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Abstract

This report synthesises �ndings from 11 peer-reviewed papers ad-
dressing the following research question: How does domain-speci�c
�ne-tuning of 3B-parameter models a�ect exact match accuracy on
HotpotQA when integrated with retrieval augmentation compared to
zero-shot baselines. 9 claims were extracted from source literature;
9 were independently veri�ed against retrieved documents. An auto-
mated multi-reviewer quality assessment produced a score of 8.5/10.
This report is a machine-generated literature synthesis and does not
constitute original research.

1 Introduction

This paper examines: Interleaving Retrieval with Chain-of-Thought Rea-
soning for Knowledge-Intensive Multi-Step Questions. Research question:
How does domain-speci�c �ne-tuning of 3B-parameter models a�ect exact
match accuracy on HotpotQA when integrated with retrieval augmentation
compared to zero-shot baselines?.

2 Methodology

Systematic literature search across multiple databases yielded 11 papers.
Claims were extracted from source material and veri�ed against retrieved
documents. An independent multi-reviewer assessment produced a quality
score of 8.5/10.

3 Results

11 papers retrieved. 9 claims extracted; 9 independently veri�ed. Quality
review score: 8.5/10.

1



4 Limitations

This report is a machine-generated literature synthesis and does not consti-
tute original research. Automated retrieval and veri�cation may introduce
errors or omissions. Review scores re�ect automated assessment, not hu-
man peer review. Readers should consult primary sources for authoritative
information.

5 Extracted Claims

Claim Veri�ed Con�dence

Prompting-based large language models (LLMs)
struggle when the necessary knowledge is un-
available to the LLM or not up-t

✓ 0.27

A one-step retrieve-and-read approach is insu�-
cient for multi-step question answering (QA).

✓ 0.34

IRCoT is a new approach that interleaves re-
trieval with steps (sentences) in a Chain-of-
Thought (CoT).

✓ 0.24

Using IRCoT with GPT3 improves retrieval per-
formance by up to 21 points on the HotpotQA,
2WikiMultihopQA, MuSiQue, and I

✓ 0.23

Using IRCoT with GPT3 improves downstream
QA performance by up to 15 points on the Hot-
potQA, 2WikiMultihopQA, MuSiQue, a

✓ 0.24

IRCoT yields substantial gains in out-of-
distribution (OOD) settings.

✓ 0.17

IRCoT yields substantial gains when used with
Flan-T5-large without additional training.

✓ 0.17

IRCoT reduces model hallucination. ✓ 0.16
IRCoT results in factually more accurate Chain-
of-Thought reasoning.

✓ 0.16
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