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Abstract

Retrieval-augmented generation (RAG) has been extensively
employed to mitigate hallucinations in large language mod-
els (LLMs). However, existing methods for multi-hop rea-
soning tasks often lack global planning, increasing the risk of
falling into local reasoning impasses. Insufficient exploitation
of retrieved content and the neglect of latent clues fail to en-
sure the accuracy of reasoning outcomes. To overcome these
limitations, we propose Recursive Evaluation and Adaptive
Planning (REAP), whose core idea is to explicitly main-
tain structured sub-tasks and facts related to the current task
through the Sub-task Planner (SP) and Fact Extractor (FE)
modules. SP maintains a global perspective, guiding the over-
all reasoning direction and evaluating the task state based
on the outcomes of FE, enabling dynamic optimization of
the task-solving trajectory. FE performs fine-grained analysis
over retrieved content to extract reliable answers and clues.
These two modules incrementally enrich a logically coherent
representation of global knowledge, enhancing the reliability
and the traceability of the reasoning process. Furthermore,
we propose a unified task paradigm design that enables effec-
tive multi-task fine-tuning, significantly enhancing SP’s per-
formance on complex, data-scarce tasks. We conduct exten-
sive experiments on multiple public multi-hop datasets, and
the results demonstrate that our method significantly outper-
forms existing RAG methods in both in-domain and out-of-
domain settings, validating its effectiveness in complex multi-
hop reasoning tasks.

Code — https://github.com/Deus-Glen/REAP

Introduction
Large Language Models (LLMs) have demonstrated ad-
vanced capabilities across various natural language process-
ing (NLP) tasks (Touvron et al. 2023; Fan et al. 2024;
Gao et al. 2025). However, their reliance on parameterized
knowledge renders them prone to factually incorrect an-
swers due to outdated information or hallucinations (Huang
et al. 2025; Cheng et al. 2024). To mitigate these limita-
tions, Retrieval-augmented generation (RAG) has emerged
as an effective approach for enhancing LLM performance
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in knowledge-intensive tasks by dynamically incorporating
external non-parameterized knowledge sources (Lewis et al.
2020; Gao et al. 2023b). While traditional RAG systems
can efficiently handle simple single-hop question-answering
(QA) tasks through a single retrieval-generation paradigm
(Ye et al. 2024; Roy et al. 2024), they struggle with multi-
hop question-answering (MHQA) that require integrating
information scattered across multiple documents (He et al.
2024; Trivedi et al. 2022a; Jiang et al. 2023b).

To overcome the challenges of MHQA, recent studies
have adopted multi-round retrieval and iterative refinement
strategies to progressively gather and filter relevant informa-
tion. These approaches effectively integrate knowledge from
multiple sources, significantly strengthening the reasoning
capabilities of LLMs in MHQA tasks (Tang and Yang 2024;
Yang et al. 2024b; Teng et al. 2025). Nevertheless, such
methods often suffer from inefficiencies in reasoning trajec-
tory planning and limited depth of information exploitation.
To identify optimal reasoning trajectories, some studies have
introduced complex search algorithms such as Monte Carlo
Tree Search (MCTS) (Dong et al. 2024; Li et al. 2024), but
these typically come with significant computational over-
head. Moreover, when solving sub-queries, models tend to
extract direct answers, ignoring latent clues that are crucial
to the final solution (Ye et al. 2025; Wang et al. 2024a). Fur-
thermore, to reinforce end-to-end reliability, recent efforts
have introduced external components such as rerankers and
decision-makers to improve retrieval accuracy (Glass et al.
2022; Jeong et al. 2024), but such approaches often come at
the expense of increased system complexity and diminished
interpretability (Su et al. 2025).

To address the above limitations, we propose Recursive
Evaluation and Adaptive Planning (REAP), a novel itera-
tive framework to enhance the performance of RAG. Our
core insight is that the incremental decomposition of com-
plex queries into sub-queries may lead to reasoning im-
passes, while missing or inaccurate facts can cause devi-
ations from the correct reasoning trajectory (Zhang et al.
2025). To maintain coherent and reliable reasoning through-
out the process, we explicitly maintain two critical knowl-
edge sets: structured sub-tasks and facts, which serve as
the foundation for guiding reasoning. Specifically, we intro-
duce the Sub-Task Planner (SP) module that offers a global
perspective, plans intermediate reasoning steps and dynam-
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ically guides the overall reasoning trajectory. Then, the Fact
Extractor (FE) module is proposed to perform retrieval, in-
tegrate retrieved content with the structured facts for reason-
ing, thereby providing precise and complete facts and con-
tinuously expanding global context. These two modules are
functionally decoupled yet tightly coordinated, continuously
advancing the reasoning process. This modular and syner-
gistic design allows the framework to rapidly identify op-
timal reasoning trajectories in complex scenarios while en-
suring the reliability of facts, thereby enhancing the overall
framework’s performance.

Our contributions are summarized as follows:

1. We propose REAP, a dual-module framework where the
globally-aware SP module dynamically guides the rea-
soning trajectory, while the FE module continuously en-
riches the knowledge base with reliable facts, creating a
mutually reinforcing cycle that enhances reasoning capa-
bilities.

2. We introduce a unified task paradigm that facilitates
knowledge transfer from data-rich routine planning to
data-scarce critical replanning via multi-task fine-tuning,
significantly enhancing the framework’s robustness and
strategic intelligence.

3. We separate simple and complex reasoning into distinct
sub-modules for SP, enabling the simple sub-module to
be replaced with a more lightweight model to improve
efficiency while preserving performance.

4. We conduct extensive experiments on multiple MHQA
datasets, demonstrating the effectiveness and robustness
of REAP.

Related Work
RAG
Traditional RAG frameworks have been introduced to mit-
igate issues such as knowledge obsolescence and hal-
lucinations in LLMs by incorporating external knowl-
edge sources. Early representative methods like Standard
RAG (Lewis et al. 2020) follow a static retrieve-then-
generate paradigm, typically leveraging either sparse re-
trieval (Robertson, Zaragoza et al. 2009) or dense retrieval
(Karpukhin et al. 2020; Wang et al. 2022) to refine the
factual correctness of generated responses. Although these
methods have promised accuracy of QA, their effectiveness
in complex reasoning tasks remains limited, particularly in
multi-hop reasoning tasks due to the lack of dynamic in-
teraction and reasoning mechanisms. To address the above
challenges, researchers have explored refinements to single-
round RAG from multiple perspectives, aiming to better
support complex reasoning tasks. Prior to retrieval, query
enhancement and rewriting are used to optimize informa-
tion alignment (Gao et al. 2023a; Ma et al. 2023; Chan
et al. 2024). During the retrieval process, dynamic strate-
gies guided by confidence intervals have been introduced
to reduce redundant computations and improve retrieval ef-
ficiency (Jiang et al. 2023b; Su et al. 2024; Deng et al.
2025). Following retrieval, the retrieved content is further

refined through end-to-end training (Shi et al. 2023) or post-
processing modules (Glass et al. 2022; Jiang et al. 2023a;
Kim et al. 2024) to enhance generation quality. Despite these
advancements, the inherent inadequacy of traditional RAG
with single-round retrieval in handling complex, multi-hop
reasoning tasks has prompted a focus on iterative retrieval-
generation architectures.

Iterative RAG
Iterative RAG frameworks operate by interleaving retrieval
and generation across multiple rounds to incrementally syn-
thesize evidence and construct reasoning chains in a context-
sensitive and adaptive manner (Ram et al. 2023; Yang et al.
2024a). To achieve this, A fundamental strategy is prob-
lem decomposition, which partitions complex questions into
simpler sub-queries, retrieves supporting evidence for each
sub-query, and subsequently integrates the sub-answers to
facilitate multi-hop reasoning (Xu et al. 2024; Shi et al.
2024). To further advance the reasoning planning process, a
number of studies introduce search-based algorithms, such
as MCTS, to simulate and evaluate alternative reasoning
branches and identify optimal reasoning strategies (Dong
et al. 2024; Li et al. 2024). Another line of research in-
tegrates chain-of-thought prompting with multi-round re-
trieval to guide the model in progressively constructing the
final answer (Yao et al. 2023; Press et al. 2022; Wang et al.
2024b). Representative methods such as IRCoT (Trivedi
et al. 2022a) and Iter-RetGen (Shao et al. 2023) dynamically
generate sub-queries, retrieve relevant documents, and itera-
tively refine the reasoning trajectory throughout the genera-
tion process. Additionally, to strengthen strategic control ca-
pabilities during multi-round retrieval, some methods incor-
porate self-reflection mechanisms, enabling the model to au-
tonomously determine whether to continue retrieving or pro-
ceed with answer generation (Asai et al. 2023), while others
rely on reinforcement learning frameworks to learn retrieval
and generation policies based on interactive feedback (Jin
et al. 2025a; Song et al. 2025). However, these methods of-
ten fall short in global planning and facts extraction, leading
to brittle and incoherent reasoning trajectories. In contrast to
the aforementioned methods, our proposed REAP substan-
tially enhances reasoning ability and robustness in multi-hop
reasoning tasks through a recursive feedback loop between
SP and FE.

Preliminary
For multi-hop scenarios, we formally define the iterative
RAG task as follows: Given a query Q and an external cor-
pus C, the objective is to generate a factual answer A. This
task is typically operationalized as an iterative reasoning
process, where at each step t, a sub-query qt is formulated
to gather a specific piece of information. A retriever func-
tion Retriever(·), then fetches a set of relevant documents
Dt ⊂ C based on the sub-query:

Dt = Retriever(qt; C) (1)

An LLM, Mθ parameterized by θ, processes these docu-
ments, often conditioned on the history of previous interac-
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Figure 1: Overall framework of REAP. After the Decomposer breaks down the question, the Sub-task Planner and Fact Extractor
iterate to guide the reasoning trajectory and gather the facts, and the Synthesizer produces the final answer.

tions Ht−1 = {Q, (q1, A1), . . . , (qt−1, At−1)}, to generate
a sub-answer At:

At = Mθ(GenerateSubAnswer | Q,Dt, Ht−1) (2)

The history is then updated with the new pair (qt, At),
and the process repeats until a termination condition is met.
Finally, a synthesis function generates the final answer A
based on the complete interaction history Hfinal:

A = Mθ(Synthesize | Q,Hfinal) (3)

This iterative paradigm allows the model to progressively
build a chain of reasoning by decomposing the original com-
plex query into a sequence of sub-queries.

Method
Framework Overview
Our proposed framework, REAP, reframes the multi-hop
reasoning process from a linear pipeline into a dynamic,
state-driven loop. The architecture, illustrated in Figure 1, is
designed around the core principle of explicitly decoupling
planning from fact-gathering to enhance robustness and in-
terpretability. It primarily consists of two synergistic mod-
ules operating in a recursive loop: the Sub-task Planner (SP)
and the Fact Extractor (FE).

The overall workflow proceeds as follows: Given a com-
plex query Q, an initial Decomposer first generates a struc-
tured task plan, P0 = {p1, p2, . . . , pN}. Each sub-task
pi ∈ P0 is a tuple (idi, qi, depsi), representing its unique
identifier, query, and dependencies. This plan, along with an
initially empty facts list F0 = ∅, defines the initial state of
the framework.

The core of REAP is an iterative process that continues
until a termination condition is met. At each step t:
1. The SP, acting as the strategic core, analyzes the current

state (Pt−1,Ft−1) to determine a set of executable next
actions, Actionst.

2. For each sub-task pi ∈ Actionst, the FE performs re-
trieval and grounded reasoning to produce a new fact ob-
ject, fi.

3. The facts list is updated: Ft = Ft−1 ∪ {f1, f2, . . . }. The
SP then receives this feedback to generate the subsequent
plan, Pt.

This recursive loop, where the SP guides the FE and the
FE’s findings inform the SP’s next planning cycle, continues
until the plan is fully resolved. Finally, a Synthesizer gen-
erates the conclusive answer A by reasoning over the final,
comprehensive facts list Ffinal and the original query Q:

A = Mθ(Synthesize | Q,Ffinal) (4)

This modular and iterative design allows REAP to navi-
gate complex reasoning trajectories, recover from errors, and
construct a fully traceable line of evidence.

Sub-task Planner (SP)
The SP serves as the strategic core of the REAP framework,
designed to overcome the limitations of myopic, step-by-
step reasoning that often leads to local impasses or dead-
locks. By receiving and dynamically maintaining the com-
plete initial task plan P0, the SP retains a global perspective
throughout the process. A key innovation of the SP is its
state-aware, modular design. Based on the fulfillment level
lt of the new fact ft returned by the FE, the SP dispatches
the task to one of two specialized sub-modules:

1. Plan Updater: This sub-module handles ideal scenar-
ios where reasoning progresses as expected (e.g., lt is
DirectAnswer). It performs deterministic and rule-
based updates to maintain the task plan. Its primary func-
tions are:

• Fact Substitution: It systematically rewrites pending
sub-tasks by substituting abstract placeholders with
concrete entities derived from newly acquired facts.
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This ensures that subsequent queries are self-contained
and fully grounded.

• Plan Forking: In cases where a sub-task yields a set of
multiple valid sub-answers, this function programmat-
ically duplicates the subsequent dependent sub-tasks
into parallel branches, ensuring all valid reasoning tra-
jectories are exhaustively explored.

2. Re-Planner: This sub-module is invoked to handle non-
ideal scenarios (e.g., lt is PartialClue or Failed),
acting as the critical reasoning and recovery mechanism.
Its hierarchical responsibilities are:
• Pragmatic Sufficiency Assessment: Its first and most

crucial task is to evaluate whether a partially fulfilled
sub-task, despite its incompleteness, is functionally
sufficient to satisfy the informational requirements of
subsequent reasoning steps. This assessment is made
by analyzing the dependencies of the downstream plan
relative to the ultimate query Q. If the partial informa-
tion is deemed sufficient, the sub-task is considered re-
solved, thus preventing inefficient, perfectionist search
loops.

• Scoped Plan Repair: Only if the acquired information
is assessed as insufficient does the Re-Planner proceed
with plan repair. It first diagnoses the failure’s scope—
differentiating between a localized issue (e.g., a poorly
formulated query) and a systemic flaw (e.g., an irrele-
vant reasoning trajectory). For localized issues, it per-
forms a minor adjustment by refining the sub-task’s
query. For systemic flaws, it executes a major over-
haul by pruning the invalid branch and injecting a new,
more logical sequence of sub-tasks to create an alter-
native solution path.

At an iterative step t, given the task plan Pt−1 and facts
list Ft−1 from the previous state, along with the new fact ft,
the decision process of the SP can be formalized as:

(Pt,Actionst) = SP(Pt−1,Ft−1 ∪ {ft}, Q) (5)

where Actionst is the list of concrete sub-tasks to be exe-
cuted next. The internal dispatch logic of the SP is deter-
mined by the fulfillment level lt of the new fact ft:

SP←
{

Plan Updater if lt = DirectAnswer

Re-Planner otherwise
(6)

This dual-module design allows REAP to handle routine
progress with high efficiency while possessing robust, in-
telligent capabilities to recover from complex failures and
adapt its strategy in real-time.

Fact Extractor (FE)
The facts list F serves as the evolving knowledge founda-
tion for the entire reasoning process; thus, its reliability and
comprehensiveness are paramount. The Fact Extractor mod-
ule is designed to extract high-fidelity, structured facts from
retrieved documents. To mitigate hallucinations and enhance
traceability, we require the LLM to not only provide a con-
clusive statement but also articulate its reasoning process
and cite direct textual evidence.

A key function of the FE is its ability to discern not just
direct answers but also latent clues that may be crucial for
subsequent reasoning steps. For a given sub-query qt from a
sub-task pt ∈ Actionst, the FE process is defined as follows:

First, a retriever function fetches a set of relevant doc-
uments Dt from an external corpus C. Next, an LLM Mθ

processes these documents to generate a new structured fact
object ft. Crucially, the model is conditioned not only on the
current query and retrieved documents but also on the his-
torical facts Ft−1. This contextual conditioning allows the
model to perform more sophisticated reasoning, such as co-
reference resolution and identifying relationships between
new information and previously established facts. The gen-
eration process is formulated as:

ft = Mθ(ExtractFact|qt, Dt,Ft−1) (7)

The fact object ft is a structured tuple designed to capture
the richness of the extracted information:

ft = (st, et, rt, lt) (8)

where:
• st is the core statement, a concise, self-contained factual

assertion.
• et ⊆ Dt is the set of direct textual evidence snippets that

ground the statement st.
• rt is the model’s reasoning process, a chain-of-thought

explanation of how st is derived from et.
• lt is the fulfillment level, a categorical label that classifies

the quality of the extracted fact. This level is crucial for
the SP’s subsequent decision-making.

The statement st and fulfillment level lt are then used to
directly guide the SP module’s next planning cycle.

Multi-task Fine-tuning
To enhance the performance of the planning-related modules
within the REAP framework, especially for the Re-Planner,
which suffers from data scarcity due to its lower invocation
frequency, we devise a multi-task fine-tuning strategy.

The core insight is that despite their varying difficulty, the
Decomposer, Plan Updater, and Re-Planner modules share
a significant functional commonality: they all require the
model to generate or modify a structured task plan based on
existing information. We leverage this commonality by con-
solidating their respective datasets, Ddecomp,Dupdate,Dreplan,
for joint training of a single planning model Mϕ.

The training objective is to minimize a weighted joint loss
function Lmulti:

min
ϕ

Lmulti(ϕ) =
∑

task∈T
λtaskE(x,y)∼Dtask

[Ltask(Mϕ(x), y)] (9)

where T = {decomp, update, replan}, λtask is the task-
specific weight, set to 1, and Ltask is the corresponding
loss function. This paradigm enables effective knowledge
transfer from data-rich tasks (Decomposer, Plan Updater) to
the data-scarce Re-Planner task. This significantly enhances
the robustness and accuracy of the Re-Planner in complex,
anomalous scenarios, thereby elevating the overall intelli-
gence of the REAP framework.
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Models HotpotQA 2Wiki MuSiQue‡ Bamboogle‡

CEM F1 ACC† CEM F1 ACC† CEM F1 ACC† CEM F1 ACC†

Naive 24.6 31.8 34.6 31.6 35.1 32.8 6.2 10.6 10.0 13.6 17.7 21.6
Standard RAG 41.6 48.6 51.2 36.2 38.5 38.2 9.8 13.5 12.6 20.8 30.9 32.0
FT-Standard RAG 53.2 61.2 65.4 53.6 57.1 56.2 18.2 26.4 22.6 42.4 54.4 51.2
SuRe 29.4 33.8 40.4 24.4 24.6 28.2 5.8 11.6 11.4 10.4 19.1 20.0
IRCoT 42.2 51.4 54.8 41.2 36.5 41.8 18.2 18.6 20.4 35.2 30.1 44.8
Iter-Retgen 45.0 43.0 54.6 42.0 32.2 41.0 14.2 18.6 20.6 19.2 27.2 28.0
SearChain 39.8 39.6 50.4 50.6 46.7 50.0 20.6 23.6 26.0 47.2 49.4 53.6
Search-R1 44.8 52.7 57.0 47.4 49.7 50.8 20.0 25.7 25.8 40.8 50.8 49.6
R1-Searcher 56.8 63.4 68.4 68.4 69.4 70.0 29.2 33.8 34.4 48.8 58.0 56.0

REAP 59.2 68.0 72.4 79.2 79.6 81.6 33.6 38.3 40.8 49.6 65.2 65.6

Table 1: Performance comparisons between REAP and the baselines on four MHQA benchmarks. Bold numbers indicate the
best result, while underlined number indicates the second-best result. ‡ represents out-of-domain datasets.

Experiments
Datasets and Metrics
We conduct evaluations of our method on four multi-hop
datasets: HotpotQA (Yang et al. 2018), 2WikiMultihopQA
(Ho et al. 2020), MuSiQue (Trivedi et al. 2022b), and
Bamboogle (Press et al. 2022). HotpotQA and 2WikiMul-
tihopQA are in-domain benchmarks, as parts of their train-
ing sets are used for model training, whereas MuSiQue and
Bamboogle serve as out-of-domain benchmarks to assess the
generalization capabilities of our method. For the first three
datasets, we randomly sample 500 examples from each val-
idation split as test sets. For Bamboogle, since it only con-
tains 125 examples, we use the entire test set for evaluation.
Regarding evaluation metrics, we adopt Cover Exact Match
(CEM), F1 score, and ACC† (with an LLM serving as the
judge). Detailed datasets and metrics descriptions are pro-
vided in the Appendix.

Baselines
We compare REAP against the following baselines. The
Naive method directly generates answer without any re-
trieval. The Standard RAG (Lewis et al. 2020) performs one-
step retrieval and concatenates the documents with the ques-
tion for answer generation. Additionally, we fine-tune the
Standard RAG with the same training data adopted in our
method, and name it FT-Standard RAG. SuRe (Kim et al.
2024) ranks answer candidates by generating conditioned
summaries of the retrieved content. IRCoT (Trivedi et al.
2022a), Iter-RetGen (Shao et al. 2023) and SearChain (Xu
et al. 2024) combine reasoning chains with multi-round re-
trieval to form the reasoning trajectory. Search-R1 (Jin et al.
2025a) and R1-Searcher (Song et al. 2025) employ template-
guided prompting, reinforcement learning, and summariza-
tion mechanisms to achieve more refined integration of evi-
dence and answer generation.

Implementation Details
In our experiments, REAP and other non-fine-tuned base-
line methods use Llama-3.1-8B-Instruct (Grattafiori et al.

2024) as the generator and are evaluated with FlashRAG
(Jin et al. 2025b). For methods involving fine-tuning, we use
the model checkpoints provided by the authors. We adopt
the corpus provided by CoRAG (Wang et al. 2024b), which
is based on the English Wikipedia provided by KILT, con-
taining approximately 360,000 passages. We use e5-large-v2
(Wang et al. 2022) as the main retriever, with the top-5 re-
sults returned for each query. For all multi-round methods,
we set the maximum number of iterations to 5. We randomly
select 7,000 samples from HotpotQA and WikiMultihopQA
and run REAP using GPT-4 (Achiam et al. 2023) to collect
training data. After filtering, we finally select 5,556 samples
as the training set, of which 2,988 are from HotpotQA and
2,568 are from 2WikiMultihopQA. Detailed training setting
is provided in the Appendix.

Main Results
Table 1 presents the experimental results of REAP and other
baseline methods on four representative MHQA datasets.
Specifically, we observe the following:
1. Iterative interaction leads to substantial performance

gains. Compared with the Standard RAG method, REAP
improves the F1 score on HotpotQA from 48.6% to
68.0%, demonstrating the superiority of the iterative ap-
proach for solving MHQA. More importantly, REAP
maintains a significant advantage over the FT-Standard
RAG, achieving a 6.8% improvement in F1 score, in-
dicating that the performance gain is not merely at-
tributable to the training data but primarily stems from
our proposed iterative reasoning and evidence extraction
framework.

2. REAP significantly outperforms existing multi-round
methods. It impressively surpasses the top-performing
R1-Searcher method in FlashRAG on all datasets,
achieving F1 score improvements of 4.6% on HotpotQA
and 10.2% on 2WikiMultihopQA. This demonstrates that
our method effectively enhances the model’s ability to
reason and extract factual evidence.

3. The model exhibits strong generalization capability.
REAP is trained on only 5,556 samples from HotpotQA
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Models HQA WQA MQA‡ BQA‡

F1 F1 F1 F1

w/o replan 64.9 78.6 34.2 61.6
w/o verify 65.1 78.0 34.8 60.8
w/o clue 64.6 76.5 35.2 62.7
REAP 68.0 79.6 38.3 65.2

Table 2: The ablation study on HotpotQA (HQA), 2Wiki-
multihopQA (WQA), MuSiQue (MQA) and Bamboogle
(BQA).

and 2WikiMultihopQA. It not only excels on these in-
domain datasets but also achieves the best scores on out-
of-domain datasets, showcasing its powerful generaliza-
tion. This suggests that our training process enables the
model to learn the fundamental skills of reasoning and
facts extraction, rather than simply memorizing a gener-
ation pattern, thus leading to robust performance on un-
seen data.

Analysis
Ablation Studies
We conduct ablation studies on the same four multi-hop
datasets to analyze the effectiveness of key module designs
within our proposed REAP framework. Meanwhile, we also
investigate the contribution of our multi-task fine-tuning
strategy to the framework.

Module Ablation To evaluate the effectiveness of our in-
dividual mechanisms, we disable key functionalities from
the modules. For the SP module, we ablate the Re-Planner
sub-module (w/o replan), which is designed to handle chal-
lenging scenarios. For the FE module, we ablate the logical
reasoning and verification mechanism (w/o verify) and the
clue feedback mechanism (w/o clue), respectively. The re-
sults are presented in Table 2.

We observe that the full REAP framework consistently
outperforms all ablated variants, confirming the positive
contribution of each mechanism. The most significant per-
formance degradation is observed in w/o replan, with F1
score dropping by 3.1% on HQA, 4.1% on MQA, and 3.6%
on BQA. This substantial decline, particularly on the more
complex MQA and BQA datasets, underscores the critical-
ity of the Re-Planner’s ability to dynamically correct and
reroute the reasoning trajectory when encountering failures
or suboptimal steps.

Removing the verification mechanism (w/o verify) con-
sistently lowers performance, with a particularly sharp drop
of 4.4% F1 score on BQA. This highlights the necessity of
ensuring factual accuracy at each iterative step. Without ro-
bust verification, incorrect or hallucinatory information can
be propagated, leading to a cascade of errors that derail the
entire reasoning trajectory.

Disabling the clue feedback mechanism (w/o clue) also
results in a notable performance drop across all benchmarks,
for instance, a decrease of 3.4% F1 score on HQA and 3.1%
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Figure 2: Ablation study on the effectiveness of Multi-task
Fine-tuning.

on WQA. This demonstrates that the model’s capacity to
identify and leverage partial or latent clues, beyond just di-
rect answers, is vital for constructing a comprehensive fac-
tual basis required for the final answer synthesis.

Multi-task Fine-tuning Ablation To validate the effec-
tiveness of our proposed multi-task fine-tuning strategy, we
conduct an ablation study. We compare REAP with two set-
tings: ft-separate, where we fine-tune a dedicated model for
each module (Decomposer, Plan Updater, and Re-Planner)
using only its corresponding training data; and ft-all, where
a single model is jointly fine-tuned on the combined data
from all modules.

The results, presented in Figure 2, reveal the clear ad-
vantages of our method. The ft-separate setting consistently
yields the lowest performance, lagging behind REAP by a
significant margin of 2.5% F1 score on Bamboogle and 2.4%
on 2Wiki. This demonstrates that training on isolated tasks
prevents the model from learning the underlying correlations
and generalizable reasoning patterns shared across the plan-
ning modules, thereby limiting its capabilities.

Crucially, our REAP framework, which employs the care-
fully designed multi-task fine-tuning strategy, consistently
achieves the highest scores across all benchmarks. It sur-
passes the ft-all setting by 1.2% F1 score on 2Wiki and 0.9%
on MuSiQue. This final improvement highlights that merely
combining training data is insufficient. Our multi-task fine-
tuning strategy more effectively facilitates the transfer of ro-
bust planning capabilities to the data-scarce but critical Re-
Planner module, confirming the effectiveness and rationale
of our methodology.

Further Analysis
Efficiency Analysis In practical applications, in addition
to pursuing the highest performance, inference efficiency
(i.e., latency and computational cost) is also a key considera-
tion. Our REAP framework dynamically assigns simple and
complex scenarios to different modules. The Plan Updater
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Models HotpotQA 2Wiki MuSiQue Bamboogle

CEM F1 ACC† CEM F1 ACC† CEM F1 ACC† CEM F1 ACC†

Naive70B 32.4 39.7 40.4 36.8 39.3 38.8 11.6 15.1 17.4 37.6 37.0 44.0
StandardRAG70B 51.0 56.3 61.2 46.8 47.2 46.6 16.8 21.1 24.8 35.2 46.1 46.4
SuRe70B 35.8 43.1 46.0 27.6 34.6 33.2 12.2 20.4 17.4 10.4 19.1 20.0
IRCoT70B 55.8 49.5 60.4 57.0 33.1 35.8 21.0 19.4 24.3 32.0 38.8 40.8
Iter-RetGen70B 53.8 47.6 65.0 51.4 41.5 53.6 17.2 21.6 24.6 41.6 47.5 52.8

REAP70B 63.2 65.5 73.6 73.8 70.0 72.2 37.6 37.2 42.6 54.4 61.6 63.2

Table 3: Performance comparison of REAP and non-fine-tuned baselines on four MHQA benchmarks under the Llama-3.1-
70B-Instruct setting. Bold numbers indicate the best result, while underlined number indicates the second-best result.
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Figure 3: Module substitution experiment validating the ef-
ficiency gains of asymmetric configuration.

sub-module for simple cases is relatively simple, and ac-
cording to our statistics, about 85% of steps are classified as
simple scenarios. To improve overall efficiency, we replace
the base model in the Plan Updater sub-module with Llama-
3.2-1B-Instruct, fine-tuned on the same data. As shown in
Figure 3, even with an 1B-parameter model, the task can
still be accomplished with relatively high accuracy. At the
same time, the framework benefits from the faster inference
speed of the smaller model, resulting in improved overall
efficiency. This discovery fully demonstrates the unique ad-
vantages of the REAP framework’s asymmetric modularity
design: it allows us to flexibly configure different scales of
computing resources for different modules, achieving a del-
icate balance between performance and efficiency.

Performance on Larger Models To investigate the scal-
ability of the REAP framework and its interaction with
the capabilities of the base model, we conduct further ex-
periments, replacing the base model from Llama-3.1-8B-
Instruct with the more powerful Llama-3.1-70B-Instruct,
and comparing its performance with five other non-fine-
tuning methods. All methods are not fine-tuned to ensure
fairness. As shown in Table 3. We observe two key phenom-
ena. First, when the base model is replaced with Llama-3.1-

70B-Instruct, most methods achieve improved performance.
For example, the F1 score of Standard RAG on HotpotQA
increases from 39.7% to 56.3% compared to Naive, confirm-
ing the general benefit of employing more powerful LLMs
for complex MHQA tasks. More importantly, our REAP
framework retains its leading performance when built upon
a stronger base model. This result provides compelling evi-
dence for the superiority of the REAP framework, suggest-
ing that its efficient iterative mechanism can serve as a capa-
bility amplifier: when the base model possesses stronger rea-
soning and generation ability, REAP can effectively guide
and leverage these strengths without fine-tuning, thereby
achieving further performance gains.

Case Study
To clearly demonstrate the workflow of the REAP frame-
work, we present a case study that showcases the precise
task decomposition by the Decomposer, the adaptive plan
updates and action selection by the SP module, and the
meticulous reasoning and verification performed by the FE
module, all synergistically interacting to arrive at the final
answer. A detailed example is provided in the Appendix.

Conclusion
To overcome the limitations of existing RAG methods in
MHQA, where they often fall into local impasses or suffer
from factual inaccuracies, we propose REAP, a novel frame-
work that enhances reasoning reliability through iterative in-
teraction. At the core of REAP are two synergistic modules:
the Sub-task Planner (SP) and the Fact Extractor (FE). The
SP maintains a global planning perspective to dynamically
evaluate and optimize the reasoning trajectory, while the FE
performs fine-grained analysis on retrieved content to extract
high-fidelity facts. This decoupled yet tightly coordinated
design ensures the coherence and accuracy of the reasoning
process. Furthermore, by leveraging a multi-task fine-tuning
paradigm and replacing sub-module with a more lightweight
model, we improve performance while maintaining infer-
ence efficiency. Extensive experiments on multiple MHQA
datasets demonstrate that REAP significantly outperforms
existing state-of-the-art methods in both in-domain and out-
of-domain settings, thereby validating its effectiveness and
robustness in addressing complex multi-hop reasoning tasks.
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