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Introduction

A Survey on Multimodal Large Language Models

 Existing MLLMs

• LLM as the core decision-making module 

• Adding external non-textual encoder and decoder for perceiving and generating non-textual modalities



Introduction

A Survey on Multimodal Large Language Models

• Key design: vision tokenization, i.e., converting input visual signals into visual tokens

 Existing MLLMs



Introduction
 Existing MLLMs

• Vision Tokenization
• Patch-level continuous token
• Patch-level discrete token
• Learnable query token



Introduction

A cat is on the grass with flowers.

• Fixed patch squares, fragmenting objects across multiple patches and disrupting the integrity of visual semantic units

• Codebook introduce information loss

 Existing MLLMs Existing MLLMs
• Patch-level continuous/discrete token



Introduction
 Existing MLLMs

• Learnable query token

• Struggle to align with actual visual semantic units and meanwhile offer limited interpretability



Introduction

A cat is on the grass with flowers.

 Existing MLLMs
• Semantic-Equivalent Token

• Well-encapsulated semantic units, semantically align to the linguistic tokens
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Method
 Semantic-Equivalent Tokenizer (SeTok) 

 SETOKIM integrated with SeTok



Method
 Semantic-Equivalent Tokenizer (SeTok) 

• Token Cluster

Take the visual patch embeddings 𝑋𝑋 as input and then assign individual patches into a semantic complete cluster, which 
can be formulated as obtaining a variable number of concept masks 



Method
 Semantic-Equivalent Tokenizer (SeTok) 

• Token Merger

Adopt a token merger that aggregates visual embeddings beyond merely using cluster centers as definitive vision tokens



Method
 Semantic-Equivalent Tokenizer (SeTok) 

• SeTok Training

Complete and enriched high-level semantic information - concept-level image-text contrastive loss

undistorted pixel-level details - image reconstruction loss



Method

• The input image will be tokenized into a sequence of semantic-equivalent visual tokens by SeTok
• Then concatenated with text tokens to form a unified multimodal sequence
• The backbone LLM subsequently processes this multimodal sequence to perform multimodal understanding 

and generation

 SETOKIM integrated with SeTok



Method

• Stage-I: Multimodal Pretraining

 SETOKIM integrated with SeTok

• Leverage ImageNet-1K and 28M text-image pair dataset, to train the model for conditional image 
generation and image captioning



Method

• Stage-II: Instruction Tuning

 SETOKIM integrated with SeTok

• Perform multimodal instruction tuning with both public datasets covering multimodal instruction dataset
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Experiments
 The Quality of SeTok



Experiments
 Visual Understanding



Experiments
 Visual Understanding



Experiments
 Visual Generation and Editing



Experiments
 Visual Generation and Editing



Experiments
 Visual Generation and Editing



Experiments
 Referring Expression Segmentation



Experiments
 Qualitative Analysis of Visual Tokens



Take-away
• Introduce SeTok, a viable semantic-equivalent tokenizer, that enables to tokenize automatically patch-

level visual features into a variable number of semantic-complete concept visual tokens

• Integrate SeTok with a pre-trained LLM to build an MLLM, SETOKIM

• Extensive experiments demonstrate that SETOKIM performs better on a broad range of comprehension, 
generation, segmentation, and editing tasks
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