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Abstract

Large Language Models (LLMs), despite their remarkable
capabilities, are prone to generating hallucinated or out-
dated content due to their static internal knowledge. While
Retrieval-Augmented Generation (RAG) integrated with Re-
inforcement Learning (RL) offers a solution, these methods
are fundamentally constrained by a single-query mode, lead-
ing to prohibitive latency and inherent brittleness. To over-
come these limitations, we introduce RAG-R1, a novel two-
stage training framework centered around multi-query paral-
lelism. Our framework enables LLMs to adaptively leverage
internal and external knowledge during the reasoning pro-
cess while transitioning from the single-query mode to multi-
query parallelism. This architectural shift bolsters reason-
ing robustness while significantly reducing inference latency.
Extensive experiments on seven question-answering bench-
marks confirm the superiority of our method, which outper-
forms the strongest baseline by up to 13.7% and decreases
inference time by 11.1%.

Code — https://github.com/inclusionAI/AWorld-
RL/tree/main/RAG-R1

1 Introduction
Large Language Models (LLMs) (Zhao et al. 2023; Guo
et al. 2025) have demonstrated remarkable capabilities in
various domains, including mathematical reasoning, ques-
tion answering, and code generation. However, the knowl-
edge encoded in these models is static, limiting their adapt-
ability. As a result, LLMs are susceptible to producing hal-
lucinated or outdated responses (Ji et al. 2023; Shuster et al.
2021; Asai et al. 2024) when dealing with complex or real-
time issues, compromising their reliability. Therefore, it is
essential to equip LLMs with access to external knowledge
to ensure more accurate and grounded responses.

Retrieval-Augmented Generation (RAG) (Gao et al. 2023;
Fan et al. 2024) is a widely adopted approach to address
this issue, broadening the model’s capability boundaries by
integrating external knowledge into the generation process.
Early efforts (Shao et al. 2023; Ram et al. 2023a) in this area
concentrated on prompt-based strategies that guide LLMs
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through question decomposition, query rewriting and multi-
turn retrieval. While effective, these approaches are con-
strained by the limitations inherent in prompt engineering.
Recent advances (Trivedi et al. 2022a; Li et al. 2025; Asai
et al. 2024; Guan et al. 2025; Wang et al. 2025) have in-
creasingly emphasized the integration of reasoning capa-
bilities within RAG. These approaches combine RAG with
Chain of Thought (CoT) for step-by-step retrieval, or auto-
matically generate intermediate retrieval chains that incor-
porate reasoning and employ Supervised Fine-Tuning (SFT)
to enable learning of retrieval and reasoning. However, new
insights (Chu et al. 2025) indicate that these methods may
cause models to memorize solution paths, thus constraining
their generalization to novel scenarios.

Recently, reinforcement learning (RL) (Schulman et al.
2017) has demonstrated great potential in improving LLM
performance by enhancing the reasoning capability. Rea-
soning models such as OpenAI-o1 (Jaech et al. 2024)
and Deepseek-R1 (Guo et al. 2025) indicate that utilizing
RL with outcome-based rewards can enhance the model’s
performance in mathematical and logical reasoning tasks.
Within this paradigm, several works have explored enhanc-
ing the model’s search ability during reasoning through RL.
R1-Searcher (Song et al. 2025) proposes a novel two-stage
outcome-based RL approach designed to enhance the search
capability of LLMs. Search-R1 (Jin et al. 2025) introduces
a novel RL framework that enables LLMs to interact with
search engines in an interleaved manner with their own rea-
soning. Despite significant improvements, these RL-based
methods struggle with stable training due to the restricted
capabilities of cold-start models (Guo et al. 2025). Further-
more, existing methods generate only a single search query
whenever external retrieval is required, which presents two
significant challenges: (1) Prohibitive Latency from Se-
rial Execution. The single-query architecture mandates a
serial execution model for multi-hop reasoning, where each
step must await the completion of the preceding retrieval-
inference cycle. Consequently, latency accumulates with
each turn, rendering the model impractical for latency-
sensitive, real-world applications. (2) Inherent Brittleness
and Knowledge Confinement. The single-query approach
is inherently brittle, as its entire reasoning trajectory depends
on the success of each sequential step. An early, subopti-
mal query can lock the model into an unrecoverable path—a
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critical failure mode. This single-threaded process confines
the model to a narrow slice of external knowledge, leav-
ing it unable to navigate user ambiguity, explore alterna-
tive reasoning paths, or recover from an initial misstep. This
fragility ultimately compromises its reasoning robustness
and final performance. We conducted a straightforward ex-
periment based on Qwen2.5-72B-Instruct (Team 2024) fol-
lowing Jin et al. (2025) to validate the aforementioned chal-
lenges. As illustrated in Figure 1, we evaluated the model’s
performance and average retrieval count on two Multi-Hop
Question Answering benchmarks: HotpotQA (Yang et al.
2018) and 2WikiMultiHopQA (Ho et al. 2020), comparing
the generation of a single query to multiple queries in sce-
narios necessitating retrieval. The findings indicate that the
multi-query method enhances the model’s performance and
decreases retrieval iterations compared to the single-query
approach, highlighting the limitations inherent in the single-
query mode.

To address the aforementioned challenges, we propose
RAG-R1, a novel training framework that enables LLMs to
adaptively leverage internal and external knowledge during
the reasoning process and enhances their reasoning capa-
bilities. We further expand the single-query mode to multi-
query parallelism, an architectural shift that directly ad-
dresses prohibitive latency and inherent brittleness, thereby
bolstering reasoning robustness and reducing inference time.
Specifically, the training framework contains two stages,
i.e., Format Learning Supervised Fine-Tuning and Retrieval-
Augmented Reinforcement Learning. In the first stage, we
thoughtfully generate samples that integrate reasoning and
search to equip LLMs with the ability to adaptively lever-
age internal and external knowledge during the reasoning
process and respond in a think-then-search format. In the
second stage, we employ outcome-based RL with a retrieval
environment to enhance the model’s ability to reason effec-
tively and dynamically access external knowledge for accu-
rate question answering. Building upon the training frame-
work, we transition from the single-query mode to multi-
query parallelism. By minimizing serial retrieval iterations,
this approach drastically reduces overall inference time. Si-
multaneously, it arms the model with comprehensive evi-
dence from multiple perspectives, directly bolstering its ro-
bustness against reasoning failures.

We conduct extensive experiments based on Qwen2.5-
7B-Instruct (Team 2024) to verify the effectiveness of
our proposed method. The results demonstrate its effec-
tiveness, which achieves state-of-the-art performance on
seven question-answering benchmarks. In particular, our
method utilizing multiple-query parallelism outperforms the
strongest baseline by up to 13.7% and decreases inference
time by 11.1%. The contributions of this work are summa-
rized as follows:

• We propose RAG-R1, a novel training framework that
empowers LLMs to adaptively leverage internal and ex-
ternal knowledge during the reasoning process and en-
hances their reasoning capabilities.

• We transition from the single-query mode to multi-query
parallelism to directly address prohibitive latency and in-
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Figure 1: Comparison of single-query and multi-query meth-
ods on Multi-Hop QA benchmarks based on Qwen2.5-72B-
Instruct: (a) Model performance evaluated by Exact Match
metric; (b) Average retrieval iterations during inference. The
multi-query approach achieves a higher Exact Match score
with fewer retrieval iterations.

herent brittleness. This architectural shift bolsters rea-
soning robustness while significantly reducing inference
time.

• Extensive experiments demonstrate the effectiveness of
our proposed method, which achieves state-of-the-art
performance on seven question-answering benchmarks
and significantly decreases retrieval counts and inference
time.

2 Related Work
Retrieval-Augmented Generation RAG enhances LLMs
outputs by integrating external information with internal
knowledge. Initial RAG methods employed static pipelines,
coupling retrieved documents with LLMs via prompt en-
gineering (Shi et al. 2023; Ram et al. 2023b; Lin et al.
2023; Korikov et al. 2024) to control generation. While
effective for information-sourcing tasks, these approaches
struggle with complex, multi-faceted queries requiring itera-
tive retrieval. Subsequent research developed dynamic RAG
frameworks (Jeong et al. 2024) that utilize LLM feedback
for adaptive retrieval and generation control. Complemen-
tary efforts have focused on improving knowledge represen-
tation of retrieved documents (Edge et al. 2024; Guo et al.
2024) from augmentation perspectives. Most recently, ad-
vances (Jin et al. 2025; Li et al. 2025; Song et al. 2025; Sun
et al. 2025; Wu et al. 2025) demonstrate significant scala-
bility potential by training interaction trajectories to opti-
mize LLM’s use of search engines for complex problem-
solving queries. Following these advances, our method fur-
ther enhances the interaction between LLMs and retrievers
by leveraging LLM’s reasoning abilities.

Learning to Search Recent advances in Learning to
Search have evolved from static query and generation tem-
plate via SFT to dynamic and reward-driven search using
RL. SFT-based approaches have demonstrated success in
improving LLM capabilities in instruction following (Dong
et al. 2024b,a; Li et al. 2024), robustness (Dong et al. 2025),
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and domain-specific adaptation (Zhang et al. 2024). How-
ever, these methods are limited by a tendency to memorize
solution paths, which constrains generalization and scalabil-
ity. RL-based methods (Jaech et al. 2024; Guo et al. 2025;
Shao et al. 2024; Yang et al. 2025) offer a promising al-
ternative by enabling autonomous reasoning and decision-
making. Recent works (Li et al. 2025; Song et al. 2025;
Jin et al. 2025) further integrate LLMs into real-time search
workflows, allowing interaction with live search engines.
Although these methods support autonomous search engine
invocation, the efficacy of search-as-a-tool remains underex-
plored. To address this, our approach introduces a two-stage
training framework that enables parallel query generation,
with the aim of retrieving more comprehensive and diverse
document contexts.

3 Training Framework
In this section, we introduce the RAG-R1 training frame-
work, which aims to empower LLMs with the ability to
adaptively leverage internal and external knowledge dur-
ing reasoning through two stages, i.e., Format Learning Su-
pervised Fine-Tuning and Retrieval-Augmented Reinforce-
ment Learning. Specifically, in the first stage, we thought-
fully generate samples that integrate reasoning and search,
segmenting them into four categories. We then apply SFT
based on these segmented samples to equip LLMs with the
ability to generate responses in a think-then-search format
and leverage internal and external knowledge adaptively. In
the second stage, we conduct data selection and employ
outcome-based RL with a retrieval environment to enhance
the model’s ability to reason and dynamically retrieve ex-
ternal knowledge to answer questions correctly. The overall
framework is shown in Figure 2.

3.1 Format Learning Supervised Fine-Tuning
SFT Data Generation To equip LLMs with the ability
to adaptively leverage internal and external knowledge dur-
ing reasoning and respond in a think-then-search format, we
first generate samples that integrate reasoning and search.
Specifically, the system instruction guides the LLM to per-
form reasoning between <think> and </think> when-
ever it receives new information. After completing the rea-
soning process, the LLM can generate search query be-
tween the designated search call tokens, <search> and
</search>, whenever external retrieval is necessary. The
system will subsequently extract the search query and re-
quest an external search engine to retrieve relevant docu-
ments. The retrieved information is then appended to the
existing sequence, enclosed within special retrieval tokens,
<information> and </information>, providing additional
context for the next generation step. This process contin-
ues iteratively until reaching the maximum number of re-
trieval or the model generates a final answer enclosed within
the special answer tokens, <answer> and </answer>. The
system instruction follows Jin et al. (2025) and is shown in
Table 1.

We use Qwen2.5-72B-Instruct as the generation model
and employ a portion of the HotpotQA (Yang et al. 2018)
training dataset for generation tasks.

Answer the given question. You must conduct rea-
soning inside <think> and </think> first every time
you get new information. After reasoning, if you find
you lack some knowledge, you can call a search en-
gine by <search> query </search> and it will re-
turn the top searched results between <information>
and </information>. You can search as many times as
your want. If you find no further external knowledge
needed, you can directly provide the answer inside
<answer> and </answer>, without detailed illustra-
tions. For example, <answer> Beijing </answer>.
Question: {question}

Table 1: System instruction of SFT data generation.

SFT Data Segmentation and Training After generating
the samples, we selected those with correct answers and seg-
ment them into four categories according to specific segmen-
tation points. As illustrated in Figure 2, we segment the sam-
ples at corresponding points whenever the model needs to
perform reasoning or retrieval, thereby preventing the model
from generating retrieval documents. In this manner, a com-
plete sample might be split into multiple smaller samples,
which can then be classified into four distinct categories.

By employing the first and second categories of samples,
we train the model to respond by adaptively leveraging in-
ternal and external knowledge, respectively. In contrast, by
utilizing the third and fourth categories of samples, we ex-
pect the model to perform reasoning and generate subse-
quent steps primarily based on external knowledge. Notably,
the output section of the samples is designed to exclude re-
trieved documents, which aids in preventing the model from
generating hallucinations.

After segmentation, we apply SFT to these samples to
train the model to generate responses in a think-then-search
format and leverage internal and external knowledge adap-
tively. This stage aims to develop a highly capable model
that can respond in a think-then-search format, serving as a
cold-start model to enhance the stability of the subsequent
RL training stage.

3.2 Retrieval-Augmented Reinforcement
Learning

RL Data selection After Format Learning SFT, we obtain
a model that can adaptively leverage internal and external
knowledge during the reasoning process and respond in a
think-then-search format. To further enhance the model’s
reasoning ability and enable it to answer questions accu-
rately, we begin with data selection to identify challenging
yet answerable questions suitable for RL.

Specifically, we select the samples that generate incor-
rect answers in Section 3.1. The questions of these samples
present a relative challenge to the model. We subsequently
filter out samples that are inherently unanswerable due to in-
complete data retrieval or model limitations. We implement
stochastic sampling for Qwen2.5-72B-Instruct with the sam-
pling temperature of 1.2 and the maximum number of re-
trieval to 10. For each question, we conduct up to 10 rollouts
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Figure 2: Overview of the RAG-R1 training framework, consisting of two stages: Format Learning Supervised Fine-Tuning
(Section 3.1) and Retrieval-Augmented Reinforcement Learning (Section 3.2), along with the data generation details.

and retain only samples containing at least one correct solu-
tion. Finally, we obtain 2488 samples which are challenging
yet answerable and randomly selected 25% of the correctly
answered samples in Section 3.1 to construct the final train-
ing dataset.

RL with Retrieval We extend reinforcement learning to
utilize an external retrieval system. The RL objective func-
tion utilizing an external retrieval system R can be repre-
sented as follows:

max
πθ

Ex∼D,y∼πθ(·|x;R)[rϕ(x, y)]

− βDKL[πθ(y|x;R)||πref (y|x;R)]

where πθ and πref represent the policy model and the refer-
ence model, respectively, both of which are initialized from
the SFT model, rϕ is the reward function and DKL is KL-
divergence. x denote input samples drawn from the dataset
D, and y represent the generated outputs which is sampled
from the policy model πθ and retrieved from the retrieval
system R. The rollout process follows the same procedure
detailed in Section 3.1. We employ the Proximal Policy Op-
timization (PPO) (Schulman et al. 2017) algorithm to opti-
mize the policy model, which is widely used in reinforce-
ment learning due to its efficiency and reliability.

Retrieval Masked Loss. In our framework, the rollout
sequence consists of both LLM-generated tokens and re-
trieved tokens from the external retrieval system. To prevent
retrieved tokens from interfering with the inherent reason-
ing and generation capabilities of the model, we implement a
masked loss for these tokens. By computing the policy gradi-
ent objective exclusively on the LLM-generated tokens and
excluding the retrieved content from optimization, this ap-
proach stabilizes training while preserving the adaptability
and benefits of retrieval-augmented generation.

Reward Modeling. The reward function serves as the pri-
mary training signal, which decides the optimization direc-
tion of RL. Inspired by Guo et al. (2025), we adopt a rule-
based reward system that includes final answer rewards to
assess the accuracy of responses. For instance, in factual

reasoning tasks, we adopt rule-based criteria such as exact
string matching (EM) to evaluate correctness:

rϕ(x, y) = EM(apre, agold)

where apre represents the extracted final answer from re-
sponse y and agold denotes the ground truth answer. This
method focuses on ensuring that the final answer matches
the expected truth precisely. We avoid incorporating format
rewards because the SFT model has already learned to re-
spond in a think-then-search format. This strategy enables
us to concentrate on the factual accuracy of the responses,
leveraging the inherent structured approach of the model
without imposing additional format-based conditions. Fur-
thermore, following Guo et al. (2025), we do not apply neu-
ral reward models to avoid reward hacking and additional
computational cost.

Utilizing the SFT model, which can adaptively leverage
internal and external knowledge, as the cold-start model im-
proves the stability of RL training. Furthermore, by incor-
porating retrieval into outcome-based RL, we improve the
model’s reasoning capability and its ability to dynamically
access external knowledge to accurately answer questions.

4 Multi-query Parallelism
Enabling the model to adaptively leverage internal and ex-
ternal knowledge during reasoning significantly extends its
capability boundaries. However, existing methods are con-
strained to a single-query approach, which presents two fun-
damental weaknesses: prohibitive latency from serial re-
trieval iterations, and inherent brittleness due to knowl-
edge confinement. To overcome these limitations, we re-
place this fragile, sequential process with multi-query par-
allelism. This architectural shift is designed not merely to
enhance capabilities, but to directly tackle the root causes
of failure—it reduces latency by parallelizing retrieval and
fortifies robustness by gathering diverse evidence simulta-
neously.

Specifically, we guide the model to generate multiple
search queries whenever external retrieval is required. The
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external retrieval system then performs parallel searches
with these queries and returns the results to the model
in a JSON format, ensuring clear alignment between the
search queries and the retrieved documents. The adoption
of multi-query parallelism directly confronts the two fun-
damental weaknesses of the single-query approach: pro-
hibitive latency and inherent brittleness. First, by executing
retrievals in parallel, it dismantles the serial dependency that
causes prohibitive latency, leading to a substantial reduc-
tion in overall inference time. Second, it shatters the knowl-
edge confinement of a single query by gathering diverse ev-
idence simultaneously. This enriched information base for-
tifies the model’s reasoning process, dramatically enhancing
its robustness against suboptimal queries and unrecoverable
paths. This dual improvement is particularly salient for com-
plex tasks like comparison-type questions, where synthesiz-
ing multiple perspectives is crucial for accuracy.

Table 2 illustrates the system instructions for generating
multiple search queries. We restrict the model to generate
at most three parallel search queries simultaneously. The re-
trieval system reorganized the search results in a JSON for-
mat which contains:

• query: A list of search queries generated by the model.
• documents: A list containing the at most three retrieved

documents corresponding to the search queries.

Utilizing the above format allows the model to recognize
the alignment between difference search queries and corre-
sponding retrieved documents. The remaining aspects of the
training process are consistent with those outlined in Section
3.

Answer the given question. You must conduct reason-
ing inside <think> and </think> first every time you
get new information. After reasoning, if you find you
lack some knowledge, you can call a search engine by
<search> query 1,query 2 </search> and it will re-
turn the top searched results for each query between
<information> and </information>. You can search
as many times as your want, using up to three queries
each time. If you find no further external knowledge
needed, you can directly provide the answer inside
<answer> and </answer>, without detailed illustra-
tions. For example, <answer> Beijing </answer>.
Question: {question}

Table 2: System instruction for generating multiple search
queries.

5 Experiments
5.1 Experimental Settings
Datasets and Evaluation Metrics. We evaluate our models
on seven benchmark datasets: (1) General Question An-
swering: NQ (Kwiatkowski et al. 2019), TriviaQA (Joshi
et al. 2017), and PopQA (Mallen et al. 2022). (2) Multi-
Hop Question Answering: HotpotQA (Yang et al. 2018),
2WikiMultiHopQA (Ho et al. 2020), Musique (Trivedi et al.

2022b), and Bamboogle (Press et al. 2022). HotpotQA is in-
domain benchmark since a portion of its training sets is used
for training while others serve as out-of-domain benchmarks
to assess our model’s generalization capabilities. For evalu-
ation metric, we utilize Exact Match (EM) score following
Yu et al. (2024) and Retrieval Count (RC).

Baselines. We compare our method against the following
baselines: (1) Direct Inference: Generate answers based on
the model’s internal knowledge. (2) Standard RAG: Tra-
ditional retrieval-augmented generation systems. (3)RAG-
CoT Methods: Integration of retrieval-augmented genera-
tion with chain-of-thought prompts, such as IRCoT (Trivedi
et al. 2022a) and Search-o1 (Li et al. 2025). (4) RAG-
RL Methods: Utilizing reinforcement learning to allow the
model to autonomously perform retrieval during inference,
such as Search-R1 (Jin et al. 2025) and R1-Searcher (Song
et al. 2025).

Implementation Details. We adopt Qwen-2.5-7B-
Instruct as the base model for both our method and all base-
line approaches, ensuring a fair comparison under the same
architectural backbone. For retrieval, we use the English
Wikipedia provided by KILT (Petroni et al. 2020) as retrieval
corpus, segmented into 100-word passages with appended
titles, totaling 29 million passages. We employ BGE-large-
en-v1.5 (Chen et al. 2024) as the text retriever and set the
number of retrieved passages to 3 across all retrieval-based
methods to ensure fair comparison. For evaluation, the num-
ber of retrieval iterations was left uncapped.

In Format Learning SFT, we collect 18994 samples for
single-query training and 19303 samples for multi-query
parallelism training. We perform full-parameter SFT for 5
epochs and chose the checkpoint with the lowest validation
loss for evaluation and subsequent RL training.

In Retrieval-Augmented RL, we collect 5022 samples for
single-query training and 6015 samples for multi-query par-
allelism training. We split 95% of all the samples into a train-
ing set and used the remaining as a validation set. For the
PPO variant, we set the learning rate of the policy LLM to
1e-6 and that of the value LLM to 1e-5. The training step is
500, with warm-up ratios of 0.285 and 0.015 for the policy
and value models, respectively. We use Generalized Advan-
tage Estimation (GAE) (Schulman et al. 2015) with param-
eters λ = 1 and γ = 1. All the trainings are conducted on a
single node with 8 A100 GPUs. We configure the batch set-
tings as follows: a total batch size of 512, a mini-batch size
of 128, and a micro-batch size of 32.

5.2 Main results
The main results comparing RAG-R1 with baseline methods
across the seven datasets are presented in Table 3. RAG-R1-
sq denotes our method operating in single-query mode while
RAG-R1-mq represents the overall framework incorporating
multi-query parallelism. From the results, we can obtain the
following key observations:

• Significant performance improvements across all
datasets. Our method achieves significant improvements
compared to all baseline methods across both Gen-
eral QA and mutil-hop QA benchmarks, including both
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Methods General QA Multi-Hop QA
NQ PopQA TriviaQA HotpotQA 2Wiki Musique Bamboogle Avg.

Direct Inference 0.132 0.148 0.360 0.183 0.236 0.031 0.080 0.167
Standard RAG 0.328 0.353 0.476 0.284 0.253 0.048 0.152 0.271
IRCoT 0.183 0.328 0.434 0.276 0.356 0.060 0.144 0.254
Search-o1 0.277 0.294 0.474 0.348 0.384 0.107 0.296 0.311
Search-R1 0.387 0.422 0.531 0.377 0.351 0.135 0.376 0.368
R1-Searcher 0.404 0.410 0.522 0.442 0.513 0.158 0.368 0.402

RAG-R1-sq 0.429 0.477 0.599 0.492 0.520 0.187 0.440 0.449
RAG-R1-mq 0.423 0.479 0.608 0.495 0.563 0.192 0.440 0.457

Table 3: Performance comparisons on QA benchmarks under the Exact Match metric. The best and second best results are bold
and underlined, respectively. Our models, RAG-R1-sq and RAG-R1-mq, achieve substantial improvements over all baselines

CoT-based methods and RL-based methods. Specifically,
RAG-R1-mq outperforms the best RL-based method,
R1-Searcher, by 13.7% across all datasets. These results
demonstrate that our approach enables the model to ef-
fectively utilize both internal and external knowledge
throughout the reasoning process.

• Effectiveness of Multi-query Parallelism. RAG-R1-
mq consistently outperforms all single-query RL-based
methods, notably achieving a 1.8% average gain over
our own single-query counterpart, RAG-R1-sq. This re-
sult reveals a key insight: multi-query parallelism is not
merely an efficiency optimization, but a direct remedy for
the inherent brittleness of single-query methods. By shat-
tering knowledge confinement, it empowers the model to
synthesize diverse evidence, fundamentally bolstering its
reasoning robustness against failures. Further details are
available in Section 6.2.

• Excellent generalization Ability. Despite utilizing only
a subset of the HotpotQA training data, our models
achieve significant improvements on in-domain datasets
and exhibit excellent generalization capabilities across
out-of-domain datasets, such as 2WikiMultiHopQA and
Musique. This demonstrates that our models have effec-
tively learned to reason and retrieve information for di-
verse questions, which proves the effectiveness of our
approach across various scenarios requiring retrieval.
Moreover, it can effectively extend to online search, as
detailed in Section 6.3.

6 Further Analysis
6.1 Ablation Study
To validate the effectiveness of our proposed training frame-
work, we conduct a comprehensive ablation analysis of its
key design elements.

SFT and RL As shown in Table 4, w/o SFT removes the
initial format learning SFT while w/o RL removes the entire
RL training stage. The results demonstrate the necessity and
effectiveness of both SFT and RL in our training framework,
which together improve the model’s performance. Specif-
ically, w/o SFT struggles to leverage internal and external
knowledge and respond in a think-then-search format, re-

sulting in decreased performance. In contrast, w/o RL re-
stricts the model’s capability to correctly answer questions
through reasoning. The considerable improvement achieved
through RL highlight its ability to significantly enhance the
model’s capability.

RL Data Selection We further validate the effectiveness
of data selection during the RL process. We trained the mod-
els using all samples with incorrect answers and 25% of
the samples with correct answers in Section 3.1, denoted
as RAG-R1-sq w/o Filter and RAG-R1-mq w/o Filter re-
spectively. The decline in performance indicates that careful
data selection plays a crucial role in enhancing the effective-
ness of RL training. Unanswerable samples do not facilitate
the model’s improvement and may even detrimentally im-
pact the training process.

6.2 Effects of Multi-query Parallelism
As shown in Table 5, we record the average inference time
(in seconds) and average retrieval iterations for different
methods on HotpotQA and 2WikiMultiHopQA using A100
GPUs without employing any inference acceleration tech-
nique. The results show that RAG-R1-mq achieves the low-
est inference time and requires the fewest retrieval iterations,
indicating that multi-query parallelism can significantly en-
hance the efficiency of the model. As shown in Table 3, our
multi-query approach (RAG-R1-mq) confirms its superior
effectiveness. A detailed analysis against our single-query
baseline (RAG-R1-sq) reveals this performance gain stems
from two fundamental advantages: (1) More Efficient and
Decisive Exploration: The MQ model’s parallel retrieval
acts as a wide-ranging initial search, quickly identifying
promising information pathways. This prevents the fruit-
less retrieval loops or premature terminations that plague
the SQ model, which often lead to unrecoverable errors. (2)
Adaptive Reasoning and Self-Correction: When initial re-
trievals fail, the MQ model demonstrates a crucial capabil-
ity for self-correction. It synthesizes the complete context
from all parallel queries to intelligently formulate a more in-
formed new query. In contrast, the SQ model, locked into
its linear path, lacks this adaptive mechanism, rendering it
brittle to an initially suboptimal query. In essence, multi-
query parallelism fosters a more robust and adaptive reason-
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Methods HotpotQA 2Wiki Musique Bamboogle Avg.

RAG-R1-sq 0.492 0.520 0.187 0.440 0.410
RAG-R1-sq w/o SFT 0.415 0.406 0.138 0.312 0.318
RAG-R1-sq w/o RL 0.425 0.433 0.150 0.368 0.344
RAG-R1-sq w/o Filter 0.452 0.462 0.159 0.408 0.370

RAG-R1-mq 0.495 0.563 0.192 0.440 0.423
RAG-R1-mq w/o SFT 0.413 0.423 0.129 0.392 0.339
RAG-R1-mq w/o RL 0.427 0.490 0.143 0.424 0.371
RAG-R1-mq w/o Filter 0.491 0.543 0.186 0.424 0.411

Table 4: Ablation study on SFT, RL and RL Data Selection. The RL-only method (w/o SFT) struggles to respond in a think-
then-search format, while the SFT-only method (w/o RL) fails to enhance model performance through reasoning. Moreover,
the performance decline observed in the w/o Filter method emphasizes the necessity of RL data selection.

Methods HotpotQA 2Wiki Avg.

Time RI Time RI Time RI

Search-R1 7.79 2.44 8.90 3.01 8.35 2.73
R1-Searcher 10.98 2.31 10.93 2.40 10.96 2.36

RAG-R1-sq 7.69 2.14 8.72 2.72 8.21 2.43
RAG-R1-mq 6.72 1.89 8.11 2.43 7.42 2.16

Table 5: Average time and retrieval iterations of different
methods on two multi-hop datasets. RAG-R1-mq reduces
the inference time by 9.6% and the average retrieval itera-
tions by 0.27 compared to RAG-R1-sq, demonstrating im-
proved efficiency in multi-hop reasoning.

ing process, expanding the model’s problem-solving capa-
bilities beyond mere efficiency gains.

6.3 Generalization to Online Search

Considering training efficiency and cost, we employ a lo-
cal dense embedding retrieval system utilizing Wikipedia
as a static external retrieval corpus throughout the training
process. This contrasts with most real-world applications,
which depend on online web search. To demonstrate the gen-
eralization capability of RAG-R1 within this scenario, we
assess our models’ performance on two benchmarks: Bam-
boogle and a randomly selected set of 500 samples from
HotpotQA, utilizing online web search—a setting not en-
countered during training.

Specifically, during inference, whenever retrieval is nec-
essary, we leverage the Google API to perform real-time
web searches and obtain relevant web pages. Subsequently,
we utilize BeautifulSoup4 to scrape information from these
pages and employ GPT-4o-mini to generate concise sum-
maries, which are then incorporated into the reasoning pro-
cess. As illustrated in Figure 3, RAG-R1-mq achieves the
best EM score among all compared methods, highlighting
its strong adaptability to online search scenario. These find-
ings suggest that our approach equips the model to dy-
namically retrieve information during the reasoning process,
rather than merely memorizing response formats.

	20

	30

	40

	50

	60

Bamboogle HotpotQA-rand500

56

44.4

54.4

44

52

35.4

41.6

32.2

RAG-R1-mq 
RAG-R1-sq 
Search-R1 
R1-Searcher 
Search-o1

33.6
34.8

E
xa

ct
	M

at
ch

	s
co

re
	(%

)

Figure 3: Performance comparison of RAG-R1 and three
baselines within the online search scenario. Our models con-
sistently deliver robust results across both offline and online
settings, highlighting the strong generalization capabilities
of our approach.

7 Conclusion

In this paper, we introduced RAG-R1, a novel training
framework that enables LLMs to adaptively leverage inter-
nal and external knowledge, significantly enhancing their
reasoning capabilities. The cornerstone of our work is the
integration of multi-query parallelism, an architectural inno-
vation designed to directly address the prohibitive latency
and inherent brittleness of conventional single-query meth-
ods, thereby bolstering reasoning robustness and reducing
inference time. Extensive experiments on seven QA bench-
marks demonstrate the effectiveness of our method, which
outperforms the strongest baseline by up to 13.7% and de-
creases inference time by 11.1%. This dual advancement
confirms that our method achieves a superior trade-off, si-
multaneously boosting the model’s reasoning robustness and
inference efficiency.
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