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Abstract

This report synthesises �ndings from 14 peer-reviewed papers ad-
dressing the following research question: How does the use of rein-
forcement learning with human feedback (RLHF) during multi-turn
training a�ect the nDTW score of vision-language navigation mod-
els on the RxR-CE benchmark compared to. Recent advances in large
video-language models (VLMs) rely on extensive �ne-tuning techniques
that strengthen alignment between textual and visual comprehension.
Leading pipelines typically pair supervised �ne-tuning (SFT) with re-
inforcement learning from preference data to. 10 claims were extracted
from source literature; 2 were independently veri�ed against retrieved
documents. An automated multi-reviewer quality assessment produced
a score of 4.5/10. This report is a machine-generated literature syn-
thesis and does not constitute original research.

1 Introduction

This paper examines: Oracle-RLAIF: An Improved Fine-Tuning Framework
for Multi-modal Video Models through Reinforcement Learning from Rank-
ing Feedback. Research question: How does the use of reinforcement learning
with human feedback (RLHF) during multi-turn training a�ect the nDTW
score of vision-language navigation models on the RxR-CE benchmark com-
pared to traditional supervised �ne-tuning methods?.

2 Methodology

Systematic literature search across multiple databases yielded 14 papers.
Claims were extracted from source material and veri�ed against retrieved
documents. An independent multi-reviewer assessment produced a quality
score of 4.5/10.
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3 Results

14 papers retrieved. 10 claims extracted; 2 independently veri�ed. Quality
review score: 4.5/10.

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.
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5 Extracted Claims

Claim Veri�ed Con�dence

Oracle-RLAIF improves upon leading �ne-
tuning frameworks for VLMs, speci�cally the
current SOTA VLM-RLAIF.

✓ 0.17

Oracle-RLAIF and VLM-RLAIF are bench-
marked using datasets which test a model's ca-
pacity to interpret and describe visual

× 0.05

Both Oracle-RLAIF and VLM-RLAIF are
trained starting from the same SFT policy model
(VLM-SFT 7B checkpoint).

× 0.08

VLM-RLAIF is trained with a pre-trained re-
ward model for 4 epochs and a rollout batch size
of 64.

× 0.08

Oracle-RLAIF uses a ranker reward model
trained without caption data, simulating a drop-
in reward model not speci�cally

✓ 0.15

Both models are trained using
4$\times$NVIDIA H100 80GB GPUs with
Quantized Low-Rank Adapter (QLoRA).

× 0.04

Models are evaluated across two distinct evalu-
ation regimes: one following the VLM-RLAIF
pipeline and another benchmarki

× 0.04

In the �rst evaluation regime, models are bench-
marked across MSVD, MSRVTT, and Activi-
tyNet using an LLM (GPT-3.5-turbo)

× 0.03

Oracle-RLAIF outperforms all baselines in
video-question answering performance, includ-
ing VLM-RLAIF, across all three be

× 0.09

Oracle-RLAIF achieves consistent gains of
+4.4% accuracy and +0.3 score on MSVD,
+5.0% accuracy and +0.6 score on MSRVTT

× 0.03
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