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Abstract
Reasoning is fundamental to human intelligence and critical for

problem-solving. In practice, answering complex questions often

requires abundant reasoning steps involving long reasoning paths.

Existing multi-hop reasoning methods mainly focus on short-hop

questions with only short reasoning paths, whose distribution is dif-

ferent from that of long paths. While training on long-hop data can

improve corresponding performance, collecting it at scale is difficult

and expensive. Hence, we explore the short-to-long generalization
scenario for the first time, which aims to enhance the model’s capa-

bility to handle long-hop questions using easily collected short-hop

reasoning data. In this scenario, the reasoning model can only learn

the features of short-hop questions due to the lack of long-hop data,

and thus two challenges emerge. (1) Struggling to determine where
to go next: as the number of steps increases, the model needs to

reason about the next step based on a long context composed of

more evidences. This reasoning process will confuse the reasoning
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model, which can only learn the pattern from a short context to the

next step. (2) Hard to determine when to stop reasoning: too many

reasoning hops may introduce excessive noise, while too few may

fail to gather sufficient supporting information. The path lengths

of long-hop questions vary significantly. Thus, a fixed stopping

threshold, commonly used for short-hop questions with similar

path lengths, cannot handle them effectively.

Inspired by the classic recursive algorithm, we propose a novel

Recursion-based Short-to-LongGeneralization (RSLG) reasoning frame-

work, which recursively decomposes long-hop questions into multi-

ple short-hop questions that can be handled by a short-hop reason-

ing model. In this way, the above two challenges are transformed

into how to decompose and when to stop decomposition. For how
to decompose, we introduce the parallel and sequential recursion

patterns to guide the recursive decomposition processes. A local-to-

global recursive demonstration construction strategy is proposed

to obtain the corresponding recursive demonstrations from the

perspective of certainty, complexity, and diversity, respectively. For

when to stop decomposition, we propose three recursive termina-

tion criteria in view of decomposability, redundancy, and relevance.

Extensive experiments on six short-to-long settings across diverse

domains demonstrate RSLG’s superior performance, robustness,

and efficiency in this challenging scenario.
1

1
The code and data link: https://github.com/NLPGM/RSLG

2118

https://orcid.org/0000-0002-1877-224X
https://orcid.org/0000-0002-2051-6296
https://orcid.org/0009-0005-1907-8988
https://orcid.org/0009-0004-2459-2941
https://orcid.org/0009-0009-3239-1089
https://orcid.org/0009-0003-3999-7813
https://orcid.org/0009-0004-9460-379X
https://orcid.org/0000-0002-3422-8017
https://orcid.org/0000-0001-9376-818X
https://orcid.org/0000-0003-0051-0046
https://orcid.org/0000-0003-4667-5794
https://creativecommons.org/licenses/by/4.0
https://creativecommons.org/licenses/by/4.0
https://doi.org/10.1145/3805712.3809697


SIGIR ’26, July 20–24, 2026, Melbourne, VIC, Australia Mayi Xu et al.

CCS Concepts
• Computing methodologies → Natural language processing;
• Information systems → Question answering.

Keywords
Question answering, Multi-hop reasoning, Short-to-long general-

ization, Recursive decomposition.

ACM Reference Format:
Mayi Xu, Ke Sun, Jianhao Chen, Qiankun Pi, Guixin Su, Yunfeng Ning,

Yongqi Li, Yuanyuan Zhu, Ming Zhong, Jiawei Jiang, and Tieyun Qian.

2026. Recursive Short-to-Long Generalization for Multi-hop Reasoning. In

Proceedings of the 49th International ACM SIGIR Conference on Research and
Development in Information Retrieval (SIGIR ’26), July 20–24, 2026, Melbourne,
VIC, Australia. ACM, New York, NY, USA, 11 pages. https://doi.org/10.1145/

3805712.3809697

1 Introduction
Reasoning refers to drawing new conclusions from existing knowl-

edge [1]. Reasoning capability is essential for solving complex tasks,

such as problem-solving, decision-making, and critical thinking,

which is fundamental to human intelligence. The multi-hop reason-

ing process involves using multiple evidences to draw conclusions

or make judgments [2]. Robust multi-hop reasoning capability is

essential for various applications like clinical diagnosis [3–5], edu-

cation [6–8], legal service [9, 10], and financial analysis [11, 12].

In practice, there are many complex multi-hop questions [13],

and answering them often requires abundant reasoning steps in-

volving long reasoning paths. As shown in Fig. 1 (I), existing multi-

hop reasoning methods [14–17] mainly focus on short-path multi-

hop (short-hop) reasoning where a question only requires sev-

eral reasoning steps, typically concentrating on 2-hop. To enhance

the model’s capability to handle long-path multi-hop (long-hop)
questions, i.e., more than 2-hop, we can collect some specialized

long-hop reasoning data to train a long-hop reasoning model as

illustrated in Fig. 1 (II). However, collecting and annotating such

long-hop reasoning data at scale is challenging and costly.

Inspired by the easy-to-hard generalization capability of hu-

mans, we explore the short-to-long generalization scenario for the
first time. As shown in Fig. 1 (III), this scenario explores enhancing

the model’s capability to handle long-hop questions using easily

collected short-hop data, just as humans acquire the ability to solve

complex problems through the study of simpler ones. Generally,

humans can solve problems that are more challenging than those

they have previously learned about, which can be attributed to

their excellent easy-to-hard generalization skill [18]. In contrast,

current artificial intelligence systems are typically limited to solv-

ing problems with the same difficulty as the training data. Hence,

our proposed short-to-long generalization scenario is worthy of ex-

ploration for the complex long-hop reasoning problem.

In the short-to-long generalization scenario, the reasoning model

can only learn the features of short-hop questions due to the lack

of long-hop data. Hence, there are two challenges when reasoning

for long-hop questions. (1) Struggling to determine where to go next:
as the number of reasoning steps increases, the model needs to

determine the next step based on a long context composed of more
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Figure 1: The multi-hop reasoning scenarios and challenges.

evidences. As shown in Fig. 1 (a), this process will confuse the rea-

soning model, which only learns the pattern from a short context to

the next step. (2) Hard to determine when to stop reasoning: precisely
stopping reasoning is crucial for accurate reasoning. As shown

in Fig. 1 (b), too many reasoning hops may introduce excessive

noisy information, whereas too few may fail to gather sufficient

supporting information. The long-hop questions and short-hop

questions differ significantly in terms of stopping points. Since the

path length of the short-hop questions is primarily concentrated

on two hops [19–21], a fixed and small threshold is generally set to

control the stopping point [15–17, 22, 23]. However, the path length

distribution in long-hop questions varies significantly. For example,

in the long-hop reasoning dataset FanoutQA [13], the path lengths

range from 5 to 46 hops. Therefore, the fixed threshold may fail.

In cognitive science, extensive works [24–26] have demonstrated

that humans achieve easy-to-hard generalization capabilities by

decomposing complex problems into simpler ones. This skill also

contributes to addressing the aforementioned challenges, as we

can decompose a long-hop question into multiple short-hop ques-

tions, allowing the short-hop reasoning model to easily determine

where to go and when to stop. Generally, such a decomposition pro-

cess can be achieved by Large Language Models (LLMs) through

in-context learning. Existing LLM-based question decomposition

methods [18, 27] rely heavily on detailed decomposition demon-

strations, which share close decomposition steps with the target

questions. However, in the short-to-long generalization scenario, the
distribution of decomposition steps for target questions is diverse

and hard to predetermine. Furthermore, short-hop data cannot be

directly used to create decomposition demonstrations tailored to

questions that require different decomposition steps. Therefore,

directly decomposing long-hop questions is challenging.

To tackle these problems, we propose a Recursion-based Short-
to-LongGeneralization (RSLG) reasoning framework to recursively

decompose the long-hop questions into multiple short-hop ques-

tions. Drawing inspiration from classic recursive algorithms, RSLG
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develops recursive functions and recursive termination criteria to

guide the decomposition processes. The recursive functions are

used to control how to decompose the long-hop questions, while the

termination criteria determine when to stop decomposition. By imi-

tating the recursive algorithm, the aforementioned two challenges

are collectively transformed into how to decompose and when to
stop decomposition.

To address the challenge of how to decompose, we propose two
recursive functions corresponding to the parallel and sequential

recursion patterns, as each decomposition step of a question follows

one of the two patterns. By constructing decomposition demonstra-

tions based on these patterns, we do not need to create separate

demonstrations for questions involving varying numbers of de-

composition steps. To obtain high-quality recursive decomposition

demonstrations, we propose a local-to-global recursive demonstra-

tion construction strategy, which optimizes demonstrations from

the perspectives of certainty, complexity, and diversity, respectively.

To address the challenge of when to stop decomposition, we pro-
pose three recursive termination criteria to collaboratively avoid

under-decomposition and over-decomposition. These criteria as-

sess decomposability, redundancy, and relevance to ensure an ap-

propriate stopping point. The recursive decomposition processes

terminate when any of the criteria is met. By integrating these ter-

mination criteria with two recursion functions, we can effectively

decompose a long-hop question into multiple short-hop questions,

which can be handled by a short-hop reasoning model.

In summary, our main contributions are as follows.

• We make the first attempt to explore the short-to-long general-
ization scenario, which aims to enhance the model’s capability

to handle long-hop questions using easily collected short-hop

reasoning data.

• We propose a novel Recursion-based Short-to-Long General-

ization reasoning framework, which recursively decomposes

long-hop questions into multiple short-hop questions that can

be easily handled by a short-hop reasoning model.

• Extensive experiments on six short-to-long settings across

different domains demonstrate the superior performance, ro-

bustness, and efficiency of our proposed RSLG.

2 Related Works
Multi-hop reasoning tasks mainly include Knowledge Graph Ques-

tionAnswering (KGQA) [28],Multi-hopQuestionAnswering (MHQA)

[16], and Multi-document Question Answering (MDQA) [17].

KGQA methods aim to reason about the answer entity from

knowledge graphs (KGs) [29]. Their multi-hop reasoning paths are

composed of entities and relations in the KGs. Existing KGQAmeth-

ods [22, 30–34] primarily focus on questions that only require short-

hop entity-relation paths within KGs. MHQA methods focus on

reasoning across multiple passages to answer knowledge-intensive

questions. ExistingMHQAmethods [14–16, 35] aremainly designed

to perform short-hop reasoning across several passages.

MDQA is an emerging task that aims to reason and retrieve the

supporting information across multiple entire documents. MDQA

requires a comprehensive understanding of the logical relationships

between the contents and structures of entire documents, which is

more challenging than KGQA and MHQA. Recently, KGP [17] is

first proposed for this task. It first splits the documents into multi-

ple paragraphs and then creates a graph structure to connect these

paragraphs. Then, it designs an LLM-based graph traversal agent

that navigates across nodes and gathers supporting paragraphs.

Based on KGP, CuriousLLM [36] tries to merge the semantic gap

between current support information and the next one by generat-

ing an intermediate question. However, it requires a large amount

of additional customized data (50K) for model training. Note that

these MDQA methods are tailored to facilitate short-hop reasoning.

In summary, existing multi-hop reasoning methods primarily

focus on short-hop reasoning, which requires only a few reasoning

steps. In practice, many complex questions require many reasoning

steps involving long-hop reasoning paths. In this paper, we explore

the short-to-long generalization scenario, aiming to improve long-

hop reasoning capability using easily collected short-hop data.

3 Methods
This section introduces our Recursion-based Short-to-Long Gen-

eralization (RSLG) reasoning framework. Compared to the refined

fact triplets in KGQA and the concise passages in MHQA, entire

documents in MDQA are substantially longer and contain signifi-

cantly more distracting information. The setting of MDQA more

closely reflects real-world applications and poses greater challenges

for multi-hop reasoning. Therefore, we select MDQA as a represen-

tative task to investigate the short-to-long generalization scenario.

3.1 Problem Definition
The definition of MDQA can be formulated as follows: given a ques-

tion 𝑞 and a collection of 𝑛 documents 𝐷 = {𝑑1, 𝑑2, . . . , 𝑑𝑛}, where
the 𝑗-th document 𝑑 𝑗 consists of 𝑘 𝑗 paragraphs: {𝑝1𝑗 , 𝑝2𝑗 , . . . , 𝑝

𝑘 𝑗
𝑗
}.

Through multi-hop reasoning, MDQA methods aim to reason and

retrieve a set of supporting paragraphs that provide evidences for

answering questions. Formally, let 𝑃 =
⋃𝑛

𝑗=1{𝑝1𝑗 , 𝑝2𝑗 , . . . , 𝑝
𝑘 𝑗
𝑗
} be

the set of all paragraphs, where the number of supporting para-

graphs is significantly fewer than that of irrelevant paragraphs.

Let 𝑆 (𝑞, 𝐷) ⊆ 𝑃 represent the retrieved supporting paragraphs, the

final answer 𝑎 is then generated by an LLM P as follows:

𝑝 (𝑎 | 𝑞, 𝑆 (𝑞, 𝐷)) =
|𝑎 |∏
𝑖=1

P
(
𝑎𝑖 | 𝑞, 𝑆 (𝑞, 𝐷), 𝑎<𝑖

)
, (1)

where 𝑎𝑖 and 𝑎<𝑖 denote the 𝑖-th token of answer 𝑎, and the 𝑖−1
tokens before 𝑎𝑖 , respectively. Our method aims to accurately iden-

tify supporting paragraphs, thereby maximizing the probability of

generating an accurate answer.

3.2 Method Overview
Our method focuses on the short-to-long generalization scenario,
which involves two key challenges: hard to determine where to
go next and when to stop. To address them, we propose a novel

Recursion-based Short-to-Long Generalization (RSLG) framework.

It consists of graph construction, local-to-global recursive demon-

stration construction, and recursion-based decomposition modules.

As shown in Fig. 2, our main contributions lie in the latter two
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Figure 2: Our proposed Recursion-based Short-to-Long Generalization (RSLG) reasoning framework.

modules, which emulate recursive algorithms by integrating recur-

sion functions and termination criteria to effectively resolve these

challenges.

3.3 Graph Construction
In the MDQA setting, a collection consisting of many entire docu-

ments serves as an external knowledge base. Since the supporting

information is distributed across different parts of multiple docu-

ments, it is common practice to construct a graph to support multi-

hop reasoning. To ensure a fair comparison focusing on reasoning

stage, we adopt the same document collection process and graph

construction procedures as previous MDQA methods [17, 36].

Specifically, documents containing supporting information rele-

vant to the question are gold documents. For each question, there

are 𝑑 distractor documents sampled from Wikipedia. When con-

structing the graph, each document is segmented into multiple

paragraphs with a maximum length of 𝑙𝑚𝑎𝑥 . For each paragraph,

there exists a corresponding node 𝑣𝑖 in the graph G, with an at-

tribute X𝑖 that represents the text of the paragraph. Next, TagMe

[37] is adopted to extract entities from each paragraph and establish

edges between nodes that share common entities.

3.4 Local-to-global Recursive Demonstration
Construction

In this section, we first analyze the underlying recursive decom-

position patterns of multi-hop questions to imitate the recursive

function. Then, we propose a local-to-global recursive demonstra-

tion construction strategy to obtain high-quality demonstrations

for these patterns, as illustrated in part (1) of Fig. 2.

From a dependency perspective, the relationships between two

questions are either independent or interdependent. For indepen-

dent sub-questions, as illustrated in Fig. 3 (a), their parent question

can be decomposed directly. This forms a parallel recursion pattern,

and we refer to such a parent question as a parallel question. In

contrast, for interdependent sub-questions, as shown in Fig. 3 (b),

decomposing their parent question requires answering the first

sub-question before generating the second. This results in a sequen-

tial recursion pattern, and we refer to such a parent question as a

sequential question.

    Parallel question: Who was born first Neil 
LaBute or H. Bruce Humberstone?

Sub-question 1: 
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Sub-question 2: 
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Figure 3: Cases of recursive decomposition patterns.

For a long-hop question, as depicted in Fig. 3 (c), recursive de-

composition can involve both parallel and sequential patterns at

different steps. The dynamic combination of the two foundational

patterns in a recursive way allows extensive flexibility for solving

complex problems. For instance, it yields up to 2
9 = 512 recursion
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combinations for a 10-hop question. Therefore, to guide the recur-

sive decomposition process, both parallel and sequential recursion

patterns should be incorporated to serve as recursive functions.

Ideally, the two patterns can be achieved through the powerful

in-context learning capabilities of LLMs without requiring a spe-

cialized model. We randomly select 2-hop questions from short-hop

training set and prompt LLMs to annotate four parallel demonstra-

tions𝑀𝑝𝑎𝑟 , four sequential demonstrations𝑀𝑠𝑒𝑞 , and four one-hop

demonstrations 𝑀𝑜𝑛𝑒 . Each parallel and sequential demonstration

contains a parent question alongwith its decomposition process, i.e.,

its sub-questions. One-hop questions cannot be further decomposed

and can be answered directly. Note that four is not a special choice

but a widely-used demonstration number [18, 38, 39]. This anno-

tation is achieved by LLMs using simple instructions grounded in

the aforementioned definitions of parallel and sequential questions.

However, ensuring the quality of demonstrations is challenging, as

it requires both well-designed questions and precise decomposition

processes to support high and robust performance.

Hence, to ensure effectiveness and robustness, we propose a local-

to-global recursive demonstration construction strategy, which au-

tomatically constructs high-quality demonstrations by optimizing

both the local and global parts of the demonstration. This strategy

consists of a certainty-based question selector, a complexity-based

sub-question filter, and a diversity-based demonstration sampler.

Each global demonstration has two local parts, including a par-

ent question and its sub-questions. For the two local components

of a demonstration, the question selector is employed to identify

high-quality questions with an unambiguous type, and the sub-

question filter is used to eliminate unreasonable sub-questions

whose complexity exceeds that of their parent questions. For the

global demonstrations, the demonstration sampler is designed to

sample demonstrations that emphasize diversity, making themmore

broadly applicable to a wide range of target questions.

Certainty-based question selector (Part 1.1 in Fig. 2). The
types of questions in demonstrations must be clear, as the demon-

strations guide the type identification and question decomposition

of specific types. Hence, the certainty-based question selector aims

to identify a set of high-quality questions, whose types are unam-

biguous among parallel, sequential, and undecomposable one-hop.

Generally, if LLMs repeatedly predict a question as the same type,

it indicates they place greater certainty and confidence in the cor-

rectness of this type. Hence, to select questions with unambiguous

types, we quantify type certainty by calculating the information

entropy across their predicted types. The information entropy falls

within [0, 1], where lower entropy indicates higher certainty. Ques-

tions with high type certainty are subsequently reserved.

To guide the type prediction, we first merge 𝑀𝑝𝑎𝑟 , 𝑀𝑠𝑒𝑞 , and

𝑀𝑜𝑛𝑒 into a single set. All demonstrations in this set are randomly

shuffled to create new classification demonstrations 𝑀𝑐𝑙𝑠 . These

demonstrations guide the LLMs to classify questions into parallel,

sequential, or one-hop ones in the training set. To quantify the type

uncertainty of a question, we compute the normalized information

entropy over the predicted types obtained from 𝑚 runs under a

high temperature 1. Using higher temperatures (e.g., 1) encourages

more diverse results [40]. This increased variability is beneficial for

assessing the certainty of question types, as it can make the content

generated by LLMs more diverse. The entropy is calculated as:

H(𝑥 (𝑖 ) |{𝑦 𝑗 }𝑚𝑗=1) = −
∑

3

𝑡=1 p̃(𝑦𝑡 ) log p̃(𝑦𝑡 )
log 3

, (2)

where 𝑡 is used to index over the unique question types {𝑦1 :

parallel, 𝑦2 : sequential, 𝑦3 : one-hop}, p̃(𝑦𝑡 ) is the empirical fre-

quency of unique type 𝑦𝑡 in all 𝑚 answers, and the number of

prediction times𝑚 is set to 10. We select the top 10% of questions

with the lowest entropy and filter out the rest. For the selected high-

quality questions, we regenerate their decomposition processes

using LLMs at a low temperature to reduce the instability caused by

variability in the generation processes. Each decomposition process

contains two sub-questions of their short-hop parent question.

Complexity-based sub-question filter (Part 1.2 in Fig. 2). A
complete decomposition demonstration consists of a parent ques-

tion and its sub-questions. Hence, after obtaining high-quality ques-

tions through the certainty-based question selector, acquiring their

corresponding high-quality sub-questions is crucial to the decom-

position demonstration. Generally, the complexity of sub-questions

should be lower than that of their parent questions. For example,

as shown in Fig. 4 (a), the LLMs decompose the parent question

“Are Bocconia and Bellevalia both flowering plants?” into “What is

the classification of Bocconia?” and “What is the classification of

Bellevalia?”. The two sub-questions expand the scope of the parent

question, making them more complex than the parent question. As

a result, they do not serve as effective demonstrations of question

decomposition. In contrast, as shown in Fig. 4 (b), if the parent

question is decomposed into “Are Bocconia flowering plants?” and

“Are Bellevalia flowering plants?”, the two sub-questions are simpler

than the parent question and can effectively facilitate its resolution.
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: token

: dependency relation
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(b)

root rootparent
question

root

<latexit sha1_base64="t9PfcUu66Im9Tjog4PW17hSlucQ="></latexit>M(q) = 2

<latexit sha1_base64="LmMHV6A+imUg0vD3ibJAAcD8yKI="></latexit>M(s1) = 3

sub-question 1

<latexit sha1_base64="PyvkjQr+0oGM8Al6z+zB4YlWCB8="></latexit>M(s2) = 3

<latexit sha1_base64="jXQ84LpYvmhZyduoRA0/cfTCZV4="></latexit>M(s1) = 2
<latexit sha1_base64="OoeNoGFJ+x/CrVldHTWgcJs9nSQ="></latexit>M(s2) = 2

<latexit sha1_base64="noRaoiyybfzw0aD/59nNqPFqg1c="></latexit>A(q) = 1.375

<latexit sha1_base64="r+TpZSNZ5rOuLESQOXRsEkmWjiw="></latexit>A(s1) = 1.429
<latexit sha1_base64="FEumi53caazZo3QMv9vbDl33Z3Q="></latexit>A(s2) = 1.429

<latexit sha1_base64="IOFzqkhAkvofgO1PgvI2Zh4kFjw="></latexit>A(s2) = 1.2
<latexit sha1_base64="II1AXMYqi5TqtsAHVnDgDdyVSeg="></latexit>A(s1) = 1.2

<latexit sha1_base64="xsEyd+m+BM6uQ5v6I9CQ5UA2JfU="></latexit>A(·)
: max  dependency distance

: average  dependency distance

<latexit sha1_base64="C7OjXUWzGOfT56LRbOlKOAkBGZY="></latexit>M(·)

Figure 4: The maximum and average dependency distances.

We propose to assess the complexity of a question by analyzing

its syntax features. Generally, the greater the complexity of a ques-

tion is, the more complex the information it attempts to convey,

and its syntax structure is typically more complex. In linguistics,

a dependency syntax tree is a graphical representation used to il-

lustrate the syntax structure of a sentence. In this tree, tokens in a

sentence are connected by labeled edges that indicate dependency

relationships between them. We employ both the maximum and

average dependency distances derived from the dependency syntax

tree as quantitative indicators of syntax complexity.

Specifically, we use the widely-used tool SpaCy
2
to obtain the

dependency syntax tree of the question 𝑞. Let 𝑇𝑞 denote the set

2
Available at: https://spacy.io
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of all tokens in 𝑞, and for each token 𝑤 ∈ 𝑇𝑞 , define 𝑑𝑞 (𝑤) as the
distance from a token 𝑤 to the root node in the dependency tree

of 𝑞. Then, the maximum dependency distance M(𝑞) and average

dependency distance A(𝑞) can be formally written as:

M(𝑞) = max

𝑤∈𝑇𝑞
𝑑𝑞 (𝑤), (3)

A(𝑞) = 1

|𝑇𝑞 |
∑︁
𝑤∈𝑇𝑞

𝑑𝑞 (𝑤). (4)

If either the maximum or average dependency distances of sub-

questions 𝑠1 and 𝑠2 exceed those of their parent question 𝑞, the

sub-questions and their parent questions will be filtered out by the

complexity-based sub-question filter CF (·). The process can be

defined as:

CF (𝑞) =
{
(𝑞, 𝑠1, 𝑠2)

��� ∀ 𝑠 ∈ {𝑠1, 𝑠2} :
M(𝑞) ≥ M(𝑠)
∧ A(𝑞) ≥ A(𝑠)

}
. (5)

Diversity-based demonstration sampler (Part 1.3 in Fig. 2).
Although there are only two decomposition patterns for multi-

hop questions, the characteristics of questions sharing the same

decomposition pattern may also differ significantly. Therefore, af-

ter obtaining high-quality questions and their corresponding sub-

questions, it is essential to sample representative demonstrations.

These demonstrations are used to construct recursive decompo-

sition demonstrations with diversity, ensuring they can be more

broadly applicable to different target questions.

Specifically, for each demonstration, we first use the widely-used

ALL-MPNET-BASE-V2 model
3
in Sentence-Transformer to obtain

its embedding. Second, for each type of demonstration, we use the

K-means algorithm [41] to divide them into 𝐾 clusters, respectively.

The 𝐾 is set to four, which is a widely-used demonstration number

in previous prompting-based methods [18, 38, 39]. Third, for each

cluster, we select the demonstration exhibiting the highest semantic

similarity to its centroid as the representative demonstration, where

the semantic similarity is measured by the cosine similarity.

Finally, we obtain high-quality parallel decomposition demon-

strations 𝐷𝑝𝑎𝑟 , sequential decomposition demonstrations 𝐷𝑠𝑒𝑞 , and

one-hop demonstrations 𝐷𝑜𝑛𝑒 . By merging and randomly shuffling

these demonstrations, we derive demonstrations𝐷𝑐𝑙𝑠 , which is used

to classify questions as parallel, sequential, or one-hop.

3.5 Recursion-based Decomposition
As demonstrated in part (2) of Fig. 2, we propose a recursion-based

decomposition strategy to construct a comprehensive recursive

system in this section.

Given a long-hop question, this strategy recursively decomposes

it into multiple short-hop sub-questions. The decomposition is

guided by two recursive functions, corresponding to parallel and

sequential recursion patterns. Then, we define three recursive ter-

mination criteria from the perspectives of decomposability, redun-

dancy, and relevance, respectively. The recursive decomposition

processes terminate when any of the criteria is met. Furthermore,

a short-hop reasoning model is trained using short-hop reasoning

data to address these short-hop sub-questions effectively.

Recursive functions (Part 2.1 in Fig. 2). As illustrated in

Section 3.4, we automatically construct demonstrations based on

3
Available at: https://huggingface.co/sentence-transformers/all-mpnet-base-v2

short-hop reasoning data for the parallel and sequential decompo-

sition patterns. These two patterns correspond to two recursive

functions in the recursive algorithm, which can be formalized as:

𝑓 (𝑛) =
{
𝑓 (𝑚) + 𝑓 (𝑛 −𝑚), (Parallel)

𝑓 (1) + 𝑓 (𝑛 − 1), (Sequential)

(6)

where 𝑓 (𝑛) represents the n-hop question. In the parallel decom-

position pattern, 𝑓 (𝑛) is decomposed into an𝑚-hop sub-question

𝑓 (𝑚) and an (𝑛-𝑚)-hop sub-question 𝑓 (𝑛 −𝑚). In the sequential

decomposition pattern, 𝑓 (𝑛) is first decomposed into a one-hop sub-

question 𝑓 (1). After obtaining the answer to 𝑓 (1), 𝑓 (𝑛) is further
decomposed into another (𝑛-1)-hop sub-question 𝑓 (𝑛 − 1).

Recursive termination criteria (Part 2.2 in Fig. 2). In addition
to recursive functions, defining termination criteria is also essential

for recursive algorithms. To effectively determine an appropriate

stopping point, we propose three recursive termination criteria from

the perspectives of decomposability, redundancy, and relevance.

These criteria collaboratively avoid under-decomposition and over-

decomposition, which are detailed below:

• Decomposability termination criterion. The decomposi-

tion processes should terminate when the LLM identifies the

question as a one-hop question, indicating that it is adequately

decomposed and cannot be further decomposed properly.

• Redundancy termination criterion. If the semantic sim-

ilarity between a sub-question and its parent question is

too high, i.e., higher than a redundancy hyperparameter, the
sub-question is regarded as redundant. Thus, decomposition

should be halted to prevent introducing noisy information.

• Relevance termination criterion. If the semantic similarity

between a sub-question and the root question is too low, i.e.,

lower than a relevance hyperparameter, the sub-question is

likely to drift off-topic from the root question, making it irrel-

evant. In such cases, decomposition should also be terminated

to avoid introducing distracting information.

Following previous multi-hop reasoning works [16, 17, 36], these

two hyperparameters are determined on short-hop validation set.

Recursive decomposition and reasoning (Part 2.3 & 2.4 in
Fig. 2). Based on the recursive functions and recursive termination

criteria, we decompose a long-hop question into multiple short-hop

questions that can be handled by a short-hop reasoning model.

Finally, we sequentially perform reasoning and retrieval on the

decomposed sub-questions, and then input both the questions and

the retrieved paragraphs into the LLMs to generate the final answer.

Short-hop reasoning model. To ensure a fair comparison, we

adopt the same base short-hop reasoning model with previous

method [17]. The short-hop data contains two evidences 𝑥1 and 𝑥2.

As the input to the short-hop model, the first evidence 𝑥1 is prefixed

by the question and the instruction “What evidence do we need

to answer the question given the current evidence?”. The output

is the next evidence 𝑥2. Utilizing the input-output pairs described

above, the short-hop model is fine-tuned via LoRA [42].

During inference, the short-hop model first identifies the seeding

node 𝑣1, whose paragraph X1 has the highest cosine similarity to

question 𝑞 under TF-IDF embeddings. Then, inputting question 𝑞

and previously retrieved 𝑗 paragraphs {X𝑖 } 𝑗𝑖=1, it reasons about the
next evidence 𝑥 𝑗+1 and retrieves corresponding paragraph X𝑗+1 as
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Table 1: Main experimental results. Bold: the best score. Underline: the second best score.

Method

Dataset Short→ Long Short→ Long Short→ Long Short→ Long Short→ Long Short→ Long

HotpotQA FanoutQA HotpotQA LonghopQA 2WikiMQA FanoutQA 2WikiMQA LonghopQA MuSiQue FanoutQA MuSiQue LonghopQA

Acc. F1 Acc. F1 Acc. F1 Acc. F1 Acc. F1 Acc. F1

Llama-3.1-8B-Instruct

Pure-LLM 9.35 18.38 1.61 4.18 9.35 18.38 1.61 4.18 9.35 18.38 1.61 4.18

DPR 9.35 17.48 14.84 13.12 9.03 16.24 18.06 14.68 9.03 16.94 17.10 15.61

MDR 11.29 22.36 14.19 16.85 9.68 17.96 17.10 15.24 10.00 19.48 20.65 18.48

CuriousLLM 10.32 21.79 20.65 20.18 10.00 19.28 15.16 17.43 9.67 20.38 25.48 19.95

IRCOT 10.65 23.20 21.29 19.48 9.68 24.60 16.13 16.11 10.00 23.02 26.45 22.96

KGP 10.97 19.07 30.65 24.03 12.26 21.70 27.74 23.12 15.16 25.89 28.39 23.10

RSLG(ours) 16.77 24.38 35.48 27.14 16.13 24.78 30.97 25.31 15.16 24.32 29.03 23.59

Qwen2.5-7B-Instruct

Pure-LLM 4.84 16.63 2.90 7.85 4.84 16.63 2.90 7.85 4.84 16.63 2.90 7.85

DPR 4.52 13.88 22.58 20.55 5.16 14.88 24.52 21.56 5.16 14.85 24.52 20.45

MDR 7.74 17.64 18.06 18.97 5.48 14.81 23.23 25.08 4.84 15.98 18.71 20.60

CuriousLLM 7.10 16.31 29.03 26.52 5.81 15.31 22.58 24.17 6.45 16.25 27.42 22.13

IRCOT 5.81 15.09 32.26 29.67 5.81 16.72 24.84 25.19 5.48 17.10 29.03 23.62

KGP 8.39 17.91 32.26 29.34 6.45 18.39 32.26 29.45 7.10 19.78 33.55 28.61

RSLG(ours) 10.00 18.89 38.39 35.93 10.97 16.98 34.19 33.12 8.06 19.64 37.10 36.35

Mistral-7B-Instruct-v0.3

Pure-LLM 7.42 19.30 3.55 5.28 7.42 19.30 3.55 5.28 7.42 19.30 3.55 5.28

DPR 6.45 19.56 15.16 7.72 5.48 18.50 16.13 8.11 6.13 18.54 17.74 9.57

MDR 5.48 21.96 10.00 7.34 5.16 17.79 9.68 7.45 4.84 19.41 8.71 7.97

CuriousLLM 5.81 19.68 14.52 9.10 6.12 20.32 11.29 7.36 7.74 21.76 15.81 10.23

IRCOT 6.45 26.07 16.77 11.90 6.77 21.31 8.06 7.41 8.39 23.96 17.10 10.39

KGP 7.10 22.07 13.55 9.41 7.10 23.43 10.65 7.97 5.48 20.92 16.45 9.41

RSLG(ours) 10.32 26.60 24.52 12.38 10.32 26.54 20.00 10.46 9.35 25.96 18.71 11.03

follows:

X𝑗+1 = arg max

𝑣∈N𝑗

𝜙
(
𝑔(X𝑣), 𝑔(F (𝑞, | | 𝑗

𝑖=1
X𝑖 ))

)
, (7)

where | | 𝑗
𝑖=1

X𝑖 denotes the concatenation of previously retrieved

paragraphs in visited nodes, F (·) is the short-hop reasoning model

for generating the next evidence 𝑥𝑖 , N𝑗 denotes the adjacent nodes

of node 𝑣 𝑗 in the Graph G, X𝑣 is the paragraph of node 𝑣 , 𝑔(·) is
the TF-IDF encoder, and 𝜙 (·) is the cosine similarity measuring the

text similarity. Finally, we obtain a reasoning path {X1, · · · ,X𝑛}.
Following previous works [16, 17], we sample 𝑘 reasoning paths

that exhibit the top-𝑘 similarity scores with the evidence sequences.

4 Experiments
4.1 Datasets, Baselines, and Experimental Setup
Datasets. Following the short-to-long generalization scenario, mod-

els are trained on 2-hop data from HotpotQA [19], MuSiQue [21],

2WikiMQA [20] and subsequently tested on the long-hop datasets

FanoutQA (mainly 5 to 13-hop) [13] and LonghopQA (mainly 3 to

4-hop). LonghopQA is derived from MuSiQue, retaining data that

is longer than 2-hop. For each training set, there is a validation set

of 500 samples drawn from the same distribution.

Baselines. Since MDQA is an emerging task, only KGP [17]

and CuriousLLM [36] are specifically designed for it currently.

For more comprehensive comparison, we transfer some strong

MHQA baselines, including DPR [14], MDR [15], and IRCOT [16],

toMDQA. Experiments are conducted on three representative LLMs:

Llama-3.1-8B-Instruct, Qwen2.5-7B-Instruct, and Mistral-7B-

Instruct-v0.3.

Experimental Setup. We set all common hyperparameters to

be consistent with baselines [16, 17, 36] without tuning. Specifically,

the sample number of distractor documents 𝑑 for each question is

set to 10, the max paragraph length 𝑙𝑚𝑎𝑥 is set to 250, the learning

rate is set to 3𝑒 −4, the fine-tuning epoch is set to 5, the batch size is

set to 1024, the number of sample paths 𝑘 is set to 30. The primary

metric is Accuracy. Following previous methods [17, 36], a powerful

LLM, GPT-4o, is employed to assess whether the generated answer

and labeled answer express identical meanings. This approach has

been proven to achieve similar or even higher levels than human

evaluators [43, 44].We also report 𝐹1 scores as an auxiliarymetric. It

measures the overlap between tokens in the generated and labeled

answers. Note that 𝐹1 is a less reliable metric for this task, as

predicted and labeled answers may share the same meaning despite

having low token-level overlap.

4.2 Main Experimental Results
Table 1 shows the main experimental results. Key findings include:

Highperformance.Regardless of the specific LLMs and datasets

employed, our method consistently achieves the state-of-the-art

performance on the primary metric, accuracy. Although the F1
is a less reliable metric than accuracy in this task (as detailed in

experimental setup), our method still performs best in most cases.

These results underscore the effectiveness of our RSLG framework.
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Table 2: Ablation results. “w/o”: removing the corresponding strategy. Bold: the best score.

Method

Dataset
Short→ Long Short→ Long Short→ Long Short→ Long Short→ Long Short→ Long

HotpotQA FanoutQA HotpotQA LonghopQA 2WikiMQA FanoutQA 2WikiMQA LonghopQA MuSiQue FanoutQA MuSiQue LonghopQA

Acc. F1 Acc. F1 Acc. F1 Acc. F1 Acc. F1 Acc. F1
RSLG 16.77 24.38 35.48 27.14 16.13 24.78 30.97 25.31 15.16 24.32 29.03 23.59
w/o question selector 15.16 24.06 33.55 26.95 14.52 24.69 28.39 23.10 14.19 23.43 27.42 22.47

w/o sub-question filter 15.48 22.75 32.26 26.16 15.16 22.86 29.68 23.91 13.87 23.50 29.03 22.22

w/o demonstration sampler 14.19 22.70 33.87 26.46 13.23 23.99 27.10 22.15 13.23 20.89 27.42 21.39

w/o parallel pattern 11.61 20.51 28.39 23.10 10.65 22.54 26.45 21.86 12.26 19.77 25.48 20.85

w/o sequential pattern 12.90 22.03 29.03 23.62 10.32 21.64 26.77 21.93 12.90 22.38 26.45 21.55

w/o decomposability criterion 13.87 23.50 29.68 24.34 12.90 21.66 27.42 22.93 13.23 20.65 26.77 21.85

w/o redundancy criterion 14.19 21.59 33.23 26.02 13.87 23.09 30.32 24.49 14.19 22.70 28.39 23.10

w/o relevance criterion 15.48 22.97 32.26 25.95 14.52 23.36 29.68 23.73 13.87 19.66 28.71 22.93

w/o all strategies 10.32 21.64 28.06 24.24 10.00 19.97 25.81 20.58 11.61 20.70 24.84 20.16

Strong Domain Generalization. For training and test data

from different domains, our method demonstrates strong out-of-

domain generalization capability. For example, the training set

2WikiMQA primarily covers personal information, films, and al-

bums, while the test data FanoutQA focuses on geography, history,

and sports. Compared with previous SOTAmethods, RSLG achieves

an average absolute accuracy improvement of 3.76% across three

LLMs, showing a strong out-of-domain generalization capability.

Necessity of Short-to-Long Generalization. Answering long-
hop questions remains highly challenging for LLMs without multi-

hop reasoning on external knowledge (Pure-LLM). The internal

knowledge of LLMs is limited and may be outdated, whereas long-

hop questions require reasoning across multiple evidences. Since

long-hop data is difficult and expensive to collect at scale for model

training, improving the short-to-long generalization capability is

critical for effectively resolving long-hop questions.

4.3 Ablation Study
We conduct ablation study on Llama-3.1-8B-Instruct to assess the

contribution of each component. The results are shown in Table 2.

First, removing any component leads to a significant perfor-

mance drop, demonstrating the effectiveness of each strategy. In

particular, removing either the parallel or sequential pattern causes

a larger performance drop than removing others, proving that these

patterns provide crucial guidance for the decomposition process.

Second, within the local-to-global demonstration construction

strategy, removing the demonstration sampler generally produces

the biggest performance loss, highlighting the importance of diver-

sity in recursive demonstrations, as it enhances their applicability

to a broader range of target questions. Among the recursive ter-

mination criteria, the decomposability criterion matters most to

the performance, as it is crucial to avoid under-decomposition and

over-decomposition simultaneously.

Third, removing all components generally causes a larger per-

formance drop than removing any single one. This suggests that

these components complement each other across different aspects

and collaboratively achieve excellent performance.

4.4 Reasoning Effectiveness Analysis
In this section, we verify whether RSLG is effective in determining

where to go next and when to stop reasoning during reasoning stage.

The effectiveness of reasoning can be reflected by the recall
and precision metrics computed between the retrieved supporting

paragraphs and golden paragraphs. Generally, if the method can

effectively determine where to go next and when to stop reason-
ing during reasoning stage, it is expected to achieve higher recall
and precision in retrieving the relevant paragraphs. As FanoutQA

does not provide annotated golden paragraphs, we conduct exper-

iments on LonghopQA, with models trained on HotpotQA. The

sample paths refer to the retrieved supporting paragraph paths that

achieve the highest top-𝑘 similarity scores with the reasoning paths

composed of generated evidences. The results are shown in Fig. 5.
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Figure 5: The recall and precision of retrieved paragraphs.

Overall, our method consistently outperforms IRCOT and KGP

in both precision and recall. Notably, with a small number of sam-

ple paths, RSLG achieves substantially higher precision than base-

lines, indicating that it is more effective at precisely identifying the

next steps and stopping at the appropriate point to avoid under-

decomposition and over-decomposition. For instance, when sam-

pling just one path, RSLG attains absolute gains of 8.44% and 11.42%

in precision over the previous best results on the two LLMs, respec-

tively. As the number of sample paths increases, improvements in

recall become more pronounced, reflecting our method’s enhanced

reasoning ability to find the relevant evidences as fully as possible

without stopping at an inappropriate point. For example, when

sampling 30 paths, it achieves absolute gains of 10.72% and 12.77%

in recall over the prior best results on the two LLMs, respectively.

In summary, these findings demonstrate that our method excels at

effectively determining where to go next and when to stop reasoning.
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4.5 Decomposition Effectiveness Analysis
In this section, we evaluate our recursion-based decomposition

strategy by comparing it with other high-performance decompo-

sition strategies, including PS+ [45], self-ask [46], and Least-to-

most [18]. Since these strategies cannot work independently, we

integrate them into the RSLG framework. By replacing only decom-

position component while keeping all other modules unchanged,

we ensure a fair comparison focused solely on the decomposition.
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Figure 6: The performance of decomposition strategies.

As shown in Fig. 6, our decomposition strategy significantly

outperforms others. The primary reason is that our approach learns

to decompose long-hop questions through two recursive patterns

using only short-path data. Conversely, other methods depend on

demonstrations similar to the target complexity or rely entirely on

the LLMs themselves, making them less effective for short-to-long

generalization. Furthermore, their performance often falls below

that of the short-hop method KGP. This highlights that without

long-path data, these decomposition strategies struggle to handle

the complexities of long-path reasoning.

4.6 The Effectiveness on Different Long Hops
In this section, we investigate the advantages of ourmethod over the

previous SOTA method (KGP) across questions with varying hops.

The Llama-3.1-8B-Instruct is adopted as the underlying LLM for

this and the following sections.We group data from the LonghopQA

and FanoutQA datasets based on reasoning hops and separately

evaluate performance on different hops. As shown in Fig. 7, as the

number of required reasoning hops increases, our method achieves

increasingly significant performance gains compared to KGP. This

trend indicates that our method possesses stronger adaptability

when handling complex long-hop questions.

4.7 The Effectiveness of Short-hop Reasoning
In this section, we evaluate on short-hop data as previous multi-

hop methods. We compare our method against state-of-the-art

baselines on three 2-hop datasets. Other settings are consistent

with the main experiments. The experimental results, presented in

4.51
5.16 5.26 5.52

6.67

Figure 7: The performance gains on different long hops.

Table 3, demonstrate that our RSLG method also performs well on

short-hop reasoning. This observation proves that our method is

widely-adaptive on both short-hop and long-hop reasoning data.

Table 3: The comparison of short-hop reasoning.

Dataset

HotpotQA 2WikiMQA MuSiQue

Acc. F1 Acc. F1 Acc. F1

Pure-LLM 38.60 27.84 36.60 21.17 30.60 13.49

IRCOT 68.40 43.97 51.80 31.64 49.20 26.38

KGP 70.60 45.78 54.80 34.06 50.60 27.77

RSLG(ours) 74.80 47.62 57.40 35.89 54.00 28.93

4.8 Robustness Analysis
This section evaluates the RSLG’s robustness across different seed

demonstrations, redundancy and relevance hyperparameters.

As shown in Fig. 8, on three groups of random seed demonstra-

tions, RSLG exhibits great stability, as the standard deviation of per-

formance stays below 1.00% across different datasets. This high ro-

bustness is primarily attributed to the rigorous selector–filter–sampler

pipeline in the demonstration construction strategy, which effec-

tively avoids the instability caused by seed demonstrations and

ensures the high quality of final demonstrations.

0.66%

0.38%

0.31%

0.29%

0.80%

0.58%
0.68%

0.67%

0.66%

0.82%

0.26%

0.08%

(a) Train: HotpotQA (b) Train: 2WikiMQA (c) Train: MuSiQue

Figure 8: The robustness on different seeds.

As illustrated in Fig. 9, RSLG also demonstrates robust stability

across a wide range of values around the hyperparameter deter-

mined on the short-hop HotpotQA validation set. The standard

deviation of performance remains below 0.50% across datasets from

different domains. This indicates that RSLG is not sensitive to the

two hyperparameters and generalizes well to different domains.

Overall, the above results demonstrate the high robustness of

our method, confirming its suitability for real-world deployment.
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0.21%
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Figure 9: The robustness on different hyperparameters.

4.9 Efficiency Analysis
We evaluate the efficiency on NVIDIA A800 by comparing with

KGP and IRCOT, two representative baselines known for their high

efficiency and competitive performance. The comparison results

on FanoutQA dataset are shown in Fig. 10.
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Figure 10: The comparison of token and time consumption

Our method is more efficient than KGP and IRCOT in both to-

ken and time consumption. KGP and IRCOT repeatedly include all

previously retrieved information at each reasoning step, leading

to a rapid increase in token usage and inference time as reasoning

depth grows. In contrast, our method decomposes long-hop ques-

tions into independent short-hop sub-questions. Consequently, it

achieves lower token growth and latency, demonstrating superior

practicality for complex and large-scale applications.

4.10 Case Study
To intuitively demonstrate the decomposition effectiveness, we ana-

lyze a representative case. As shown in Fig. 11 (a), RSLG recursively

decomposes a long-hop (i.e., 8) question based on both parallel and

sequential patterns, and the decomposition terminates when any of

the termination criteria is met. Finally, the sub-questions located at

the leaf nodes (blue dashed boxes) require only short-hop reasoning,

which can be easily handled by a short-hop reasoning model.

In addition, we select a SOTA decomposition method and depict

its decomposition processes in Fig. 11 (b). Our observations reveal

that even when utilizing the advanced GPT-4o, the generated sub-

questions remain suboptimal. First, the decomposition granularity

is coarse-grained, with several essential short-hop reasoning sub-

questions omitted. The reason is that questions with a sequential

pattern cannot be decomposed directly. For instance, “What is the

box office value of The Phantom Menace (1999)?” cannot be gener-

ated directly when “The Phantom Menace (1999)” is not explicitly

available. Second, sub-questions 5 and 6 do not contribute to resolv-

ing the root question. Furthermore, sub-question 7 diverges from

the root question and is likely to mislead the answer.

What are the box office values of the 
prequel trilogy of the Star Wars series? 

What are the box office values of the 
sequel trilogy of the Star Wars series? 

What is 
the name 
of  the 
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trilogy of 
the Star 
Wars 
series? 

What are the box 
office values of The 
Phantom Menace 
(1999), Attack of 
the Clones (2002), 
Revenge of the Sith 
(2005)?

parallel 
decomposition

parallel 
decomposition

sequential decomposition

What is the box office 
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What is the box office 
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What is the box office 
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What is 
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What are the box 
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The Force 
Awakens (2015), 
The Last Jedi 
(2017), The Rise of 
Skywalker (2019)?

What is the box office 
value of The Force 
Awakens (2015)?

What is the box office 
value of The Last Jedi 
(2017)?

What is the box office 
value of The Rise of 
Skywalker (2019)?

Answer: 
1. The Phantom 
Menace (1999)
2. Attack of the 
Clones (2002)
3. Revenge of 
the Sith (2005)

Answer: 
1. The Force 
Awakens (2015)
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(2017)
3.The Rise of 
Skywalker (2019)

1. What are the titles of the Star 
Wars films in the prequel trilogy?

2. What are the box office values of 
each film in the prequel trilogy?

3. What are the titles of the Star 
Wars films in the sequel trilogy?

4. What are the box office values of 
each film in the sequel trilogy?

5. What is the total box office value 
of the prequel trilogy?

6. What is the total box office value 
of the sequel trilogy?

7. How do the box office values of the 
prequel and sequel trilogies compare?

(a) The decomposition processes of our method using Llama-3.1-8b-Instruct

(b) The decomposition processes of PS+ method using GPT-4o
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Figure 11: Case study.

5 Conclusion
In this paper, we explore the short-to-long generalization scenario
for the first time to enhance the model’s capability to handle long-

hop questions using easily collected short-hop reasoning data. To

address the challenges in determining where to go next and when to
stop, we propose the RSLG framework inspired by recursive algo-

rithms. It recursively decomposes long-hop questions into multiple

short-hop questions using both parallel and sequential recursion

patterns. Furthermore, three termination criteria are proposed from

the perspectives of decomposability, redundancy, and relevance

to ensure an appropriate stopping point. Extensive experiments

demonstrate the superiority of RSLG with excellent performance,

robustness, and efficiency.
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