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Abstract—Large Reasoning Models (LRMs) exhibit strong
reasoning abilities, but their reliance on parametric knowl-
edge limits factual accuracy. Recent works adopt reinforcement
learning (RL) training to integrate reasoning with retrieval,
but such methods are often complex and resource-heavy. We
propose ReaRAG, a factuality-enhanced reasoning model trained
via strategic distillation, rather than costly RL training. Our
solution includes a novel data construction framework with an
upper bound on the reasoning chain length. Specifically, we first
leverage a LRM to generate deliberate thinking, then select an
action from a predefined action space (Search and Finish).
For search action, a query is executed against the RAG engine,
where the result is returned as observation to guide reasoning
steps later. This process iterates until a Finish action is chosen.
Experimental results show that ReaRAG achieves the best overall
performance across six question answering (QA) benchmarks.
Further analysis highlights its strong reflective ability to recognize
errors and revise its reasoning trajectory. Our study enhances
LRMs’ factuality while effectively integrating robust reasoning
for Retrieval-Augmented Generation (RAG).

Index Terms—Multi-hop QA, Open-domain QA, Large lan-
guage model.

I. INTRODUCTION

Large language models (LLMs) [1] demonstrate strong
capabilities across complex tasks [2]. However, their reliance
on parametric knowledge limits their performance on QA tasks
that demand factual reasoning beyond the capacity of the
model’s internal parametric knowledge.

To enhance LLMs’ factuality, Retrieval-Augmented Gener-
ation (RAG) [3], [4] offers a promising solution by integrat-
ing external knowledge, but struggles with forming precise
retrieval queries [S]. Iterative retrieval approaches [6], [7]
aim to formulate more precise queries by decomposing the
input into chains of sub-questions, yet they may lead to error
propagation, which degrades overall answer quality [8].

To address this limitation, Search-ol [9] leverages re-
cent Large Reasoning Models (LRMs) to iteratively retrieve
documents and generate sub-answers through a Reason-in-
Documents module, exploiting the LRM’s inherent reasoning
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and instruction-following capabilities. However, effective rea-
soning with retrieval remains challenging due to (1) unreliable
retrieval token generation, (2) information extraction failures,
and (3) overthinking in multi-hop QA [10].

In response to this challenge, recent works such as R1-
Searcher [11] and ReSearch [12] adopt reinforcement learning
(RL) to incentivize LLMs to perform reasoning before re-
trieval. However, such policy optimization approaches involve
complex training paradigms and require extensive computa-
tional resources.

In this paper, we propose ReaRAG, a factuality-enhanced
reasoning model for RAG that achieves comparable perfor-
mance without relying on complex RL-based training. In-
stead of resource-heavy policy optimization, we strategically
distill the reasoning capabilities of LRMs, including search
decisions and reflective corrections, to construct knowledge-
guided reasoning chains for supervised fine-tuning (SFT)
under the Thought-Action-Observation paradigm. During in-
ference, ReaRAG iteratively performs the search action
and dynamically decides when to trigger the £inish action,
enabling controlled iterative retrieval. Guided by external
knowledge, ReaRAG reflects on its reasoning trajectory, de-
tects errors, and realigns its reasoning toward the correct path,
leading to strong overall performance while avoiding RL-
based policy optimization.

To validate our approach, we conduct experiments on six
benchmarks covering both multi-hop and single-hop QA,
where ReaRAG achieves the highest overall performance. In
summary, our contributions are as follows:

o Enhancing LRMs’ factuality through knowledge-
guided reasoning chain. We propose ReaRAG-9B, fine-tuned
on a dedicated dataset to enable knowledge-guided reasoning
with reliable external knowledge access. ReaRAG reflects on
prior steps, leverages external knowledge to identify errors and
refines its reasoning, showcasing robust multi-step reasoning
capabilities.

o A simple alternative to RL-based RAG. Compared with
Search-ol, ReaRAG generally reduces redundant retrieval in
multi-hop QA, while replacing RL-based optimization with a



simpler supervised pipeline.

« Enhanced benchmark performance. ReaRAG performs
on par with or surpasses previous methods on MuSiQue [13],
HotpotQA [14], and IIRC [15], while outperforming them on
harder tasks such as FRAMES [16] and FanOutQA [17].

II. RELATED WORK

a) Reasoning-enhanced LLMs: Numerous works have
investigated how to elicit the reasoning abilities of LLMs.
Early approaches, such as Chain-of-Thought (COT) [18],
ReAct [19] and Tree of Thought (ToT) [20] prompt LLMs to
generate human-like step by step reasoning chains, though they
still struggle on complex reasoning tasks. Recent advances of
LRMs have scaled up CoT through RL [21], enabling models
to generate long CoT before providing a final answer. Notably,
LRMs including OpenAI’s ol [22], Qwen’s QwQ-32B! [23]
and DeepSeek-R1 [24] demonstrate impressive performance in
complex reasoning tasks. Despite these advancements, most
LRMs lack explicit access to external knowledge, limiting
factual accuracy.

b) Retrieval-Augmented Generation for Reasoning:
RAG has emerged as a promising paradigm for improving
LLMs’ factuality. Early methods rely on a single retrieval [3],
[25], which often falls short for multi-hop QA tasks due to
imprecise query and noisy retrieval [26]. To address these
limitations, iterative methods [7], [27] propose to progressively
retrieve relevant documents for final answer. However, these
approaches lack a strong reflection mechanism to recover from
earlier reasoning errors. To mitigate this issue, Search-ol [9]
introduces a document reasoning module and prompts a LRM
to generate special tokens that trigger knowledge retrieval.
However, this approach relies on the instruction-following
and inherited reasoning ability of the base model, leading
to formatting errors, extraction failures, and overthinking on
simple questions. R1-Searcher [11] and ReSearch [12] adopt
an RL-based method that incentivizes LLMs to reason before
retrieving. In contrast to the complex and often unstable RL-
based training, our approach achieves comparable performance
through strategic distillation, offering simpler training pipeline
and practical usability.

III. METHODOLOGY

In this section, we first formalize the task, then present our
novel approach as illustrated in Figure 1. The implementation
details are available online?.

A. Task formulation

We focus on the multi-hop QA task, where iterative reason-
ing improves answer accuracy. Given a question x, our goal is
to construct a knowledge-guided reasoning chain C to enhance
the factual correctness of the generated answer . Specifically,
the reasoning chain is formulated as a variable-length sequence

!For simplicity, all mentions of QwQ-32B in this paper refer to QwQ-32B-
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of N steps, where each step ¢ consists of a reasoning thought
T¢, an action oy, and an observation o;:

C = {(rs, ;00 }iey,

The total number of reasoning steps /N is not predefined
and is determined by the first step at which the model emits
a finish action. Otherwise, the process stops at T,,q,. We
define the action space as A = {search(),finish()},
where search takes a query as input and finish outputs
the answer. At each step ¢, the model formulates a query based
on 7; and invokes search over the RAG engine R. This
process grounds the final answer ¢ in retrieved knowledge
through an iterative and structured reasoning process, thereby
enhancing the factual reliability of LRMs.

1<t <Thaw (1

B. Knowledge-guided reasoning chain generation

While existing LRMs demonstrate strong reasoning capa-
bilities, they often fail to ground their reasoning process in
factual knowledge. To make external knowledge accessible,
we design a structured reasoning step where each step consists
of a reasoning thought 7, an action oy, and an observation o;.

o Reasoning thought 7;: Represents the model’s thought
process where it reflects on prior actions and observations
before deciding the next action and its input parameter.

o Action ay: A JSON dictionary containing an action sam-
pled from the action space A along with the corresponding
input parameter.

o Observation o;: Feedback from action oy, guiding subse-
quent reasoning.

a) Data Construction: As detailed in Algorithm 1, for
each seed question x;, we prompt the LRM Mgy with Py
(see our code®) to generate reasoning thoughts and actions.
Search query is then executed against the RAG engine R to
obtain an observation o;. The process repeats until finish
is emitted or T},,,, is reached.

b) Data Filtering: To ensure high-quality reasoning
chains, we apply data filtering by comparing the final answer
9; derived from the reasoning chain C; against the ground truth
answer y; using the F1 metric. Reasoning chains with an F1
score of 0 are discarded to maintain data integrity.

c) Self-Reflection Injection: The ability to recognize and
correct errors in previous reasoning steps is crucial for improv-
ing reasoning robustness, which we refer to as self-reflection
in this paper. To induce this behavior, we explicitly instruct
the LRM to review and revise prior steps when necessary and
provide reflection exemplars during data construction. After
data filtering, approximately 79.2% of the resulting trajectories
exhibit self-reflective behavior.

C. Factuality-enhanced LRMs: ReaRAG

a) Fine-tuning: To incorporate knowledge-guided rea-
soning ability into the model, we perform SFT on the
constructed dataset discussed in the previous section.
Each sample is a sequence of conversation chain & =

3https://anonymous.4open.science/r/ReaR AG/src/prompts.py
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Fig. 1. Overview of our approach to develop a factuality-enhanced reasoning model ReaRAG. To equip ReaRAG with knowledge-guided reasoning ability, we
propose an automated data construction approach (Algorithm 1), then fine-tune ReaRAG on the constructed dataset to conduct reasoning iteratively following
the Thought-Action-Observation Paradigm. Pseudocode for the inference is shown in Algorithm 2.

{P, i, {(1¢,1,0,)}1}, where P denotes the instruction
prompt described in our code. We fine-tune our factuality-
enhanced LRM, ReaRAG (Mpgeqrag) using the following
loss function:

L =— Z 1x logMReaRAG(Sj | 5<j) 2)

J

where s; represents the textual tokens of the input sequence
S, 1(-) is a loss mask indicator, which is set to True on thought
7, and action o, tokens, ensuring that the loss is only computed
over the tokens contributed to the thought reasoning as well
as action, rather than the entire sequence.

b) Inference: After fine-tuning, ReaRAG is equipped
with advanced reasoning capabilities to solve multi-hop QA.
Given an instruction prompt P and a question x, the model
first generates a reasoning thought 7y and an initial action ay,
typically a search action. The search query ¢, is extracted
and executed over the RAG engine R, which returns an
observation og. The triplet (74, c:,0:) is appended to the
reasoning chain C, while the pair (gs,0:) is appended to the
summary chain Swum. This process iterates until ReaRAG
decides on a finish action at step N. Upon this action,
we concatenate all gathered information in Sum and prompt
an answer model M 4,5 to synthesize the final answer ¢ using
the prompt P,,s described in our code. The pseudocode for
the inference stage is provided in Algorithm 2.

IV. EXPERIMENTS

A. Experimental setup

a) Dataset and metrics: We evaluate our approach on
multi-hop QA benchmarks requiring reasoning across mul-
tiple documents, including MuSiQue (MQ) [13], HotpotQA
(HP) [14] and TIRC [15], as well as recently proposed
benchmarks, including FRAMES (FR) [16] and FanOutQA
(FQ) [17]. To evaluate single-hop reasoning capabilities, we
additionally include NQ [28]. Since these datasets require
open-ended answers, traditional metrics such as exact match
(EM) may fail to capture semantically equivalent responses.
Hence, we include the LL.M-as-a-Judge metric (ACCpr) [29]
based on GPT-40 for semantic evaluation using a prompt
Pjudge- For FanOutQA, we follow the metric used in the
original benchmark and report the Rouge-L (R-L) score in-
stead of EM. We randomly sample 500 validation examples
each from MuSiQue, HotpotQA, and NQ, 200 from IIRC, and
396 from FRAMES. For FanOutQA, we evaluate on the full
development set, which contains 310 examples.

b) Baselines: We compare our approach against multiple
baselines, categorized based on their access to external knowl-
edge. These include in-context retrieval, where the corpus is
directly appended to the language model’s context; vanilla
RAG, which performs a single retrieval based on the original
input question; and state-of-the-art advanced RAG methods
proposed recently.



TABLE I
MAIN EXPERIMENTAL RESULTS ON SIX BENCHMARKS. BOLD AND UNDERLINE DENOTE THE BEST AND SECOND BEST RESULTS. WE REPORT EM
SCORES AND ACCp, (LLM-AS-A-JUDGE WITH GPT-40). FOR FANOUTQA, WE FOLLOW THE BENCHMARK AND REPORT THE ROUGE-L (R-L). OUR
MODEL, REARAG-9B, ACHIEVES THE BEST OVERALL RESULTS, VALIDATING THE EFFECTIVENESS OF OUR STRATEGIC DISTILLATION APPROACH EVEN
AGAINST RECENT RL-BASED RAG BASELINES.

Multi-hop |  Single-hop |

Model MuSiQue HotpotQA TIRC FRAMES FanOutQA | NQ | Average

ACCy, EM ACCp EM ACCp EM ACCp EM ACCp R-L | ACCyp, EM | ACCy,
In-context
GLM-4-9B (128k) 27.4 18.6 59.9 44.6 - - - - - - 474 31.2 -
GLM-4-32B (128k) 333 20.4 65.6 48.6 - - - - - - 58.0 30.8 -
Vanilla RAG
GLM-4-9B (128k) 29.7 20.2 65.3 50.8 27.3 22.0 11.0 7.3 4.2 15.6 46.1 34.0 30.6
GLM-4-32B (128k) 31.9 19.4 61.3 46.4 26.0 14.5 13.9 7.6 39 12.3 53.8 33.6 31.8
QwQ-32B 39.3 25.6 66.7 46.2 32.8 25.0 234 13.9 9.7 14.2 56.1 32.6 38.0
Advanced RAG
Self-RAG-7B 18.7 12.8 48.4 32.8 21.8 12.0 8.8 5.6 39 14.2 47.1 36.6 24.8
SearChain-7B 26.3 17.6 44.8 33.6 25.8 18.5 16.0 10.6 4.8 17.7 22.5 9.4 23.4
Search-01-32B 41.9 31.2 55.6 432 32.8 29.5 27.8 19.2 12.3 14.9 46.0 33.0 36.0
R1-Searcher-7B-Base 61.1 49.8 77.1 64.0 42.5 35.5 26.9 18.7 5.8 15.6 52.8 40.0 44 .4
ReSearch-Qwen-7B-Instruct ~ 63.3 510 740  60.0 418  33.5 294 210 68 158 | 560  42.0 452
Ours
ReaRAG-7B 64.7 45.6 73.9 55.4 38.5 25.5 34.9 23.2 10.0 254 59.7 38.2 46.9
ReaRAG-9B 644 456 737 536 410 275 342 212 116 243 | 587 374 473

In the in-context settings, we use GLM-4-9B and GLM-
4-32B [30], both with a 128k context window. The vanilla
RAG baselines employ the same models, along with QwQ-
32B [23]. For advanced RAG baselines, we include Self-
RAG [31], which fine-tunes Llama-2-7B to retrieve documents
on demand and filter noisy evidence; SearChain [27], which
generates a Chain-of-Query structure enabling multi-turn re-
trieval with verification; and Search-ol [9], which proposes a
framework for LRMs to perform iterative knowledge retrieval.
We further consider R1-Searcher [11] and ReSearch [12],
which encourage reasoning before retrieval via RL.

B. Implementations details

a) Data construction and fine-tuning: The seed dataset
described in Algorithm 1 is derived from the training sets of
MuSiQue, HotpotQA, and NQ, with QwQ-32B as the LRM.
To maintain the model’s general capabilities, we fine-tune
GLM-4-9B [30] using the constructed dataset (roughly 20k
samples), and the general SFT dataset from GLM-4 [30]. For
fair comparison, we also train a 7B variant, ReaRAG-7B,
based on Qwen2.5-7B [32].

b) Evaluation: For MuSiQue and HotpotQA, we use the
original corpora from the respective authors. For NQ, we
follow the corpus setup of “Lost in the middle” [33]. To
increase the difficulty, especially when comparing with long-
context LLMs, we scale up the number of distractors, yielding
corpora of 48k-58k token lengths. Thus, this design demands
high-quality queries to enhance retrieval quality.

For IIRC, FRAMES, and FanOutQA, where official corpora
are incomplete or unavailable, we retrieve the top 5 most
relevant Wikipedia snippets via the Google Serper API. These
benchmarks are excluded from the in-context settings evalu-

ations due to the lack of official corpora. All baselines are
evaluated using their official implementations with our RAG
engine and corpus setup.

¢) RAG engine: Our RAG engine consists of two main
components: retrieval and generation. For retrieval, we use
Zhipu’s embedding-3 model* with a GLM3-based reranker to
enhance retrieval. This setup is applied only to benchmarks
with self-constructed local corpora, while for [IRC, FRAMES,
and FanOutQA, documents are retrieved via Google API. We
use GLM-4-32B with a 128k context window to generate
responses based on the retrieved documents.

C. Main results

Table I reports main results on six benchmarks. Overall,
ReaRAG-9B achieves the highest average ACCp of 47.3.
Despite the rise of RL-based RAG models (R1-Searcher,
ReSearch), ReaRAG-9B trained solely with SFT matches
or surpasses them on MuSiQue, HotpotQA, IIRC, and NQ,
and exceeds them on FRAMES and FanOutQA (by 5.8%-
7.3% ACCp), suggesting SFT alone can yield equally strong
performance for open-ended QA. Our 7B variant, ReaRAG-
7B, achieves equally strong performance, indicating model-
agnostic effectiveness.

However, the gap between EM and ACCy, (e.g., on NQ:
58.7 vs. 52.8 ACCy, but 37.4 vs. 40.0 EM) highlights that EM
often fails to capture semantically correct answers, motivating
the use of ACCr. We use the same judge model and prompt
across all compared methods for fair comparison.

Notably, the original SearChain results rely on GPT-3.5,
a proprietary large-scale model. For a fair comparison, we

“https://bigmodel.cn/dev/api/vector/embedding



Algorithm 1 Data Construction

Algorithm 2 Inference

Input: Seed Dataset Dgeeq, Large Reasoning Model Mgy,
Instruction prompt Py, Max iterations Ti,,x, RAG engine R
Output: Dataset Die,50n With reasoning chains
1: Initialize Diegson — 0
2: for each (x;,doc;) ~ Dseea do
gold documents

> Sample question and

3: t<+0,C;+ [ b Iteration counter ¢t and Reasoning
chain C;

4: while ¢ < T),.x do

5: Yy — Mrru([Pa® z; & C;)) > Generate
response

6: (1¢,a¢) < parse(y;) > Extract thought 7 and
action ay

Get action type ay, . < a[‘type’]
if finish € oy, then
: Append (74, o) to C;
10: break

11: else if search € oy, then

12: qs < ai[‘query’], o + R(gs,doc;) > Get o,
from RAG engine

13: Append (¢, oz, 01) to C;

14 end if

15: t—t+1

16: end while

17: Append C; t0 Dieason

18: end for

19: return Dieas0n

replace it with Qwen2.5-7B-Instruct [32], under which per-
formance drops across all benchmarks. Similarly, Self-RAG,
despite aiming to improve retrieval quality, shows limited
gains due to lack of multi-turn retrieval. Search-ol, although
leveraging QwQ-32B, a strong reasoning LRM to perform
multi-turn retrieval, only performs on par with vanilla RAG
settings. Further analysis is provided in Section IV-E.

D. Ablation

a) Closed-book performance: We conduct a closed-book
experiment to evaluate the parametric knowledge of the
language models. The results, presented in Table II show
that QwQ-32B outperforms GLM-4 on multi-hop bench-
marks requiring strong reasoning, except for HotpotQA and
FanOutQA. Nevertheless, their parametric knowledge remains
insufficient compared to the results in Table I.

b) Advantage of strong reasoning: To evaluate the im-
pact of strong reasoning capabilities of LRM, we fine-tune
an LLM lacking such abilities under the same Thought-
Action-Observation paradigm. This variant, denoted as w/o
reasoning in Table III, uses the same backbone as ReaRAG-
9B. However, instead of using the reasoning-strong QwQ-
32B for data construction, we employ GLM-4-9B that lacks
robust reasoning skills. To compensate, we provide additional
supervision during the process including the gold answer and

Input: Input question z, documents doc, ReaRAG M gearaG,
Answer LLM M 4,5, Instruction prompt P, Answer Prompt
Pans, Max iterations Tiax, RAG engine R
Qutput: Final answer,
1t 0,C <[], Sum <« ||
2: while ¢t < T« do
Yy — Mpearac([P @z @C))
for iteration ¢
4 (¢, ) < parse(y;)
action oy
5 Get action type oy, < aq[‘type’]
6: if finish € oy, then
7: 7§ Mans([Pans ® x ® Sum))
8
9

> Initialization

[95]

> Generate response

> Extract thought 7 and

return final answer ¢
else if search € oy, then

10: gs < ai[‘query’], o + R(gs,doc) > Get o, from
RAG engine

11: Append (¢, a4, 04) to C

12: Append (g5, 0¢) to Sum

13: end if

14: t+—t+1
15: end while

gold decomposition as hints, using the prompt P,p;4: described
in our anonymous online repository.

Table III shows that ReaRAG-9B (w/ reasoning) consis-
tently outperforms its counterpart, yielding 6-12% ACCy,
gain on multi-hop benchmarks and 3.5% gain on single-hop
NQ. The smaller gain on NQ suggests that strong reasoning
offers limited benefit for single-hop tasks, consistent with the
assumption that such questions require less complex reasoning.

E. Analysis

1) Performance against strong baseline: We conduct an in-
depth analysis and compare our approach against the baselines,
including Search-ol, R1-Searcher and ReSearch. Below, we
highlight key factors affecting their performance.

TABLE IV
INVALID GENERATION RATES OF SPECIAL TOKENS IN QWQ-32B.

Multi-hop
MQ HP IIRC FR FQ | NQ
Invalid (%) 19.028.0 18.0 18.930.0|  25.0

| Single-hop

a) Formatting Error: QwQ-32B often fails to follow the
instruction prompt and leads to formatting errors (e.g. missing
retrieval token |begin_search_queryl). This forces Search-ol
into a closed-book setting, severely degrading performance.
Format error rates are shown in Table IV. On the other hand,
ReaRAG can almost void the format error after the fine-tuning.

b) Information Extraction Failure: Search-ol introduces
the Reason-in-Documents module, leveraging QwQ-32B for



TABLE 11
CLOSED-BOOK PERFORMANCE OF LANGUAGE MODELS ON MULTI-HOP AND SINGLE-HOP BENCHMARKS. THESE MODELS PERFORM BETTER ON
SINGLE-HOP BENCHMARKS BUT SCORE SIGNIFICANTLY LOWER ON MULTI-HOP BENCHMARKS, HIGHLIGHTING THE LIMITATIONS OF RELYING SOLELY
ON PARAMETRIC KNOWLEDGE FOR THESE BENCHMARKS.

Multi-hop |  Single-hop |
Model MuSiQue HotpotQA IRC FRAMES FanOutQA | NQ | Average
ACC, EM ACC, EM ACC, EM ACC, EM ACC, R-L | ACC, EM | ACC,
GLM-4-9B(128K) 35 00 295 230 170 150 52 35 7.1 180 | 2750 16.00 15.0
GLM-4-32B(128k) 65 10 400 280 170 115 105 46 119 225 445 250 21.7
QwQ-32B 1.0 20 350 100 213 145 144 91 110 132 375 12,0 21.7
TABLE TII

PERFORMANCE COMPARISON OF MODELS WITH AND WITHOUT STRONG REASONING CAPABILITIES. w/ reasoning CONSISTENTLY OUTPERFORMS w/o
reasoning ACROSS ALL BENCHMARKS, DEMONSTRATING THE EFFECTIVENESS OF OUR FINE-TUNING PROCESS.

Multi-hop |  Single-hop |
Model MuSiQue HotpotQA IIRC FRAMES FanOutQA | NQ | Average
ACC, EM ACC, EM ACC, EM ACC, EM ACC, RL | ACC, EM | ACCy
ReaRAG-9B |
“W/o reasoning 575 380  69.5 500 318 220 266 192 55 216 520 29.0 405
- w/ reasoning 610 460 815 580 410 275 342 212 116 243 555 32,0 485

in-depth reasoning over retrieved documents to generate re-
sponses as search results. However, this module often suffers
from the hallucination of the LRM and misjudges that “No
helpful information”(Table V). Our analysis identifies the pri-
mary cause: the module attempts to answer the original multi-
hop question using insufficient information retrieved from
the sub-question. This flaw weakens Search-ol, as previous
misjudgements cause reasoning paths to diverge and lead to
searches for non-existent information.

c) Overthinking in multi-hop QA: Recent studies show
that LRMs often overthink in multi-hop QA, generating
unnecessarily long reasoning chains [10]. We examine this
by comparing retrieval steps per task. Figure 2 shows that
ReaRAG uses fewer steps than Search-ol on most benchmarks
except FanOutQA and NQ, indicating more efficient reasoning
and retrieval with better performance. Tables V show a similar
pattern: Search-ol sometimes gets stuck after repeatedly re-
ceiving “no information found.” Although ReaRAG uses more
steps than RL-based baselines (ReSearch and R1-Searcher), it
achieves better overall performance.

Search-ol  mEE Ours R1-Searcher ReSearch

u
=)

N
o

Average Length

o
o

MuSiQue HotpotQA lIRC FRAMES FanOutQA NQ

Fig. 2. Comparison of chain length across all benchmarks. We measure the
number of retrievals needed to complete the task. Search-ol requires more
steps in general, highlighting the tendency of the underlying LRM to overthink
in multi-hop QA tasks.

d) Poor Generalization on Harder Benchmarks: R1-
Searcher and ReSearch exhibit weaker performance on

FRAMES and FanOutQA, which require more complex re-
trieval. Both RL-based models struggle to reason effectively
under noisy retrieved contexts, suggesting limited generaliza-
tion to out-of-distribution QA.

2) Strength of ReaRAG: As shown in Table V, ReaRAG re-
trieves relevant information more accurately than the Reason-
in-Documents module in Search-o1, which jointly reasons over
documents and prior steps and thus is more prone to false
judgments that propagate through subsequent reasoning. In
contrast, ReaRAG focuses retrieval on the current sub-query,
enabling cleaner evidence collection at each hop and reducing
errors from noisy or incomplete results. Moreover, Table VI
shows that ReaRAG can identify early mistakes and recover
through corrective retrieval and reasoning. This self-reflective
behavior, rarely seen in standard LLMs, emerges from fine-
tuning on our self-reflective reasoning data, which enables the
model to reassess intermediate steps, adjust retrieval strategies,
and produce more accurate answers.

V. CONCLUSION

In this study, we present ReaRAG, a factuality-enhanced
reasoning model capable of performing knowledge-guided
reasoning. ReaRAG iteratively plans and reflects on reason-
ing steps, using external knowledge to validate each step
in the reasoning chain. Through comprehensive evaluation
across six benchmarks, ReaRAG achieves the best overall
performance, outperforming RL-based methods on challeng-
ing benchmarks such as FRAMES and FanOutQA. Unlike
RL-based approaches requiring complex policy optimization
and high computational cost, our method offers a practically
simpler alternative. Further analysis shows its robustness in
handling complex multi-hop QA while generally reducing
overthinking relative to Search-ol. These results underscore



TABLE V
COMPARISON OF SEARCH-O1 AND REARAG. SEARCH-01’S REASON-IN-DOCUMENTS MODULE MAY RETURN “NO HELPFUL INFORMATION FOUND”
WHEN THE RETRIEVED EVIDENCE IS INSUFFICIENT FOR THE ORIGINAL MULTI-HOP QUESTION, WHICH CAN MISLEAD LATER REASONING.

# Case Study 1: Where was the author of Hannibal and Scipio educated at?

Ground truth: Exeter College

Search-ol

Alright, I've got this question: ... Simplified here.

So, I'll do a search for ”Hannibal and Scipio book.”

<|begin_search_query | >Hannibal and Scipio book< |end_search_query|>
<|begin_search_result | >No helpful information found.< |end_search_result|>
that didn’t turn up anything. Maybe the book has a different title. Let me think differently.

... Simplified here. Search-ol reasoning diverges, unable to find related information.

Only search queries and results are listed below for simplicity.
<|begin_search_query |>Punic Wars book<|end_search_query|>
<|begin_search_result |>No helpful information found.<|end_search_result|>
... Simplified many steps. Search-ol tries many unrelated search queries.
I’ve reached the maximum number of searches. Based on the information I have, I need to make an educated guess. ... Simplified here. Maximum searches reaches
Considering that Oxford and Cambridge are traditional centers for classical studies in the UK, I'll go with Oxford.
Therefore, my answer is:| Oxford

ReaRAG-9B

Thought 1: So I need to find out where the author of "Hannibal” and “Scipio” was educated. First, I need to know who the author is.
Action 1: {'function’: 'search’, 'parameters": {'query': "'Who is the author of Hannibal and Scipio?'} }
Observation 1: The author of “Hannibal and Scipio” is Thomas Nabbes.

Thought 2: Okay, now that I know the author is Thomas Nabbes, I need to find out where he was educated.
Action 2: {'function’: 'search’, 'parameters": {'query: 'Where was Thomas Nabbes educated?'} }
Observation 2: Thomas Nabbes was educated at Exeter College, Oxford.

Thought 3: Great, so Thomas Nabbes studied at Exeter College in Oxford. I should make sure that this the correct information.
Action 3: {'function’: 'search’, 'parameters': {'query': 'Confirm the educational background of Thomas Nabbes'} }
Observation 3: Thomas Nabbes was educated at Exeter College, Oxford in 1621. He left the university without taking a degree.

Thought 4: So, he studied at Exeter College in Oxford, but didn’t finish his degree. That’s interesting. I think this is the information I need.
Action 4: {'function: 'finish', 'parameters”: {'answer": 'Thomas Nabbes was educated at Exeter College, Oxford.'} }

Final Answer: Exeter College, Oxford

TABLE VI
CASE STUDY ILLUSTRATING REARAG’S SELF-REFLECTION. DESPITE INITIALLY CONFUSING THE TARGET SPECIES (E.G., Ambystoma maculatum VS.
Ambystoma texanum), REARAG RECOGNIZES THE MISTAKE, PERFORMS CORRECTIVE SEARCHES, AND RECOVERS THE CORRECT ANSWER.

# Case Study 2: What is the scientific name of an amphibian that is listed as endangered by the Canadian government (as of 2024), and its only population in
Canada occurs on an island which is the southernmost inhabited part of Canada?

Ground truth: Ambystoma texanum

ReaRAG-9B

I need to know what the southernmost inhabited island in Canada is.

Thought 1: So I need to find the scientific name of an endangered amphibian in Canada, and its only population in the southernmost inhabited part of Canada. Okay, first

Action 1: {'function" 'search’, 'parameters": {'query": 'What is the southernmost inhabited island in Canada?'} }
Observation 1: The southernmost inhabited island in Canada is Pelee Island, Ontario.

... Omit some steps

confusion here.

Thought 9: Wait a minute, in my earlier steps, I thought it was Ambystoma maculatum, but now the search is showing Ambystoma texanum. There might be some

Despite earlier mistakes, ReaRAG resolves the confusion by taking correct search action

Action 9: {'function’: 'search’, 'parameters": {'query": 'Scientific name of small-mouth salamander'} }

Final Answer: Ambystoma texanum

the effectiveness of strategic reasoning distillation as a practi-
cal alternative to RL-based RAG methods.
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