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Abstract

Retrieval-Augmented Generation (RAG) en-
hances Large Language Models (LLMs) by in-
tegrating external knowledge, enabling them
to tackle knowledge-intensive tasks. However,
limited research has explored how LLMs effec-
tively leverage RAG techniques for multi-hop
Question Answering (QA), particularly when
handling knowledge with varying degrees of fa-
miliarity. In this paper, we introduce MINTQA
(Multi-hop Question Answering on New and
longTail Knowledge), a benchmark designed
to evaluate multi-hop QA performance on ques-
tions involving 10,479 question-answer pairs
for evaluating old/new knowledge and 17,887
pairs for assessing popular/unpopular knowl-
edge, with each question equipped with its sub-
questions and answers. This benchmark primar-
ily evaluates the multi-hop reasoning ability of
LLMs and their capacity to handle knowledge
with varying levels of familiarity during the
reasoning process. We evaluate 22 state-of-the-
art LLMs using three distinct QA strategies:
LLM-based parameterized knowledge QA, di-
rect RAG-enhanced QA, and multi-hop RAG-
enhanced QA. Our experiments reveal key chal-
lenges in how LLMs handle knowledge with
different familiarity and offer insights into im-
proving their multi-hop reasoning capabilities
when combined with RAG techniques.'

1 Introduction

Large Language Models (LLMs) have demon-
strated remarkable capabilities in Question Answer-
ing (QA) (Kamalloo et al., 2023; Wang and Qin,
2024). However, they face significant challenges
when handling questions requiring specific domain
knowledge or up-to-date information (Pan et al.,
2023). Although Retrieval-Augmented Generation
(RAG) provides an effective strategy for generat-
ing responses by incorporating external knowledge

'The MINTQA benchmark is available at
https://anonymous.4open.science/r/multi-hop-D70E/.
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Figure 1: An example for our benchmark: Given
a complex question, the model must decide whether
to decompose it into sub-questions and determine if
external knowledge retrieval is required.

(Soudani et al., 2024; Islam et al., 2024), optimiz-
ing the combination of LLMs and RAG remains
a critical challenge, particularly for multi-hop QA
tasks involving knowledge with varying familiarity
for models.

Consider a complex question: “What is the high-
est point in the country that hosted the 2010 Winter
Olympics?” As illustrated in Figure 1, answering
such questions necessitates decomposing them into
sub-questions, such as: (1) In which country were
the 2010 Winter Olympics held? and (2) What is
the highest point in Canada? Each sub-question
may require different knowledge sources. For in-
stance, the first can leverage parametric knowledge,
while the second needs related knowledge retrieval.

Current benchmarks for evaluating LLMs on
such multi-hop QA scenario have several limi-
tations. First, studies such as (Sun et al., 2023;
Maekawa et al., 2024; Zhang et al., 2024) primar-
ily focus on single-hop queries, leaving complex
multi-hop questions largely unexplored. Second,
while multi-hop benchmarks such as MultiHop-
RAG (Tang and Yang, 2024) assess retrieval ef-
fectiveness, they do not systematically evaluate
the interaction between question decomposition
and retrieval, a capability essential for real-world
applications. Furthermore, existing works like
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FanoutQA (Zhu et al., 2024a) and HotpotQA (Yang
et al., 2018) lack assessment of how models handle
queries containing new or unpopular knowledge,
which presents unique challenges in both decom-
position and retrieval.

To address these gaps and facilitate the effective
integration of LLMs and RAG techniques to handle
different knowledge during multi-hop QA reason-
ing, we propose MINTQA, a benchmark for evalu-
ating LLMs on complex multi-hop questions across
two critical dimensions: Unpopular knowledge
(information appearing infrequently in training cor-
pora) and New Knowledge (recently emerged enti-
ties or relationships). Figure 2 outlines our bench-
mark construction and the evaluation framework
based on the benchmark.

We construct MINTQA by systematically col-
lecting knowledge triplets based on Wikipedia and
Wikidata and using GPT-40 to generate multi-hop
questions spanning one to four hops. The bench-
mark comprises two sub-datasets: MINTQA-POP
(17,887 examples) focusing on unpopular/popular
knowledge, and MINTQA-TI (10,479 examples)
examining new/old knowledge, with each exam-
ple including sub-questions and answers for fine-
grained analysis of models’ reasoning processes.
Appendix D presents a comparison of MINTQA
with existing benchmarks, highlighting its unique
contributions to multi-hop QA evaluation.

Our framework evaluates LLMs across five
aspects: using parametric knowledge, retrieval-
augmented generation, sub-question generation,
and direct or dynamic decomposition-retrieval. Our
comprehensive evaluation of 22 state-of-the-art
LLMs reveals: First, performance differs across
knowledge with varying familiarity for the mod-
els, and the effectiveness of retrieval and ques-
tion decomposition strategies also varies for dif-
ferent knowledge. Second, all LL.Ms struggle with
multiple reasoning hops. Third, generating sub-
questions alone doesn’t significantly improve per-
formance and might even degrade results. Fourth,
retrieval effectiveness decreases with question com-
plexity. Fifth, combining decomposition and re-
trieval benefit models larger than 14B parameters
but do not improve smaller models, suggesting
smaller models need improved planning and re-
trieval capabilities. Sixth, our implementation of
dynamic retrieval methods (Ni et al., 2024) shows
that maintaining performance while reducing re-
trieval frequency remains challenging, with some
models showing excessive retrieval dependency.

Our main contributions are summarized as

follows:

1. To address limitations in existing benchmarks,
we introduce MINTQA, a novel benchmark
for evaluating LLMs for multi-hop reasoning
across knowledge of varying familiarity. The
best-performing LLaMA 3.1-70B’s 62.33%
accuracy demonstrates both our benchmark’s
difficulty and the remaining challenges in
complex multi-hop reasoning.

2. We present a systematic evaluation framework
examining key aspects of multi-hop QA, en-
abling comprehensive analysis of models’ rea-
soning capabilities and the effectiveness of
different retrieval and sub-questions genera-
tions strategies.

3. Our evaluation of 22 state-of-the-art LLMs
reveals their multi-hop reasoning limitations,
especially for questions with new or unpopu-
lar knowledge. LLMs still struggle to identify
the appropriate strategy to help correctly an-
swer questions requiring different knowledge
sources. The insights from our evaluation are
valuable for improving LLM’s multi-hop QA
capabilities.

2 Related Work

2.1 Multi-hop Question Answering (QA)

Multi-hop QA challenges LLMs by requiring
synthesis and reasoning across multiple sources
(Huang and Chang, 2023; Feng et al., 2020;
Khashabi et al., 2019). While researchers have pro-
posed decomposing complex questions into sub-
questions (Min et al., 2019; Wang et al., 2022,
2023; Liu et al., 2024), generating relevant sub-
questions and reasoning chains remains challeng-
ing. Existing benchmarks (Zhang et al., 2024; Zhu
et al., 2024a; Tang and Yang, 2024) assess retrieval
and multi-hop reasoning, but overlook when and
how to retrieve, interactions between decomposi-
tion and retrieval, or queries with new and unpop-
ular knowledge. Our MINTQA fills these gaps by
systematically evaluating LLMs’ on multi-hop QA.

2.2 Retrieval Augmented Generation (RAG)

RAG enhances LLMs’ performance in multi-
question answering by providing access to exter-
nal documents (Lewis et al., 2020; Xiong et al.,
2020), particularly for knowledge-intensive tasks
(Yu et al., 2020; Zhu et al., 2023). In sub-question
generation, RAG can verify and correct LLMs’ out-
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Figure 2: Illustration of the MINTQA construction
process (a) and the evaluation framework leveraging
MINTQA (b).

puts (Zhao et al., 2023; Shi et al., 2024a). However,
irrelevant retrievals can introduce noise (Yoran
et al., 2024; Joren et al., 2024), and external knowl-
edge may override model’s inherent knowledge
(Xu, 2023; Li et al., 2022), while adding computa-
tional overhead (Zhu et al., 2024b). While Jeong
et al. (2024) propose using a classifier to deter-
mine retrieval necessity, our research investigates
LLMs’ inherent ability to recognize when retrieval
is needed for sub-questions.

2.3 Evaluation of LLMs-based QA

Existing QA datasets for evaluating retrieval-
augmented LLMs fall into two categories: (1)
Reasoning-focused datasets (Ho et al., 2020; Yang
et al., 2018; Sen et al., 2022), such as MuSiQue
(Trivedi et al., 2021), FanOutQA (Zhu et al.,
2024a), and MultiHop-RAG (Tang and Yang, 2024)
that emphasize multi-hop reasoning across mul-
tiple documents; (2) Long-tail question datasets
(Mallen et al., 2022; Zhang et al., 2024), includ-
ing WiTQA (Maekawa et al., 2024) focusing on
rare single-hop queries and Head-to-Tail (Sun et al.,
2023) examining entity and relationship popularity
to highlight the value of knowledge graphs. Our
work extends these by evaluating both long-tail and
new-fact multi-hop QA, while analyzing models’

sub-question generation and retrieval capabilities.

3 Benchmark Construction

This section presents our comprehensive method-
ology for constructing two multi-hop QA bench-
marks: MINTQA-pPoP and MINTQA-TI, de-
signed to evaluate LLM across two critical dimen-
sions: knowledge popularity (popular versus un-
popular) and knowledge freshness (new versus old).
We first present the data construction methodology
for MINTQA-POP (Section 3.1). We then detail
the construction process of MINTQA-TI, which
follows a similar procedure but focuses on new/old
knowledge (Section 3.2). Finally, we describe our
QA generation process (Section 3.3) and present
comprehensive statistics of our constructed datasets
(Section 3.4).

3.1 Data Construction of MINTQA-POP

Collecting Facts We gather a collection of
facts with popularity, denoted as G, =
{(s,r,0),p|(s,r,0) € G,p € ZT)}, where G
refers to Wikidata, (s, r, o) represents a triple, p in-
dicates the popularity as the positive integer set Z™.
The triples are extracted from Wikipedia (version
2024-05-01). Specifically, we extract raw triples
in the format of (Head Span, Relation, Tail Span)
from Wikipedia passages using an existing informa-
tion extraction tool®. These raw triples are linked
to Wikidata (version 2024-04-22) using WikiMap-
per’, producing structured triples with Wikidata
IDs (s,7,0). We only keep the triples (s, ,0) ex-
isting in Wikidata. The popularity p of each triple is
calculated as the frequency of its occurrence across
the entire Wikipedia corpus.
Sampling fact chains We sample facts from
Gpop and concatenate them into a chain FC =
{(s1,71,01),---,(Sn,Tn,0n)} as the grounded
facts of a multi-hop question. We categorize
facts in Gp,, based on their popularity scores
into two distinct sets: unpopular knowledge
(Punpop = [1,10)) and popular knowledge
(Ppop = [60,00)). A fact chain FC is constructed
as an ordered sequence of connected triples: FC =
{(s1,71,01),- -, (Sn,Tn,0n)}, where n < 4 and
each triple can be either popular or unpopular. This
construction follows four key constraints:

1. Connectivity: o; = s;41 for all ¢ €

{1,...,n—1}.

“https://github.com/Babelscape/rebel
3https://github.com/jcklie/wikimapper



2. Acyclicity: o; # s; forall4,j € {1,...,n}.

3. Uniqueness: No fact chain FC can be a sub-
chain of another fact chain.

4. No Shortcuts: For each fact chain FC, there
does not exist a triple (s;, r, 05) in Gy, such
that j > i+ 1, wherei € {1,...,n — 1} and
je{2,...,n}.

5. Single Object: For each triple (s;,7;,0;) in
the fact chain, there does not exist another
triple (s;, i, 07) in Wikidata with a different
object.

3.2 Data Construction of MINTQA-TI

Building on the methodology established for
MINTQA-pPOP, we construct MINTQA-TI, fo-
cusing on old and new knowledge. To construct the
dataset, we extract two versions of Wikidata: 2021-
06-21 and 2024-06-05. We identify triples that are
either common to both versions or differ between
them. These triples form the knowledge graph G;.
We define old knowledge as triples present in both
Wikidata versions, and new knowledge as triples
only appearing in the newer version, characterized
by a new subject, relation, or object. Following
the same chain construction principles outlined in
Section 3.1, we create fact chains combining new
and old knowledge from G;.

3.3 QA Generation and Verification

Following WiTQA (Maekawa et al., 2024), we
employ GPT-40 to automatically generate ques-
tions from extracted triplets, overcoming the di-
versity and scalability issues of template-based
methods like PopQA (Mallen et al., 2022) and
the high costs of manual annotation. Given a
fact chain FC = {(s1,71,01), -+, (Sn,Tn,0n)},
where 0,1 = sp,1 € {2,...,n}, we aim to gen-
erate a question about s; that yields o, as the an-
swer. To enhance generation quality, we provide
one demonstration example per hop. And to ensure
validity, we verify questions by having the model
answer them using source contexts; only questions
yielding o,, are retained. Invalid questions are re-
generated up to three times, and unsatisfactory ex-
amples are discarded. For multi-hop questions (hop
count > 2), sub-questions for each intermediate
fact are also generated and validated. Examples are
included in the dataset only if the main question
and all sub-questions pass validation. This process
filtered out 138 and 67 examples from MINTQA-
POP and MINTQA-TI, respectively. Prompts and
examples are in Appendices C and E.

MINTQA-prOP 1-hop 2-hop 3-hop 4-hop Total
#Samples 5,894 4,428 4,664 2,901 17,887
#Input Tok. 52,488 59,699 74,363 57,579 244,129
#Input Vocab 7,468 5410 7,094 4,491 18,852
Avg. In. Len. 8.91 13.48 15.94 19.85 13.65
#Output Tok. 11,526 6,249 6,196 5,610 29,581
#Output Vocab 3,398 420 228 210 3,721
Avg. Out. Len. 1.96 1.41 1.33 1.93 1.65
Avg. Ctx. Len. 32.93 375.93 549.18 706.12 361.63
#Relations 124 84 85 98 140
#Entities 7,482 4,357 5,191 3,180 18,501
MINTQA-TI
#Samples 3,949 2,198 2,057 2,275 10,479
#Input Tok. 34,014 30,471 34,106 44,959 143,550
#Input Vocab 5,586 3,113 2,439 2,695 10,345
Avg. In. Len. 8.61 13.86 16.58 19.76 13.70
#Output Tok. 8,064 5,738 4,365 5,086 23,253
#Output Vocab 1,710 1,004 996 809 3,318
Avg. Out. Len. 2.04 2.61 2.12 2.24 2.22
Avg. Ctx. Len. 56.44 321.32 487.22 645.61 324.47
#Relations 123 147 149 147 189
#Entities 4,096 2,484 2,250 2,346 9,616

Table 1: Data statistics of MINTQA.

3.4 Dataset Statistics

Table 1 summarizes the statistics of the MINTQA -
POP and MINTQA-TI datasets, which exhibit
diverse coverage across multiple dimensions.
MINTQA-POP contains 17,887 examples and
MINTQA-TI 10,479, with over 2,000 examples
per hop category, ensuring robust evaluation. The
datasets include 18,501 and 9,616 entities, and 140
and 198 relationships, respectively, demonstrating
their diversity. As the number of hops increases,
the average context length grows, requiring mod-
els to retrieve more documents and face greater
challenges. For details, see the App. A.

4 Experimental Setup

4.1 Language Models and Configurations

Models We evaluate state-of-the-art LLMs across
various architectures and model sizes: GPT-3.5,
GPT-40, GPT-40 mini, LLLaMA-3.1/3.2 (Grattafiori
et al., 2024), Gemma-2 (Team et al., 2024), Mis-
tral (Jiang et al., 2023), Phi-3 (Abdin et al., 2024),
and Qwen2.5 (Hui et al., 2024). All models are
instruct versions. For simplicity, we omitted the
“instruct” name in the result presentation. To ensure
reproducibility, we set the temperature parameter
to 0 across all models and accelerated inference
using VLLM (Kwon et al., 2023). For more details,
please refer to Appendix F.

4.2 Evaluation Metrics

We adopt Accuracy (Acc) as our evaluation metric
across all experiments by determining whether the
ground-truth answer is present in the model’s pre-
dicted text across all experiments, consistent with
established benchmarks in factual knowledge as-
sessment (Ren et al., 2023; Maekawa et al., 2024,
Mallen et al., 2022).
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4.3 Research Questions

Based on the two proposed multi-hop QA sub-
datasets, MINTQA-POP, which involves popu-
lar/unpopular knowledge, and MINTQA-TI, in-
volving old/new knowledge, we investigate the fol-
lowing research questions:

RQ1: How do various LLMs perform in the
two multi-hop QA scenarios relying solely on their
internal knowledge? (Section 5) RQ)2: How do
LLMs perform, when enhanced with a direct re-
trieval approach, in the multi-hop QA scenarios,
and how do different retrievers perform? (Section
6) RQ3: How do LLMs enhanced with a multi-
hop RAG strategy (decomposition-then-retrieval
approach) perform in the multi-hop QA scenarios,
particularly when handling popular/unpopular and
old/new knowledge during the decomposition and
retrieval processes? (Section 7.1) R()4: Whether
decomposition-dynamic retrieval can help achieve
an optimal balance between performance and effi-
ciency, given the different knowledge types (pop-
ular/unpopular, old/new knowledge) involved in
multi-hop QA? (Section 7.2)

5 LLMSs’ Performance on MINTQA with
Parametric Knowledge

We evaluate LLMs on MINTQA using their para-
metric knowledge to understand intrinsic model
capabilities and dataset challenges. Specifically,
we prompt LLM using its own knowledge to di-
rectly answer questions, as shown in Table 14. The

(a) Qwen2.5-72B + Gold Retrieval on MINTQA-POP (b) Qwen2.5-72B + Gold Retrieval on MINTQA-TI
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Figure 4: The performance of Qwen2.5-72B with gold
retrieval across two datasets. The X-axis represents
the proportion of popular knowledge required in the
question, and the Y-axis indicates question hops.

results are shown in Figure 3 and further elabo-
rated in App. G.1. Our findings reveal signifi-
cant performance gaps between the MINTQA -
POP and MINTQA-TI. Models perform reason-
ably on MINTQA-POP (e.g., GPT-40: 77.79%,
LLaMA3.1-8B: 50.42% for single-hop questions)
but struggle on MINTQA-TI, with GPT-40’s accu-
racy dropping to 21.17% for single-hop questions.
This confirms MINTQA-TI’s effectiveness in eval-
uating knowledge beyond training data, and low
performance across models from LLaMA-3.2-1B
(7.78%) to GPT-40 (21.17%) demonstrates scaling
model size alone doesn’t address this. Moreover,
increased reasoning complexity further high-
lights these limitations. On MINTQA-POP, per-
formance drops sharply for three-hop (20.03%) and
four-hop (16.41%) questions, while on MINTQA-
TI, accuracy consistently declines with complexity.

6 Effectiveness of Direct Retrieval

After analyzing the performance of LLMs using
only their parametric knowledge on MINTQA in
Section 5, we find that LLMs struggle to answer
MINTQA questions independently. In this sec-
tion, we follow prior work (Mallen et al., 2022;
Maekawa et al., 2024) to assess the effectiveness of
the naive RAG approach, direct retrieval, when ap-
plied to LLMs for handling our complex multi-hop
questions. For each retrieval, we select the top-5
passages that are relevant to the question and input
them as context. The prompt is shown in Table 15.

6.1 Retrieval Model Setup

Retrieval Models We evaluate seven retrieval ap-
proaches across three categories: 1) Sparse re-
triever: BM25 (Robertson and Zaragoza, 2009).
2) Vector retrievers pre-trained on large unlabeled
corpora: Contriever (Izacard et al., 2021), GTR-
LARGE/XL (Ni et al., 2021) and BGE (Xiao
et al., 2023). 3) Instruction-tuned text embedding
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Figure 5: Performance comparison of LLMs on MINTQA-TI using different retrieval methods: “Oracle” uses
gold-standard retrieval passages, while “Vanilla” involves models answering without retrieval content.

retrievers: Instructor-XL (Su et al., 2022) and
Promptriever (Weller et al., 2024)..

Configuration We follow the approach of Yu et al.
(2023) to construct the retrieval corpus by lineariz-
ing the knowledge graph G into text. G consists
of Gpop (Section 3.1) and Gy; (Section 3.2). See
Appendix F.2 for details.

6.2 Performance Analysis

Figure 5 demonstrates that retrieval significantly
enhances performance, especially on MINTQA-
TI, with an average 30% accuracy gain over the
Vanilla setting (no retrieval). Similar trends are
observed on MINTQA-POP (refer to Figure 14).
Notably, in the Oracle setting, where gold-standard
passages are used, even small models like Llama-
3.2-1B achieve a 25% accuracy improvement com-
pared to the average performance of all retrievers
we used, emphasizing the potential for better re-
trievers. Appendix G.3 provides more analysis of
the retriever.

We analyze the impact of knowledge popularity
and newness on QA performance. Models with
different retrievers show inconsistent patterns
when varying proportions of new and popular
knowledge. To isolate retrieval quality, we pair
models with gold retrieval. Figures 4(a) and (b)
show that with Qwen2.5-72B with gold retrieval,
performance initially declines and then improves
as the proportion of popular or old knowledge de-
creases. This likely occurs because the model effec-
tively determine whether using parametric knowl-
edge and retrieval for fully familiar (100% popu-
lar/old) or unfamiliar (100% unpopular/new) ques-
tions but struggles with mixed knowledge, leading
to errors. Further analyses are in Appendix G.3.

7 Enhancing Multi-hop QA through
Integrating Decomposition and
Retrieval

Li and Peng (2023) and Shi et al. (2024b) highlight
the importance of effectively combining question
decomposition and retrieval for solving multi-hop
questions. In this section, we explore two advanced
RAG strategies (Decomposition-then-Retrieval and
Decomposition-Dynamic Retrieval).

7.1 Decomposition-then-Retrieval

Building on prior work (Li and Peng, 2023;
Shi et al., 2024b), we implement an iterative
decomposition-then-retrieval (DTR) approach
for multi-hop QA. At each step, the LLM deter-
mines one of two options: (1) further decomposing
the question into sub-questions, or (2) summarizing
a final answer based on the results of previously
resolved sub-questions. If option (1) is selected,
the LLM uses the full history of sub-questions and
their corresponding answers as context to gener-
ate a new sub-question. Subsequently, five rele-
vant documents are retrieved to assist in answer-
ing the new sub-question. If option (2) is chosen,
the LLM summarizes the entire history, including
all previously resolved sub-questions and their re-
sults, to produce a final answer. This iterative pro-
cess concludes when either option (2) is selected
or a maximum of five iterations is reached. The
prompts used for both decision-making and sum-
marization are shown in Tables 19 and 20. We
evaluate this approach using BM25, Contriever,
and Promptriever*.

Figure 6 shows patial results and Figure 13
shows the full results. On MINTQA-POP, larger
models (>14B) benefit from decomposition and re-
trieval compared to direct retrieval, while smaller

*GPT models were excluded due to high cost and limited
performance advantages over open-source LLMs (70B+).
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retrieval (see Section 6) instead of adopting the DTR approach. See full results in Figure 13.

BM25
Model } Acc (%) Avg. Sub Avg. Ret
MINTQA-POP

Qwen25-1.5B 25.86 (05 T13(10) _ 032(0.19)
Qwen2.5-3B 31,16 (-0.13) 178 (095 154 (0.71)
Qwen2.5-7B 32.98 (-2.68) 2.18(0.97)  1.14 (:0.07)
Qwen2.5-14B 53.77(-10.02)  3.44(1.1) 122 (-1.12)
Qwen2.5-32B 50.33 (-5.86) 279(1.02) 118 (-0.59)
Qwen2.5-72B 58.63 (-7.93) 3.01 (1.1) 1.34 (-0.57)
LLaMA-3.2-1B 2053 (:0.75) 179 (1.0) 136(057)
LLaMA-3.2-3B 37.23 (-0.64) 348(072) 326 (0.5)
LLaMA-3.1-8B 50.01 (-0.72) 3.88(0.56)  3.79 (0.47)
LLaMA-3.1-70B 64.80 (0.17) 3.41(0.89) 339 (0.87)
Mistral-7B~v0.3 2947 (-4.23) 313(0.76)  1.84(:053)
Ministral-8B-2410 | 3591 (-16.94)  2.95(0.96)  0.02(-1.97)
Mixtral-8x7B-v0.1 | 4828 (-7.08) 361(077) 129 (-155)
Phi-3-mini 2681 (254)  4.75(0.04) 223 (258)
Phi-3-small 37.09(-4.58)  2.92(0.44)  0.78(-1.7)
Phi-3-medium 40.16 (-524) 298 (0.87)  1.08 (-1.03)
Gemma-2-2B 3420 (-1331) 496 (0.13) 098 (3.85)
Gemma-2-9B 39.99(-18.52)  393(0.18)  0.32(-3.43)
Gemma-2-27B 64.64(037)  405(0.74)  4.01(0.7)

Table 2: The results for Decomposition-Dynamic Re-
trieval approach. Acc represents the accuracy of the
model in answering questions, Avg. Sub indicates
the average number of sub-questions generated by the
model, Avg. Ret refers to the average number of of
sub-questions that are deemed necessary for retrieval by
the model. The value in brackets indicates the value of
DDR minus that of DTR.

models (<8B) perform worse due to decomposition
errors. On MINTQA-TI, direct retrieval outper-
forms decomposition-then-retrieval for most mod-
els, suggesting new knowledge poses greater chal-
lenges than question decomposition.

7.2 Decomposition-Dynamic Retrieval

The iterative DTR strategy in Section 7.1 faces two
key challenges: high computational overhead from
repeated retrievals (Zhuang et al., 2024) and per-
formance degradation from unnecessary retrievals
(Mallen et al., 2022; Maekawa et al., 2024). To ad-

MINTQA-pOP MINTQA-TI
Model D @ [ O @
LLaMA-3.2-1B 19.62 41.89 6.88 14.23
LLaMA-3.2-3B 27.02 59.93 7.42 18.26
LLaMA-3.1-8B 37.28 70.69 9.82 23.75
LLaMA-3.1-70B 54.08 72.97 16.73 23.15
Mistral-7B-v0.3 31.41 58.80 9.52 16.00

Ministral-8B-2410 3576  59.61 10.54 17.44
Mixtral-8x7B-v0.1 45.66  68.90 12.08  20.93

Phi-3-mini 21.41 37.61 5.84 11.46
Phi-3-small 2698  38.53 8.09 13.52
Phi-3-medium 3891 64.29 10.18 19.45
Qwen2.5-1.5B 2574 59.29 9.07 18.33
Qwen2.5-3B 2386  55.90 6.99 15.87
Qwen2.5-7B 2632 55.83 8.93 17.85
Qwen2.5-14B 4134 65.67 1296  20.01
Qwen2.5-32B 39.16  63.44 12.51 19.79
Qwen2.5-72B 4499  54.62 14.10  20.51
Gemma-2-2B 25.67  49.97 8.04 14.32
Gemma-2-9B 38.18  59.65 11.17 18.09
Gemma-2-27B 4454  66.29 1236 18.90

Table 3: The accuracy of LLMs evaluated under query
decomposition settings: (1) the model generates and
answers sub-questions itself, and (2) the model answers
given gold sub-questions.

dress this, we explore the decomposition-dynamic
retrieval (DDR) approach that whether LLMs can
dynamically determine retrieval necessity. Follow-
ing (Ni et al., 2024), we implement a confidence-
guided retrieval mechanism, where LLM deter-
mines whether to directly answer a sub-question
or adopt the retrieval action when it has low con-
fidence for answering the sub-question (details in
App. F). Table 2 shows some results, with com-
plete results in App. G.4. The prompt used for this
experiment is shown in Table 21.

Our analysis reveals two key findings. First, re-
ducing retrievals while maintaining performance
proves challenging, with only the largest models
(LLaMA-3.1-70B and Gemma-2-27B) maintain-



ing accuracy despite high retrieval rates (>98%).
Other models show significant performance drops,
reflecting our datasets’ emphasis on rare and new
information. Second, models exhibit varying re-
trieval dependencies. Mistral and Phi models show
high self-confidence (55% retrieval rate), LLaMA
variants consistently trigger retrieval (>90%), while
Gemma models exhibit size-dependent behavior,
with retrieval rates ranging from <10% (2-9B) to
>98% (2-27B) on MINTQA-POP.

8 More Investigations

8.1 Comparison of DTR and DDR

In Tables 2 and 11, we can compare the perfor-
mance of the DTR strategy and the DDR strategy
in terms of accuracy (Acc), average number of
sub-questions (Avg.Sub), and average number of
retrieved sub-questions (Avg.Ret). In terms of ac-
curacy, most models perform worse with the DDR
strategy compared to the DTR strategy. Under
DDR, models generate more sub-questions than
with DTR, but retrieve for fewer sub-questions on
average. This suggests that while DDR improves
the retrieval efficiency of the model, it comes at
the cost of accuracy. The observed accuracy drop
indicates that, for current models on the MINTQA
dataset, there is a trade-off between accuracy and
efficiency that needs further improvement.

8.2 Oracle Analysis with Gold Component

We evaluate system limitations using gold-standard
sub-questions and their retrieved documents. Fig-
ure 6 shows notable gains across all models and
retrievers when using gold sub-questions (i.e. Gold
Subgeustion + Retrievers), especially for smaller
LLMs, highlighting their difficulties in generating
accurate sub-questions independently. Addition-
ally, previous work (Mallen et al., 2022; Maekawa
et al., 2024) has shown that retrieval introduces
noise that hurts QA performance when answering
popular single-hop questions, and we verify this
conclusion in the complex multi-hop question sce-
nario by having LLM perform retrieval only on
unpopular or new questions. The results (i.e. Gold
Subgeustion + Using Retrievers only Unpop/New
v.s. Gold Subgeustion + Retrievers) show that
answering complex multi-hop questions generally
yields better QA performance when using a com-
mon retriever that always performs the retrieval
operation.

Notably, even with perfect decomposition and

relevant documents (i.e. Gold Subgeustion + Gold
Retrieval), the accuracy of various LLM remains
below 100%. This reveals two challenges: extract-
ing relevant information from documents contain-
ing multiple facts and synthesizing information
across sub-questions, suggesting areas for future
improvement beyond retrieval and decomposition.

8.3 Effectiveness of Only Decomposition

In this section, we investigate whether only gen-
erating and answering sub-questions or providing
sub-questions for answering improves the accuracy
on our benchmark. Results can be seen in Table 3.

Self-Generated Sub-Questions: On MINTQA-
POP, self-generated sub-questions improve perfor-
mance slightly (e.g., LLaMA-3.1-8B: 34.83% to
37.28%), but they degrade accuracy on MINTQA-
TI (12.83% to 9.28%). This contrast reflects the re-
liance on models’ knowledge bases: for known but
unpopular facts in MINTQA-POP, decomposition
organizes existing knowledge, while on MINTQA-
TI, knowledge gaps might lead to flawed decompo-
sition and additional errors.

Providing Sub-Questions: Gold sub-questions
significantly boost performance on MINTQA-POP
(e.g., LLaMA-3.1-8B sees a 33.41% increase) by
clarifying reasoning paths and allowing models to
focus on synthesis. On MINTQA-TI, improve-
ments are modest, with the best accuracy (23.75%)
still from LLaMA-3.1-8B. This differences can be
expected. While decomposition can help models
better utilize their existing knowledge, it cannot
compensate for the fundamental lack of informa-
tion when handling questions about new facts.

9 Conclusion

In this work, we introduce MINTQA, a multi-
hop QA benchmark reasoning across popu-
lar/unpopular and old/new knowledge. MINTQA
spans reasoning chains from one to four hops, en-
abling systematic assessment of LL.Ms’ complex
reasoning abilities. We also propose a comprehen-
sive evaluation framework to assess key aspects of
multi-hop QA, including the effectiveness of differ-
ent question decomposition and retrieval strategies,
which allows detailed analysis of models’ reason-
ing capabilities. Evaluations on state-of-the-art
LLMs reveal that even the best LLM with retrieval
still struggle on our benchmark. We give detailed
discussions on the future work based on this paper
in App.L.



Limitation

This work has several key limitations. First, our
definition of long-tail and new facts relies solely
on Wikidata distribution patterns, which may not
very accurately reflect knowledge representation
in LLMs’ diverse pre-training corpora. Second,
our simplified approach to constructing the re-
trieval corpus by concatenating entity-related facts
into sequential sentences—differs from the com-
plexity of real-world documents and might poten-
tially overestimate the performance of retrieval-
augmented methods. Third, budget constraints
limited our evaluation of powerful closed-source
models like GPT-4, though preliminary results sug-
gest our benchmark remains challenging even for
these advanced systems. Fourth, using only GPT-
40 for eval data generation may cause bias. How-
ever, we counter that this bias is negligible. We
chose GPT-4o for its superior quality. The data-
gen task is simple, and our focus is on diverse
knowledge and retrieval. GPT-40 mainly adds aux
words, not affecting factual QA. Also, single-LLM
dataset construction is common in related work
(Maekawa et al., 2024; Zhong et al., 2023). Re-
garding methodology, while our prompting strategy
proved effective on the sampled data, we did not ex-
plore advanced techniques such as iterative prompt
optimization. However, we hypothesize that such
optimizations would yield limited improvements,
as the core challenge lies in models’ knowledge

gaps.
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A Data Analysis

A.1 Word Cloud Distribution

We conducted a word cloud analysis on the triplets
used in our dataset. We can observe from Figure
7 and 8 that the most frequent entities in our con-
structed dataset are related to geographical informa-
tion, with “United Kingdom” appearing the most
frequently. Following that, there are entities related
to events, such as “1992 Summer Olympics”.

Regarding relationships, the word “Country” ap-
pears the most, followed closely by “Capital”.
These relationships are also related to geograph-
ical information. However, we can observe other
noticeably frequent relationships, such as those re-
lated to “Place of Birth” and “Participant In”, which
are associated with individuals and events.

A.2 Data Type Distribution

Figures 9 and 10 show the distributions of pop-
ular versus unpopular facts and old versus new
facts within each hop category. Due to our focus
on model performance with unpopular and new
facts, we sampled more of these fact types. Certain
fact combinations such as “P,P,P”, three-hop chains
composed entirely of popular facts, do not occur in
our dataset, so they are not shown in the figures.
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B Human Sampling Check

Despite our data filtering strategy’s success in im-
proving data quality compared to the initial dataset,
some failure cases still exist. Our analysis revealed
that certain samples in the MINTQAQA dataset
share a common limitation: they contain reasoning
questions that lack sufficient context for definitive
answers. For instance, questions like “Which event
did the Iberian Revolutionary Liberation Directory
participate in?” demonstrate this issue.

Given MINTQA'’s role as an evaluation bench-
mark, we took measures to understand the effects
of such cases. We implemented a rigorous human
validation process. Two specialists who are En-
glish native speakers were hired to conduct a sys-
tematic evaluation of our randomly selected 500 in-
stances from MINTQA. Our primary objective was
to verify whether each question could be answered
definitively with the provided information. The an-
notators were tasked with assessing whether each
question could be answered unambiguously based
on the available context. The results were highly
encouraging: only 2% of the evaluated samples
exhibited contextual insufficiency, and no other
significant issues were identified. These findings
validate MINTQA’s overall quality while also con-
firming the effectiveness of our sample filtering
methodology. This low error rate demonstrates that
our quality control pipeline successfully maintains
the dataset’s integrity and reliability for evaluation
purposes.



Dataset #Questions  Multi-hop ~ Time  Popularity ~ Sub-questions | Original of Generated Questions

PopQA (Mallen et al., 2022) 14,268 X X v X Templates
WIiTQA (Maekawa et al., 2024) 14,837 X X v X Machine

Head-to-tail (Sun et al., 2023) 18,171 X X v X Template
RetrievalQA (Zhang et al., 2024) 1,271 X v v X Mixed
FreshQA (Vu et al., 2024) 600 v v X X Human
MultihopQA-RAG (Tang and Yang, 2024) 2,556 v X X X Machine
HotpotQA (Yang et al., 2018) 112,779 v X X X Human
MuSiQue (Trivedi et al., 2021) 24,814 v X X X Human

2WikiMultiHopQA (Ho et al., 2020) 192,606 v X X X Templates
Mintaka (Sen et al., 2022) 20,000 v X X X Human
FanoutQA (Zhu et al., 2024a) 1,034 v X X v Human
MINTQA (Ours) 28,366 v v v v Machine

Table 4: Comparison between MINTQA and other datasets.

C Details of Benchmark

C.1 Details of Benchmark Curation

In Section 3, we present a comprehensive de-
scription of our benchmark construction method-
ology. Our approach includes carefully designed
prompts for both question generation and validation
processes. The complete specifications of these
prompts are illustrated in figures 9 through 15.

C.2 License

Our benchmark data are released under the
MIT License, which is detailed in https:// open-
source.org/licenses/MIT.

D Comparison with Existing Benchmarks

In this section, we provide a comprehensive
comparison with question answering benchmarks
closely related to our own in Table 4.

Compared to previous benchmarks, ours en-
compasses both old/new knowledge and unpopu-
lar/popular knowledge, presenting new challenges
for retrieval-augmented large language model sys-
tems. Furthermore, unlike Retrieval QA (Zhang
et al., 2024), which covers old/new or unpopu-
lar/popular knowledge but relies on integrating ex-
isting QA datasets, our benchmark generates ques-
tions using language models, enabling scalable data
construction. RetrievalQA, on the other hand, is
constrained by the limited availability of existing
datasets and focuses solely on short-form open-
domain question answering.

Additionally, while multi-hop datasets exist,
only FreshQA (Vu et al., 2023) involves new knowl-
edge in questions. However, FreshQA’s data is
manually created, limited to just 600 samples, and
lacks scalability. Our dataset, by contrast, provides
sub-questions that assist in evaluating or training
models on intermediate reasoning steps in multi-
hop processes, enabling a more comprehensive as-
sessment of LLMs’ capabilities on similar tasks.
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This more integrated benchmark can help the
research community gain deeper insights into the
weaknesses of large models in question answering,
improve training methods, and address the limita-
tions of current benchmark practices.

E Qualitative Analysis

Table 22 to Table 30 present representative exam-
ples of multi-hop questions and their correspond-
ing sub-questions generated by GPT-4o for both
MINTQA-pPOP and MINTQA-TI datasets. We
have selected three representative instances for
each hop level, ranging from single-hop to four-hop
questions. As demonstrated in the table, GPT-40 ef-
fectively converted the triplets into well-structured,
coherent questions. The high quality of these gen-
erated questions makes them suitable for evalu-
ating retrieval-augmented LLLMs’ capabilities in
handling multi-hop questions that involve rare and
new knowledge.

F Additional Experimental Details

F.1 Implementation Details

In our experiments, we utilized the following state-
of-the-art LLMs, with detailed version specifica-
tions: GPT-3.5 (gpt-3.5-turbo-1106), GPT40-min
(gpt-40-mini-2024-07-18), GPT4o0 (gpt-40-2024-
08-06), LLaMA-3.1-8B (LLaMA-3.1-8B-instruct),
LLaMA-3.1-70B (LLaMA-3.1-70B-instruct),
LLaMA-3.2-1B (LLaMA-3.2-1B-instruct),
LLaMA-3.2-3B (LLaMA-3.2-3B-Instruct),
Qwen-2.5-1.5B (Qwen-2.5-1.5B-Instruct), Qwen-
2.5-3B (Qwen-2.5-3B-Instruct), Qwen-2.5-7B
(Qwen-2.5-7B-Instruct), Qwen-2.5-14B (Qwen-
2.5-14B-Instruct), Qwen-2.5-32B (Qwen-2.5-32B-
Instruct), Qwen-2.5-72B (Qwen-2.5-72B-Instruct),
Gemma-2-2B (Gemma-2-2B-it), Gemma-2-9B
(Gemma-2-9B-it), Gemma-2-27B (Gemma-2-
27B-it), Phi-3-mini (Phi-3-mini-4k), Phi-3-small
(Phi-3-small-8k), Phi-3-medium (Phi-3-medium-



POP

I TI

Model {

[ 1 0.67 0.5 0.33 0.25 0 ] 1 0.75 0.67 0.5 0.33 0.25 0
GPT
GPT-3.5 83.94 2.74 69.59 18.46 9.40 49.34 9.68 4.34 8.79 8.88 2.02 2.30 17.97
GPT-40 89.11 3.23 87.83 29.95 14.65 63.42 14.73 7.85 15.80 14.03 3.85 6.91 22.89
GPT-40-mini 84.32 2.88 78.55 26.24 12.30 47.96 12.31 6.20 12.09 11.32 3.49 4.93 18.90
Llama
Llama-3.2-1B 64.51 0.49 29.30 4.24 545 23.59 6.35 2.69 5.36 5.33 2.57 2.96 14.29
Llama-3.2-3B 75.87 1.41 58.91 14.22 7.05 29.17 7.40 5.37 6.18 6.84 3.12 4.44 15.91
Llama-3.1-8B 75.87 2.18 54.91 19.88 7.70 38.29 11.29 5.37 8.65 9.59 5.50 543 21.73
Llama-3.1-70B 90.42 2.32 68.99 22.84 12.15 55.23 13.47 7.44 11.95 15.80 4.22 7.57 23.06
Qwen
Qwen-1.5B 62.44 3.79 49.13 14.84 7.00 22.68 8.49 5.17 8.10 7.32 2.39 4.44 16.41
Qwen-3B 62.82 3.65 51.57 12.06 6.40 23.40 7.89 4.96 5.22 5.68 3.30 4.28 13.62
Qwen-7B 73.62 5.34 61.49 12.81 6.35 26.87 9.40 4.55 7.83 7.81 3.12 4.93 16.15
Qwen-14B 78.59 5.20 73.66 37.68 11.75 35.18 13.29 6.82 12.36 10.39 4.77 543 18.97
Qwen-32B 81.13 6.04 76.87 30.17 12.25 35.69 12.56 723 13.46 11.45 3.49 7.89 19.47
Qwen-72B 80.56 5.41 78.74 31.85 10.60 40.55 12.63 8.47 14.29 11.90 3.67 5.26 20.63
Gemma
Gemma-2-2B 57.18 1.05 36.83 10.73 4.40 2439 7.30 4.13 5.08 5.73 1.47 2.80 16.18
Gemma-2-9B 80.28 1.62 65.33 26.63 11.75 33.99 10.73 4.55 6.04 7.19 2.39 4.28 18.14
Gemma-2-27B 80.56 2.74 70.07 27.83 9.85 37.74 12.17 6.40 9.20 9.50 3.85 7.40 18.87
Phi
Phi-3-mini 79.53 2.67 64.41 23.06 10.70 33.17 9.61 5.58 11.13 9.19 239 7.57 15.45
Phi-3-small 74.74 2.18 60.06 21.33 9.60 3434 9.93 5.17 7.42 9.41 2.02 5.26 15.85
Phi-3-medium 84.79 2.60 70.35 25.57 11.40 45.97 10.87 6.82 12.50 11.10 2.20 4.28 17.34
Mistral
Mistral-7B-v0.3 81.31 1.48 48.78 12.81 8.00 36.20 9.12 3.93 7.14 7.55 2.39 4.11 18.21
Ministral-8B-2410 76.06 4.50 56.34 28.75 11.75 35.57 10.84 5.58 11.26 9.28 532 8.72 23.29
Mixtral-8x7B-v0.1 84.69 2.74 66.03 24.16 10.95 47.30 13.43 5.58 10.85 10.92 4.22 5.10 20.40

Table 5: The model’s accuracy in the zero-shot setting is analyzed within MINTQA-POP and MINTQA-TI,
categorized based on the proportion of popular facts and old facts. A value of 0 indicates that the questions are
entirely composed of unpopular facts or new facts, with other numbers increasing proportionally.

4k), Mistral-7B  (mistral-7B-instruct-v0.3),
Mixtral-8x7B (Mixtral-8x7B-instruct-v0.1), and
Ministral-8B (Ministral-8B-instruct-2410). All
experiments were conducted using 4 A100
(80GB) GPUs. From Table 14 to 21, we provide
the prompts used to instruct these models in
completing their respective tasks.

F.2 Retrievers and KG Linearization Details

We evaluate seven retrieval approaches across three
categories: 1) Sparse retriever: BM25 (Robert-
son and Zaragoza, 2009). 2) Vector retrievers pre-
trained on large unlabeled corpora: Contriever
(Izacard et al., 2021): Fine-tuned on MS-MARCO,
GTR-LARGE/XL (Ni et al., 2021) and BGE
(Xiao et al., 2023): Further fine-tuned on NQ
(Kwiatkowski et al., 2019) and HotpotQA (Yang
et al., 2018). 3) Instruction-tuned text embedding
retrievers: Instructor-XL (Su et al., 2022): Multi-
task trained on 330 tasks for instruction robustness.
Promptriever (Weller et al., 2024): Uses LLaMA
backbone, trained on curated instance-level instruc-
tion sets from MS-MARCO, demonstrating supe-
rior retrieval performance compared to Instructor-
XL.

We linearise the knowledge graph (KG) G as a
source of text retrieval in the corpus, with refer-
ence to the work in Yu et al. (2023). Specifically,
for each entity in G, we extract a 1-hop subgraph
centered on the entity and convert it into linearized
text, treating it as a passage. Since G includes
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both old and new versions of the Wikidata dump,
knowledge conflicts may arise due to updates. Con-
flicting triples are separated into different passages.
Each passage is split into chunks of 512 tokens, a
size shown to be effective for practical applications
(Wang et al., 2024).

G Additional Experiments and Result
Analysis

G.1 Zero-shot: Performance Across Retrieval
Categories

In Table 5, we present the performance of LLMs in
a zero-shot evaluation setting across different pro-
portions of unpopular/popular and old/new facts.
As observed, the accuracy is highest when ques-
tions are composed solely of popular or old facts.
For example, LLaMA-3.1-70B achieves an accu-
racy of 90.42% on MINTQA-POP and 13.47% on
MINTQA-TL

However, as the proportion of unpopular or new
facts increases, the accuracy of the models shows a
declining trend. Interestingly, when this proportion
reaches 1, the accuracy tends to rise compared to
lower ratios. This is likely because the proportion
of 1 often includes many 1-hop questions, which
are comparatively easier for the models to resolve.

G.2 Sub-question Generation Analysis

From Figures 15, we illustrate the relationship be-
tween the number of sub-questions generated by
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Figure 11: Recall performance of retrieval methods
across two datasets for varying question hops.

models and the corresponding gold sub-question
counts. This analysis considers scenarios where
models are required to independently generate and
answer sub-questions.

We observe substantial differences among mod-
els of similar sizes. For instance, the Qwen2.5-7B
model tends to generate fewer sub-questions, with
most counts falling in the range of 1 or 2. In con-
trast, the Mistral-7B model produces sub-questions
with a more uniform distribution, primarily rang-
ing from 2 to 5. Despite these differences, smaller
models, such as Qwen2.5-1.5B and LLaMA-3.2-
1B, exhibit similar trends. Both predominantly
generate only 1 sub-question, reflecting the lim-
ited capability of these smaller LLMs to generate
sub-questions as part of their answering process.
Examining the distributions of larger models on
the MINTQA-POP and MINTQA-TI datasets re-
veals that, despite differences in the datasets, large
models exhibit similar distributions in terms of ac-
tual step counts and the number of sub-questions
generated by the models.

G.3 More Analysis of Direct Retrieval

Direct retrieval strategy have limitations when han-
dling multi-hop questions. Figure 11 reveals sig-
nificant limitations in current direct retrieval ap-
proaches when handling multi-hop questions. First,
the retrieval effectiveness decreases markedly with
increased hop count. We observe a consistent de-
cline in recall rates across all retrieval methods as
question complexity increases, indicating funda-
mental limitations in the direct retrieval approach.
Second, among the retrieval methods evaluated,
BM25 demonstrated the best performance. This
can be explained by the highly structured nature of
our KG-linearized corpus. While dense retrieval
methods excel at capturing semantic similarities in
natural text, BM25’s lexical matching approach is
well-suited for knowledge graph-derived text.

We demonstrate the influence of knowledge new-

16

MINTQA-pOP | MINTQA-TI
Model Acc F1 Acc F1
GPT-3.5 5482  41.21 | 52.04 26.67
GPT-40-mini 65.61 48.67 | 59.56 28.72
GPT-40 68.84 5135 | 65.46 38.18
LLaMA-3.2-1B 67.05 26776 | 62.32 25.59
LLaMA-3.2-3B 56.40 3291 47.37 33.65
LLaMA-3.1-8B 5993 2583 | 5555 26.80
LLaMA-3.1-70B 70.03 4488 | 6326 29.54
Qwen2.5-1.5B 64.01 2647 | 5842 2492
Qwen2.5-3B 47.08 38.89 | 48.09 41.86
Qwen2.5-7B 7090 4823 | 6222 3447
Qwen2.5-14B 69.31 42.08 | 62.39 26.28
Qwen2.5-32B 28.74  29.80 18.69 11.04
Qwen2.5-72B 65.39 5533 | 51.11 37.00
Gemma-2-2B 5.39 3.84 21.07 14.53
Gemma-2-9B 70.90 46.18 | 63.05 30.39
Gemma-2-27B 7322  55.67 | 63.64 36.15
Phi-3-mini 64.47 2644 | 56.60 24.72
Phi-3-small 7579 5556 | 62.53 40.50
Phi-3-medium 28.43  21.69 18.50 10.64
Mistral-7B-v0.3 3758 3094 | 26.28 18.88
Ministral-8B-2401 | 67.07 2735 | 6227 25.66
Mixtral-8x7B-v0.1 | 28.00 15.14 18.48 10.51

Table 6: The model’s accuracy and F1 score for the task
of determining question retrieval, sub-question genera-
tion, or direct answering.

ness and popularity on direct retrieval scenarios,
using Qwen2.5-72B paired with BM25 as a repre-
sentative example. As shown in Figure 12 (a) and
(c), QA performance declines with an increasing
proportion of unpopular or new knowledge in ques-
tions. However, performance improves when the
proportion of new knowledge reaches 100% (i.e.,
no old knowledge), as higher new knowledge pres-
ence boosts recall rates (Figure 12 (d)), ultimately
enhancing QA accuracy on MINTQA-TI. This
highlights the retriever’s effectiveness in handling
new knowledge.

G.4 Complete Results for
Decomposition-Dynamic Retrieval

Table 11 presents the complete results on
MINTQA-pPOP and MINTQA-TI using large mod-
els to output confidence scores for sub-questions
and determine whether retrieval is needed based
on the confidence values. We conducted experi-
ments with three retrievers: BM25, Contrieve, and
PromptRetrieve.

H Evaluating LLMs’ Decision-Making
Capabilities in Multi-hop QA

When evaluating the ability of LLMs to answer
questions using their parametric knowledge, we
frequently observed “I don’t know” responses or
no answers at all. This clearly indicates the difficul-
ties LLMs encounter in solving complex multi-hop



MINTQA-pOP | MINTQA-TI MINTQA-pOP | MINTQA-TI
Model Acc F1 Acc F1 Model Acc F1 Acc F1
GPT-3.5 49.32  49.15 | 47.32 47.27 GPT-3.5 3774 30.78 | 43.74 38.20
GPT-40-mini 4777 4698 | 4748 47.14 GPT-40-mini 59.31 58.96 | 56.25 56.02
GPT-40 37.13  33.19 | 44.67 43.83 GPT-40 7130 7122 | 59.30 57091
LLaMA-3.2-1B 3140 2471 | 43.07 30.74 LLaMA-3.2-1B 23.14  20.09 | 33.86 23.47
LLaMA-3.2-3B 30.82 23.56 | 43.05 30.10 LLaMA-3.2-3B 28.62 22.63 | 3752 2698
LLaMA-3.1-8B 30.88 23.66 | 43.05 30.15 LLaMA-3.1-8B 3481 25.82 | 40.83 28.99
LLaMA-3.1-70B 54.60 5453 | 4846 47.70 LLaMA-3.1-70B 58.19 57.67 | 5243 5243
Qwen2.5-1.5B 41.76  41.55 | 51.03 51.03 Qwen2.5-1.5B 3481 25.82 | 40.83 28.99
Qwen2.5-3B 3342 2822 | 43.62 3343 Qwen2.5-3B 7749  72.19 | 59.52 49.39
Qwen2.5-7B 32.11  25.63 | 43.12 31.24 Qwen2.5-7B 62.16 62.13 | 53.25 52.85
Qwen2.5-14B 65.33 6342 | 5325 42.62 Qwen2.5-14B 79.05 7853 | 60.02 57.83
Qwen2.5-32B 68.13 63.53 | 53.87 43.39 Qwen2.5-32B 9594 9552 | 6253 58.74
Qwen2.5-72B 3225 2634 | 43.57 34.20 Qwen2.5-72B 83.68 83.06 | 62.03 59.54
Gemma-2-2B 30.82  23.56 | 43.06 30.11 Gemma-2-2B 34.81 25.82 | 40.83 28.99
Gemma-2-9B 5437 5437 | 50.99 50.65 Gemma-2-9B 40.05 34.31 | 43.79 38.25
Gemma-2-27B 69.39 6395 | 5558 41.72 Gemma-2-27B 65.83 65.82 | 5532 5493
Phi-3-mini 3228 26.05 | 43.23 3296 Phi-3-mini 3487 2592 | 41.11 30.07
Phi-3-small 3528 30.68 | 4435 4148 Phi-3-small 47.19 4444 | 46.71 44.78
Phi-3-medium 40.77  38.12 | 44.19 4275 Phi-3-medium 3536  26.77 | 42.65 35.16
Mistral-7B-v0.3 38.13  36.23 | 46.37 45.53 Mistral-7B-v0.3 3491 2599 | 40.87 29.31
Ministral-8B-2410 | 30.86  23.63 | 43.06 30.13 Ministral-8B-2410 | 34.81 25.82 | 40.88 29.14
Mixtral-8x7B-v0.1 | 6829 4332 | 5696 36.97 Mixtral-8x7B-v0.1 | 3596 28.18 | 41.73 32.52

Table 7: The accuracy and F1 scores of different mod-
els in determining whether sub-questions should be re-
trieved or directly answered.

questions relying solely on their internal knowl-
edge or limited single-step reasoning capabilities.
To overcome these challenges, LLMs often employ
sub-question decomposition and retrieval strategies.
Nevertheless, the effectiveness of these strategies
highly depends on the model’s capacity to deter-
mine when to utilize them. We analyze this from
three crucial aspects. Our objective here is to as-
sess the degree to which the model’s decisions are
consistent with the heuristic labels derived from
Wikidata. We regard this as an evaluation of pref-
erence.

H.1 Direct Answer vs. Decompositions vs.
Retrieval

When encountering multi-hop questions, mod-
els must choose between direct answering, sub-
question generation, or retrieval. This decision sig-
nificantly impacts system efficiency and accuracy.
Specifically, simple factual questions are often an-
swered directly, while multi-hop or rare fact queries
benefit from decomposition or retrieval. The evalu-
ation is conducted on the main question only and
involves a three - class classification: decomposi-
tion, retrieval, and direct answer. The labels are
assigned as follows:
* All queries with hop_num > 2 are labeled as
decomposition.
¢ Queries with hop_num == 1 constructed
from unpopular or new knowledge are labeled
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Table 8: The accuracy and F1 scores of the model in de-
termining whether the main question has been answered
based on the given sub-question-answer pair.

as retrieval.

* Queries with hop_num == 1 constructed
from popular or old knowledge are labeled as
direct answer.

The purpose of this evaluation is to analyze the
model’s initial decision - making when presented
with a question.

As shown in Table 6, Phi-3-small-8k performs
best on MINTQA-POP (Accuracy: 75.79%, F1:
55.56%), while GPT-40 leads on MINTQA-TI
(Accuracy: 65.46%, F1: 38.18%). However, model
size doesn’t always predict performance; Qwen2.5-
32B underperforms its 14B variant. Lower-
performing models, like Gemma-2-2B, favor direct
answering (92.59% on MINTQA-TI), likely due to
their limited ability to assess question complexity.

H.2 Direct Answer vs. Retrieval for
Sub-questions

When handling sub-questions, models must decide
between direct answering and retrieval based on
the required knowledge. Popular facts might be
answered directly, while tail knowledge or recent
information often requires retrieval. This evalua-
tion focuses on queries with hop_num > 2. Given
the main question and sub-questions, the model
must decide whether to retrieve or directly answer
each sub-question. The labels are assigned as fol-
lows:



* Sub-questions constructed from unpopular or

new knowledge are labeled as retrieval.

* Sub-questions constructed from popular or old

knowledge are labeled as direct answer.

Our experiments results in Table 7 reveal a
general correlation between model size and deci-
sion quality, with some exceptions. LLaMA-3.1-
70B outperforms other LLaMA variants, achieving
54.60% and 48.46% accuracy on MINTQA-POP
and MINTQA-TI, respectively. However, GPT-40
underperforms GPT-3.5, likely due to overconfi-
dence in its parametric knowledge, as it selects
direct answering on 93.48% of MINTQA-POP and
69.20% of MINTQA-TI questions. Additionally,
models perform better on MINTQA-TI, indicat-
ing new knowledge provides a clearer signal for
retrieval compared to knowledge of varying popu-
larity, where the decision boundary is less distinct.

H.3 Decomposition vs. Synthesis

For multi-hop questions (hop count > 2), we eval-
uate models’ ability to decide whether to decom-
pose further or synthesize the final answer from
intermediate results. This evaluation is also con-
ducted on queries with hop_num > 2. Given the
main question, sub-questions, and corresponding
sub-answers, the model must decide whether to
continue decomposition or synthesize an answer.
The labels are assigned as follows:

e If the number of sub-questions and sub-
answers is less than the main question’s hop
number, the model should continue decompo-
sition.

e If the number matches the hop number, the
model should synthesize an answer.

As shown in Table 8, performance generally cor-
relates with model size. Qwen2.5-32B achieves
95% accuracy on MINTQA-POP but drops to
62.53% on MINTQA-TI, reflecting new knowl-
edge poses challenges for synthesizing. Some mod-
els like Mistral-7B, show extreme biases, predict-
ing the main answer always within sub-answers for
99.90% cases of MINTQA-POP.

H.4 Accuracy and F1 Across Categories

Table 9 and 10 reports the accuracy and F1 scores
for each category under the evaluation setup de-
scribed in Section H.2 and H.3. From the table,
we can observe that most models demonstrate high
accuracy, often exceeding 90% or even reaching
100% in identifying sub-questions that can directly
generate answers. However, the F1 scores are sig-
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Class A Class B
Model Acc. F1 Acc. F1
GPT
GPT-3.5 89.4 52.1 | 31.5 462
GPT-40-mini 973 535 | 2577 40.5
GPT-40 997 494 | 93 16.9
Llama
Llama-3.2-1B 99.3  47.1 1.2 2.3
Llama-3.2-3B 100.0 47.1 0.0 0.0
Llama-3.1-8B 100.0 47.1 0.1 0.2
Llama-3.1-70B 949 563 | 36,6 52.8
Qwen
Qwen-1.5B 579 38.0 | 346 45.1
Qwen-3B 979 475 4.7 8.9
Qwen-7B 100.0 47.6 1.9 3.7
Qwen-14B 689 551 | 63.7 71.8
Qwen-32B 529 50.6 | 749 76.5
Qwen-72B 982 472 2.8 5.5
Gemma
Gemma-2-2B 100.0 47.1 0.0 0.0
Gemma-2-9B 88.7 545 | 39.1 542
Gemma-2-27B 496 50.0 | 782 78.0
Phi
Phi-3-mini 99.5 475 2.4 4.6
Phi-3-small 99.0 485 6.9 12.8
Phi-3-medium 99.7 509 | 145 253
Mistral
Mistral-7B-v0.3 89.8 472 | 151 252
Ministral-8B-2410 | 100.0 47.1 0.1 0.1
Mixtral-8x7B-v0.1 3.1 5.7 97.3 80.9

Table 9: The per-label accuracy and F1 scores for the
tasks of sub-question judgment, retrieval, or direct an-
swer generation.

nificantly lower. This discrepancy indicates that
models tend to predict that all examples are solv-
able, revealing an overconfidence in their ability to
answer our constructed benchmarks.

The table also highlights similar phenomena
across models, particularly for LLaMA-3.1-8B,
LLaMA-3.2-1B, LLaMA-3.2-3B, Qwen2.5-1.5B,
Gemma-2-2B, and Ministral-8B-2410. These mod-
els consistently predict that the main question can
be derived from existing sub-question answers. On
the other hand, models in the same series, such
as Qwen?2.5 variants, exhibit more balanced accu-
racy and F1 scores across categories. This reflects
significant inconsistencies among large models in
determining whether sub-question answers suffice
to answer the main question.

Such findings indicate the challenges of relying
on large models for complex reasoning tasks and
highlight the need for more robust evaluation met-
rics and methodologies.

I Discussion on Future Directions

Based on the findings and limitations highlighted in
this study, we propose several promising directions



Class A Class B
Model Acc. F1 Acc. F1
GPT
GPT-3.5 99.7 527 | 4.6 8.8
GPT-40-mini 985 62.8 | 384 55.1
GPT-40 952 698 | 58,5 727
Llama
Llama-3.2-1B 100.0 51.6 | 0.0 0.0
Llama-3.2-3B 1000 516 | 0.0 0.0
Llama-3.1-8B 1000 51.6 | 0.0 0.0
Llama-3.1-70B 99.6 624 | 36.1 53.0
Qwen
Qwen-1.5B 100.0 51.6 | 0.0 0.0
Qwen-3B 486 60.1 | 929 843
Qwen-7B 934 632 | 455 61.0
Qwen-14B 91.1 752 | 72.6 819
Qwen-32B 937 941 | 97.1 96.9
Qwen-72B 927 79.8 | 789 86.3
Gemma
Gemma-2-2B 100.0 51.6 0.0 0.0
Gemma-2-9B 100.0 53.7 8.1 14.9
Gemma-2-27B 97.1 664 | 49.1 652
Phi
Phi-3-mini 100.0 51.7 0.1 0.2
Phi-3-small 99.7 56.8 | 19.1 32.1
Phi-3-medium 100.0 51.8 0.9 1.7
Mistral
Mistral-7B-v0.3 100.0 51.7 0.2 0.3
Mixtral-8x7B-v0.1 989 51.8 2.3 4.6
Ministral-8B-2410 | 100.0 51.6 | 0.0 0.0

Table 10: The per-label accuracy and F1 scores for the
task where the model is required to determine whether
the answer to the main question has been found, given
the sub-questions and their answers.

for future research:

> Enhanced Sub-Question Generation and Plan-
ning Smaller models (<14B) struggle with sub-
question generation, suggesting a need for special-
ized training or architectural improvements. Future
work could explore fine-tuning on decomposed rea-
soning chains or integrating reinforcement learn-
ing to optimize decomposition strategies. Hybrid
approaches combining rule-based methods with
LLM-driven planning may also help.

> Adaptive Retrieval-Augmented Strategies Models
often over-rely on retrieval, leading to inefficien-
cies. Future research could focus on confidence
calibration, uncertainty-aware retrieval triggers, or
lightweight classifiers to reduce unnecessary re-
trievals while maintaining accuracy. Integrating
retrieval necessity prediction into training could
further optimize performance.

> Knowledge-Type-Aware Reasoning Models strug-
gle to distinguish between popular/unpopular and
old/new knowledge, leading to suboptimal strategy
selection. Future frameworks could incorporate
explicit knowledge-type classifiers or metadata to
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Figure 12: Heatmaps (a) and (c) show Qwen2.5-
72B with BM25 performance on two datasets, while
heatmaps (b) and (d) shows BM25 recall. The X-axis
represents the proportion of popular knowledge required
in the question, and the Y-axis indicates question hops.

guide retrieval and parametric knowledge usage,
improving decision-making during inference.

> Cross-Hop Information Synthesis Even with per-
fect retrieval and decomposition, models fail to
fully synthesize information across sub-questions.
This calls for the exploration of novel techniques
and architectures that can effectively integrate
knowledge from multiple sub-questions, leading to
more comprehensive and accurate answers.
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Figure 15: The confusion matrix of the number of sub-questions generated by the LLMs for main questions
categorized by hops in the setting of purely generating sub-questions.
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Model [ BM25 [ Contriever [ PromptRetrieval
[ Acc (%) Avg. Sub Avg. Ret | Acc (%) Avg. Sub Avg. Ret | Acc (%) Avg. Sub Avg. Ret
MINTQA-POP
Qwen Models
Qwen2.5-1.5B 25.86 (-0.50) 1.13 (+1.00) 0.32 (+0.19) 26.02 (-0.36) 1.15 (+1.02) 0.31 (+0.18) 26.13 (-0.35) 1.15 (+1.01) 0.32 (+0.18)
Qwen2.5-3B 31.16 (-0.13) 1.78 (+0.95) 1.54 (+0.71) 29.56 (-1.64) 1.70 (+0.89) 1.48 (+0.67) 31.55 (-2.50) 1.69 (+0.89) 1.47 (+0.67)
Qwen2.5-7B 32.98 (-2.68) 2.18 (+0.97) 1.14 (-0.07) 34.89 (-1.90) 2.11 (+0.93) 1.09 (-0.09) 36.58 (-3.93) 2.09 (+0.92) 1.10 (-0.07)
Qwen2.5-14B 53.77 (-10.02) 3.44 (+1.10) 1.22 (-1.12) 53.35 (-9.80) 3.45 (+0.99) 1.23 (-1.23) 55.53 (-12.39) 3.41 (+1.10) 1.21 (-1.10)
Qwen2.5-32B 50.33 (-5.86) 2.79 (+1.02) 1.18 (-0.59) 48.56 (-5.03) 2.77 (+0.92) 1.19 (-0.66) 50.84 (-6.40) 2.81 (+0.91) 1.18 (-0.72)
Qwen2.5-72B 58.63 (-7.93) 3.01 (+1.10) 1.35 (-0.56) 57.42 (+15.28) 3.05 (+3.05) 1.36 (+1.36) 60.89 (-9.33) 3.02 (+1.09) 1.32 (-0.61)
Llama Models
LLaMA-3.2-1B 20.53 (-0.75) 1.79 (+1.00) 1.36 (+0.57) 20.86 (-0.47) 1.79 (+1.00) 1.32 (+0.53) 21.13 (-0.46) 1.80 (+1.00) 1.32 (+0.52)
LLaMA-3.2-3B 37.23 (-0.64) 3.48 (+0.72) 3.26 (+0.50) 37.70 (-0.53) 3.49 (+0.68) 3.28 (+0.47) 38.04 (-0.27) 3.50 (+0.70) 3.29 (+0.49)
LLaMA-3.1-8B 50.01 (-0.72) 3.88 (+0.56) 3.79 (+0.47) 50.19 (-0.13) 4.05 (+0.49) 3.96 (+0.40) 54.38 (-0.54) 4.01 (+0.56) 3.91 (+0.46)
LLaMA-3.1-70B 64.80 (+0.17) 3.41 (+0.89) 3.40 (+0.88) 62.55 (+19.98) 3.38 (+3.38) 3.37 (+3.37) 69.21 (-0.07) 3.31 (+0.96) 3.30 (+0.95)
Mistral Models
Mistral-7B-v0.3 29.47 (-4.23) 3.13 (+0.76) 1.84 (-0.53) 28.80 (-5.18) 3.24 (+0.67) 1.77 (-0.80) 30.73 (-5.60) 3.20 (+0.72) 1.84 (-0.64)
Ministral-8B-2410 35.91 (-16.49) 2.95 (+0.96) 0.02 (-1.97) 36.04 (-19.19) 2.94 (+0.95) 0.02 (-1.97) 36.04 (-20.94) 2.94 (+0.97) 0.01 (-1.96)
Mixtral-8x7B-v0.1 48.28 (-7.08) 3.61 (+0.77) 1.29 (-1.55) 48.05 (-10.47) 3.60 (+0.86) 1.30 (-1.44) 49.00 (-13.10) 3.59 (+0.83) 1.23 (-1.53)
Phi Models
Phi-3-mini 26.81 (-2.54) 4.75 (+0.04) 2.23 (-2.48) 25.64 (-0.12) 4.71 (+0.03) 2.38 (-2.30) 27.63 (-1.79) 4.71 (+0.03) 2.28 (-2.40)
Phi-3-small 37.09 (-4.58) 2.92 (+0.44) 0.78 (-1.70) 37.19 (-6.28) 2.88 (+0.65) 0.79 (-1.44) 39.14 (-8.85) 2.87 (+0.62) 0.77 (-1.48)
Phi-3-medium 40.16 (-5.24) 2.98 (+0.87) 1.08 (-1.03) 39.65 (-5.31) 2.94 (+0.80) 1.07 (-1.07) 41.90 (-8.05) 2.96 (+0.81) 1.07 (-1.08)
Gemma Models
Gemma-2-2B 34.20 (-13.31) 4.96 (+0.13) 0.99 (-3.84) 34.62 (-11.07) 4.96 (+0.07) 1.00 (-3.89) 35.62 (-14.95) 4.96 (+0.07) 0.99 (-3.90)
Gemma-2-9B 39.99 (-18.52) 3.93 (+0.18) 0.32(-3.43) 40.20 (-16.35) 3.92 (+0.11) 0.34 (-3.47) 40.56 (-23.73) 3.92 (-0.07) 0.33 (-3.66)
Gemma-2-27B 64.64 (-0.37) 4.05 (+0.74) 4.01 (+0.70) 60.82 (-0.50) 4.09 (+0.71) 4.04 (+0.66) 68.64 (-0.40) 4.32 (+0.57) 4.28 (+0.53)
MINTQA-TI
Qwen Models
Qwen2.5-1.5B 9.49 (-0.29) 1.13 (+1.00) 0.35 (+0.22) 9.39 (-0.20) 1.14 (+1.01) 0.36 (+0.23) 9.47 (-0.11) 1.14 (+1.01) 0.36 (+0.23)
Qwen2.5-3B 18.18 (+0.00) 1.83 (+0.95) 1.65 (+0.77) 17.55 (-1.41) 1.78 (+0.91) 1.62 (+0.75) 17.76 (-1.27) 1.75 (+0.89) 1.59 (+0.73)
Qwen2.5-7B 20.36 (-2.60) 2.35 (+0.92) 1.58 (+0.15) 21.83 (-3.93) 221 (+0.92) 1.54 (+0.25) 21.34 (-3.26) 2.21 (+0.91) 1.56 (+0.26)
Qwen2.5-14B 39.40 (-10.01)  3.65(+0.84)  2.01 (-0.80) 4153 (-10.61)  3.63(+0.89)  2.00(-0.74) | 4091 (-10.25)  3.62 (+0.85) 1.98 (-0.79)
Qwen2.5-32B 33.87 (-6.81) 2.86 (+1.02) 1.87 (+0.03) 3491 (-6.53) 2.87 (+0.98) 1.89 (+0.00) 33.75 (-6.75) 2.89 (+0.97) 1.89 (-0.03)
Qwen2.5-72B 44.79 (-8.13) 3.42 (+0.95) 2.04 (-0.43) 45.99 (+32.78) 3.45 (+3.45) 2.06 (+2.06) 44.44 (-9.64) 3.47 (+0.92) 2.07 (-0.48)
Llama Models
LLaMA-3.2-1B 9.25 (-2.17) 1.94 (+0.99) 1.41 (+0.46) 9.47 (-2.36) 1.98 (+1.00) 1.34 (+0.36) 8.99 (-2.29) 1.99 (+0.99) 1.36 (+0.36)
LLaMA-3.2-3B 25.89 (-0.69) 373 (+0.65) 347 (+0.39) 27.39 (-0.68) 375 (+0.64)  3.49 (+0.38) 24.82 (-0.57) 3.74 (+0.62)  3.48 (+0.36)
LLaMA-3.1-8B 38.24 (-0.51) 3.99 (+0.49) 3.90 (+0.40) 40.40 (-0.64) 4.10 (+0.46) 4.01 (+0.37) 39.02 (-0.61) 4.11 (+0.48) 4.02 (+0.39)
LLaMA-3.1-70B 51.99 (-0.31) 3.70 (+0.91) 3.68 (+0.89) 52.16 (+39.78) 3.69 (+3.69) 3.67 (+3.67) 50.59 (-0.27) 3.71 (+0.90) 3.69 (+0.88)
Mistral Models
Mistral-7B-v0.3 9.86 (-7.75) 3.19 (+0.76) 1.72 (-0.71) 9.77 (-8.87) 3.41 (+0.65) 1.76 (-1.00) 10.16 (-8.92) 3.36 (+0.70) 1.81 (-0.85)
Ministral-8B-2410 10.69 (-29.81) 2.99 (+0.89) 0.10 (-2.00) 10.75 (-33.21) 2.99 (+0.88) 0.10 (-2.01) 10.71 (-33.46) 2.98 (+0.90) 0.10 (-1.98)
Mixtral-8x7B-v0.1 2491 (-2091)  3.97 (+0.78) 1.33 (-1.86) 26.19 (-21.47)  3.95(+0.77) 132 (-1.86) | 25.72(-20.78)  3.96 (+0.80) 1.29 (-1.87)
Phi Models
Phi-3-mini 17.38 (-3.95) 4.68 (+0.05) 2.44 (-2.19) 16.94 (-3.91) 4.65 (+0.06) 2.64 (-1.95) 17.21 (-3.43) 4.65 (+0.05) 2.51 (-2.09)
Phi-3-small 15.38 (-8.37) 3.15 (+0.48) 1.23 (-1.44) 15.71 (+15.71) 311 (+3.11) 1.22 (+1.22) 16.20 (-11.60) 3.11 (+0.61) 1.21 (-1.29)
Phi-3-medium 19.58 (-12.64) 3.19 (+0.80) 1.35 (-1.04) 19.12 (-12.92) 3.21 (+0.77) 1.34 (-1.10) 19.18 (-11.87) 3.19 (+0.77) 1.33 (-1.09)
Gemma Models
Gemma-2-2B 24.67 (-12.69) 4.93 (+0.06) 1.78 (-3.09) 25.34 (-13.12) 4.94 (+0.05) 1.82 (-3.07) 24.48 (-12.59) 4.93 (+0.07) 1.80 (-3.06)
Gemma-2-9B 15.29 (-29.38) 4.59 (+0.29) 0.91 (-3.39) 16.08 (-26.57) 4.58 (+0.27) 0.91 (-3.40) 16.50 (-26.89) 4.58 (+0.19) 0.92 (-3.47)
Gemma-2-27B 48.39 (-1.21) 4.49 (+0.51) 4.43 (+0.45) 45.35 (-0.30) 4.53 (+0.47) 4.47 (+0.41) 47.45 (-0.47) 4.53 (+0.48) 4.47 (+0.42)

Table 11: The full results for Decomposition-Dynamic Retrieve. Acc represents the model’s accuracy (%), Avg.

Sub is the average number of sub-questions generated, Avg. Ret is the average number of sub-questions actually
used for retrieval. The difference between DDR and DTR is shown in brackets (>=0 is green, <0 is red).
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You are a powerful multi-hop question generator. Users will provide a chain of Wikidata triplets, and you will help write
questions to ask the tail entity from the head entity. The format of a wikidata triple is (subject, relation, object). You
shouldn’t include bridge entities in generated questions. The questions should only include the head entity. All involved
relations must be reflected in the question.

#Example 1

Wikidata triplets:(Four Peaks, mountain range, x1), (x1, located in the administrative territorial entity, x2), (x2, located
in the administrative territorial entity, x3), (x3, office held by head of government, x4)

Generated question: Who holds the office of the head of government for the administrative entity where the mountain
range Four Peaks is located??

#Example 2
Wikidata triplets: (Alena Vostra, place of birth, x1)
Generated question: Where was Alena Vostrd born?

#Example 3
Wikidata triplets: (Anguilla, country, x1), (x1, capital, x2)
Generated question: what is the capital of the country of the Anguilla?

#Example 4

Wikidata triplets: (Nazko River, mouth of the watercourse, x1), (x1, mouth of the watercourse, x2),
(x2, country, x3)

Generated question: In which country does the Nazko River ultimately discharge its waters?

#Example 5
Wikidate triplets: {Sampled facts}
Generated question:

Table 12: The prompt used to generate questions is based on sampled facts. Additionally, we include 4 demonstra-
tions showcasing examples ranging from 1-hop to 4-hop reasoning.

You are a powerful question answering system. Users will provide a question and useful context. The provided context are
some wikidata triplets which format is (subject, relation, object). You should answer the question based on the context.
The answer should be a single entity or a list of entities. If the answer is a list of entities, you should return the most
relevant one.

Context: {related documents}

Question: {question}

Table 13: The prompt used for question quality inspection provides a given question and its corresponding facts. We
aim for the GPT-4o to correctly answer the question based on this information.
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Below is a question, please answer it directly
and keep your answer as short as possible.
Question: {question }

Answer:

Table 14: The prompt designed to guide the model in
providing a concise answer directly to the question.

Given some related documents: {re-
trieved_documents}.  This is a question:
{question}. Please answer the question directly.
Please keep your answer as short as possible.
Answer:

Table 15: The prompt instructs the model to provide a
concise answer to the question based on the retrieved
documents.



Here is a question: {question}
To answer this question. You have to three choices now:

(choice A) Generate a sub-question.
(choice B) Answer the question directly if you are confident to answer it.
(choice C) retrieve some document to help you answer the question.

If you choose (choice A), please output:

n,on

{{"choice A": {{"sub-question": "your_sub_question_here"}}}}

If you choose (choice B), please output:

n,on

{{"choice B": {{"answer": "your_answer_here"}}}}

If you choose (choice C), please output:
{{"choice C": retrieval } }

The final output should be in the form of a JSON string, without any additional content. Please keep
your answer as short as possible.
Output:

Table 16: The prompt is used for retrieval tasks, directly generating answers or creating sub-questions for judgment
purposes.

Given a question: {question}
The subsequent sub-questions: {sub_questions}

You have two choices now:

(choice A) answer the final sub-question directly.

(choice B) retrieve some document to help you answer the question. Just output retrieval as a
placeholder.

If you choose (choice A), please output:

n,on

{{"choice A": {{"answer": "your_answer_here"}}}}

If you choose (choice B), please output:
{{"choice B": retrieval } }

The final output should be in the form of a JSON string, without any additional content. Please keep
your answer as short as possible.
Output:

Table 17: The prompt is used for evaluating sub-questions, performing retrieval, or directly generating answers.
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Given a main question: {question}
And sub-question-answer pairs: {sub_question_answer_pairs }

Please judge if the main question has been finished. You have two choices now:

(choice A) The answer can be found in the sub-question-answer pairs. If you choose this choice,
please output the final answer.
(choice B) The answer cannot be found and a new sub-question needs to be generated.

If you choose (choice A), please output:
{{"choice A": {{"answer": "final_answer_here"}}}}

If you choose (choice B), please output:

n,oon

{{"choice B": {{"sub-question": "new_sub-question_here"}}}}

The final output should be in the form of a JSON string, without any additional content. Please keep
your answer as short as possible.
Output:

Table 18: The prompt provides sub-questions and their answers, requiring the model to determine whether the
answer to the main question has been found.
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To answer this question, you may need to generate subquestions following these guidelines:
Given a main question and optional previous subquestion-answer pairs, you may need to generate
subquestions to help answer this main question. Please ensure to only generate subquestions that
are relevant to answering the main question. When there are no more subquestions needed, output
"finish".

Input Format

liRequired:

- Main Question: [question]

Optional:

- Previous Subquestion: [subquestion]

- Previous Answer: [subanswer]

Output Format

One of:

- Next Subquestion: [new subquestion]

- "finish" (when no further subquestions are needed)

Generation Guidelines

1. Subquestions should:

- Break down complex aspects of the main question

- Follow a logical progression

- Be specific and focused

- Build upon previous answers when available

2. Output "finish" when:

- All relevant aspects have been covered

- Further breakdown would not add value

- The question has been fully addressed

Examples

Example 1:

Input:

- Main Question: "What is the location of the headquarters of the institution where Percival Lowell
was educated?"

- Previous Subquestion: "Where did Percival Lowell receive his education?"

- Previous Answer: "Harvard University."

Output:

- Next Subquestion: "Where is the headquarters of Harvard University?"

Example 2:

Input:

- Main Question: "What is the capital of France?"

Output:

- "finish"

Main Question: {question}

{previous_subquestion_answer_pairs}

Output:

Table 19: This prompt indicates that the model determines whether to generate sub-questions based on the previous
answer history, to further break down the main question, or to finish the continued generation of sub-questions.
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Based on the main question and all subquestion-
answer pairs, please provide a comprehensive
final answer. Please keep your answer as short
as possible.

Main Question: {main_question}

Previous Subquestions and Answers:
{history_str}

Final Answer:

Table 20: The prompt instructs the model to summarize
and generate the answer to the main question based on
the sub-questions and their answers.

Answer the following question based on your
internal knowledge with one or few words.
Add a confidence indicator after your answer: -
"certain" if you are completely confident in the
accuracy - "uncertain” if you have any doubts
Input Format

Input:

- Question: [question]

Output Format

Output:

- Answer: [brief answer]

- Confidence: [certain/uncertain]

Question: {question}

Output:

Table 21: The prompt requires the model to output a
confidence score for the generated sub-questions, which
will be used to determine whether retrieval is necessary.



Triplets: [[Pigeon Bay Domain, country, New Zealand]]
Main Question: In which country is Pigeon Bay Domain located?
Main Answer: New Zealand

Type: New

Triplets: [[Eveline Hoffmann, place of detention, Theresienstadt Ghetto]]
Main Question: Where was Eveline Hoffmann detained?
Main Answer: Theresienstadt Ghetto

Type: Old

Table 22: One-hop question-answer pairs and their corresponding types in MINTQA-TIL.

Triplets: [[Scram Kitty and his Buddy on Rails, publisher, Dakko Dakko], [Dakko Dakko, industry, video game industry]]
Main Question: In which industry does the publisher of Scram Kitty and his Buddy on Rails operate?

Main Answer: video game industry

Subquestion pairs:

Sub-question 0: Who is the publisher of Scram Kitty and his Buddy on Rails? Sub-answer 0: Dakko Dakko. Type: New
Sub-question 1: In which industry does Dakko Dakko operate? Sub-answer 1: video game industry. Type: New

Triplets: [[CineKink NYC, location, New York City], [New York City, capital of, United States of America]]

Main Question: CineKink NYC is located in the city that is the capital of which entity?

Main Answer: United States of America

Subquestion pairs:

Sub-question 0: Where is CineKink NYC located? Sub-answer 0: New York City. Type: New

Sub-question 1: What entity has New York City as its capital? Sub-answer 1: United States of America. Type: Old

Triplets: [[Sanna Aunesluoma, residence, Espoo], [Espoo, member of, Union of the Baltic Cities]]

Main Question: Which organization or group is the residence of Sanna Aunesluoma a member of?

Main Answer: Union of the Baltic Cities

Subquestion pairs:

Sub-question 0: Where does Sanna Aunesluoma reside? Sub-answer 0: Espoo. Type: Old

Sub-question 1: Of which entity is Espoo a member? Sub-answer 1: Union of the Baltic Cities. Type: New

Triplets: [[Horst Hoffmann, country of citizenship, German Democratic Republic], [German Democratic Republic, legislative body, Volkskammer]]
Main Question: What is the legislative body of the country where Horst Hoffmann holds citizenship?

Main Answer: Volkskammer

Subquestion pairs:

Sub-question 0: What is the country of citizenship of Horst Hoffmann? Sub-answer 0: German Democratic Republic. Type: Old

Sub-question 1: What is the legislative body of the German Democratic Republic? Sub-answer 1: Volkskammer. Type: Old

Table 23: Two-hop question-answer pairs and their corresponding types in MINTQA-TI.
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Triplets: [[Systems and methods for mesh augmentation and prevention of incisional hernia, owned by, The Trustees of the University of Pennsylvania],
[The Trustees of the University of Pennsylvania, headquarters location, Philadelphia], [Philadelphia, member of, Organization of World Heritage Cities]]
Main Question: Of which entity is the headquarters location of the owner of the "Systems and methods for mesh augmentation and prevention of incisional
hernia" a member?

Main Answer: Organization of World Heritage Cities

Subquestion pairs:

Sub-question 0: Who owns the patent for Systems and methods for mesh augmentation and prevention of incisional hernia? Sub-answer 0: The Trustees
of the University of Pennsylvania. Type: New

Sub-question 1: Where is the headquarters of The Trustees of the University of Pennsylvania located? Sub-answer 1: Philadelphia. Type: New
Sub-question 2: What is Philadelphia a member of? Sub-answer 2: Organization of World Heritage Cities. Type: New

Triplets: [[De grote Gwen en Geraldine show, nominated for, Dutch Podcast Award for Chatcast Vermaak], [Dutch Podcast Award for Chatcast Vermaak,
country, Netherlands], [Netherlands, language used, Dutch]]

Main Question: What is the language used in the country for which "De grote Gwen en Geraldine show" was nominated?

Main Answer: Dutch

Subquestion pairs:

Sub-question 0: For what award was "De grote Gwen en Geraldine show" nominated? Sub-answer 0: Dutch Podcast Award for Chatcast Vermaak. Type:
New

Sub-question 1: In which country is the Dutch Podcast Award for Chatcast Vermaak given? Sub-answer 1: Netherlands. Type: New

Sub-question 2: What language is used in the Netherlands? Sub-answer 2: Dutch. Type: Old

Triplets: [[Gathering to Celebrate Old Age, creator, Tomioka Tessai], [Tomioka Tessai, location, Tokyo National Museum], [Tokyo National Museum,
member of, Japan Consortium for Open Access Repository]]

Main Question: Which organization or group is the location associated with the creator of "Gathering to Celebrate Old Age" a member of?

Main Answer: Japan Consortium for Open Access Repository

Subquestion pairs:

Sub-question 0: Who is the creator of Gathering to Celebrate Old Age? Sub-answer 0: Tomioka Tessai. Type: New

Sub-question 1: Where is Tomioka Tessai located? Sub-answer 1: Tokyo National Museum. Type: Old

Sub-question 2: What organization or association is the Tokyo National Museum a member of? Sub-answer 2: Japan Consortium for Open Access
Repository. Type: New

Triplets: [[The Woman Who Cooked Her Husband, author, Debbie Isitt], [Debbie Isitt, country of citizenship, United Kingdom], [United Kingdom,
continent, Europe]]

Main Question: On which continent does the author of "The Woman Who Cooked Her Husband" hold citizenship?

Main Answer: Europe

Subquestion pairs:

Sub-question 0: Who is the author of "The Woman Who Cooked Her Husband"? Sub-answer 0: Debbie Isitt. Type: New

Sub-question 1: What is the country of citizenship of Debbie Isitt? Sub-answer 1: United Kingdom. Type: Old

Sub-question 2: On which continent is the United Kingdom located? Sub-answer 2: Europe. Type: Old

Triplets: [[Mubarak Shah, religion or worldview, Islam], [Islam, item operated, Qalab], [Qalab, cause of death, Ajal]]
Main Question: What was the cause of death for the operator of the religion or worldview followed by Mubarak Shah?
Main Answer: Ajal

Subquestion pairs:

Sub-question 0: What is the religion or worldview of Mubarak Shah? Sub-answer 0: Islam. Type: Old

Sub-question 1: What item is operated by Islam? Sub-answer 1: Qalab. Type: New

Sub-question 2: What was the cause of death for Qalab? Sub-answer 2: Ajal. Type: New

Triplets: [[Felipe Borrego Estrada, place of birth, Zacatecas], [Zacatecas, member of, Organization of World Heritage Cities], [Organization of World
Heritage Cities, headquarters location, Quebec City]]

Main Question: Where is the headquarters of the entity that the birthplace of Felipe Borrego Estrada is a member of?

Main Answer: Quebec City

Subquestion pairs:

Sub-question 0: Where was Felipe Borrego Estrada born? Sub-answer 0: Zacatecas. Type: Old

Sub-question 1: Of which organization is Zacatecas a member? Sub-answer 1: Organization of World Heritage Cities. Type: New

Sub-question 2: Where is the headquarters of the Organization of World Heritage Cities located? Sub-answer 2: Quebec City. Type: Old

Triplets: [[Hykjeberget, operator, Dalarna County Administrative Board], [Dalarna County Administrative Board, headquarters location, Falun], [Falun,
twinned administrative body, Hamina]]

Main Question: What administrative body is twinned with the location of the headquarters of the operator of Hykjeberget?

Main Answer: Hamina

Subquestion pairs:

Sub-question 0: Who operates Hykjeberget? Sub-answer 0: Dalarna County Administrative Board. Type: Old

Sub-question 1: Where is the headquarters of the Dalarna County Administrative Board located? Sub-answer 1: Falun. Type: Old

Sub-question 2: Which administrative body is twinned with Falun? Sub-answer 2: Hamina. Type: New

Triplets: [[University of California Italian Studies Multicampus Research Group, country, United States of America], [United States of America, highest
point, Denali], [Denali, mountain range, Alaska Range]]

Main Question: What is the mountain range that contains the highest point in the country where the University of California Italian Studies Multicampus
Research Group is located?

Main Answer: Alaska Range

Subquestion pairs:

Sub-question 0: In which country is the University of California Italian Studies Multicampus Research Group located? Sub-answer 0: United States of
America. Type: Old

Sub-question 1: What is the highest point in the United States of America? Sub-answer 1: Denali. Type: Old

Sub-question 2: In which mountain range is Denali located? Sub-answer 2: Alaska Range. Type: Old

Table 24: Three-hop question-answer pairs and their corresponding types in MINTQA-TI.
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Triplets: [[Patricia Florence Suthers, sibling, Elaine Suthers], [Elaine Suthers, mother, Elsie Suthers], [Elsie Suthers, country of citizenship, United
Kingdom], [United Kingdom, highest point, Ben Nevis]]

Main Question: What is the highest point in the country where the mother of Patricia Florence Suthers’ sibling is a citizen?

Main Answer: Ben Nevis

Subquestion pairs:

Sub-question 0: Who is the sibling of Patricia Florence Suthers? Sub-answer 0: Elaine Suthers. Type: New

Sub-question 1: Who is the mother of Elaine Suthers? Sub-answer 1: Elsie Suthers. Type: New

Sub-question 2: Which country is Elsie Suthers a citizen of? Sub-answer 2: United Kingdom. Type: New

Sub-question 3: What is the highest point in the United Kingdom? Sub-answer 3: Ben Nevis. Type: Old

Triplets: [[Patricia Florence Suthers, mother, Elsie Suthers], [Elsie Suthers, spouse, Robert Suthers], [Robert Suthers, relative, Miriam Farid], [Miriam
Farid, country of citizenship, United Kingdom]]

Main Question: What is the country of citizenship of the relative of Patricia Florence Suthers’ mother’s spouse?

Main Answer: United Kingdom

Subquestion pairs:

Sub-question 0: Who is the mother of Patricia Florence Suthers? Sub-answer 0: Elsie Suthers. Type: New

Sub-question 1: Who is the spouse of Elsie Suthers? Sub-answer 1: Robert Suthers. Type: New

Sub-question 2: Who is a relative of Robert Suthers? Sub-answer 2: Miriam Farid. Type: New

Sub-question 3: Which country is Miriam Farid a citizen of? Sub-answer 3: United Kingdom. Type: New

Triplets: [[May Hnin Aw Kanya, mother, May Hnin Htapi], [May Hnin Htapi, father, Loethai], [Loethai, child, Lithai], [Lithai, notable work,
Traibhumikatha]]

Main Question: What is the notable work of the child of the father of the mother of May Hnin Aw Kanya?

Main Answer: Traibhumikatha

Subquestion pairs:

Sub-question 0: Who is the mother of May Hnin Aw Kanya? Sub-answer 0: May Hnin Htapi. Type: New

Sub-question 1: Who is May Hnin Htapi’s father? Sub-answer 1: Loethai. Type: New

Sub-question 2: Who is the child of Loethai? Sub-answer 2: Lithai. Type: Old

Sub-question 3: What is a notable work created by Lithai? Sub-answer 3: Traibhumikatha. Type: New

Triplets: [[SEOlytics, parent organization, Sistrix], [Sistrix, country, Germany], [Germany, continent, Europe], [Europe, shares border with, Asia]]
Main Question: Which continent shares a border with the continent where the country of SEOlytics’ parent organization is located?

Main Answer: Asia

Subquestion pairs:

Sub-question 0: What is the parent organization of SEOlytics? Sub-answer 0: Sistrix. Type: New

Sub-question 1: In which country is Sistrix located? Sub-answer 1: Germany. Type: New

Sub-question 2: On which continent is Germany located? Sub-answer 2: Europe. Type: Old

Sub-question 3: Which continent shares a border with Europe? Sub-answer 3: Asia. Type: Old

Triplets: [[Sri Dhamasokaraj, relative, Saileuthai], [Saileuthai, father, Lithai], [Lithai, sibling, May Hnin Htapi], [May Hnin Htapi, place of death,
Mottamal]

Main Question: Where did the sibling of the father of Sri Dhamasokaraj pass away?

Main Answer: Mottama

Subquestion pairs:

Sub-question 0: Who is a relative of Sri Dhamasokaraj? Sub-answer 0: Saileuthai. Type: New

Sub-question 1: Who was the father of Saileuthai? Sub-answer 1: Lithai. Type: Old

Sub-question 2: Who is Lithai’s sibling? Sub-answer 2: May Hnin Htapi. Type: New

Sub-question 3: Where did May Hnin Htapi die? Sub-answer 3: Mottama. Type: New

Triplets: [[Frank Gailor, educated at, New College], [New College, founded by, William of Wykeham], [William of Wykeham, country of citizenship,
Kingdom of England], [Kingdom of England, replaced by, Kingdom of Great Britain]]

Main Question: Which entity replaced the country of citizenship of the founder of the institution where Frank Gailor was educated?

Main Answer: Kingdom of Great Britain

Subquestion pairs:

Sub-question 0: Where was Frank Gailor educated? Sub-answer 0: New College. Type: New

Sub-question 1: Who founded New College? Sub-answer 1: William of Wykeham. Type: Old

Sub-question 2: Which country was William of Wykeham a citizen of? Sub-answer 2: Kingdom of England. Type: New

Sub-question 3: What entity replaced the Kingdom of England? Sub-answer 3: Kingdom of Great Britain. Type: Old

Triplets: [[The Life You Can Save, author, Peter Singer], [Peter Singer, mother, Cora Singer], [Cora Singer, father, David Ernst Oppenheim], [David Ernst
Oppenheim, academic degree, doctorate]]

Main Question: What academic degree does the father of the author of "The Life You Can Save" hold?

Main Answer: doctorate

Subquestion pairs:

Sub-question 0: Who is the author of "The Life You Can Save"? Sub-answer 0: Peter Singer. Type: Old

Sub-question 1: Who is Peter Singer’s mother? Sub-answer 1: Cora Singer. Type: New

Sub-question 2: Who is the father of Cora Singer? Sub-answer 2: David Ernst Oppenheim. Type: New

Sub-question 3: What academic degree does David Ernst Oppenheim hold? Sub-answer 3: doctorate. Type: Old

Triplets: [[Geoffrey Howe, creator, June Mendoza], [June Mendoza, place of birth, Melbourne], [Melbourne, located in or next to body of water, Yarra
River], [Yarra River, continent, Australian continent]]

Main Question: On which continent is the body of water located next to the place where the creator Geoffrey Howe was born?

Main Answer: Australian continent

Subquestion pairs:

Sub-question 0: What did Geoffrey Howe create? Sub-answer 0: June Mendoza. Type: Old

Sub-question 1: Where was June Mendoza born? Sub-answer 1: Melbourne. Type: New

Sub-question 2: Which body of water is Melbourne located near? Sub-answer 2: Yarra River. Type: Old

Sub-question 3: On which continent is the Yarra River located? Sub-answer 3: Australian continent. Type: New

Table 25: Four-hop question-answer pairs and their corresponding types in MINTQA-TI (part 1).
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Triplets: [[Descenso a los fascismos, place of publication, Barcelona], [Barcelona, member of, Creative Cities Network], [Creative Cities Network,
operator, UNESCO], [UNESCO, operating area, worldwide]]

Main Question: In what area does the operator of the organization that includes the place where "Descenso a los fascismos" was published operate?
Main Answer: worldwide

Subquestion pairs:

Sub-question 0: Where was "Descenso a los fascismos” published? Sub-answer 0: Barcelona. Type: New

Sub-question 1: What organization or group is Barcelona a member of? Sub-answer 1: Creative Cities Network. Type: Old

Sub-question 2: Who operates the Creative Cities Network? Sub-answer 2: UNESCO. Type: Old

Sub-question 3: What is the operating area of UNESCO? Sub-answer 3: worldwide. Type: New

Triplets: [[Monument to Terenzio Mamiani, commemorates, Terenzio, Count Mamiani della Rovere], [Terenzio, Count Mamiani della Rovere, award
received, Order of the Redeemer], [Order of the Redeemer, founded by, Otto of Greece], [Otto of Greece, spouse, Amalia of Oldenburg]]

Main Question: Who is the spouse of the founder of the award received by the person commemorated by the Monument to Terenzio Mamiani?

Main Answer: Amalia of Oldenburg

Subquestion pairs:

Sub-question 0: Who is commemorated by the Monument to Terenzio Mamiani? Sub-answer 0: Terenzio, Count Mamiani della Rovere. Type: New
Sub-question 1: What award did Terenzio, Count Mamiani della Rovere receive? Sub-answer 1: Order of the Redeemer. Type: Old

Sub-question 2: Who founded the Order of the Redeemer? Sub-answer 2: Otto of Greece. Type: Old

Sub-question 3: Who was the spouse of Otto of Greece? Sub-answer 3: Amalia of Oldenburg. Type: Old

Triplets: [[Tansen, religion or worldview, Islam], [Islam, item operated, Qalab], [Qalab, cause of death, Ajal], [Ajal, location, treasures of God in Islam]]
Main Question: Where did the cause of death of the religious figure associated with Tansen occur?

Main Answer: treasures of God in Islam

Subquestion pairs:

Sub-question 0: What is the religion or worldview associated with Tansen? Sub-answer 0: Islam. Type: Old

Sub-question 1: What item is operated by Islam? Sub-answer 1: Qalab. Type: New

Sub-question 2: What was the cause of death for Qalab? Sub-answer 2: Ajal. Type: New

Sub-question 3: Where is Ajal located? Sub-answer 3: treasures of God in Islam. Type: New

Triplets: [[Irma Stern, place of birth, Bratislava], [Bratislava, member of, League of Historical Cities], [League of Historical Cities, headquarters location,
Kyoto], [Kyoto, highest point, Mount Minako]]

Main Question: What is the highest point of the location where the headquarters of the entity that includes the birthplace of Irma Stern is situated?
Main Answer: Mount Minako

Subquestion pairs:

Sub-question 0: Where was Irma Stern born? Sub-answer 0: Bratislava. Type: Old

Sub-question 1: Of which organization is Bratislava a member? Sub-answer 1: League of Historical Cities. Type: New

Sub-question 2: Where is the headquarters of the League of Historical Cities located? Sub-answer 2: Kyoto. Type: Old

Sub-question 3: What is the highest point in Kyoto? Sub-answer 3: Mount Minako. Type: Old

Triplets: [[Andrew Cogglesby, present in work, Evan Harrington], [Evan Harrington, author, George Meredith], [George Meredith, spouse, Mary Meredith],
[Mary Meredith, cause of death, kidney failure]]

Main Question: What was the cause of death of the spouse of the author who created the work featuring Andrew Cogglesby?

Main Answer: kidney failure

Subquestion pairs:

Sub-question 0: In which work does Andrew Cogglesby appear? Sub-answer 0: Evan Harrington. Type: Old

Sub-question 1: Who is the author of "Evan Harrington"? Sub-answer 1: George Meredith. Type: Old

Sub-question 2: Who is the spouse of George Meredith? Sub-answer 2: Mary Meredith. Type: New

Sub-question 3: What was the cause of death of Mary Meredith? Sub-answer 3: kidney failure. Type: New

Triplets: [[Federico Cocozza, employer, Curie Institute], [Curie Institute, founded by, Marie Curie], [Marie Curie, ethnic group, Poles], [Poles, language
used, Church Slavonic]]

Main Question: What language is used by the ethnic group of the founder of Federico Cocozza’s employer?

Main Answer: Church Slavonic

Subquestion pairs:

Sub-question 0: Who employs Federico Cocozza? Sub-answer 0: Curie Institute. Type: Old

Sub-question 1: Who founded the Curie Institute? Sub-answer 1: Marie Curie. Type: Old

Sub-question 2: What is the ethnic group of Marie Curie? Sub-answer 2: Poles. Type: New

Sub-question 3: Which language is used by Poles? Sub-answer 3: Church Slavonic. Type: Old

Triplets: [[Devespresso Games, headquarters location, Seoul], [Seoul, member of, Creative Cities Network], [Creative Cities Network, operator, UNESCO],
[UNESCO, operating area, worldwide]]

Main Question: What is the operating area of the operator of the member organization where Devespresso Games’ headquarters is located?

Main Answer: worldwide

Subquestion pairs:

Sub-question 0: Where is the headquarters of Devespresso Games located? Sub-answer 0: Seoul. Type: Old

Sub-question 1: Of which organization is Seoul a member? Sub-answer 1: Creative Cities Network. Type: Old

Sub-question 2: Who operates the Creative Cities Network? Sub-answer 2: UNESCO. Type: Old

Sub-question 3: What is the operating area of UNESCO? Sub-answer 3: worldwide. Type: New

Triplets: [[Sonetto I, author, Vittorio Alfieri], [Vittorio Alfieri, place of death, Florence], [Florence, present in work, Civilization V], [Civilization V,
developer, Firaxis Games]]

Main Question: Who is the developer of the work where the place of death of the author of Sonetto I is present?

Main Answer: Firaxis Games

Subquestion pairs:

Sub-question 0: Who is the author of Sonetto I? Sub-answer 0: Vittorio Alfieri. Type: Old

Sub-question 1: Where did Vittorio Alfieri die? Sub-answer 1: Florence. Type: Old

Sub-question 2: In which work is Florence present? Sub-answer 2: Civilization V. Type: Old

Sub-question 3: Who developed Civilization V? Sub-answer 3: Firaxis Games. Type: Old

Table 26: Four-hop question-answer pairs and their corresponding types in MINTQA-TI (part 2)..

Triplets: [[Papanasam taluk, country, India]]

Main Question: In which country is Papanasam taluk located?
Main Answer: India

Type: Popular

Triplets: [[Jerod Swallow, sports discipline competed in, ice dance]]
Main Question: In which sports discipline does Jerod Swallow compete?
Main Answer: ice dance

Type: Unpopular

Table 27: One-hop question-answer pairs and their corresponding types in MINTQA-POP.
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Triplets: [[Gmina Szypliszki, country, Poland], [Poland, capital, Warsaw]]

Main Question: What is the capital of the country where Gmina Szypliszki is located?

Main Answer: Warsaw

Subquestion pairs:

Sub-question 0: In which country is Gmina Szypliszki located? Sub-answer 0: Poland. Type: Popular
Sub-question 1: What is the capital of Poland? Sub-answer 1: Warsaw. Type: Popular

Triplets: [[Canary Islands, country, Spain], [Spain, legislative body, Cortes Generales]]

Main Question: What is the legislative body of the country to which the Canary Islands belong?

Main Answer: Cortes Generales

Subquestion pairs:

Sub-question 0: Which country are the Canary Islands part of? Sub-answer 0: Spain. Type: Popular
Sub-question 1: What is the legislative body of Spain? Sub-answer 1: Cortes Generales. Type: Unpopular

Triplets: [[Pabna Cadet College, country, Bangladesh], [Bangladesh, capital, Dhaka]]

Main Question: What is the capital of the country where Pabna Cadet College is located?

Main Answer: Dhaka

Subquestion pairs:

Sub-question 0: In which country is Pabna Cadet College located? Sub-answer 0: Bangladesh. Type: Unpopular
Sub-question 1: What is the capital of Bangladesh? Sub-answer 1: Dhaka. Type: Popular

Triplets: [[Brackendale Eagles Provincial Park, country, Canada], [Canada, highest point, Mount Logan]]

Main Question: What is the highest point in the country where Brackendale Eagles Provincial Park is located?

Main Answer: Mount Logan

Subquestion pairs:

Sub-question 0: In which country is Brackendale Eagles Provincial Park located? Sub-answer 0: Canada. Type: Unpopular
Sub-question 1: What is the highest point in Canada? Sub-answer 1: Mount Logan. Type: Unpopular

Table 28: Two-hop question-answer pairs and their corresponding types in MINTQA-POP.

Triplets: [[Cuzco Department, country, Peru], [Peru, capital, Lima], [Lima, located in or next to body of water, Rimac River]]
Main Question: Which body of water is located in or next to the capital of the country where the Cuzco Department is found?
Main Answer: Rimac River

Subquestion pairs:

Sub-question 0: In which country is the Cuzco Department located? Sub-answer 0: Peru. Type: Popular

Sub-question 1: What is the capital of Peru? Sub-answer 1: Lima. Type: Popular

Sub-question 2: Which body of water is Lima located next to? Sub-answer 2: Rimac River. Type: Unpopular

Triplets: [[Kirkovo Municipality, country, Bulgaria], [Bulgaria, highest point, Musala], [Musala, mountain range, Rila]]
Main Question: Which mountain range includes the highest point in the country of Kirkovo Municipality?

Main Answer: Rila

Subquestion pairs:

Sub-question 0: Which country is Kirkovo Municipality located in? Sub-answer 0: Bulgaria. Type: Popular
Sub-question 1: What is the highest point in Bulgaria? Sub-answer 1: Musala. Type: Unpopular

Sub-question 2: In which mountain range is Musala located? Sub-answer 2: Rila. Type: Unpopular

Triplets: [[Nicu Stroia, participant in, 1992 Summer Olympics], [1992 Summer Olympics, country, Spain], [Spain, capital, Madrid]]
Main Question: What is the capital of the country where Nicu Stroia participated in an event?

Main Answer: Madrid

Subquestion pairs:

Sub-question 0: In which events or activities did Nicu Stroia participate? Sub-answer 0: 1992 Summer Olympics. Type: Unpopular
Sub-question 1: In which country were the 1992 Summer Olympics held? Sub-answer 1: Spain. Type: Popular

Sub-question 2: What is the capital of Spain? Sub-answer 2: Madrid. Type: Popular

Triplets: [[Bunk Moreland, present in work, The Wire], [The Wire, original broadcaster, HBO], [HBO, parent organization, WarnerMedia]]
Main Question: What is the parent organization of the original broadcaster of the work featuring Bunk Moreland?

Main Answer: WarnerMedia

Subquestion pairs:

Sub-question 0: In which work does the character Bunk Moreland appear? Sub-answer 0: The Wire. Type: Unpopular

Sub-question 1: What is the original broadcaster of The Wire? Sub-answer 1: HBO. Type: Popular

Sub-question 2: What is the parent organization of HBO? Sub-answer 2: WarnerMedia. Type: Unpopular

Triplets: [[Ewout van Asbeck, sport, field hockey], [field hockey, country of origin, England], [England, capital, London]]
Main Question: What is the capital of the country of origin of the sport in which Ewout van Asbeck participates?

Main Answer: London

Subquestion pairs:

Sub-question 0: What sport does Ewout van Asbeck participate in? Sub-answer 0: field hockey. Type: Unpopular
Sub-question 1: Which country is the origin of field hockey? Sub-answer 1: England. Type: Unpopular

Sub-question 2: What is the capital of England? Sub-answer 2: London. Type: Popular

Triplets: [[College Hockey in the D, sport, ice hockey], [ice hockey, authority, International Ice Hockey Federation], [International Ice Hockey Federation,
headquarters location, Ziirich]]

Main Question: Where is the headquarters of the authority governing the sport of College Hockey in the D located?

Main Answer: Ziirich

Subquestion pairs:

Sub-question 0: What sport is associated with College Hockey in the D? Sub-answer 0: ice hockey. Type: Unpopular

Sub-question 1: Which organization is the governing authority for ice hockey? Sub-answer 1: International Ice Hockey Federation. Type: Unpopular
Sub-question 2: Where are the headquarters of the International Ice Hockey Federation located? Sub-answer 2: Ziirich. Type: Unpopular

Table 29: Three-hop question-answer pairs and their corresponding types in MINTQA-POP.
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Triplets: [[National Hockey League, sport, ice hockey], [ice hockey, authority, International Ice Hockey Federation], [International Ice Hockey Federation,
country, Switzerland], [Switzerland, continent, Europe]]

Main Question: On which continent is the country that has authority over the sport played in the National Hockey League located?

Main Answer: Europe

Subquestion pairs:

Sub-question 0: What sport is played in the National Hockey League? Sub-answer O: ice hockey. Type: Popular

Sub-question 1: Which organization is the governing authority for ice hockey? Sub-answer 1: International Ice Hockey Federation. Type: Unpopular
Sub-question 2: Which country is the International Ice Hockey Federation based in? Sub-answer 2: Switzerland. Type: Unpopular

Sub-question 3: On which continent is Switzerland located? Sub-answer 3: Europe. Type: Unpopular

Triplets: [[Rafael Bejarano, place of birth, Arequipa], [Arequipa, country, Peru], [Peru, capital, Lima], [Lima, located in or next to body of water, Rimac
River]]

Main Question: Which body of water is the capital of the country where Rafael Bejarano was born located next to?

Main Answer: Rimac River

Subquestion pairs:

Sub-question 0: Where was Rafael Bejarano born? Sub-answer 0: Arequipa. Type: Unpopular

Sub-question 1: In which country is Arequipa located? Sub-answer 1: Peru. Type: Popular

Sub-question 2: What is the capital of Peru? Sub-answer 2: Lima. Type: Popular

Sub-question 3: Which body of water is Lima located next to? Sub-answer 3: Rimac River. Type: Unpopular

Triplets: [[The Perfect Cocktail, part of the series, How I Met Your Mother], [How I Met Your Mother, original broadcaster, CBS], [CBS, owned by,
Paramount Global], [Paramount Global, industry, mass media]]

Main Question: In which industry does the owner of the original broadcaster of the series that includes "The Perfect Cocktail" operate?

Main Answer: mass media

Subquestion pairs:

Sub-question 0: Of which series is "The Perfect Cocktail" a part? Sub-answer 0: How I Met Your Mother. Type: Unpopular

Sub-question 1: Which network originally broadcasted "How I Met Your Mother"? Sub-answer 1: CBS. Type: Popular

Sub-question 2: Who owns CBS? Sub-answer 2: Paramount Global. Type: Unpopular

Sub-question 3: In which industry does Paramount Global operate? Sub-answer 3: mass media. Type: Unpopular

Triplets: [[Saint George Killing the Dragon, creator, Bernat Martorell], [Bernat Martorell, place of death, Barcelona], [Barcelona, country, Spain], [Spain,
capital, Madrid]]

Main Question: What is the capital of the country where the creator of Saint George Killing the Dragon died?

Main Answer: Madrid

Subquestion pairs:

Sub-question 0: Who is the creator of Saint George Killing the Dragon? Sub-answer 0: Bernat Martorell. Type: Unpopular

Sub-question 1: Where did Bernat Martorell die? Sub-answer 1: Barcelona. Type: Unpopular

Sub-question 2: In which country is Barcelona located? Sub-answer 2: Spain. Type: Popular

Sub-question 3: What is the capital of Spain? Sub-answer 3: Madrid. Type: Popular

Triplets: [[DWNX-FM, owned by, Radio Mindanao Network], [Radio Mindanao Network, headquarters location, Makati], [Makati, country, Philippines],
[Philippines, continent, Asia]]

Main Question: On which continent is the country located where the headquarters of the owner of DWNX-FM is situated?

Main Answer: Asia

Subquestion pairs:

Sub-question 0: Who owns DWNX-FM? Sub-answer 0: Radio Mindanao Network. Type: Unpopular

Sub-question 1: Where is the headquarters of Radio Mindanao Network located? Sub-answer 1: Makati. Type: Unpopular

Sub-question 2: In which country is Makati located? Sub-answer 2: Philippines. Type: Popular

Sub-question 3: On which continent is the Philippines located? Sub-answer 3: Asia. Type: Unpopular

Triplets: [[2008 FA Trophy Final, location, Wembley Stadium], [Wembley Stadium, owned by, The Football Association], [The Football Association,
applies to jurisdiction, England], [England, capital, London]]

Main Question: What is the capital of the jurisdiction that owns the location of the 2008 FA Trophy Final?

Main Answer: London

Subquestion pairs:

Sub-question 0: Where was the 2008 FA Trophy Final held? Sub-answer 0: Wembley Stadium. Type: Unpopular

Sub-question 1: Who owns Wembley Stadium? Sub-answer 1: The Football Association. Type: Unpopular

Sub-question 2: Which jurisdiction does The Football Association apply to? Sub-answer 2: England. Type: Unpopular

Sub-question 3: What is the capital of England? Sub-answer 3: London. Type: Popular

Triplets: [[Rothschild banking family of France, founded by, James Mayer de Rothschild], [James Mayer de Rothschild, place of birth, Frankfurt],
[Frankfurt, located in or next to body of water, Main], [Main, mouth of the watercourse, Rhine]]

Main Question: Into which body of water does the river located next to the birthplace of the founder of the Rothschild banking family of France ultimately
flow?

Main Answer: Rhine

Subquestion pairs:

Sub-question 0: Who founded the Rothschild banking family of France? Sub-answer 0: James Mayer de Rothschild. Type: Unpopular

Sub-question 1: Where was James Mayer de Rothschild born? Sub-answer 1: Frankfurt. Type: Unpopular

Sub-question 2: Which body of water is Frankfurt located next to? Sub-answer 2: Main. Type: Unpopular

Sub-question 3: Into which watercourse does the Main River flow? Sub-answer 3: Rhine. Type: Unpopular

Table 30: Four-hop question-answer pairs and their corresponding types in MINTQA-POP.
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