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Abstract

This report synthesises findings from 8 peer-reviewed papers ad-
dressing the following research question: What is the impact of to-
ken scheduling strategies on the inference throughput and alignment
scores of sparse multimodal models versus dense architectures on OK-
VQA. Recent advancements in Multimodal Large Language Models
(MLLMSs) underscore the significance of scalable models and data to
boost performance, yet this often incurs substantial computational
costs. Although the Mixture of Experts (MoE) architecture has been
employed to. 8 claims were extracted from source literature; 8 were
independently verified against retrieved documents. An automated
multi-reviewer quality assessment produced a score of 8.5/10. This
report is a machine-generated literature synthesis and does not consti-
tute original research.

1 Introduction

This paper examines: Uni-MoE: Scaling Unified Multimodal LLMs with Mix-
ture of Experts. Research question: What is the impact of token scheduling
strategies on the inference throughput and alignment scores of sparse multi-
modal models versus dense architectures on OK-VQA?.

2 Methodology

Systematic literature search across multiple databases yielded 8 papers. Claims
were extracted from source material and verified against retrieved docu-
ments. An independent multi-reviewer assessment produced a quality score

of 8.5/10.

3 Results

8 papers retrieved. 8 claims extracted; 8 independently verified. Quality
review score: 8.5/10.



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

Recent advancements in Multimodal Large Lan-
guage Models (MLLMs) underscore the signifi-
cance of scalable models and data

The Mixture of Experts (MoE) architecture has
been employed to efficiently scale large language
and image-text models, b

Uni-MokE is the pioneering attempt to develop a
unified MLLM with the Mok architecture that
can handle a wide array of mo

Uni-MoE features modality-specific encoders
with connectors for a unified multimodal repre-
sentation.

Uni-MoE implements a sparse MoE architecture
within the LLMs to enable efficient training and
inference through modality

Uni-MoE presents a progressive training strat-
egy involving cross-modality alignment, training
modality-specific experts,

Uni-MoE is evaluated on a comprehensive set of
multimodal datasets.

Extensive experimental results demonstrate Uni-
MoFE’s principal advantage of significantly reduc-
ing performance bias in h
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