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Abstract

This report synthesises findings from 11 peer-reviewed papers ad-
dressing the following research question: How does the cross-validation
performance of LongNav-R1 vary across different multimodal input
modalities when processing long-horizon navigation tasks. Robot vi-
sion has greatly benefited from advancements in multimodal fusion
techniques and vision-language models (VLMs). We adopt a task-
oriented perspective to systematically review the applications and ad-
vancements of multimodal fusion methods and VLMs in the field of
robot. 7 claims were extracted from source literature; 1 was inde-
pendently verified against retrieved documents. An automated multi-
reviewer quality assessment produced a score of 4.7/10. This report is a
machine-generated literature synthesis and does not constitute original
research.

1 Introduction

This paper examines: Multimodal Fusion and Vision-Language Models: A
Survey for Robot Vision. Research question: How does the cross-validation
performance of LongNav-R1 vary across different multimodal input modali-
ties when processing long-horizon navigation tasks?.

2 Methodology

Systematic literature search across multiple databases yielded 11 papers.
Claims were extracted from source material and verified against retrieved

documents. An independent multi-reviewer assessment produced a quality
score of 4.7/10.

3 Results

11 papers retrieved. 7 claims extracted; 1 independently verified. Quality
review score: 4.7/10.



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 transformer structure has been proposed to
improve the applicability of different modal data
and capture local featu

Adversarial representation learning has been
used to create modality invariant embedding
spaces, reduce modal gaps, and

Post fusion is a key method in multimodal anal-
ysis, which combines the results of decision level
independent processing

Common techniques in post fusion include
weighted averaging, voting mechanisms, and log-
ical rules.

Roitberg et al. compared and analyzed seven
decision-level fusion strategies for driver behav-
ior understanding.

The encoder-decoder method efficiently repre-
sents scene semantics through encoding, inter-
action, and decoding.

Attention-based fusion methods have been used
in multimodal fusion approaches for semantic
scene understanding.
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