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Abstract

This report synthesises findings from 2 peer-reviewed papers ad-
dressing the following research question: What is the computational ef-
ficiency (inference latency, FLOPs, or energy consumption) of VELMA
compared to Flamingo and PaLl when deployed on standard vision-
language benchmarks like VQA-v2 or. We explore Multimodal Large
Language Models (MLLMs), which integrate LLMs like GPT-4 to han-
dle multimodal data, including text, images, audio, and more. MLLMs
demonstrate capabilities such as generating image captions and an-
swering image-based questions, bridging the gap towards. 11 claims
were extracted from source literature; 11 were independently verified
against retrieved documents. An automated multi-reviewer quality
assessment produced a score of 8.7/10. This report is a machine-
generated literature synthesis and does not constitute original research.

1 Introduction

This paper examines: How to Bridge the Gap between Modalities: Survey
on Multimodal Large Language Model. Research question: What is the
computational efficiency (inference latency, FLOPs, or energy consumption)
of VELMA compared to Flamingo and PaLl when deployed on standard
vision-language benchmarks like VQA-v2 or COCO-Caption?.

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 8.7/10.



3 Results

2 papers retrieved. 11 claims extracted; 11 independently verified. Quality
review score: 8.7/10.

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

Multimodal Large Language Models (MLLMs) v 0.38
integrate LLMs like GPT-4 to handle multi-
modal data, including text, images, au

MLLMs demonstrate capabilities such as gener- v 0.28
ating image captions and answering image-based

questions.

MLLMs bridge the gap towards real-world v 0.27

human-computer interactions and hint at a po-

tential pathway to artificial genera

MLLMs still face challenges in addressing the se- v 0.35
mantic gap in multimodal data, which may lead

to erroneous outputs, posi

Selecting the appropriate modality alignment v 0.33
method is crucial, as improper methods might

require more parameters withou

Implementing effective modality alignment can v 0.30
help LLMs address environmental issues and en-

hance accessibility.

The study surveys existing modality alignment v 0.35
methods for MLLMs, categorizing them into four

groups: (1) Multimodal Conv

Multimodal Converter transforms data into a v 0.26
format that LLMs can understand.

Multimodal Perceiver improves how LLMs per- v 0.19
ceive different types of data.

Tool Learning leverages external tools to convert v 0.28
data into a common format, usually text.

Data-Driven Method teaches LLMs to under- v 0.28

stand specific data types within datasets.
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