, designed to en-
able LLMs to autonomously execute multi-
step reasoning with deep search interaction,
and learn optimal reasoning-search interaction
trajectories via multi-reward signals, improv-
ing response quality in complex logic- and
knowledge-intensive tasks. R-Search guides
the LLM to dynamically decide when to search
or reason, while globally integrating key evi-
dence to enhance deep knowledge interaction
between reasoning and search. During RL
training, R-Search provides multi-type rewards
to jointly optimize the reasoning-search tra-
jectory. Experiments on seven datasets show
that R-Search significantly outperforms main-
stream RAG baselines. The code and data are
available at https://github.com/QingFeil/
R-Search.

1 Introduction

Large language models (LLMs) have demonstrated
substantial progress across a wide range of natural
language processing (NLP) tasks, driven by their
impressive language understanding and reasoning
abilities (OpenAl, 2023; Plaat et al., 2026). In
logic-intensive tasks (Asai and Hajishirzi, 2020;
Shao et al., 2024), state-of-the-art LLMs, exempli-
fied by DeepSeek-R1 (DeepSeek-Al, 2025), have
demonstrated remarkable capabilities in long-chain
and multi-step reasoning (Jaech et al., 2024). In
knowledge-intensive tasks (Lewis et al., 2020;
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Figure 1: A comparison between traditional multi-step
RAG and R-Search.

Trivedi et al., 2023), even LLMs with strong rea-
soning capabilities are susceptible to generating
hallucinated outputs (Zhang et al., 2023). This
primarily arises from inherent limitations in the ac-
curacy, timeliness, and coverage of their parametric
knowledge. To mitigate hallucination, LLM-based
Retrieval-Augmented Generation (RAG) (Lewis
et al., 2020; Zhao et al., 2024; Kim et al., 2024)
incorporates search actions before generation, en-
abling the LLM to augment its input with non-
parametric knowledge in textual form. This al-
lows the LLM to flexibly access and integrate rele-
vant information from external knowledge sources,
thereby enhancing the reliability of downstream
generation. However, downstream generation of-
ten struggles to benefit from reasoning alone or
one-time search when addressing more complex
logic- and knowledge-intensive tasks, e.g., multi-
hop question-answering (QA) task (Yang et al.,
2018). In tackling such complex tasks, the LLM is
expected to dynamically integrate external knowl-
edge into the reasoning process, not only to bridge
the knowledge gap but to guide and deepen the
reasoning trajectory.

Previous multi-step RAG methods (Jeong et al.,
2024; Trivedi et al., 2023) enable the integration of
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external knowledge into reasoning by prompting
LLMs to iteratively perform reasoning-search in-
teractions. As depicted in Figure 1, in this process,
retrieved information enhances the model’s reason-
ing, which in turn guides the subsequent search,
forming a dynamic loop between them. However,
these methods typically rely on the LLM’s internal
cognition to decide when and what to retrieve, lead-
ing to two main limitations: 1) The retrieval timing
determined by the model’s internal knowledge dis-
tribution does not always align with the actual need
for retrieval; 2) the modular and decoupled design
of reasoning and search limits deep interaction of
external knowledge into the reasoning chain. As a
result, the model often makes decisions based only
on partial information from previous searches or
thoughts. These limitations lead to suboptimal or
even incorrect reasoning-search trajectories, ulti-
mately reducing the quality of the final outputs.

To this end, we propose R-Search, a novel re-
inforcement learning (RL)-based framework that
enables LLMs to dynamically interleave multi-
step reasoning and search, and to learn optimal
reasoning-search trajectories through multi-reward
signals. First, R-Search allows the LLM to trig-
ger retrieval dynamically at the token level, seam-
lessly integrating retrieved content into the reason-
ing process for deeper coupling between reasoning
and external knowledge. After the interaction, the
LLM distills retrieved documents into evidence
through reasoning. This facilitates the LLM in re-
evaluating and structuring critical knowledge from
a global perspective, thereby enhancing its focus
on the facts most pertinent to solving the task. Sec-
ond, we design a multi-type reward mechanism
that incorporates answer quality, evidence quality,
and format correctness as reward signals. These
complementary signals promote the model to learn
the optimal reasoning-search interaction sequence.
In particular, the evidence reward encourages the
model to focus on the factual quality of key inter-
mediate reasoning steps, promoting more robust
reasoning paths and reducing the risk of shortcut-
driven or speculative behavior.

To summarize, our contributions are threefold:

(1) Framework Design: We propose R-Search,
a novel RL-based framework that jointly optimizes
complex reasoning-search trajectories in RAG. R-
Search promotes robust policy learning by inter-
leaving evidence-augmented multi-step reasoning
with dynamic search and optimizing through multi-
reward modeling. It effectively guides the LLM to

ensure both the soundness of intermediate reason-
ing and the completeness of retrieved knowledge.

(2) Superior Performance and Insightful
Analysis: We conduct extensive experiments on
seven datasets across both multi-hop and single-
hop QA tasks, demonstrating the superiority of R-
Search over Vanilla and advanced RAG baselines.
Further analyses through ablation studies and train-
ing dynamics validate the effectiveness of evidence
integration and multi-reward optimization, and pro-
vide insights into characteristics of knowledge in
evidence and search behavior.

(3) R-Search-as-a-Tool (R-Search-Tool): We
propose R-Search-Tool, which enriches down-
stream generation models with distilled, reasoning-
driven knowledge snippets. R-Search-Tool serves
as a transferable cognitive scaffold that enhances
answer quality and knowledge generalization.

2 Related Work

2.1 Retrieval-Augmented Generation

LLM-based RAG systems (Fan et al., 2024; Ram
et al., 2023; Yoran et al., 2024) have demonstrated
significant performance gains across various NLP
tasks (Lewis et al., 2020; Guan et al., 2025; Brown
et al., 2020; OpenAl, 2023; Plaat et al., 2026), espe-
cially in open-domain question answering. As tasks
involving more complex reasoning, e.g., multi-hop
QA tasks (Yang et al., 2018; Ho et al., 2020; Trivedi
et al., 2022; Press et al., 2023), traditional RAG
methods (Lewis et al., 2020; Guu et al., 2020;
Sachan et al., 2021) struggle with insufficient ex-
ternal knowledge integration. Several advanced
RAG methods (Jeong et al., 2024; Jiang et al.,
2023; Cheng et al., 2024; Trivedi et al., 2023; Wang
et al., 2025; Shao et al., 2023; Asai et al., 2024)
attempt to enable deeper knowledge exploration
through adaptive or multi-step reasoning-search in-
teractions. For instance, Search-o1 (Li et al., 2025)
integrates deep search into its reasoning process
through prompt engineering.

Nevertheless, these methods still heavily rely
on carefully crafted prompts, making them diffi-
cult to scale and limiting the depth of interaction
between search and reasoning, resulting in subop-
timal answers. In our work, we aim to construct
an RL-based RAG pipeline that enables flexible
reasoning-search interaction and optimizes interac-
tion trajectories.
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Figure 2: An overview of the R-Search framework.

2.2 Reinforcement Learning for RAG

Reinforcement learning (RL) (Kaelbling et al.,
1996; Wiering and Van Otterlo, 2012) is an effec-
tive paradigm for enhancing the reasoning capabili-
ties of LLMs. Recent studies (DeepSeek-Al, 2025;
Shao et al., 2024; Jaech et al., 2024) have shown
that RL with rule-based reward functions enables
models to acquire complex task reasoning and self-
correction abilities (Weng et al., 2023; Kumar et al.,
2025) without explicit intermediate supervision. In
particular, RL algorithms such as Proximal Policy
Optimization (PPO) (Schulman et al., 2017) and
Group Relative Policy Optimization (GRPO) (Shao
et al., 2024) have demonstrated the potential to im-
prove LLMs’ autonomous search and reasoning
abilities.

However, most existing RL approaches primarily
focus on internal reasoning, with limited integra-
tion of external search information and insufficient
handling of multi-turn interactions between reason-
ing and search. Moreover, the design of reward
functions specifically tailored for RAG scenarios
has not been sufficiently explored. Search-R1 (Jin
et al., 2025a) and R1-Searcher (Song et al., 2025)
rely on answer correctness as a reward, which of-
ten results in sparse feedback (Zhang and Zuo,
2025) and insufficient attention to the reasoning
process, thereby increasing the training difficulty.
To address these challenges, our work further ex-
plores multi-reward RL-based RAG methods that
enable LLMs to perform more autonomous explo-
ration, achieve more robust reasoning, and establish

3

deeper interactions between search and reasoning.

3 R-Search

In this section, we present the R-Search RAG
pipeline in its formalized decision-process form.
We then elaborate on the evidence-augmented rea-
soning and the optimization procedure via multi-
reward modeling, as illustrated in Figure 2.

3.1 Preliminary of R-Search

R-Search tightly interweaves reasoning and search
through several LLM-based components, enabling
an adaptive and active process for exploring ex-
ternal knowledge to solve complex questions. In
this process, the LLM can determine its next action
based on its current observation of the environment,
such as the reasoning trajectory and the retrieved
external knowledge observed so far. The possible
actions include initiating a new search, continuing
the reasoning process, or generating the final an-
swer. We formalize the RAG pipeline of R-Search
as follows.

ar € {S,R}, (1)

ap ~> ag ~» -~ ar,

where S and R denote the search and reasoning
actions a, respectively, and 7" is the total number of
decision time steps in the action sequence. Such a
complex RAG pipeline can be viewed as a Partially
Observable Markov Decision Process. Therefore,
we develop a novel RL-based framework that op-
timizes the multi-step interleaved trajectories of
reasoning and search.
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3.2 Evidence-Augmented Iterative Reasoning
and Search

Figure 5 describes the rollout template (more de-
tails in Appendix B). In the rollout process, we
first prompt the LLM to generate a long Chain-
of-Thought (CoT) based on the original query g,
thereby constructing an explicit reasoning process.
During the reasoning process, we encourage the
model to trigger the search action at appropriate
points to acquire external non-parametric informa-
tion. Whenever the model determines that search
is needed at the current reasoning state, it gener-
ates a new search query enclosed within <search>
and </search> tags. We identify this specific
search token and feed the generated query ¢* into a
search tool to retrieve top-k relevant documents
Dy = {dy,da,--- ,dr}. These documents are
wrapped with specific tokens <observation> and
</observation>, and appended to the existing rea-
soning trajectory. The LLM then re-engages the
reasoning process, ultimately forming an interac-
tive loop between reasoning and search.

Next, when the LLM determines that the cur-
rent state is sufficiently informative to produce a
final answer a, we prompt it to rethink all pre-
viously retrieved information and derive factual
evidence e supporting the resolution of the original
query q. This enables the LLM to reason from a
global perspective, leveraging all potentially rel-
evant knowledge observed from the external in-
formation environment to support answer gener-
ation. Moreover, we leverage the model’s inter-
nal reasoning capabilities to interpret and integrate
external knowledge during the generation of fac-
tual evidence. We wrap the factual evidence with
the special tokens box <original_evidence> and
</original_evidence>. After the evidence gen-
eration, the LLM continues to output the final an-
swer « within the specific tokens box <answer>
and </answer>.

3.3 Reasoning and Search Optimization via
Multi-Reward Modeling

Due to the high cost and potential bias associated
with training reward models using human feed-
back, we follow (Mu et al., 2024) and adopt the
rule-based reward. Considering the complemen-
tary effects of multiple rewards (Dann et al., 2023),
we design multi-type reward signals ry, including
evidence reward r(‘;, answer reward rg, and format

f
reward r e

Answer Reward. Metrics such as F1-Score (F1)
and Exact Match (EM) are widely used to evaluate
the correctness of model outputs. We choose the
moderately strict F1-score to construct the answer
reward signal. Specifically, we extract the content
Qpred Within <answer> and </answer> tags gener-
ated by the policy model my and compute the F1-
score against the gold answer a4, which serves
as the answer reward rg.

2. |05pred N agold|

r3(q,0) = 2)

|04pred’ + |Oég01d’
where |apred N Qigold| is the number of word-level
overlaps between the predicted and gold answers.
Evidence Reward. Due to the quality of evi-
dence directly impacting answer accuracy, we in-
troduce an evidence-based check model 7. to check
the quality of knowledge in evidence. We then
use the frozen 7, to construct an evidence reward
computation pipeline that operates on the shared
evidence but performs independent reasoning (evi-
dence template in Appendix B).

Qe ~ 7-‘-C(' | q, €)7T2>(Qa 0) =F1 (am agold) (3)

First, the . shares the same evidence e with 7y
and generates an evidence-based answer o, based
on q. We then apply the same answer reward com-
putation process to o, to compute r;. The usage of
a separate check model, rather than reusing the pol-
icy model to evaluate evidence quality, facilitates
the mitigation of answer bias introduced by the pol-
icy model’s inherent preferences. As a result, the
evidence reward signal more objectively reflects
the underlying factual quality of the evidence.
Format Reward. Format reward ensures
that generated content adheres to structural con-
ventions and remains parseable for downstream
use (DeepSeek-Al, 2025).  Specifically, we
enforce that the evidence appears in exactly
one box, marked by <original_evidence> and
</original_evidence>. Similarly, we require
the final answer « to be enclosed in exactly one
<answer> and </answer> box. We formalize the
calculation pipeline of the format reward rf;:

rl(g,0) = viLa+ ] IsIe. @)

where Is, T4, and I¢ are indicator functions de-
noting whether retrieval is triggered, the answer is
well-formatted, and the evidence is well-formatted,
respectively. fyﬂ; and *yéc are the reward values for
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answer formatting and evidence formatting, respec-
tively. We present the formula for the overall re-
ward 7g:

Ty =Tg + 14+ r(];
s.t. rg, 5 €[0,1], 5)
rl € {09040 AL +91)

Multi-Reward Optimization. To guide the
model in continuously improving its reasoning and
search capabilities, we fine-tune the policy model
using GRPO and PPO by maximizing the expected
reward over multi-step inference and search trajec-
tories. The optimization objective is defined as:

j(e) = EqND,ONTrqu;S) [r¢(Q7 O)]
— BDkL[mo(0 | ¢;S)] || mret(o | 45 S)] (6)

where my is the policy model, ¢ and o are the in-
put question and generated output, and S denotes
search mechanism. Here, 74 is the reward func-
tion, 7 the frozen reference model, and 5 the
KL penalty coefficient. Unlike 7y(- | ¢), the pol-
icy mg(- | ¢; S) executes an interleaved process of
reasoning-search to generate the rollout sequence,
denoted as Reason < Search.

The rollout sequence consists of both LLM-
generated tokens and tokens originating from exter-
nal search, i.e., non-generated observations. Dur-
ing loss computation, we include only the LLM-
generated tokens, i.e., evidence, final answers,
search queries, and other intermediate reasoning
steps, while excluding non-parametric observations
retrieved from external knowledge sources. This
selective loss design ensures that evidence partici-
pates in training and provides useful learning sig-
nals for the model to improve its ability to select,
interpret, and integrate external knowledge. Mean-
while, it avoids introducing gradient noise from
non-generated tokens, which may misalign the
training dynamics with the intended optimization
objective (Jin et al., 2025a). Importantly, although
the evidence is conditioned on retrieved content in
multi-step reasoning and search interactions, it is
ultimately sampled from the model’s policy distri-
bution, making it eligible for the gradient update.

4 Experimental Setup
4.1 Datasets, Metrics and Search Tools

Datasets. We conduct extensive experiments on
seven datasets, covering both complex multi-hop

and simpler single-hop QA tasks. The multi-hop
QA serves to evaluate whether R-Search can handle
complex logic- and knowledge-intensive questions.
The single-hop QA assesses its ability to address
knowledge-intensive questions and explore its ro-
bustness across questions with varying levels of
complexity. For multi-hop task, we adopt four chal-
lenging datasets: HotpotQA (Yang et al., 2018),
2WikiMultiHopQA (2WikiMQA) (Ho et al.,
2020), MuSiQue (Trivedi et al., 2022), and Bam-
boogle (Press et al., 2023). For single-hop task, we
select three factoid-based QA datasets, including
NQ (Kwiatkowski et al., 2019), PopQA (Mallen
et al., 2023), and TriviaQA (Joshi et al., 2017).
The dataset characteristics, versions, and sizes are
provided in Appendix A.

Evaluation Metrics.  Following existing
work (Shao et al., 2023), we adopt two standard
evaluation metrics for QA tasks: F1 and EM for all
datasets. EM is a more stringent metric than F1, as
it measures string-level exact matches between the
normalized prediction and the golden answer.

Search Tools. Effective search actions require
appropriate sources and approaches. We use a
dense retriever with the E5S model for all datasets.
For single-hop QA datasets and Bamboogle, we
use the 2018 Wikipedia dump as the corpus for re-
trieving open-domain knowledge. For the remain-
ing three multi-hop datasets, we use the Wikipedia
corpora version released by (Trivedi et al., 2023),
each aligned with its corresponding dataset.

4.2 Baselines and Backbone LLMs

Our experiments compare against eight baselines.
In No Search (NS), we evaluate the ability of LLMs
to answer questions using only their internal para-
metric knowledge. Vanilla RAG extends NS by
adding a one-time search step, forming the simplest
retrieval-and-generation pipeline. Furthermore, we
compare with Multi-Step RAG (MSRAG) methods,
where approaches such as Iter-Retgen(Shao et al.,
2023) and IRCoT(Trivedi et al., 2023) focus on
iterative reasoning and search, whereas others like
Adaptive-RAG (Jeong et al., 2024) and Search-o1
achieve more flexible, agentic reasoning-search in-
teractions. We also compare with Search-R1 and
R1-Searcher, both of which are RL-based methods
designed to improve the reasoning-search interac-
tion capability of LLMs.

For backbone LLLMs, we train two open-source
models via RL, i.e., Qwen-2.5-3B/7B (Yang et al.,
2024). To mitigate the influence of the model’s

38034



Multi-Hop QA

Single-Hop QA

Method ‘2WikiMQA* HotpotQAT MuSiQue’ Bamboogle! NQf  TriviaQAT PopQAT

/EM FI EM FI EM FlI EM Fl |EM FI EM Fl EM Fl |Avg.
Owen-2.5-3B
No Search [244 278 150 20.6 14 72 24 95 |98 17.8320 37.7 12.8 164|168
VanillaRAG [33.6 380 340 432 56 117 9.6 19.6 |37.246.7 58.0 66.8 39.4 46.7|35.0
Iter-Retgen [33.2 382 344 434 82 148 120 202 |38.0 47.4 60.2 68.5 43.2 49.4/36.5
IRCoT 358 460 39.0 504 9.2 17.6 23.2 333 [23.4 354458 56.5 31.6 41.5(34.9
Adaptive-RAG 35.0 439 380 49.0 254 35.6 240 32.8 |37.246.7 554 64.4 35.8 43.8/38.0
Search-ol |23.2 322 150 227 44 140 21.6 31.8 |24.6 37.3 484 58.3 27.0 36.328.3
Search-R1 |58.8 68.1 462 57.8 24.4 32.9 41.6 53.9 |34.4 44.1 56.6 63.2 37.0 43.5/47.3
R-Search |65.0 726 43.4 544 258 34.8 37.6 49.8 |35.246.0 56.0 64.0 37.0 44.9/47.6
R-Search-Tool |66.0 744 48.0 59.4 27.2 36.6 392 51.4 |35.6 47.259.6 68.2 39.8 47.7|50.0
Owen-2.5-7B

No Search [23.8 28.1 19.6 26.7 3.8 113 112 19.7 [13.8 21.9 46.0 52.2 15.6 19.6|22.4
VanillaRAG (354 405 374 48.1 7.2 146 20.8 29.7 [35.0 46.7 60.0 68.5 37.6 47.6/37.8
Iter-Retgen |37.4 434 428 53.1 10.6 19.9 22.4 31.0 |37.8 48.4 61.2 69.5 38.6 46.8/40.2
IRCoT (342 455 404 537 9.0 17.3 20.0 323 |19.6 355 552 66.2 33.0 43.6|36.1
Adaptive-RAG 33.8 424 424 553 9.0 169 20.8 325 |35.0 46.7 58.8 67.4 35.8 45.738.8
Search-ol  |33.0 42.1 20.6 30.1 11.0 20.5 352 44.8 |21.0 34.1 554 66.1 27.6 35.4|34.1
R1-Searcher [63.6 73.9 58.0 70.1 29.6 41.1 45.6 55.1 |38.249.8 60.4 69.1 36.0 43.2|52.4
Search-R1 |67.0 754 484 60.9 258 36.2 47.2 584 |39.8 49.1 65.0 70.8 41.0 46.9|52.3
R-Search |69.8 77.7 522 644 31.4 41.6 424 57.6 |38.0 49.1 64.2 71.7 41.8 48.1/53.6
R-Search-Tool |67.6 78.0 54.6 66.6 31.2 42.6 44.8 59.7 |37.6 49.3 63.2 72.2 40.4 48.0/54.0

Table 1: Overall performance results (%). Bold and underline represent the best and second-best results. * and | are
in-domain and out-of-domain datasets. R-Search-Tool employs GLM-4-Plus (Zeng et al., 2024) for final generation.

internal knowledge on evidence checking, we adopt
small-scale models, including Llama-3.2-3B (Meta,
2024) and Qwen-2.5-3B, in the evidence reward
calculation process. Unless otherwise specified,
all models used in our experiments correspond to
instruction-tuned variants.

4.3 Implementation Details

During evaluation, we align the top-k retrieval set-
ting to 5 across all methods to ensure fair compar-
ison. We also employ vLLM (Kwon et al., 2023)
to accelerate inference. For GRPO and PPO train-
ing, we use only the 2WikiMQA training set and
train on 8xA100 80GB GPUs. Primary training
hyperparameters include a maximum total of 195
training steps and a batch size of 256. We set the
retrieval top-k during training to 3, and configure
the learning rate and warm-up ratio to le-6 and
0.95, respectively. During the rollout process, we
sample 5 responses for each input prompt, with the
KL divergence coefficient g set to 0.001, and fix
both fyg and fyé to 0.2.

5 Results and Analysis

5.1 Overall Performance

In Table 1, we evaluate R-Search on seven bench-
mark datasets against eight baselines, confirming
its performance advantages. R-Search achieves sta-
ble performance improvements across parameter
scales ranging from 3B to 7B. It attains the best
performance on the in-domain 2WikiMQA dataset
and demonstrates overall improvements on out-of-
domain datasets, indicating strong generalization.
Moreover, the R-Search-Tool achieves the best av-
erage performance, validating both the effective-
ness of our training approach and the feasibility of
offloading complex reasoning-search interactions
from powerful black-box models to locally deploy-
able small-scale models.

R-Search facilitates deep knowledge explo-
ration. R-Search consistently outperforms Vanilla
RAG and No Search. In particular, R-Search excels
at handling questions with long reasoning chains
and complex retrieval requirements, achieving an
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improvement of up to 27.0 F1 points over Vanilla
RAG on MuSiQue. These results indicate that R-
Search effectively supports deep knowledge explo-
ration and maintains a stable reasoning-search in-
teraction, enabling robust performance across ques-
tions of varying complexity.

R-Search effectively optimizes the interaction
between search and reasoning through multi-
reward signals, enabling stronger performance
gains on highly complex tasks. We compare our
method with MSRAG methods to evaluate its per-
formance advantages. Experimental results demon-
strate that our method significantly outperforms
these MSRAG methods, achieving an average per-
formance improvement of up to 13.4 points. Impor-
tantly, we observe that although multi-step RAG
methods alleviate the knowledge limitations of
vanilla RAG by performing multiple searches, their
overall performance remains unstable. This insta-
bility mainly arises from the frequent mismatch
between the model’s internal knowledge reason-
ing and the actual retrieval requirements during the
intertwined reasoning and search process, which
may introduce irrelevant passages. Furthermore,
we evaluate our method against RAG+RL base-
lines, such as Search-R1 and R1-Searcher. The
results show that our method, R-Search, achieves
substantially better overall performance than both
Search-R1 and R1-Searcher. Notably, on the highly
challenging MuSiQue dataset, R-Search outper-
forms Search-R1 by 5.4 F1 points. We attribute
this improvement to the incorporation of evidence
integration and multi-reward modeling in the RL
process, which strengthens knowledge integration
across steps and distills key evidential information
within the reasoning chain (see case study in Ap-
pendix C). This design supports a more thorough
and effective reasoning-search procedure, making
R-Search particularly well-suited to tasks with com-
plex reasoning and retrieval requirements.

Beyond end-to-end answer generation, R-
Search can also function as a transferable knowl-
edge tool, termed R-Search-as-a-Tool (R-Search-
Tool). We further investigate the effectiveness and
transferability of the knowledge contained in the
evidence generated by R-Search. To this end, we
evaluate evidence quality by injecting the same
evidence into downstream generative models of
varying scales and comparing their answer qual-
ity, thereby isolating the contribution of the evi-
dence itself from generation model capacity. As
illustrated in Figure 3, the evidence consistently

100
R-Search-Tool + GLM-4-Plus
R-Search (Qwen-2.5-7B)
R-Search-Tool + Llama-3.2-3B
Vanilla (GLM-4-Plus)

[ Vanilla (Llama-3.2-3B)
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Figure 3: R-Search-Tool. RSTool+<model> refers to
using the optimized model (Qwen-2.5-7B in this case)
to produce evidence, which is subsequently fed as con-
textual input to other downstream generation models.

| Multi-Hop QA | Single-Hop QA
|Hot. 2Wiki. MuSi. Bamb.| NQ Tri. Pop.
Impact of Evidence

R-Search [64.4 77.7 41.6 57.6 |49.1 71.7 48.1
w/o R 53.7 765 356 50.0 [48.2 66.6 46.1
w/o Evidence|61.9 77.5 39.6 559 |47.3 70.2 48.0

Impact of Different Evidence-Based Check Models
Llama-3.2:3 |64.4 77.7 41.6 57.6 |49.1 71.7 4
Qwen-2.53 [62.6 79.6 414 57.7 |48.7 715 4

Impact of Different Optimization Algorithms
GRPO 64.4 777 41.6 57.6 |49.1 71.7 48.
PPO 58.7 689 373 53.7 |47.3 704 45.

8.1
8.9

1
5

Table 2: F1 scores (%) of the ablation study. Unless
otherwise specified, Qwen-2.5-7B and Llama-3.2-3B
are employed as the default generator and check model,
respectively.

yields strong answer quality across diverse gen-
eration models. These findings indicate that the
intermediate evidence extracted from R-Search’s
reasoning-search trajectories encapsulates essential
and reusable knowledge for accurate answer gener-
ation, and that such knowledge transfers effectively
across models of different capacities. Leveraging
this property, we reformulate the role of R-Search
as R-Search-Tool, where it serves as a transfer-
able evidence middleware (see Appendix C for the
case study). Replacing standard retrieval in Vanilla
RAG with R-Search-Tool yields consistent perfor-
mance gains across models, and allows complex
reasoning-search interactions to be optimized and
carried out within small-scale models, rather than
relying on powerful black-box models.

5.2 Ablation Study

In Table 2, we conduct ablation studies to analyze
the effectiveness of the evidence, evidence-based
check model, and optimization algorithm.

Impact of Evidence. We first evaluate the effec-
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tiveness of the evidence mechanism. It consists of
evidence inference and evidence-related rewards
R¢, where R€ includes both the evidence reward rg
and the evidence formatting reward. “R-Search w/o
Evidence” refers to a variant where the evidence
is removed from rollout, and all evidence-related
rewards R° are disabled. We observe a clear perfor-
mance drop without the evidence component and
its associated rewards, confirming its importance.
This drop is especially pronounced on complex
multi-hop datasets compared to single-hop datasets.
On the one hand, during the reasoning stage, multi-
step search and long reasoning chains are prone to
introducing irrelevant information. Evidence helps
the LLM identify and extract the most relevant
knowledge from a global perspective, preventing it
from over-focusing on a single reasoning path and
missing other valuable clues. On the other hand, ev-
idence provides intermediate reward signals along
the long reasoning-search trajectory, guiding the
model to prioritize the reliability and completeness
of intermediate factual content, rather than relying
on speculative strategies that may yield unintended
correct answers.

Impact of Evidence Reward. We evaluate the
effectiveness of the evidence-related rewards R°.
The “w/o R®” setting removes R° while retaining
the evidence generation. Results show that pre-
serving evidence inference without incorporating
it into the optimization reward still leads to sig-
nificant performance degradation. During multi-
reward optimization, the quality of knowledge in
the evidence is not leveraged to guide the opti-
mization of the reasoning-search trajectory. As a
result, relying solely on the answer reward fails to
correct the quality of intermediate evidential con-
tent, potentially leading to deviations in the overall
reasoning-search-evidence trajectory and perfor-
mance decline. This finding highlights the critical
role of the R°.

Impact of Different Evidence-Based Check
Models. Given the pivotal role of R®, we con-
duct experiments across different types of LLMs
to validate the generality of the evidence-related
reward construction pipeline. The results show that
various models can serve effectively as evidence-
based checkers, consistently achieving strong per-
formance. In particular, employing a model that
differs from the policy model tends to yield more
competitive results.

Impact of Different Optimization Algorithms.
Both GRPO and PPO lead to strong results, which
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Figure 4: Train Reward and Valid Search.

highlights the generality of R-Search with main-
stream RL algorithms. Furthermore, GRPO gener-
ally outperforms PPO, particularly on larger mod-
els and more complex multi-hop tasks. This per-
formance gap may be attributed to differences in
advantage estimation, as PPO relies on a learned
critic to estimate the baseline, while GRPO uses the
mean reward within a group as the baseline. This
design may reduce the variance of policy gradient
estimation, leading to more stable policy updates.

5.3 Effectiveness of Multi-Reward
Optimization

In this experiment, we evaluate the effectiveness
of multi-reward optimization under two RL algo-
rithms: GRPO and PPO. As shown in Figure 4, the
reward steadily increases as the number of training
steps grows. This trend holds consistently across
models of different scales and optimization strate-
gies, demonstrating that the multi-reward optimiza-
tion and reward modeling in R-Search are both
effective and robust.

Furthermore, under the same number of train-
ing steps, GRPO yields a higher reward ceiling
and faster convergence compared to PPO, lead-
ing GRPO-based R-Search to achieve stronger per-
formance. This can be partly attributed to PPO’s
reliance on an actor-critic architecture, where an
insufficiently fitted value function in the early stage
may increase estimation variance. In contrast,
GRPO circumvents explicit value estimation, mak-
ing it more likely to reach a higher reward ceiling.
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5.4 Characteristics of Search in R-Search

In this experiment, we investigate the character-
istics of search under multi-reward optimization.
Figure 4 shows the learning dynamics and trends in
the number of valid searches as training progresses.
We observe that the trained models tend to trig-
ger more search steps, engaging in more rounds of
reasoning-search interaction and enabling deeper
exploration of external knowledge. This sheds light
on why R-Search yields more substantial improve-
ments on complex multi-hop QA tasks.

6 Conclusion

We propose R-Search, an RL-based RAG frame-
work, which interleaves multi-step reasoning and
dynamic search within a unified decision process.
By multi-reward optimization, R-Search enables
robust policy learning that ensures both the sound-
ness of intermediate reasoning and the complete-
ness of retrieved knowledge. Extensive experi-
ments demonstrate its superiority over strong RAG
baselines. Moreover, we introduce R-Search-Tool,
which modularizes distilled knowledge into trans-
ferable evidence components to enhance down-
stream answer generation for various models.

Limitations

To demonstrate the strong generalization capability
of R-Search, we only use the 2WikiMQA training
dataset during the training phase. Although our
method has achieved significant performance im-
provements on both in-domain and out-of-domain
tasks under this setup, we acknowledge that in-
corporating more high-quality knowledge from di-
verse domains during training may further enhance
the model’s performance. Therefore, future work
should explore integrating more diverse and high-
quality knowledge sources to further improve the
effectiveness of R-Search.
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A Appendix A: Experiment and Result
A.1 Datasets

We conduct extensive experiments on seven En-
glish datasets, covering both complex multi-hop
and simpler single-hop QA tasks. The multi-hop
QA task serves to evaluate whether R-Search can
handle complex logic- and knowledge-intensive
questions. The single-hop QA task assesses its
ability to address knowledge-intensive questions
and explore its robustness across questions with
varying levels of complexity.

For the multi-hop task, we adopt four challeng-
ing multi-hop QA datasets: HotpotQA (Yang et al.,
2018), 2WikiMultiHopQA (2WikiMQA) (Ho
et al., 2020), MuSiQue (Trivedi et al., 2022), and
Bamboogle (Press et al., 2023). The datasets re-
quire models to start from the original query and
explore a logical, knowledge-driven multi-hop rea-
soning path to answer each intermediate sub-query
and reach the final answer. We follow the train
and test splits released by (Trivedi et al., 2023) for
the first three datasets, each with 500 test samples.
Bamboogle evaluation uses all 125 test samples.

For the single-hop task, we select three factoid-
based QA datasets, including NQ (Kwiatkowski
et al., 2019), PopQA (Mallen et al., 2023), and
TriviaQA (Joshi et al., 2017). These datasets re-
quire models to collect specific passages and iden-
tify key factual information to answer the questions
correctly. We use the test sets and randomly sample
500 examples from each dataset for evaluation.

A.2 More Results

We present the results of all evaluation metrics for
the ablation study in Table 3, Table 4 and Table 5.
The trends are consistent with the main results in
the ablation study analysis.

A.3 More Implementation Details

During inference, we set the temperature to 0.1
across all models to reduce uncertainty. For a fair
comparison, we align the training hyperparameters
and datasets of Search-R1 with those used in our
method. For other baseline methods, we evalu-
ate their performance using FlashRAG (Jin et al.,
2025b).

B Appendix B: Template
B.1 Rollout Template

We design a system template for the rollout phase
to guide the model through the complete interac-

You are a helpful assistant that can solve the
given question step by step. For each step, start
by explaining your thought process. If addi-
tional information is needed, provide a specific
query enclosed in <search> and </search>. The
system will return the top search results within
<observation> and </observation>. You can per-
form multiple searches as needed. When you know
the final answer, use <original_evidence> and
</original_evidence> to provide all potentially
relevant original information from the observations.
Ensure the information is complete and preserves the
original wording without modification. If no searches
were conducted or observations were made, omit the
evidence section. Finally, provide the final answer
within <answer> and </answer> tags.

Figure 5: Rollout Template. The question is appended
at the end during training and inference.

tion process, from receiving the input question g
to generating the final answer «. This template
covers four key stages: reasoning, search, evi-
dence integration, and answer generation. No-
tably, for questions that do not require external
knowledge, the LLM automatically determines that
search is unnecessary. In such cases, the template
instructs the model to perform only reasoning and
answer generation. During training, we initialize
the training process with the system template and
the user’s question. It is worth noting that we do
not impose a manual separation between reason-
ing and retrieval (e.g., by encapsulating reason-
ing within a <think>and</think> tag); Instead,
we provide a high-level instruction that guides
the model to explain its thought process before
each action, without imposing any specific format
for reasoning text. This stems from the fact that
LLM generation is inherently a form of reason-
ing, where every generated token can be viewed
as part of a thought chain for question-solving.
For parts such as <search>, <observation>,
<original_evidence> and <answer>, which are
distinct from general thought reasoning, we intro-
duce specific token tags to mark them, allowing the
LLM to recognize the boundaries between different
functional segments.

B.2 Evidence Template

Figure 6 presents the instruction template used for
generating evidence during rollout. Before out-
putting the final answer «, we instruct the LLM to
generate evidence based on the original question
q and all previously retrieved texts (provided in
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Answer the question based on the given passages.
Only give me the answer and do not output any
other words. The following are given passages:
{evidence}

Question: {query}

Answer:

Figure 6: Evidence Template.

the <observation> and </observation>). This
evidence helps the LLM rethink the retrieved infor-
mation from a global perspective and focus on key
factual knowledge. By seamlessly integrating the
evidence into the reasoning process, we facilitate a
deeper interaction between reasoning and retrieved
knowledge.

C Appendix C: Case Study

Tables 6 and 7 show examples of the reasoning pro-
cess from RL-trained models on 2-hop and more
complex 4-hop questions. In these cases, R-Search
uses multi-type rewards to improve the reasoning-
search process. The model usually starts by gen-
erating a general reasoning plan, retrieves infor-
mation when needed, and uses intermediate con-
clusions to guide the next search action. The ev-
idence generated through this interaction is clear,
well-structured, and informative, making it easy
to transfer to downstream models for final answer
generation.
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Multi-Hop QA

Single-Hop QA

Method 2WikiMQA HotpotQA  MuSiQue Bamboogle NQ TriviaQA PopQA
EM Fl1 EM F1 EM F1 EM F1 Avwg. EM F1 EM Fl EM Fl Avg
Qwen-2.5-3B
R-Search 65.0 72.6 434 544 258 348 376 49.8 479 352 46.0 560 640 37.0 449 472
R-Search w/o R¢ 622 702 43.0 53.8 20.6 283 392 495 459 34.0 44.1 544 617 348 427 453
R-Search w/o Evidence 582 66.6 41.0 534 23.6 333 320 423 438 346 44.6 544 623 360 416 456
QOwen-2.5-7B
R-Search 69.8 7777 522 644 314 41.6 424 57.6 546 38.0 49.1 642 71.7 418 48.1 52.1
R-Search w/o R® 69.2 765 424 537 246 356 384 500 488 378 482 602 66.6 40.8 46.1 50.0
R-Search w/o Evidence 69.0 77.5 494 619 294 39.6 440 559 533 368 473 63.6 702 414 480 512
Table 3: Impact of evidence (%).
Multi-Hop QA Single-Hop QA
Models 2WikiMQA HotpotQA  MuSiQue Bamboogle NQ TriviaQA PopQA
EM Fl EM F1 EM F1 EM Fl1 Avw. EM F1 EM Fl EM Fl Avg
Owen-2.5-3B
Llama-3.235 65.0 72.6 434 544 258 348 37.6 498 479 352 460 56.0 64.0 37.0 449 472
Qwen-2.5;5 62.8 70.8 47.0 58.6 254 34.6 368 492 48.1 34.6 453 562 63.8 372 443 469
Qwen-2.5-7B
Llama-3.235 69.8 77.7 522 644 314 41.6 424 576 546 380 49.1 642 717 41.8 481 52.1
Qwen-2.555 72.0 79.6 498 62.6 300 414 432 577 545 372 487 634 715 422 489 520
Table 4: Impact of different evidence-based check models (%).
Multi-Hop QA Single-Hop QA
Algorithm 2WikiMQA HotpotQA  MuSiQue Bamboogle NQ TriviaQA PopQA
EM Fl1 EM F1 EM F1 EM Fl1 Avwg. EM F1 EM Fl EM Fl Avg.
Qwen-2.5-3B
GRPO 65.0 72.6 434 544 258 348 376 49.8 479 352 460 560 640 37.0 449 472
PPO 50.8 60.3 42.0 524 240 335 37.6 50.0 438 34.0 437 546 63.1 368 442 46.1
Owen-2.5-7B
GRPO 69.8 777 522 644 314 41.6 424 576 546 380 49.1 642 717 41.8 481 52.1
PPO 59.8 689 47.0 58.7 27.0 373 40.0 53.7 49.1 37.0 473 632 704 378 455 502

Table 5: Impact of different optimization algorithms (%).
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Question: When was countrywide bought by the company that bought FleetBoston Financial?

"Thought":" To answer this question, we need to follow these steps:

1. Identify the company that bought FleetBoston Financial.

2. Determine when this company bought Countrywide.

Let’s start with step 1.

<search> FleetBoston Financial was bought by whom? </search>

<observation> (Title: "Bank of America") In 2004, Bank of America announced it would purchase Boston - based

bank FleetBoston Financial for $47 billion in cash and stock. By merging with Bank of America, all of its banks and
branches were given the Bank of America logo. At the time of merger, FleetBoston was the seventh largest bank in
United States with $197 billion in assets, over 20 million customers and revenue of $12 billion.

(Title: "Boston") Boston is an intellectual, technological, and political center but has lost some important regional
institutions . . .

(Title: "Boston") Other important industries are financial services . . .
(Title: "The Ritz-Carlton Hotel Company") Blackstone Real Estate Acquisitions of New York bought The Ritz . . .

(Title: "RBC Bank") On June 19, 2011, PNC Financial Services agreed to buy RBC Bank USA from Royal Bank of
Canada for $3.45 billion . .. <observation>

From the observations, we can conclude that FleetBoston Financial was bought by Bank of America in 2004.

Now, let’s move to step 2.

<search> When did Bank of America buy Countrywide? </search>

<observation> (Title: "Bank of America Home Loans") On January 11, 2008, Bank of America announced that it
planned to purchase Countrywide Financial for $4.1 billion in stock. On June 5, 2008, Bank of America Corporation
announced it had received approval from the Board of Governors of the Federal Reserve System to purchase Countrywide
Financial Corporation. Then, on June 25, 2008, Countrywide announced it had received the approval of 69% of its
shareholders to the planned merger with Bank of America. On July 1, 2008, Bank of America Corporation completed its
purchase of Countrywide Financial Corporation. In 1997, Countrywide had spun off Countrywide Mortgage Investment
as an independent company called IndyMac Bank. Federal regulators seized IndyMac on July 11, 2008, after a week -
long bank run ... <observation>

(Title: "Bank of America Home Loans") Bank of America Home Loans is the mortgage unit of Bank of America. . .
(Title: "Bank of America") In 2004, Bank of America announced it would purchase Boston - based bank FleetBoston
Financial for $47 billion in cash and stock. . .

(Title: "Bank of America") Its acquisition of investment bank Merrill Lynch in 2008 solidified it as a “Bulge Bracket
bank ...

(Title: "General Tire") GenCorp sold General Tire to German tire maker Continental AG in 1987 . ..

From the observations, we can conclude that Bank of America bought Countrywide on July 1, 2008.
<original_evidence>- FleetBoston Financial was bought by Bank of America in 2004.

- Bank of America bought Countrywide on July 1, 2008. <original_evidence>

<answer> July 1, 2008 </answer> "/"

Table 6: An 2-hop example of R-Search on MuSiQue dataset using PPO. Orange segments denote those used to
support correct answers. The "v/" indicates a correct answer.
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Question: Which film whose director is younger, My Baby’S Daddy or A Tale Of Winter?

"Thought":" To determine which film has a director who is younger, we need to identify the directors of both films and
compare their ages.

First, let’s identify the director of "My Baby’s Daddy".

<search> Who directed My Baby’s Daddy? </search>

<observation> (Title: "My Baby’s Daddy") My Baby’s Daddy is a 2004 American comedy film, directed by Cheryl
Dunye.

(Title: "Alec Mapa: Baby Daddy") Alec Mapa: Baby Daddy is a 2013 one- man show by Alec Mapa . . .

(Title: "Bachelor Daddy") Bachelor Daddy is a 1941 American comedy film directed by Harold Young and written by
Robert Lees and Frederic I. Rinaldo . . .

(Title: "Baby and I") Baby and I is a 2008 South Korean film about a rebellious 18- year- old high school senior who
ends up caring for a baby with a note . . .

(Title: "Who’s Your Daddy? (film)") Who’s Your Daddy? is a 2002 American comedy film directed( and co-scripted) by
Andy Fickman. <observation>

The director of "My Baby’s Daddy" is Cheryl Dunye.
Next, let’s identify the director of "A Tale Of Winter".
<search> Who directed A Tale Of Winter? </search>

<observation> (Title: "A Tale of Winter") A Tale of Winter is a 1992 French drama film directed by Eric Rohmer, and
starring Charlotte Very, Frederic van den Driessche and Michael Voletti. It is the second of Rohmer’s "Tales of the Four
SeasonsContes des quatre saisons"), which also include "A Tale of Springtime" (1990), "A Summer’s Tale" (1996) and
"Autumn Tale" (1998) ...

(Title: "A Tale of Winter") A Tale of Winter is a 1992 French drama film directed by Eric Rohmer, and starring Charlotte
Very, Frederic van den Driessche and Michael Voletti. It is the second of Rohmer’s" Tales of the Four SeasonsContes des
quatre saisons") . . .

. <observation>
The director of "A Tale of Winter" is Eric Rohmer.
Now, we need to determine the ages of Cheryl Dunye and Eric Rohmer to compare.
<search> When was Cheryl Dunye born? </search>
<observation> (Title: "Cheryl Dunye") Cheryl Dunye( born May 13, 1966) is a Liberian- American film director,

producer, screenwriter, editor and actress. Dunye’s work often concerns themes of race, sexuality, and gender, particularly
issues relating to black lesbians. . . .

Cheryl Dunye was born on May 13, 1966.
<search> When was Eric Rohmer born? </search>
<observation> (Title: "Eric Rohmer") Jean Marie Maurice Scherer or Maurice Henri Joseph Scherer, known as Eric

Rohmer (21 March 192011 January 2010), was a French film director, film critic, journalist, novelist, screenwriter, and
teacher. Rohmer was the last of the post-World War II French New Wave directors to become established. He edited the
influential film journal, "Cahiers du cinema", from 1957 to 1963, while most of his . . .

(Title: "Eric Rohmer filmography") This is a list of films by the French director Eric Rohmer.
. <observation>

Eric Rohmer was born on March 21, 1920.

Now we compare the birth years:

- Cheryl Dunye: 1966

- Eric Rohmer: 1920

Cheryl Dunye is younger than Eric Rohmer.

Therefore, the film "My Baby’s Daddy" has a younger director.

<original_evidence>- "My Baby’s Daddy" was directed by Cheryl Dunye, born in 1966.

- "A Tale of Winter" was directed by Eric Rohmer, born in 1920.

- Cheryl Dunye is younger than Eric Rohmer. <original_evidence>

<answer> My Baby’S Daddy </answer> "/"

Table 7: An 4-hop example of R-Search on 2WikiMQA dataset using GRPO. Orange segments denote those
used to support correct answers. The "v/" indicates a correct answer.
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