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Abstract

This report synthesises findings from 2 peer-reviewed papers ad-
dressing the following research question: How do language models han-
dle multi-hop reasoning chains in scientific question answering v8. 19
claims were extracted from source literature; 3 were independently ver-
ified against retrieved documents. An automated multi-reviewer qual-
ity assessment produced a score of 5.3/10. This report is a machine-
generated literature synthesis and does not constitute original research.

1 Introduction

This paper examines: MulSQA: Multi-Intent Retrieval-Augmented Genera-
tion for Scientific Question Answering. Research question: How do language
models handle multi-hop reasoning chains in scientific question answering
v8.

2 Methodology

Systematic literature search across multiple databases yielded 2 papers. Claims
were extracted from source material and verified against retrieved docu-
ments. An independent multi-reviewer assessment produced a quality score
of 5.3/10.

3 Results

2 papers retrieved. 19 claims extracted; 3 independently verified. Quality
review score: 5.3/10.

4 Limitations

This report is a machine-generated literature synthesis and does not consti-
tute original research. Automated retrieval and verification may introduce



errors or omissions. Review scores reflect automated assessment, not hu-
man peer review. Readers should consult primary sources for authoritative
information.






5 Extracted Claims

Claim Verified Confidence

The MulSQA method consistently outperforms v 0.27
conventional approaches on the MulSQA bench-

mark and other general RAG dataset

The MulSQA method demonstrates superior v 0.20
performance particularly in retrieval accuracy

and evidence coverage compared to

TriviaQA (Joshi et al., 2017) and Natural Ques- X 0.02
tions (Kwiatkowski et al., 2019) annotate a sin-

gle gold span per query.

Metrics like nDCG and Recall@K are designed X 0.03
for datasets that annotate a single gold span per

query.

Existing RAG systems tend to focus on one dom- X 0.08

inant answer, repeatedly retrieving redundant

evidence while overlooking co

The MulSQA benchmark covers five scien- X 0.06
tific domains: biology, chemistry, geography,

medicine, and physics.

In the MulSQA benchmark, each question is an- X 0.13
notated for diverse sub-intents and their corre-

sponding answers.

MulSQA introduces evaluation metrics across X 0.04
three dimensions: Query formulation, Passage

retrieval, and Answer generatio

The MulSQA Query formulation metric mea- X 0.03
sures the ability to capture distinct intents.

The MulSQA Passage retrieval metric assesses X 0.06
coverage over different subtopics.

The MulSQA Answer generation metric evalu- X 0.04
ates both accuracy and completeness of final re-

sponses.

The proposed intent-aware retrieval framework v 0.27

uses LLMs to hypothesize potential answers and

decompose them into intent-

Traditional query-rewriting methods generate X 0.00
semantically similar variants, whereas the pro-

posed approach injects distin

HyDE (Gao et al., 2023a) relies on a single syn- X 0.02
thetic passage to guide retrieval.
The proposed method promotes retrieval diver- X 0.04

sification by decomposing multiple hypotheses

into independent queries.

Retrieved chunks in the proposed fnethod are X 0.15
aggregated and re-ranked using Reciprocal Rank

Fusion (RRF).

The paper introduces a metric called vector en- X 0.00
tropy to quantify the informational complexity

of query representations.

Vector entropy is computed by normalizing em- X 0.00
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