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Abstract
Existing automatic scientific question generation studies mainly focus on single-document factoid QA, overlooking
the inter-document reasoning crucial for scientific understanding. We present AIM-SciQA, an automated framework
for generating multi-document, multi-hop scientific QA datasets. AIM-SciQA extracts single-hop QAs using large
language models (LLMs) with machine reading comprehension and constructs cross-document relations based on
embedding-based semantic alignment while selectively leveraging citation information. Applied to 8,211 PubMed
Central papers, it produced 411,409 single-hop and 13,672 multi-hop QAs, forming the IM-SciQA dataset. Human
and automatic validation confirmed high factual consistency, and experimental results demonstrate that IM-SciQA
effectively differentiates reasoning capabilities across retrieval and QA stages, providing a realistic and interpretable
benchmark for retrieval-augmented scientific reasoning. We further extend this framework to construct CIM-SciQA, a
citation-guided variant achieving comparable performance to the Oracle setting, reinforcing the dataset’s validity and

generality.

Keywords: Scientific Question Answering, Automatic Question Generation,

struction
1. Introduction

Large language models (LLMs) play a pivotal
role in scientific research, significantly advanc-
ing from simple text completion tools to sophis-
ticated systems capable of complex reasoning
and autonomous problem-solving. This progress
has enabled "co-scientist" to independently gener-
ate hypotheses, conduct experiments, and write
papers (Lu et al., 2024; Gottweis et al., 2025).
LLMs now achieve near-human performance
on question-answering (QA) benchmarks, and
retrieval-augmented generation (RAG) facilitates
sophisticated multi-document reasoning (Lewis
et al., 2020).

Despite these advances, multi-hop scientific QA
remains a crucial challenge for enabling machines
to reason across interconnected documents (Liu
et al., 2023; Wadden et al., 2022; Shi et al., 2024;
Dasigi et al., 2021; Park et al., 2025). This dif-
ficulty arises from the vast volume of literature,
domain-specific terminology, and fragmented in-
formation distribution, all of which make cross-
document reasoning inherently complex. Moreover,
existing datasets are scarce and limited in scope:
most benchmarks focus on single-document QA,
failing to reflect the complexity of real scientific in-
quiries that span multiple sources. Although recent
datasets such as M3SciQA (Li et al., 2024) have
begun addressing multi-document scenarios, the
landscape remains sparse, particularly for multi-
hop QA where answers must be composed from
multiple pieces of evidence. This data scarcity con-
tinues to hinder the development and evaluation of
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accelerometer, while Paper b used the ActiGraph 7164. Sedentary behavior
was defined as waking activity = 1.5 MET while sitting or lying.

Figure 1: Example of Inter-document Multi-hop QA:
@ the model retrieves relevant documents and @
integrates complementary evidence to answer.

robust scientific QA models.

A key bottleneck in scientific QA is curating
datasets that are both diverse and challenging.
Manual annotation of scientific documents is costly
and requires domain experts. For instance, Pub-
MedQA (Jin et al., 2019) combined 1,000 expert-
labeled items with over 210k automatically gener-
ated instances, underscoring the scalability of au-
tomatic question generation (QG). However, most
automated QG efforts focus on general-domain
sources such as Wikipedia, with little attention to
primary scientific documents. Scientific documents
present additional challenges, including special-
ized terminology, dense exposition, explicit citation
networks, and implicit relations across papers. Ef-
fective QG must explicitly leverage or robustly ac-
commodate these characteristics.
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Table 1: Comparison with other datasets. M hop: Multi Hop, M Doc: Multi Documents, Q Gen: Question
Generation method, Free-form: answers are open-ended.

Dataset MHop MDoc #QA QA Gen Free-form Domain Source

PubMedQA X X 211k Human X Biomedical PubMed
SciQAG-24D X X 180k LLM Scientific Literature Scientific Literature
WikiHop 51k Rule-based X General/Wiki Wiki

HotpotQA 113k Human General/Wiki Wiki

DocHop-QA 11k LLM X Biomedical/Scientific PubMed

M3SciQA 1.4k Human X NLP Papers NLP Papers (+cited)
IM-SciQA (ours) 13.4K LLM Biomedical PubMed

In this paper, we propose Automatic Inter-
document Multi-hop Scientific QA generation (AIM-
SciQA), an automated QG methodology tailored
for scientific QA. Our approach uses a specialized
LLM in a machine reading comprehension (MRC)
paradigm to extract potential QA pairs from individ-
ual papers, then performs cross-paper matching
to construct multi-document questions by aggre-
gating information across documents. AIM-SciQA
considers both explicit citation links and implicit
connections, enabling automatic generation of com-
plex multi-document multi-hop QA. We apply this
pipeline to the biomedical domain, generating ap-
proximately 411,409, single-hop QA pairs from in-
dividual papers and deriving tens of thousands of
multi-document, multi-hop examples.

To our knowledge, this is the first large-scale
scientific QA dataset with automatically generated
multi-hop questions spanning multiple documents
in a specialized domain. Extensive experiments
on the IM-SciQA and CIM-SciQA datasets demon-
strate that AIM-SciQA produces high-quality multi-
hop QA pairs and provides a realistic benchmark
for evaluating retrieval and reasoning performance
of large language models. With AIM-SciQA, we
aim to advance the state of Scientific QA by en-
abling efficient dataset creation and providing a
new benchmark to drive research in complex multi-
document question answering on scientific texts.
The datasets IM-SciQA and CIM-SciQA are publicly
available on Hugging Face.

In summary, our contributions are as follows:

« AIM-SciQA Framework: We introduce a novel
automated QA Generation pipeline that gen-
erates inter-document, multi-hop QA dataset
from scientific literature.

+ IM-SciQA Dataset: By leveraging AIM-SciQA
framework, we automatically created IM-
SciQA, large-scale scientific inter-document
multi-hop QA Dataset including 13,672 QAs
from PubMed Central.

« Comprehensive Analyses: We conducted
comprehensive evaluations of recent En-
coders and LLMs on IM-SciQA, revealing the

effectiveness of our restricted retrieval setting
and completeness of inter-document QA.

2. Related Works

2.1. Scientific QA Datasets

Early scientific QA centered on single-document
understanding as seen in PubMedQA (Jin et al.,
2019) (abstract-level, yes/no/maybe), COVID-QA
(Méller et al., 2020) (expert-curated, topic-specific),
ScienceQA (Lu et al., 2022) (multimodal, MCQ),
and QASPER (Dasigi et al., 2021) (full-paper com-
prehension). Domain-focused resources such
as QASA (Lee et al., 2023), SPIQA (Pramanick
et al., 2024) and BioASQ (Krithara et al., 2023)
expanded coverage but largely retained single-
document or constrained formats. Multi-hop and
cross-document settings emerged with M3SciQA
(Li et al., 2024), and domain extensions (e.g., Con-
tractNLI (Koreeda and Manning, 2021), Chem-
RxivQuest (Amiri and Bocklitz, 2025)). Recent
biomedical efforts—DocHop-QA (Park et al., 2025)
and PeerQA (Baumgdrtner et al., 2025) advance
realism and scale but often rely on predefined tem-
plates or limited question types.

Overall, existing benchmarks as shown in Table
1, either confine reasoning to a single document or
constrain question diversity, motivating free-form,
multi-document, multi-hop QA benchmark.

2.2. Automatic Question Generation

To reduce annotation cost and increase realism,
automated QG has gained traction. LIQUID (Lee
et al., 2023) scales list-style QG on wikipedia but
not multi-hop. SciQAG (Wan et al., 2024) shows
LLM-based QG at scale across scientific domains
while remaining primarily single-document. Multi-
hop QG without rigid templates has been explored
via end-to-end question rewriting (E2EQR) (Hwang
et al., 2024) and type-aware CoTl with semantic
extraction (TASE-CoT) (Lin et al., 2024). DocHop-
QA applies LLMs to biomedical multi-document QG
yet guides generation with 11 predefined concepts,
potentially limiting naturalness.
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Figure 2: lllustration of the relation construction process in AIM-SciQA. For IM-SciQA, candidate relations
are created from papers sharing overlapping keywords with the source paper (implicit semantic similarity
relationships), while CIM-SciQA constructs relations directly from explicit citation links (explicit citation
relationships). From these candidate relations, QA-based relation construction (Section 4.3) process
selects promising single-hop QA (made by Section 4.2) pairs across papers to form inter-document QA
candidates, and a paper cluster is built to define the target paper and its corresponding retrieval QA.

Our framework focuses on automatically con-
structing inter-document, multi-hop QA for rigorous
evaluation of inter-document synthesis.

3. Problem Statement

Inter-document Multi-hop QA (IM-QA) aims to an-
swer a question by integrating information dis-
tributed across multiple documents, as illustrated
in Figure 1. Let D denote the collection of all doc-
uments, @ the set of questions, and A the set of
possible answers. For a given question g € @, the
goal is to identify a subset of documents D, C D
and to derive an answer a € A from them. Formally,
this task can be expressed as follows:

a:f(quq)a

f denotes the reasoning function that derives
an answer «a by integrating evidence from multiple
relevant documents D,. This process can be di-
vided into two stages— (1) retrieving a subset of
relevant documents D, from the entire collection D
and (2) synthesizing the aggregated information
within D, to produce the final answer. We adopt a
source-provided IM-QA setting, where each ques-
tion is associated with a predefined set of source
documents S,. This constraint enables controlled
and interpretable retrieval evaluation while retaining
the core aspect of multi-document reasoning.

where |Dy| > 1. (1)

4. AIM-SciQA

We propose AIM-SciQA, an automated framework
for constructing IM-QA over scientific documents.
We additionally build IM-SciQA, a biomedical pa-
per—based IM-QA dataset. The following section

describes how IM-SciQA is constructed and con-
currently provides a detailed account of the AIM-
SciQA. Our framework comprises as follows: (1)
paper selection, (2) single-hop QA (SHQA) gener-
ation, (3) document relation construction, and
(4) multi-hop QA (MHQA) generation.

4.1.

We collected 20,281 biomedical research articles
available in PubMed Central (PMC) ' between 2019
and 2024 to construct the initial corpus. We then
applied filtering criteria to ensure that each paper
provides complete metadata, including full text, ab-
stract, and reference information. Because cited
papers are not always available within the PMC
subset, we restricted relation construction to cita-
tions pointing to papers that are also accessible in
PMC and retained only papers with at least three
such accessible citations. After applying these fil-
ters, 8,211 papers were retained as valid source
documents for dataset construction.

Paper Selection

4.2. Single Hop QA Generation

Then, we automatically generated single-hop QA
pairs that can be answered within a single paper.
This step provides the atomic units for constructing
multi-hop QA by enabling effective combination of
information across papers. To identify important
information in each paper and extract it in a QA for-
mat, we utilized Qwen2.5-7B-Instruct (Team, 2024).
Specifically, given a document D and one of its sec-
tions S, an instruction-tuned LL M, is prompted to
produce a question-answer-evidence triplet:

LLMy(D,S) — (Q, A, E) (2)

Thttps://pme.ncbi.nim.nih.gov/
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Figure 3: Average Single-hop QA Count by Section

Table 2: Statistics of the Single-hop QA

Iltem Value
Count 411,409
Avg. Question Length  88.75
Avg. Answer Length 126.92
Avg. QA per Paper 55.67
Avg. QA per Section 10.49

where @ asks for an information slot, A provides its
value, and E is the supporting sentence in the text.

We designed a prompt to generate the list of
triplets from each paragraph, where the evidence
is the original sentence that the model referenced
when creating the answer. The prompt used for
SHQA generation is provided in Appendix A.1. To
ensure quality, we only retained QA pairs where
the evidence sentence exactly matched the pa-
per’s text, eliminating hallucinations. This process
yielded 457K SHQA pairs; their statistics are sum-
marized in Figure 3, Figure 4, and Table 2.

Quality Assurance Quality verification was con-
ducted in two complementary phases. First, a man-
ual evaluation was performed by four graduate stu-
dents on 210 randomly sampled QA pairs, assess-
ing appropriateness on a 0-0.5—-1 scale. Among
them, 202 pairs were rated perfect, achieving 0.94
Gwet’'s AC1 score, which corresponds to almost
perfect agreement levels (Gwet, 2008; Landis and
Koch, 1977). Closer inspection of the remaining er-
ror cases revealed that most errors occurred when
the questions and evidence were not semantically
aligned. Notably, these mismatched cases showed
an average Sim(Q, A) — Sim(Q, E) approximately
0.1 lower than that of well-matched pairs. Based
on this observation, we implemented an automatic
filtering procedure that removed the lowest 10% of
QA pairs by this similarity difference, effectively dis-
carding samples most likely to contain misaligned
evidence—answer mappings. After this two-stage
verification, a total of 411,409 SHQA pairs were
retained as the final SHQA dataset.

37,503
35000 34,392
31,397

29,574
& 30000

3 25000

o

g 20000
16,176 15,596 15,265

2 15000 14,346

°

F 10000

5000

A A S ° % &
w0 GNP CARPC AR e ‘\oé O oW
9 C W © 0 S
4 G \ o e* X2
A% - o < W
° (\x‘o \c°“ &° 2 @ ° ARt
3 ) Q X\
o'
2
(@ 9

Figure 4: Total Single-hop QA Count by Section

4.3. Document Relation Construction

We constructed inter-document relations for multi-
hop QA through a unified pipeline primarily based
on QA-based semantic matching, with an op-
tional Citation-guidance as depicted in Figure 2.
Each document is represented as a collection
of SHQA triplets (Q, A, E), which act as proxies
for section-level information units. These triplets
are encoded at the Q, A, and QA levels for our
PMC-derived SHQA corpus using the MedEmbed-
large-v0.1 encoder (Balachandran, 2024), a model
trained on the PMC-based BioASQ-QA dataset.
We represent each section by its question embed-
dings, not QA or answer embeddings. This choice
is motivated by our goal: not to find sections with
identical facts but to locate those whose informa-
tion property or semantic attribute required by the
question is similar. In other words, question em-
beddings enable us to align sections based on the
similarity of their underlying informational attributes,
rather than overly trivial content.
Formally, each document D, is defined as the
set of its sections:
D; = {S\, 50 . sy 3)
Each section contains multiple embedded Question
units. For sections Si(l) and Sj@), let u; , denote
the embedding of the p-th Q in 5" and v, , that of

the ¢-th Qin S](.Z). We define the pairwise similarity
matrix as:

Ki.,j [p7 (ﬂ =

The section-level similarity is then computed as a
weighted sum over pairs whose similarity exceeds
the threshold 7 = 0.3:

CosSim(u; p, vj,q)- (4)

ng Mmj

=2 2> 1

p=1g=1

Sim(S 1),52 (Kijlp gl > 1)K jlp, q]l-

(5)
This threshold suppresses irrelevant matches while
preserving meaningful QA-level alignments and
can be adjusted depending on the dataset charac-
teristics or the embedding model used. For each
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document pair (D1, D»), we compute Sim across all
section pairs and select the Top-K section pairs
with the highest similarity scores. For each selected
section pair, we identify the QA pair with the highest
similarity score and use this score to represent the
strength of the relation between the corresponding
sections of the two documents.

Finally, we enforce diversity via top-k selection
on mapped scores, keeping at most three IM-QA
instances per document in the final set. As a result,
we collected 14,365 candidate IM-QA items.

Paper Cluster Construction For each source
D, we form a compact multiple-choice cluster of
exactly 30 documents comprising the target docu-
ment and up to 29 distractors. We start from the
keyword-overlap list that consists of papers shar-
ing keywords with Dy, capped at 29 and, if shorter,
pad with random non-candidates without duplica-
tion. This cluster serves two purposes: (i) defining
the answer set for first-hop target identification, and
(i) providing a contrast set for selecting a target-
side retrieval QA whose content is most distinctive
relative to the cluster.

Retrieval QA Selection To select a retrieval QA
that uniquely identifies the target paper within the
paper cluster, we aggregate all QA units of the tar-
get paper together with all QA units from the paper
cluster. Then, we compute QA embeddings for
each item and calculate pairwise cosine distances
across the entire pool. For each QA in the target
paper, we compute its distinctiveness by aggregat-
ing cosine distances to all QAs from other papers
in the cluster, and select the QA with the highest
total distance. This QA is designated as the re-
trieval QA, as it remains grounded in the target
paper while being most distinct from semantically
similar candidates.

Citation-guided Relation Construction The
citation-guided relation construction process fol-
lows the same procedure as above but replaces
the target paper selection step and paper cluster
construction step with citation evidence and cited
paper pool, respectively. For target paper selection
step, instead of forming candidates through key-
word overlaps, we enumerate all in-text citations
in the source document D; and treat sentences
containing a single citation marker as grounded
links to their referenced document D,. Formally, if
Y denotes the document setand £ C V x V repre-
sents directed citation edges, each sentence s* in
D; containing one reference marker deterministi-
cally maps to its bibliographic target D». The paper
cluster construction step is also replaced to the
list of all cited paper that available publicly. Thus,

Table 3: Statistics of the Multi-hop QA

ltem Dev Test
Count 13,372 300

Avg. Retrieval Q Length 15.05 15.16
Avg. Inter-doc Q Length 28.68 28.65
Avg. Combined Q Length  48.52  49.21
Avg. Inter-doc A Length 28.13 29.98
Avg. Combined A Length  43.00 45.33

the citation-based variant retains the same embed-
ding alignment and selection process as the QA-
based approach, while substituting the candidate
generation mechanism with citation-derived pairs.
To simulate and validate this procedure, we addi-
tionally developed Citation-guided Inter-document
Multi-hop Scientific QA dataset (CIM-SciQA) with
74 items, built upon curated 51 papers which have
all cited papers within our collected 8211 papers.

4.4. Multi-hop Question Generation

AIM-SciQA finally constructs multi-document, multi-
hop questions from section-anchored (Q, A, E) tu-
ples in the source and target document. Instead of
simply splicing two QAs, we construct an explicit
multi-step reasoning chain that integrates knowl-
edge across papers. Prior to generation, a pre-
validation filters out non-relational pairs (e.g., lack-
ing comparison, causation, or inference), resulting
in 13,672 valid instances out of 14,365 candidates
with 693 pre-rejected. The remaining pairs then
undergo a stepwise process to produce the final
IM-QA. Table 3 summarizes the statistics of the
resulting multi-hop QA dataset. The full prompt-
ing template for question generation is provided in
Appendix A.2.

Step 1. Find Target Paper We first reconstruct
the SHQA associated with the target paper into
a paper identification question, whose unique an-
swer is the target document itself. Consequently,
the answer must include information that is uniquely
attributable to the target paper within the given re-
trieval scope. To achieve this, we utilize the Re-
trieval QA defined during the paper cluster con-
struction stage. Specifically, the Retrieval QA is re-
formulated so that its question explicitly highlights
the target paper’s distinctive topic, variables, or
findings, as in the following example: “Which pa-
per measured the incidence of pneumonia among
Japanese participants in 2023?”

Step 2. Generate Inter-document QA Next, we
construct a comparative or integrative question that
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explicitly links the Source and Target papers us-
ing only their combined QA pairs. The question
must reference shared variables, mechanisms, or
outcomes appearing in the combined QA, avoid-
ing abstract or generic formulations. The answer
is required to be logically entailed by the union of
the two combined QA pairs and must not introduce
external facts, unstated assumptions, or auxiliary
evidence.

Step 3. Merge Complete QA The results from
the previous step are merged into a single, coher-
ent multi-hop question that (i) requires locating the
Target Paper and (ii) involves reasoning across both
papers. The LLM generates this merged question
while preserving the intent of both components with-
out introducing new information. The final answer is
either identical to, or deterministically derived from,
the inter-document answer, ensuring consistency
and a well-structured reasoning chain.

Step 4. QA Validation (Optional) Each Com-
plete QA is evaluated on the criteria in Table 4. Cri-
terion is judged as either Accept or Reject; the Over-
all Decision is determined from these binary ratings.
Items are retained only when the Overall Decision
is Accept. In the validation experiment, no items
were rejected during the final evaluation phase. To
verify the functionality of the QA validation process,
an additional analysis was conducted excluding the
pre-rejected samples. Results showed that approxi-
mately 70% of pre-rejections originated from the
Relational Appropriateness or Cross-reference
Necessity criteria, indicating that most filtering oc-
curred when inter-paper connections were concep-
tually weak or unnecessary. This confirms that
the validation pipeline effectively distinguishes be-
tween coherent and incoherent inter-document QA
constructions.

Quality Assurance Four graduate-level anno-
tators independently rate 150 randomly sampled
Complete QA pairs across four criteria as shown
table 4 using a 5-point Likert scale. Overall, the
dataset showed strong linguistic and conceptual
quality, with high mean scores and consistently co-
herent samples as shown in Figure 5.

4.5. Verifications

Evidence Coverage Validation Beyond pair-
level validation, we examined whether the SHQA
list faithfully represents section content and whether
retrieval questions remain uniquely specified within
each paper cluster. We first examined whether
all salient information in a section was actually ex-
tracted as queries, since any unextracted informa-
tion could undermine the uniqueness of the retrieval

Fluency Cross Reference Necessity

avg. 4.68 avg. 4.54
00 (avg ) 500 (avg )
400 400
300 300
200 200
100 100
0 0
1 2 3 4 5 1 2 3 4 5
Completeness Relational Appropriateness
(avg. 4.45) (avg. 4.39)
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Figure 5: Results of multi-dimensional MHQA qual-
ity validation

Table 4: Criteria of MHQA quality validation.

Criterion |

Description

Whether the Complete QA is grammatically

Fluency correct and naturally written.

Whether the Complete QA can be answered

Completeness solely based on the provided QA pair.

Whether both papers are essential to answer
the Complete QA.

Cross-reference
Necessity

Whether the two papers are conceptually
suitable to be combined into a single QA.

Relational
Appropriateness

Synthesizes the above four criteria to make
the final decision.

Overall Decision

question. To justify using SHQA as a surrogate for
section information, we conducted a post-hoc audit
of 40 sections containing 202 SHQA items that had
passed manual validation and checked whether
the evidence texts covered the meaningful parts
of each section. On average, 72% of sentences
in a section appeared as SHQA evidence, and
this coverage rose to 88% for sections such as ab-
stract, result or conclusion, and discussion where
independent facts are densely expressed. When a
single evidence span conveyed multiple individual
facts, the content was consistently split into multi-
ple SHQA items so that each item captured one
fact per QA. Notably, as shown in Table 5, a single
evidence passage often yields multiple question-
answer pairs, resulting in more than 12,000 multi-
QA evidence units. This design enriches contextual
diversity and contributes to building a higher-quality
SHQA dataset.

Retrieval Question Validation We then as-
sessed the uniqueness of the retrieval question
within the paper cluster and manually audited all
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test set retrieval questions. These findings support
the use of SHQA as a faithful surrogate for sec-
tion content and establish that retrieval questions
uniquely identify their intended targets under our
clustering and question design constraints.

Table 5: Example of Multi-QA Evidence

Evidence (E) For instance, the U.S. CDC N1 assay had a recall of
99.0% and the U.S. CDC N2 assay had a 99.2% recall.

Meta PMC10021650

Qi What was the recall rate for the U.S. CDC N1 assay?
A1 The recall rate for the U.S. CDC N1 assay was 99.0%.
Q2 What was the recall rate for the U.S. CDC N2 assay?
A2 The recall rate for the U.S. CDC N2 assay was 99.2%.

5. Experiments

The reliability and suitability of AIM-SciQA were
validated in previous sections. However, assessing
the dataset against real-world task criteria repre-
sents a distinct challenge. Therefore, to examine
its practical applicability, we conduct a two-stage
evaluation—retrieval and QA—on the IM-SciQA
dataset.

5.1.

We investigate the retrieval process for identifying
the Target Paper using diverse retrievers. As de-
scribed in Section 4, each query in IM-SciQA is
associated with a predefined paper cluster con-
structed during the AIM-SciQA pipeline. A paper
cluster is a compact set of 30 papers that includes
one gold target and 29 distractor papers, derived
either from citation-based or QA-based relational
matching. This cluster serves as a constrained re-
trieval environment that closely mirrors realistic sci-
entific search scenarios, where relevant literature
typically resides within a semantically or citation-
linked subset of the corpus.

To analyze the impact of such clustering con-
straints, we design three experimental environ-
ments: (1) Paper Cluster — retrieval is performed
within the original cluster defined by the AIM-SciQA
construction process; (2) Random Cluster — the
same number of documents (30) is randomly sam-
pled per query to remove relational coherence; and
(3) w/o Cluster — retrieval is conducted over the full
corpus of 8,211 papers. To ensure precise retrieval,
we use the Retrieval Question only, rather than the
Combined QA, as the query input.

Retrieval Evaluation

Models We evaluate various embedding models
to analyze differences in representation quality and
retrieval accuracy. All models were implemented
based on the Llamalndex framework (Liu, 2022),
and all experiments were conducted on an NVIDIA
A100 (80GB) GPU.

Metrics To evaluate retrieval performance, we re-
port Hit@1, 3, and MRR@5 under the paper cluster
setting (N = 30), and Hit@1, 50, and MRR@50
under the full paper setting (N = 8211). Hit@K
measures the proportion of queries for which the
correct document appears within the top K retrieved
results, while MRR@K (Mean Reciprocal Rank)
averages the reciprocal rank of the first correct doc-
ument, reflecting the top-k ranking quality.

5.2. IM-QA Evaluation

We perform the IM-QA process using the given
Source Paper and the retrieved Target Paper with
various LLMs. To disentangle the impact of the
retrieval stage from the intrinsic IM-QA capability,
we conduct evaluations under two settings: Real-
istic and Oracle. In the Realistic Setting, the top-1
document from the retrieval stage is provided as
the Target Paper, whereas in the Oracle Setting,
the gold Target Paper is supplied regardless of the
retrieval outcome.

Models To obtain a representative view across
model families, providers, and scales, we evaluate
both open-source and proprietary LLMs. Inference
for open-source models was performed using vLLM
(Kwon et al., 2023) on an NVIDIA H100 GPU. To
further compare against human-level performance,
two biomedical domain experts were asked to an-
swer 100 QA items under the Oracle Setting.

Metrics As the main metric, we adopt LLM-
based Accuracy, following M3-SciQA. Specifically,
a strong LLM (GPT-5) is prompted with the Ques-
tion, Answer, and Prediction to evaluate whether
the Answer and Prediction provide the same re-
sponse to the Question, scored on a 0—0.5—1 scale.
Traditional metrics such as token-level F1-score,
ROUGE-L, and BERTScore (He et al., 2021) are
also employed.

5.3. Results

Retrieval Performance for Various Cluster Set-
tings The results of our retrieval evaluation are
presented in Table 6. Under the Paper Clus-
ter setting, lower-capacity models showed perfor-
mance comparable to the Random Cluster set-
ting, whereas higher-capacity models exhibited sig-
nificantly lower scores in both Hit@1,3. A simi-
lar trend was observed in the Full Papers setting,
where performance decreased despite the substan-
tially larger search space (e.g., Hit@1 of 0.673
on 30 docs vs. 0.240 on 8,211 docs). These re-
sults indicate that (1) the proposed Paper Clus-
tering method effectively constructs a chal-
lenging and realistic candidate set that eval-
uates the fine-grained discriminative ability of
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Table 6: Retrieval performance across different settings. Bold indicates the best performance, and

underline denotes the second best.

\ Paper Cluster (N=30)

|  Random Cluster (N=30) | Full Papers (N=8211)

Model

| Hit@1 Hit@3 MRR@5 | Hit@1 Hit@3 MRR@5 | Hit@1 Hit@50 MRR@50
GritLM-7B (Muennighoff et al., 2024) 0.220 0.353 0.306 0.177 0.303 0.248 0.010 0.130 0.023
Jina-v2-base-en (Gunther et al., 2023) 0.197 0.350 0.280 0.183 0.340 0.266 0.020 0.117 0.030
e5-base-v2 (Wang et al., 2022) 0.273 0.493 0.395 0.307 0.537 0.428 0.017 0.157 0.028
e5-mistral-7b-instruct (Wang et al., 2023) 0.300 0.473 0.390 0.273 0.430 0.356 0.030 0.203 0.058
Qwen3-Embedding-8B (Zhang et al., 2025) 0.407 0.597 0.554 0.483 0.607 0.555 0.080 0.397 0.136
lim-embedder (Xiao et al., 2024) 0.497 0.683 0.666 0.577 0.753 0.665 0.130 0.480 0.190
bge-large-en-v1.5 (Chen et al., 2024) 0.580 0.750 0.680 0.637 0.773 0.712 0.213 0.550 0.279
text-embedding-ada-002 (Greene et al., 2022) 0.600 0.783 0.695 0.667 0.830 0.752 0.207 0.553 0.272
voyage-3-large (VoyageAl, 2025) 0.673 0.830 0.761 0.737 0.887 0.811 0.240 0.637 0.325

Table 7: Comparison of model performance under Oracle and Realistic settings. Bold indicates the best
performance, and underline denotes the second best (based on Accuracy). Accuracy in Oracle setting is

measured over 100 QA instances.

Model ‘

Oracle Setting |

Realistic Setting

| Acc F1 ROUGE BERTScore | Acc F1 ROUGE BERTScore

Human Expert \ 0.975 0.324 0.319 0.447 \ - - - -

gemma-3-1b-it (Team et al., 2025) 0.265 0.337 0.301 0.340 0.260 0.332 0.292 0.328
Llama-3.2-3B-it (Grattafiori et al., 2024) | 0.57 0.421 0.403 0.435 0.515 0.399  0.380 0.403
gemma-3-4b-it (Team et al., 2025) 0.590 0.430 0.403 0.465 0.515 0.418 0.390 0.453
gemma-3-27b-it (Team et al., 2025) 0.750 0.517 0.495 0.556 0.670 0.483 0.461 0.519
Qwen3-30B-A3B-it (Yang et al., 2025) 0.760 0.505 0.486 0.539 0.685 0.477 0.453 0.504
DeepSeek-R1 (Guo et al., 2025) 0.820 0.150 0.232 0.129 0.710 0.143 0.220 0.118
gpt-0ss-20b (Agarwal et al., 2025) 0.835 0.454 0.438 0.489 0.705 0.423 0.405 0.448
claude-opus-4-1 (Anthropic, 2025) 0.855 0.476 0.464 0.522 0.730 0.430 0.412 0.465
gpt-5 (OpenAl, 2025) 0.900 0.520 0.507 0.570 0.775 0.474 0.453 0.512

retrieval models. Meanwhile, an error analysis of
the Random Cluster setting revealed that many “in-
correct” predictions actually contained information
that could be regarded as valid alternative answers.
Together with the observation in Section 4.5, this
finding supports that (2) the cluster-level Unique
Retrieval Question selection process effectively
mitigates the risk of multiple valid answers.

Performance Separation under Oracle Setting
As shown in Table 7, modern proprietary LLMs
achieve near human-level performance under the
Oracle Setting, whereas smaller models such as
Gemma-3-1B, Gemma-3-4B, and LLaMA-3B ex-
hibit notably lower accuracy even on relatively sim-
ple relational reasoning tasks. The performance
gap is more pronounced in the LLM-based Accu-
racy (GPT-Score) than in traditional metrics (F1,
ROUGE-L, BERTScore), suggesting that smaller
models tend to generate linguistically plausible yet
factually inconsistent answers. This pattern in-
dicates that the required information can be ef-
fectively retrieved and reasoned over when the
model has sufficient capacity, providing empirical
evidence that both the question hints and the target
information are well-grounded and meaningful.

Robustness and Sensitivity under Realistic Set-
ting Meanwhile, as shown in Table 7, all models
experience a performance degradation under the

Table 8: CIM-SciQA Results (Realistic Setting)

Model Acc F1 ROUGE BERTScore
gemma-3-1b-it (Team et al., 2025) 0.446 0.330 0.295 0.366
gemma-3-4b-it (Team et al., 2025) 0.635 0.366 0.329 0.405
Llama-3.2-3B-it (Grattafiori et al., 2024) 0.608 0.367  0.339 0.379
gemma-3-27b-it (Team et al., 2025) 0.798 0.427 0.402 0.449
DeepSeek-R1 (Guo et al., 2025) 0.784 0.131  0.205 0.110
Qwen3-30B-A3B-it (Yang et al., 2025)  0.824 0.425  0.392 0.439
gpt-0ss-20b (Agarwal et al., 2025) 0.851 0.373 0.346 0.381
gpt-5 (OpenAl, 2025) 0.926 0.432 0.411 0.478

Realistic Setting, where the retrieved document is
used as the target. However, the degree of decline
does not scale directly with the retrieval accuracy
(Hit@1 = 0.673), implying that the reasoning pro-
cess anchored on the Source Paper remains par-
tially robust to retrieval noise. Interestingly, stronger
models that perform well under the Oracle Set-
ting tend to show larger drops when retrieval is
imperfect, suggesting that more capable models
rely more heavily on precise evidence alignment.
This finding supports the view that providing the cor-
rect supporting document substantially facilitates
inter-document reasoning and that the proposed
dataset effectively evaluates such reasoning under
realistic retrieval conditions.

5.4. CIM-SciQA Evaluation

We evaluated CIM-SciQA, a citation-guided variant
of AIM-SciQA, under the same evaluation config-
uration as the IM-SciQA dataset, except that we
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did not employ claude-opus-4-1 or human expert
evaluation due to limited budget. In this setting,
the retrieval task of CIM-SciQA is conducted by
locating appropriate in-text citation symbols within
the source paper, while the realistic QA task is
prompted to generate answers by referencing the
full text of both the source paper and the paper
corresponding to the cited symbol. The evaluation
results are presented in Table 8.

CIM-SciQA achieved performance comparable
to the Oracle setting of IM-SciQA (Table 6), sub-
stantially surpassing the Realistic setting. Even
when considering the inherent complexity of the
documents included in both datasets, this gap rep-
resents a significant difference. We attribute this
to the nature of citation-based questions, which
are grounded in explicitly linked documents and
therefore tend to form QA pairs of relatively lower
difficulty.

6. Conclusion

We present AIM-SciQA, an automatic framework
that constructs scientific IM-QA datasets, and intro-
duce the resulting dataset, IM-SciQA. Our method
systematically combines SHQA extraction through
both semantic and citation-based matching. Us-
ing AIM-SciQA, we construct the IM-SciQA dataset
from 8,211 PubMed Central articles, totaling 411k
SHQA and 13K MHQA pairs with rigorous human
and automatic validation. Our experimental analy-
ses show that recent LLMs remain inferior to human
experts in factual consistency and multi-hop reason-
ing, when they exhibit strong linguistic fluency, and
the gap is most pronounced under realistic retrieval
settings. These findings underscore the value of
IM-SciQA as a challenging benchmark for evalu-
ating retrieval-augmented reasoning and scientific
comprehension in modern LLMs. We hope AlM-
SciQA provides a durable foundation for research
on scalable scientific QA generation, improved re-
trieval-reasoning integration, and trustworthy multi-
hop inference.

7. Limitations

Our current framework does not incorporate multi-
modal information such as figures or tables. This
limitation arises due to lack of sufficiently power-
ful models capable of being effectively integrated
into our automatic generation pipeline. In addi-
tion, to ensure reliable multi-hop QA (MHQA) per-
formance during automatic generation, we em-
ployed high-capacity large language models (LLMs)
for combining multiple QA instances. While this
approach improves answer consistency and rea-
soning quality, it incurs substantial computational
and financial costs. SHQA is designed to capture

salient, answerable facts, not every detail of a pa-
per. Consequently, it does not fully replicate the
entire document. Still, the combination of strict
exact-evidence matching, similarity-difference fil-
tering, high inter-rater reliability (AC1 = 0.94), and
section-level coverage (72—88%) supports its ad-
equacy as a pragmatic proxy for inter-document
reasoning. Furthermore, our current work mainly
focuses on inter-document reasoning, without ex-
ploring deeper multi-hop chains or diverse reason-
ing types. Expanding SHQA to include more com-
plex reasoning hops and richer inference structures
remains an important direction for future work.
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A. Prompts

A.1. Single-hop QA Generation Prompt

You are an expert in reading comprehension.

You will be provided with a single paragraph from a scientific paper.
Read the paragraph carefully and identify meaningful information
(entities, facts, relations, events) that can be directly and
unambpiguously extracted from it.

For each identified meaningful fact, you must generate a JSON object
with the following three fields:

question: Generate one clear and specific question. The question must
detail the context or conditions (e.g., the specific patient group,
timeframe, or situation) mentioned in the text to pinpoint the fact
accurately.

evidence: Extract the minimal contiguous text span from the paragraph
that provides the evidence for the answer. This must be an exact quote

from the text.

answer: Based on the extracted evidence, formulate a natural complete
sentence that directly answers the question.

Rules:

Do not use any outside knowledge or inference.
All information must be sourced only from the given paragraph.

The evidence field must be an exact extraction without modification.
Avoid generating reasoning-type (multi-hop) questions.
Return the result as a JSON list with the following structure:

{

"question": "string',
"evidence": "string",
"answer": "string"

}

A.2. Multi-hop QA Generation Prompt
A.2.1. Reasoning Prompt

You are a scientific QA generator for inter-document multi-hop
question construction.

Your task is to produce a structured QA reasoning process that
constructs an inter-document multi-hop question across multiple
scientific papers.

Step 0. Validation (not included in output)

Before generating any reasoning output, verify whether the Source QA

and Target QA form a meaningful multi-hop relationship such as
comparison, causation, conceptual linkage, or inference.
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If no logical or conceptual overlap exists, output only:
Cannot generate inter-document multi-hop question.
Reasoning Components

Find Target Paper

Transform the Unique Target QA question into a question that asks
which paper addresses that topic.

The answer must identify the target paper using the format:
Identified target paper: ' [Target Paper Title]'.
Generate Inter-document QA

Construct a comparative or integrative question connecting the
Source Paper and Target Paper using the Core QA pair.

The answer must be logically derived only from the provided QA pair.
Merge Complete QA

Combine the Find Target Paper question and the Inter-document QA
qgquestion into a single multi-hop question.

The final answer must be identical to or directly derived from the
Inter—-document QA answer.

QA Validation
Evaluate the generated QA using the following criteria:

Fluency

Completeness
Cross—-reference Necessity
Relational Appropriateness

Each criterion is labeled Accept or Reject and followed by an
overall Decision.

Output Format

<outputs>
<component type="Find Target Paper">
<question>...</question>
<answer>...</answer>
</component>

<component type="Generate Inter—document QA">

<question>...</question>
<answer>...</answer>
</component>

<component type="Merge Complete QA">
<question>...</question>
<answer>...</answer>
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</component>

<component type="QA Validation">

<score type="Fluency">...</score>
<score type="Completeness">...</score>
<score type="Cross-reference Necessity">..
<score type="Relational Appropriateness'">..
<score type="Decision">...</score>
</component >
</outputs>

A.2.2. Input Template

### Now Your Turn

<inputs>

<source_paper>
<title>{source_paper_title}</title>
<section_name>{source_section_name}</section_name>
<core_ga>
<question>{core_source_qg}</question>
<answer>{core_source_a}</answer>

</core_
</source_]

qa>
paper>

<target_paper>
<title>{target_paper_title}</title>
<section_name>{target_section_name}</section_name>
<core_ga>
<qguestion>{core_target_qg}</question>
<answer>{core_target_a}</answer>

</core_

qa>

<unique_ga>
<question>{unique_target_qg}</question>
<answer>{unique_target_a}</answer>
</unique_ga>

</target_

</inputs>

paper>

5245

.</score>
.</score>



	Introduction
	Related Works
	Scientific QA Datasets
	Automatic Question Generation

	Problem Statement
	AIM-SciQA
	Paper Selection
	Single Hop QA Generation
	Document Relation Construction
	Multi-hop Question Generation
	Verifications

	Experiments
	Retrieval Evaluation
	IM-QA Evaluation
	Results
	CIM-SciQA Evaluation

	Conclusion
	Limitations
	Acknowledgements
	Bibliographical References
	Language Resource References
	Prompts
	Single-hop QA Generation Prompt
	Multi-hop QA Generation Prompt
	Reasoning Prompt
	Input Template



