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Join the journey on “(multi-modal) LLMs for Society”
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Why Multimodality 



5[1] Bergen, Benjamin K.  Louder than words: The new science of how the mind makes meaning. Basic Books, 2012

Human processes multimodal infos simultaneously 



What is Multimodality?



What is Multimodality?



What is Multimodality?



Why is Multimodality?

Many use cases are impossible 
without multimodality, especially 
those in industries that deal with a 
mixture of data modalities such as 
healthcare, robotics, e-commerce, 
retail, gaming, etc.

An example of how multimodality can be 
used in healthcare. Image from 
Multimodal biomedical AI



Why is Multimodality?



Multimodal Large Language Models

— The age of the large model is upon us, so let's just skip the small model 
and leap directly into the large model era.



Milestones

Given the existence of so many amazing multimodal systems, a challenge of writing this PPT is 
choosing which systems to focus on. Here, we first focus on two early models: CLIP (2021) and 
Flamingo (2022) both for their significance as well as availability and clarity of public details.

● CLIP was the first model that could generalize to multiple image classification tasks with 
zero- and few-shot learning.

● Flamingo wasn’t the first large multimodal model that could generate open-ended 
responses. However, Flamingo’s strong performance prompted some to consider it the GPT-
3 moment in the multimodal domain.

● Multimodal LLMs

● [CLIP] Learning Transferable Visual Models From Natural Language Supervision (OpenAI, 2021)
● Flamingo: a Visual Language Model for Few-Shot Learning (DeepMind, April 29, 2022)

https://arxiv.org/abs/2103.00020
https://arxiv.org/abs/2204.14198


Early Work I: CLIP

Contrastive Language-Image Pre-training

a good practice for alignment: we could “map images to the text space” using 

a discriminative Language models (encoder-only LLM)



CLIP: Contrastive Language-Image Pre-training

● [CLIP] Learning Transferable Visual Models From Natural Language Supervision (OpenAI, 2021)

➔ CLIP leveraged natural language 

supervision and contrastive learning, 

which allowed CLIP to both scale up 

their data and make training more 

efficient. We’ll go over why/how these 

two techniques work.

Zero-shot image classification with CLIP

https://arxiv.org/abs/2103.00020


CLIP's high-level architecture

● [CLIP] Learning Transferable Visual Models From Natural Language Supervision (OpenAI, 2021)

https://arxiv.org/abs/2103.00020


Scalable Data

● [CLIP] Learning Transferable Visual Models From Natural Language Supervision (OpenAI, 2021)

https://arxiv.org/abs/2103.00020


Data Example: Wikipedia-based Image Text Dataset

WIT: Wikipedia-Based Image Text Dataset for Multimodal Multilingual Machine Learning. https://github.com/google-research-datasets/wit



Even a lager one: Laion-5B

● Dataset columns
○ URL: the image url, millions of domains are covered

○ TEXT: captions, in english for en, other languages for multi and nolang

○ WIDTH: picture width

○ HEIGHT: picture height

○ LANGUAGE: the language of the sample, only for laion2B-multi, computed using cld3

○ similarity: cosine between text and image ViT-B/32 embeddings, clip for en, mclip for multi and nolang

○ pwatermark: probability of being a watermarked image, computed using our watermark detector

○ punsafe: probability of being an unsafe image, computed using our clip based detector

Average text length: 67 Average text length: 52 Average text length: 46

https://github.com/google/cld3
https://github.com/LAION-AI/LAION-5B-WatermarkDetection
https://github.com/LAION-AI/CLIP-based-NSFW-Detector


Existing Data



Discriminative vs. generative for image classifications

If a classifier outputs only one class for each input, a language model outputs a sequence of classes. Each generated 

class is called a token. Each token is from a predetermined list, the vocabulary, of the language model.

● [CLIP] Learning Transferable Visual Models From Natural Language Supervision (OpenAI, 2021)

https://arxiv.org/abs/2103.00020


Contrastive objective (CLIP)

While the language model objective allows for vastly more flexible outputs, CLIP authors noted this objective made 

the training difficult. They hypothesized that this is because the model tries to generate exactly the text 

accompanying each image, while many possible texts can accompany an image: alt-text, caption, comments, etc.

● [CLIP] Learning Transferable Visual Models From Natural Language Supervision (OpenAI, 2021)

Texts for an image is diverse

https://arxiv.org/abs/2103.00020


Contrastive objective (CLIP)

● [CLIP] Learning Transferable Visual Models From Natural Language Supervision (OpenAI, 2021)

https://arxiv.org/abs/2103.00020


CLIP

● [CLIP] Learning Transferable Visual Models From Natural Language Supervision (OpenAI, 2021)

https://arxiv.org/abs/2103.00020


CLIP applications: classification

● [CLIP] Learning Transferable Visual Models From Natural Language Supervision (OpenAI, 2021)

https://arxiv.org/abs/2103.00020


CLIP applications: text-based image retrieval

● [CLIP] Learning Transferable Visual Models From Natural Language Supervision (OpenAI, 2021)

https://arxiv.org/abs/2103.00020


CLIP applications: image generation

● [CLIP] Learning Transferable Visual Models From Natural Language Supervision (OpenAI, 2021)
● https://tryolabs.com/blog/2022/08/31/from-dalle-to-stable-diffusion?utm_source=blog&utm_medium=edgeAIalliance&utm_campaign=edgeAIalliance&utm_id=edgeAIalliance

https://arxiv.org/abs/2103.00020


Early Work II:

Flamingo, the dawns of LMMs

a good practice to enable “talking on images” with generative language 

models



Flamingo: the dawns of LMMs (多模态大模型的曙光)

In a reductive view, Flamingo =  CLIP + An autoregressive language model

• Adding a decoder LM.  Unlike CLIP, Flamingo can generate text responses.

• Attention interaction between image encoder and LM

● Flamingo: a Visual Language Model for Few-Shot Learning (DeepMind, April 29, 2022)

Flamingo can generate text responses conditioned on both text and images

https://arxiv.org/abs/2204.14198


Flamingo's high-level architecture

● Flamingo: a Visual Language Model for Few-Shot Learning (DeepMind, April 29, 2022)

At a high level, Flamingo consists of 2 parts:

● Vision encoder: a CLIP-like model is trained using contrastive learning. The text encoder of this model is 

then discarded. The vision encoder is frozen to be used in the main model.

● Language model: Flamingo finetunes Chinchilla to generate text tokens, conditioned on visuals and text, 

using language model loss, with two additional components Perceiver Resampler and GATED XATTN-

DENSE layers.

https://arxiv.org/abs/2204.14198


Data

● Flamingo: a Visual Language Model for Few-Shot Learning (DeepMind, April 29, 2022)

https://arxiv.org/abs/2204.14198


Flamingo's language model

● Flamingo: a Visual Language Model for Few-Shot Learning (DeepMind, April 29, 2022)

https://arxiv.org/abs/2204.14198


Perceiver Resampler

● Flamingo: a Visual Language Model for Few-Shot Learning (DeepMind, April 29, 2022)

https://arxiv.org/abs/2204.14198


GATED XATTN-DENSE layers

● Flamingo: a Visual Language Model for Few-Shot Learning (DeepMind, April 29, 2022)

https://arxiv.org/abs/2204.14198


Loss function: autoregressive language models

● Flamingo: a Visual Language Model for Few-Shot Learning (DeepMind, April 29, 2022)

https://arxiv.org/abs/2204.14198


Flamingo Training

● Flamingo: a Visual Language Model for Few-Shot Learning (DeepMind, April 29, 2022)

https://arxiv.org/abs/2204.14198


CLIP vs. Flamingo

● Flamingo: a Visual Language Model for Few-Shot Learning (DeepMind, April 29, 2022)

https://arxiv.org/abs/2204.14198


Multimodal LLMs

— Welcome to the Era of Large Language Models.

(Large) language models really improve the cognition-level abilities (e.g., reasoning and 

planning), but it also needs perceiving multi-modal input. 



Multimodal LLMs

Visual chat with LMM. Generated by LLaVA: https://llava-vl.github.io/

https://llava-vl.github.io/


Preliminary Idea: Intelligence over Language

Emergent phenomena have extensively already occurred in language-based LLMs.

These LLMs now generally possess very powerful semantic understanding capabilities.  

This also implies that language is a crucial modality for carrying intelligence.

language



Preliminary Idea: Language Intelligence as Pivot

Given this premise, nearly all CURRENT MLLMs are built based on language-based LLMs 

as the core  decision-making module (i.e., the brain or central processor).

By adding additional external non-textual modality modules, LLMs are enabled with 

multimodal  abilities.
- Extend the capability boundary, next milestone towards more advanced intelligence

- More applications

language

3D

sound

smell

touch

video

visual



Language for communication and also thought

A recent perspective paper from Nature: Language is primarily a tool for communication rather than 

thought. https://www.nature.com/articles/s41586-024-07522-w



An interesting question: 

● Can Speech2speech models works generally without involving language/words!

Some people argues that speech-to-speech is cool; but without language, it  

probably cannot think (reason and plan)! 



An interesting question: 

● Can a speech2speech end2end model answer this question well?

Count from one to one hundred, pausing whenever you 

encounter a prime number.

Output 1, 2 [pause], 3 [pause], 4, 5 [pause], 6, 7 [pause], 8, 9, 10, 11 [pause], 12, 13 [pause], 14, 15, 16, 17 [pause], 18, 19 [pause], 

20, 21, 22, 23 [pause], 24, 25, 26, 27, 28, 29 [pause], 30, 31 [pause], 32, 33, 34, 35, 36, 37 [pause], 38, 39, 40, 41 [pause], 42, 43 

[pause], 44, 45, 46, 47 [pause], 48, 49, 50, 51, 52, 53 [pause], 54, 55, 56, 57, 58, 59 [pause], 60, 61 [pause], 62, 63, 64, 65, 66, 67 

[pause], 68, 69, 70, 71 [pause], 72, 73 [pause], 74, 75, 76, 77, 78, 79 [pause], 80, 81, 82, 83 [pause], 84, 85, 86, 87, 88, 89 [pause], 90, 

91, 92, 93, 94, 95, 96, 97 [pause], 98, 99, 100

Without textual planning, speech2speech might not solve this problem. 



Type-I: LLM as Discrete Scheduler/Controller

The role of the LLM is to receive textual signals and instruct textual commands to call downstream modules.

⊹ Key feature:

All message passing within the system, such as “multimodal encoder to the LLM” or “LLM to  

downstream modules”, is facilitated through pure textual commands as the medium.

LLM

Text

User

downstream  

module
downstream  

module

downstream

module

downstream

module

Text



Type-I : LLM as Discrete Scheduler/Controller

⊹ Representative MLLMs:

⊹ Visual-ChatGPT

⊹ HuggingGPT

⊹ MM-REACT

⊹ ViperGPT

⊹ AudioGPT

⊹ LLaVA-Plus

⊹ …

LLM

Text

User

downstream  

module
downstream  

module

downstream  

module

downstream  

module

Text



Type-I : LLM as Discrete Scheduler/Controller

⊹ Quick to build (without training), flexible extension to many tool features

⊹ Information loss in text medium, the bottle-neck



Type-II: LLM as Joint Part of System

⊹ > 90% MLLMs belong to this category.

⊹ Higher upper-bound, better integrated into a unified model

[1] A Survey on Multimodal  

Large Language Models.  

https://github.com/BradyFU/

A  wesome-Multimodal-

Large- Language-Models, 

2023.

https://github.com/BradyFU/Awesome-Multimodal-Large-Language-Models


Training LLMs

- Architecture 
- Visual encoders or tokenizer
- Multi-modal instruction tuning
- Multi-stage training



Architecture of LLMs



LLaVA: Large Language-and-Vision Assistant



Other Multimodal LLMs: Qwen-VL



Other Multimodal LLMs: CogVLM-Chat



Other Multimodal LLMs: Fuyu



Visual encoders or tokenizer



Visual Encoder

⊹ CLIP-ViT is the most popular choice for vision-language models.

× Providing image representations well aligned with text space.

× Scale well with respect to parameters and data.

⊹ SigLIP is gaining increasing popularity (smaller and stronger)



Visual Encoder

⊹ Limitations of existing pretrained ViTs:

× Fixed low-resolution (224x224 or 336x336) in square shape

⊹ High-resolution perception is essential, especially for OCR capability!

Low resolution encoding misses  fine-

grained visual details!



Visual Encoder

⊹ High-resolution Multimodal LLMs

× Image slice-based: Split high-resolution images into slices

× Representatives:

⬩ GPT-4V, LLaVA-NeXT, MiniCPM-V 2.0/2.5, LLaVA-UHD, mPLUG- DocOwl 1.5, 
SPHINX, InternLM-XComposer2-4KHD, Monkey



Non-Visual Encoder

⊹ Audio:

× Whisper

× AudioCLIP

× HuBERT

× BEATs

⊹ 3D Point:

× Point-BERT



Unified Multimodal Encoder

⊹ ImageBind:

× Embedding all modalities into a joint representation space of Image.

× Well aligned modality representations can benefit LLM understanding

[1] ImageBind: One Embedding Space To Bind Them All. 2023



Unified Multimodal Encoder

⊹ LanguageBind:

× Embedding all modalities into a joint representation space of Language.

× Well aligned modality representations can benefit LLM understanding

[1] LanguageBind: Extending Video-Language Pretraining to N-modality by Language-based Semantic Alignment. 2023



Tokenization

[1] AnyGPT: Unified Multimodal LLM with Discrete Sequence Modeling. 2023

⊹ Represent multimodal signals as discrete tokens in a codebook

×Advantages: support unified multimodal signal understanding and generation in an auto-regressive next-token 

prediction framework



Tokenization

• Methods to Connect Multimodal Representation with LLM

⊹ Projecting multimodal (e.g., image) representations into LLM semantic space

×Q-Former: BLIP-2, InstructBLIP, VisCPM, VisualGLM

×Linear projection: LLaVA, MiniGPT-4, NExT-GPT

×Two-layer MLP: LLaVA-1.5/NeXT, CogVLM, DeepSeek-VL, Yi-VL

×Perceiver Resampler: Flamingo, Qwen-VL, MiniCPM-V, LLaVA-UHD

×C-Abstractor: HoneyBee, MM1



Instruction Tuning in Multi-modal LLM



Recap on Language Modeling

CLIP

Flamingo



Instruction Tuning in LLM



Instruction Tuning in LLM



Instruction Tuning in LLM

Self-Instruct with Strong Teacher LLMs & Mixed Human Data



Instruction Tuning in Multimodal LLM



GPT-assisted Visual Instruction Data Generation



MLLM Instruction Tuning Framework

Data Adaptation

Self-Instruction

Data Mixture

Visual Instruction-following data

Visual Instruction Tuning 

Framework  Example: LLaVA-1.5
Data Construction



Multi-stage training in Multimodal LLMs



Training Data

● Image-text paired data (i.e. captions)

● Visual instruction tuning data (Visual QA)

Guiming Hardy Chen, Shunian Chen, Ruifei Zhang, Junying Chen, Xiangbo Wu, Zhiyi Zhang, Zhihong Chen, Jianquan Li, Xiang Wan, Benyou 

Wang. ALLaVA: Harnessing GPT4V-synthesized Data for A Lite Vision-Language Model. https://arxiv.org/abs/2402.11684

https://arxiv.org/abs/2402.11684


Pretraining  Alignment Data (i.e. image caption)

[1] ShareGPT4V: Improving Large Multi-Modal Models with Better Captions. 2023.

Coarse-gained Image-text

Fine-gained Image-text

Coarse-gained Image-text



Pretraining Alignment Data (i.e. image caption)

● Coarse-gained Image-text

Data volume is large, the 

captions  are shorts and noisy.

● Fine-gained Image-Text

High quality, longer and more  

accurate descriptions, fine-

gained  alignment between 

different  modalities.



Instruction Tuning Data (visual QA)

63

Dataset Size Modalities Constructions

LLaVA-Instruct-158k 158k Image, Text ChatGPT-generated

LRV-Instruction 400k Image, Text GPT4-generated

MMC-Instruction 600k Chart, Text GPT4-generated/adapted

Clotho-Detail 3.9k Text, Audio GPT4-generated

MACAW-LLM 119k Image, Video, Text GPT-3.5-turbo-generated

MIMIC-IT 2.8M Image, Video, Text ChatGPT-generated

StableLLaVA 126k Image, Text StableDiffusion & ChatGPT-

generated

LAMM 196k Image, PointCloud, 

Text

GPT4-generated

VIGC-LLaVA 1.8M Image, Text Model-generated

ALLaVA-4V 1.3M Image, Text GPT-4V



The Typical Training Paradigm

Stage1: Pretraining Stage Stage2: Instruction Tuning Stage

⊹Align different modalities, provide world knowledge ⊹ Teach models to better understand the instructions 

from users and fulfill the  demanded tasks.



Training Paradigms

Training paradigms of popular multimodal large language models.

1 mPLUG-Owl: Language Models with Multimodality. 2023.

2 Visual Instruction Tuning. NeurIPS 2023.

3 MINIGPT-4: ENHANCING VISION-LANGUAGE UNDERSTANDING WITH ADVANCED LARGE 

LANGUAGE MODELS. 2023.

4 Language Is Not All You Need: Aligning Perception with Language Models. 2023.

MiniGPT4 Kosmos-1 LLaVA mPLUG-Owl



Pretraining Paradigms

Stage1: Pretraining Stage Stage2: Instruction Tuning Stage

⊹Align different modalities, provide world knowledge ⊹ Teach models to better understand the 

instructions from users and fulfill the  demanded 

tasks.



Research Directions for Multimodal LMMs



(1) Efficient multimodal MLLMs: 

● Projection (see Fuyu) or token reductions [1]

● LLaMA-Adapter V2: Parameter-Efficient Visual Instruction Model

● Cheap and Quick: Efficient Vision-Language Instruction Tuning for Large Language Models

1] Dingjie Song, Wenjun Wang, Shunian Chen, Xidong Wang, Michael X. Guan, Benyou Wang. Less is More: A Simple yet Effective Token Reduction Method for Efficient Multi-

modal LLMs. COLING 2025. https://aclanthology.org/2025.coling-main.508/



(2) Generating multimodal outputs (vison, action, etc.)

Generating Images with Multimodal Language Models (Koh et al., Jun 2023) is an awesome paper that shows how LMMs can 

generate and retrieve images together with generating texts.



(3) Vertical Applications (e.g. medical applications)

● PathAsst: Redefining Pathology through Generative Foundation AI Assistant for Pathology

● PMC-VQA: Visual Instruction Tuning for Medical Visual Question Answering

● LLaVA-Med: Training a Large Language-and-Vision Assistant for Biomedicine in One Day



(4) Evaluations

● Evaluating Object Hallucination in Large Vision-Language Models

● On Evaluating Adversarial Robustness of Large Vision-Language Models

● On the Hidden Mystery of OCR in Large Multimodal Models

● LAMM: Language-Assisted Multi-Modal Instruction-Tuning Dataset, Framework, and Benchmark



(5) Incorporating more data modalities

Today, most multimodal systems work with text and images. It’s only a matter of time before we need systems that can incorporate

other modalities such as videos, music, and 3D. Wouldn’t it be amazing to have one shared embedding space for ALL data 

modalities?



(6) Large vision models using next-frame prediction

Frame predictions. LVM predicts the next frame (marked in red) given previous video frames as prompt. The 
results reveal the LVM can predict the video frames while considering dynamic objects and camera motion.

https://yutongbai.com/lvm.html



(7) Unify multi-modal understanding and generation

Xinjie Zhang, Jintao Guo, Shanshan Zhao, Minghao Fu, Lunhao Duan, Jiakui Hu, Yong Xien Chng, Guo-Hua Wang, Qing-Guo Chen, Zhao 

Xu, Weihua Luo, Kaifu Zhang. Unified Multimodal Understanding and Generation Models: Advances, Challenges, and Opportunities.



Applications of multi-modality generations



Example:



Generated by Nana Banana



Janus

Junying Chen, Zhenyang Cai, Pengcheng Chen, Shunian Chen, Ke Ji, Xidong Wang, Yunjin Yang, Benyou Wang. ShareGPT-4o-Image: 

Aligning Multimodal Models with GPT-4o-Level Image Generation. 



Medical Sora: Towards a Medical World Simulator

A medical world simulator offers immense application potential.

Medical image analysis

Operation

Instrument Usagemedical care

Medical Popularization Medical Scenario 



Micro world simulator

Rongsheng Wang, Minghao Wu, Hongru Zhou, Zhihan Yu, Zhenyang Cai, Junying Chen, Benyou Wang. MicroVerse: A Preliminary Exploration 

Toward a Micro-World Simulation.



Edge-device Multi-modal LLMs



MLLMs for Edge devices

在端侧设备运行，甚至可以流式地运行



A naïve demo

MLLMs running on edge devices



Final remarks from multi-modal interactions



The necessity to Multi-modal LLLs

● Speech is more convenient for interaction;
○ See HuatuoGPT applications

● Video is language-agnostic
○ We could also enjoy the fun from TikTok in India without language barrier

● Data with other modality needs a language interface to interact;
○ Draw with language interface-based AI tools



Adobe Firefly turns Photoshop into effortless AI image generator

https://www.cultofmac.com/news/adobe-firefly-photoshop-ai-image-generator



Final conclusion of this course

Hope it could finally pass tuning test in a video interaction !



Final projects

● Starbuck time every noon next week.
○ Tentative time: 12:30 -13:00 pm from 24-25 Dec.



AIMO 3 is coming 

https://www.kaggle.com/competitions/ai-mathematical-olympiad-progress-prize-3

Contact me if you want to work on it –- （full-time in five months）
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