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Language modelling

• Language modelling is the task of predicting which word comes 

next in a sequence of words.

• More formally, given a sequence of words 𝑤1, … ,𝑤𝑡 we want to 

know the probability of the next word, 𝑤𝑡+1:

• We are assuming that 𝑤𝑡+1 comes from a finite vocabulary 𝑉.

language models = classifiers
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Intelligence in Multi-Sensory Data
• HarnessingMultimodality

This world we live in is replete with 

multimodal information & signals, 

not just language.

2025-06-02LLM - VT25 - Fredrik Heintz - LE10 Multi-Modal LLMs - WiP (based on CVPR2024 Tutorial on MLLMs https://mllm2024.github.io/CVPR2024/) 3



Intelligence in Multi-Sensory Data
• HarnessingMultimodality

This world we live in is replete with multimodal information & signals, not just language.

o Autonomous Driving Systems

In this application, vehicles 

use a combination of visual 
data (cameras), spatial data 
(LiDAR), and auditory signals 

(sonar) to navigate safely.

o Healthcare Diagnostics

Medical imaging tools like 

MRI, CT scans, and X-rays, 
along with patient history 
and verbal symptoms, are 

used to diagnose diseases.

o Smart Home Assistants

Devices like Amazon Alexa 

and Google Home use voice 

commands (audio), physical 

interaction (touch), and 

sometimes visual cues to 

operate.
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Intelligence in Multi-Sensory Data
• BuildingMultimodal LLMs (MLLMs)

Can we transfer the success of LLMs to MLLMs, enabling LLMs to comprehend multimodal information

as deeply as they understand language?

LLM

TextText

Text

Video

Audio

Image MLLM

…

Text

Video

Audio

Image

…

Perceiving and interacting with the world as HUMAN BEINGs do, might be the key to achieving 

human-level AI.
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Intelligence in Multi-Sensory Data
• Trends of MLLMs

[1] MM-LLMs: Recent Advances in MultiModal 
Large Language Models, 2023.
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Intelligence in Multi-Sensory Data
• Trends of MLLMs

[1] A Survey on Multimodal Large Language Models.
https://github.com/BradyFU/Awesome-Multimodal-Large-Language-Models, 2023.
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From MLLMs to Human-level AI
• Key Aspects for Building Powerful MLLMs
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Part-II

MLLM Design: Architecture

YuanYao
Research Fellow

NationalUniversityofSingapore

https://yaoyuanthu.github.io/
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Table of Content

o Architecture

× Overview: Basic Architecture

× Multimodal Encoding

× Input-side Projection

× Backbone LLMs

× Decoding-side Projection

× Multimodal Generation
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Architecture of MLLM
How to design an MLLM?1
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Overview of MLLM Architecture
• 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
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Overview of MLLM Architecture
• 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
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Overview of MLLM Architecture
• Architecture-I: LLM as Discrete Scheduler/Controller

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

o Key feature:

All message passing within the system, such as “multimodal encoder to the LLM” or “LLM to 
downstreammodules”, is facilitated through pure textual commands as the medium.

LLM

Text

User

downstream 

module
downstream 

module

downstream

module

downstream

module

Text
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Overview of MLLM Architecture
• Architecture-I: LLM as Discrete Scheduler/Controller

LLM

Text

User

o Representative MLLMs:

o Visual-ChatGPT

o HuggingGPT

o MM-REACT

o ViperGPT

o AudioGPT

o LLaVA-Plus

o …

downstream 

module
downstream 

module

downstream 

module

downstream 

module

Text
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Overview of MLLM Architecture
• Architecture-I: LLM as Discrete Scheduler/Controller

o Visual-ChatGPT ⊹ HuggingGPT

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

o Information loss in text medium, the bottle-neck

16
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Overview of MLLM Architecture
• Architecture-II: LLM as Joint Part of System

• The role of the LLM is to perceive multimodal information,
and react by itself, in a structure of Encoder-LLM-Decoder.

• Key feature:

• LLM is the key joint part of the system, receiving multimodal

information directly from outside, and delegating instruction to
decoders/generators in a more smooth manner.

LLM

TextText

Multimodal 

Signals

Multimodal 

Decoder
Multimodal 

Encoder

Multimodal 

Outputs

Encoder

17

Core Decoder
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Overview of MLLM Architecture

12

• Architecture-II: LLM as Joint Part of System
o > 90% MLLMs belong to this category.

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

More promising

[1] A Survey on Multimodal 
Large Language Models. 
https://github.com/BradyFU/A
wesome-Multimodal-Large-
Language-Models, 2023.
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Multimodal Encoding
• Visual Encoder

o 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.

o SigLIP is gaining increasing popularity (smaller and stronger)
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Multimodal Encoding
• Visual Encoder

o Limitations of existing pretrained ViTs:

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

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

Low resolution encoding misses 

fine-grained visual details!
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Multimodal Encoding
• Visual Encoder

o 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

2025-06-02LLM - VT25 - Fredrik Heintz - LE10 Multi-Modal LLMs - WiP (based on CVPR2024 Tutorial on MLLMs https://mllm2024.github.io/CVPR2024/) 21



Multimodal Encoding
• Visual Encoder

o High-resolution Multimodal LLMs

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

× OCR capabilities improves significantly without new data
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Multimodal Encoding
• Visual Encoder

o High-resolution Multimodal LLMs

× Dual branch encoders

× Representatives

⬩ CogAgent

⬩ Mini-Gemini

⬩ DeepSeek-VL

⬩ LLaVA-HR
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Multimodal Encoding
• Visual Encoder

o High-resolution Multimodal LLMs

× ViT-free: linear project pixel-patches into tokens

× Representatives: Fuyu, OtterHD

× A potential unified way for MLLMs, getting rid of ViTs

× More costly to train, produce lengthy visual tokens

24
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Multimodal Encoding
• Non-Visual Encoder

o Audio:

× Whisper

× AudioCLIP

× HuBERT

× BEATs

o 3D Point:

× Point-BERT
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Multimodal Encoding
• UnifiedMultimodal Encoder

o 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
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Multimodal Encoding
• UnifiedMultimodal Encoder

o 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
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Multimodal Signal Tokenization
• Tokenization

o AnyGPT

[1] AnyGPT: Unified Multimodal LLM with Discrete Sequence Modeling. 2023
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Multimodal Signal Tokenization
• Tokenization in Codebook

o 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

× More commonly used in image synthesize

⬩ Parti

⬩ Muse (parallel)

⬩ MaskGIT (parallel)

× Representative Multimodal LLMs

⬩ Gemini

⬩ CM3

⬩ VideoPoet
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Input-side Projection
• Methods to ConnectMultimodal Representation with LLM

o 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

2025-06-02LLM - VT25 - Fredrik Heintz - LE10 Multi-Modal LLMs - WiP (based on CVPR2024 Tutorial on MLLMs https://mllm2024.github.io/CVPR2024/) 30



Input-side Projection
• Some Insights

o Different papers have different conclusions about projection methods

× Two-layer MLP is better than linear projection. (LLaVA 1.5)

× Resampler is comparable to C-Abstractor (MM1) and MLP (LLaVA-UHD)
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Input-side Projection
• Some Insights

o Agreement: Number of visual token matters! Especially for efficiency

× Resampler/Q-Former/C-Abstractor yield less visual tokens than MLP/Linear

× Favorable in high-resolution image understanding

32
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Decoding-side Connection

o Visual-ChatGPT
o HuggingGPT

o GPT4Video

o MM-REACT

o ViperGPT

o ModaVerse

o Vitron

o …

o Pros:

• Message passing via 1) text tokens

o Representative MLLMs:

Text 

Response
Multimodal 

Decoder

LLM

Text

Multimodal

Content

o Cons:
o Loss of end-to-end tuning capabilities.

o Performance upper-bound is limited, i.e., some multimodal

signals cannot be optimally conveyed through text.

o High performance lower-bound

o More efficient, i.e., without tuning

1 Visual-ChatGPT: Talking, Drawing and Editing with Visual Foundation Models. 2023
2 HuggingGPT: Solving AI Tasks with ChatGPT and its Friends in Hugging Face. 2023
3 ModaVerse: Efficiently Transforming Modalities with LLMs. 2024
4 VITRON: A Unified Pixel-level Vision LLM for Understanding, Generating, Segmenting, Editing. 2024
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Decoding-side Connection
• Message passing via 2) continuous embedding

PassingthemessagefromLLMtodownstreamdecodersviasoftembeddings, 

i.e.,signaltokens.

o Merits

o Capable of end-to-end tuning, resulting in more

efficient instruction transmission

LLM Multimodal 

Decoder

Text

Multimodal 

Content

1 Generating Images with Multimodal Language Models. 2023
2 NExT-GPT: Any-to-Any Multimodal LLM. 2023

embeddings of 

signal tokens

o More able to convey various multimodal signals

that text alone cannot express, e.g.,

o thenumerationofvision

o thevisual-spatial relational semantics
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Decoding-side Connection
• Message passing via 3) codebooks

LLM generatesspecialtokens id, i.e.,codebooks,todownstream(visual)decoders.

o Merits

o Capable of end-to-end tuning for higher 

efficiency in command transmission

LLM
Multimodal 

Decoder

Text

Multimodal 

Content

1 Unified-IO 2: Scaling Autoregressive Multimodal Models with Vision, Language, Audio, and Action. 2023
2 LVM: Sequential Modeling Enables Scalable Learning for Large Vision Models. 2023
3 AnyGPT: Unified Multimodal LLM with Discrete Sequence Modeling. 2024
4 VideoPoet: A Large Language Model for Zero-Shot Video Generation. 2024

multimodal 

embeddings

o Better at expressing various multimodal signals

that cannot be captured by text alone

o Supports autoregressive multimodal token

generation

de-tokenize

codebooks
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Multimodal Generation
• Text Generation

o LLMs naturally support direct text generation

viae.g.,BPE decoding,Beamsearch,…
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Multimodal Generation
• Generation via DiffusionModels

o Visual (Image/Video) Generator

o Image Diffusion

o Video Diffusion

o Audio Generator

o Speech Diffusion

o Audio Diffusion

[1] NExT-GPT: Any-to-Any Multimodal LLM. 2023

2025-06-02LLM - VT25 - Fredrik Heintz - LE10 Multi-Modal LLMs - WiP (based on CVPR2024 Tutorial on MLLMs https://mllm2024.github.io/CVPR2024/) 37



Multimodal Generation
• Generation via Codebooks

o Visual (Image/Video) Generator

o VQ-VAE +Codebooks

o VQ-GAN +Codebooks

o Audio Generator

o SpeechTokenizer +Residual Vector Quantizer

o SoundStream +Residual Vector Quantizer

[1] Unified-IO 2: Scaling Autoregressive Multimodal Models with
Vision, Language, Audio, and Action. 2023
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Multilingual Multimodal LLMs
• MLLMs are mostly strong in English, weak in other languages

o Limited scale and quality of multimodal data in non-English languages

o Huge computation cost for each language even if sufficient data available

o Why not machine translation pipeline ?

× Another LLM for translation: double computation cost and delay

× Missing visual context can lead to incorrect translation

× Not an elegant way to AGI

High QualityLow Quality

Chinese Image-Text Data Quality Distribution
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Multilingual Multimodal LLMs
• MLLMs are mostly strong in English, weak in other languages

o Generalizing multimodal capabilities to non-English languages via multilingual LLM as

pivots

o Basic idea

× Multilingual alignment: Reuse multilingual LLMs

× Multimodal alignment: Multimodal pretraining on English image-text pairs

[1] Large Multilingual Models Pivot Zero-Shot Multimodal Learning across Languages. 2024.
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Multilingual Multimodal LLMs
• MLLMs are mostly strong in English, weak in other languages

o Generalizing multimodal capabilities to non-English languages via multilingual LLM as pivots

o Foundation capability can be well generalized already!

[1] Large Multilingual Models Pivot Zero-Shot Multimodal Learning across Languages. 2024.
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Multilingual Multimodal LLMs
• MLLMs are mostly strong in English, weak in other languages

o Generalizing multimodal capabilities to non-English languages via multilingual LLM as pivots

o Lightweight SFT is sufficient to switch to the target language

o Generalize to cultures, etc.

[1] Large Multilingual Models Pivot Zero-Shot Multimodal Learning across Languages. 2024.
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Multilingual Multimodal LLMs
• MLLMs are mostly strong in English, weak in other languages

o Generalizing multimodal capabilities to non-English languages via multilingual LLM as

pivots

o Common practice nowadays

× VisCPM, LLaVA-NeXT, Yi-VL 34B, CogVLM2: English & Chinese

× MiniCPM-Llama3-V 2.5: 30+ Languages:

Chinese Image-Text Data Quality Distribution

High QualityLow Quality

2025-06-02LLM - VT25 - Fredrik Heintz - LE10 Multi-Modal LLMs - WiP (based on CVPR2024 Tutorial on MLLMs https://mllm2024.github.io/CVPR2024/) 43



Part-III

HaoFei
Research Fellow

NationalUniversityofSingapore

http://haofei.vip/

Modality and Functionality
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Table of Content

o Modality&Functionality

× Overview

× Multimodal Perceiving

× Multimodal Generation

× Unified MLLM

× Fine-grained MLLM

× What’s Next
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Overview of Modality and Functionality
• Modalities

Language+Vision
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Overview of Modality and Functionality
• MLLMs at A Glance Modality (w/ Language)

Image Video Audio 3D

Input-side
Perceiving

Flamingo, Kosmos-1, Blip2, mPLUG-
Owl, Mini-GPT4, LLaVA,
InstructBLIP, VPGTrans, CogVLM,
Monkey, Chameleon, Otter, Qwen-VL,
GPT-4v, SPHINX, Yi-
VL, Fuyu, …

VideoChat, Video-
ChatGPT, Video-
LLaMA, PandaGPT, 
MovieChat, Video-
LLaVA, LLaMA-
VID,
Momentor, …

AudioGPT,
SpeechGPT, VIOLA,
AudioPaLM, 
SALMONN, MU-
LLaMA, …

3D-LLM, 3D-
GPT, LL3DA,
SpatialVLM, 
PointLLM,
Point- Bind, …

[Pixel-wise] GPT4RoI, LION,
MiniGPT- v2, NExT-Chat, Kosmos-2,
GLaMM, LISA, DetGPT, Osprey,
PixelLM, …

[Pixel-wise] PG-
Video-LLaVA,
Merlin, MotionEpic,
…

- -

Video-LLaVA, Chat-UniVi, LLaMA-VID - -
Panda-GPT, Video-LLaMA, AnyMAL, Macaw-LLM, Gemini, VideoPoet, ImageBind-
LLM, LLMBind, LLaMA-Adapter, …

-

Perceiving
+

Generating

GILL, EMU, MiniGPT-5, DreamLLM,
LLaVA-Plus, InternLM-
XComposer2, SEED-LLaMA, 
LaVIT, Mini-Gemini, …

GPT4Video, Video-
LaVIT, VideoPoet,
…

AudioGPT,
SpeechGPT, VIOLA,
AudioPaLM, …

-

[Pixel-wise] Vitron - -
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Multimodal Perceiving
• Image-perceiving MLLM

o Flamingo,
o Kosmos-1,

o Blip2, mPLUG-Owl,

o Mini-GPT4, LLaVA,

o InstructBLIP, Otter,

o VPGTrans

o Chameleon,

o Qwen-VL, GPT-4v,

o SPHINX,

o …

LLM

Text

Image

Encode input images with external image encoders, generating
LLM-understandable visual feature, which is then fed into the
LLM. LLM then interprets the input images based on the input
text instructions and produces a textual response.

Text

1 Flamingo: a Visual Language Model for Few-Shot Learning. 2022
2 Language Is Not All You Need: Aligning Perception with Language Models. 2023
3 BLIP-2: Bootstrapping Language-Image Pre-training with Frozen Image Encoders and Large Language Models. 2023
4 MiniGPT-4: Enhancing Vision-Language Understanding with Advanced Large Language Models. 2024
…
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Multimodal Perceiving
• Image-perceiving MLLM

o Blip2

1 Flamingo: a Visual Language Model for Few-Shot Learning. 2022
2 BLIP-2: Bootstrapping Language-Image Pre-training with Frozen Image Encoders and Large Language Models. 2023
3 Visual Instruction Tuning. 2023
4 A Survey on Multimodal Large Language Models.

https://github.com/BradyFU/Awesome-Multimodal-Large-Language-Models, 2023.

o LLaVA

o Flamingo o Mini-GPT4
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Multimodal Perceiving
• Image-perceiving MLLM

o Fuyu

[1] Fuyu-8B. https://www.adept.ai/blog/fuyu-8b, 2023.

Unlike all other existing image-oriented MLLMs, Fuyu
processes image information without a frontend image
encoder, and instead directly inputs image patches into
the LLM for interpretation.
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Multimodal Perceiving
• Video-perceiving MLLM

o VideoChat,

o Video-ChatGPT,

o Video-LLaMA,

o PandaGPT,

o MovieChat,

o Video-LLaVA,

o LLaMA-VID,

o Momentor

o …

LLM

Text

Video

Encode input videos with external video encoders, generating 
LLM-understandable visual feature, feeding into LLM, which 
then interprets the input videos based on the input text 
instructions and produces a textual response.

Text

1 VideoChat: Chat-Centric Video Understanding. 2023
2 Video-ChatGPT: Towards Detailed Video Understanding via Large Vision and Language Models. 2023
3 Video-LLaMA: An Instruction-tuned Audio-Visual Language Model for Video Understanding. 2023
4 Video-LLaVA: Learning United Visual Representation by Alignment Before Projection. 2023
5 Momentor: Advancing Video Large Language Model with Fine-Grained Temporal Reasoning. 2024
…
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Multimodal Perceiving

1 Video-ChatGPT: Towards Detailed Video Understanding via Large Vision and Language Models. 2023
2 Video-LLaVA: Learning United Visual Representation by Alignment Before Projection. 2023
3 Video Understanding with Large Language Models: A Survey. https://github.com/yunlong10/Awesome-LLMs-for-Video-Understanding, 2023

• Video-perceiving MLLM

o Video-ChatGPT o Video-LLaVA
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Multimodal Perceiving
• 3D-perceiving MLLM

o 3D-LLM,

o 3D-GPT,

o LL3DA,

o SpatialVLM

o PointLLM

o Point-Bind

o …

LLM

Text

3D/Points

Encode input 3D information with external encoders, generating 
LLM-understandable 3D feature, feeding into LLM, which then 
interprets the input 3D/points based on the input text 
instructions and produces a textual response.

Text

1 3D-LLM: Injecting the 3D World into Large Language Models. 2023
2 3D-GPT: Procedural 3D Modeling with Large Language Models. 2023
3 LL3DA: Visual Interactive Instruction Tuning for Omni-3D Understanding, Reasoning, and Planning. 2023
4 PointLLM: Empowering Large Language Models to Understand Point Clouds. 2023
5 SpatialVLM: Endowing Vision-Language Models with Spatial Reasoning Capabilities. 2024
…
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Multimodal Perceiving
• 3D-perceiving MLLM

o 3D-LLM

1 3D-LLM: Injecting the 3D World into Large Language Models. 2023
2 PointLLM: Empowering Large Language Models to Understand Point Clouds. 2023

o PointLLM
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Multimodal Perceiving
• Audio-perceiving MLLM

o AudioGPT,
o SpeechGPT,
o VIOLA,

o AudioPaLM

o SALMONN

o MU-LLaMA

o …

LLM

Text

Audio

Encode input audio signals with external 
encoders, generating LLM-understandable 
signal features, feeding into LLM, which then 
interprets the audio based on the input text 
instructions and produces a textual response.

Text

1 AudioGPT: Understanding and Generating Speech, Music, Sound, and Talking Head. 2023
2 SpeechGPT: Empowering Large Language Models with Intrinsic Cross-Modal Conversational Abilities. 2023
3 VioLA: Unified Codec Language Models for Speech Recognition, Synthesis, and Translation. 2023
4 AudioPaLM: A Large Language Model That Can Speak and Listen. 2023
5 SALMONN: Towards Generic Hearing Abilities for Large Language Models. 2023
…

music

speechsound

…
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Multimodal Perceiving
• Audio-perceiving MLLM

o SpeechGPT

1 SpeechGPT: Empowering Large Language Models with Intrinsic Cross-Modal Conversational Abilities. 2023
2 SALMONN: Towards Generic Hearing Abilities for Large Language Models. 2023
3 Sparks of Large Audio Models: A Survey and Outlook. https://github.com/EmulationAI/awesome-large-audio-models, 2023

o SALMONN
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Multimodal Perceiving

1 BioGPT: Generative Pre-trained Transformer for Biomedical Text Generation and Mining. 2022
2 DrugGPT: A GPT-based Strategy for Designing Potential Ligands Targeting Specific Proteins. 2023
3 MEDITRON-70B: Scaling Medical Pretraining for Large Language Models. 2023
4 HuaTuo: Tuning LLaMA Model with Chinese Medical Knowledge. 2023
5 AlpaCare:Instruction-tuned Large Language Models for Medical Application. 2023

6 A Survey of Large Language Models in Medicine: Progress, Application, and Challenge,

https://github.com/AI-in-Health/MedLLMsPracticalGuide. 2023.

• X-perceivingMLLM

o Bio-/Medical&Healthcare

o BioGPT
o DrugGPT
o BioMedLM

o DoctorGLM
o BianQue
o ClinicalGPT

o
o
o

MedAlpaca
AlpaCare 

Zhongjing
o OphGLM o Qilin-Med o PMC-LLaMA
o GatorTron o ChatDoctor o CPLLM
o GatorTronGPT o BenTsao o MedPaLM 2
o MEDITRON o HuatuoGPT o BioMedGPT

LLM

Text

biomedicine

Text
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Multimodal Perceiving
• X-perceivingMLLM

LLM

Text

Chem/Graph

Text

o MolSTM
o GIMLET

o …

o Molecule&Chemistry
⊹

Graph

o ChemGPT o StructGPT

o SPT o GPT4Graph

o T5 Chem o GraphGPT

o ChemLLM o LLaGA

o MolCA o HiGPT

o MolXPT o …
o Geographical InformationSystem(GIS)

o GeoGPT
1 Neural Scaling of Deep Chemical Models. 2022
2 ChemLLM: A Chemical Large Language Model. 2023
3 MolCA: Molecular Graph-Language Modeling with Cross-Modal Projector and Uni-Modal Adapter. 2023
4 StructGPT: A General Framework for Large Language Model to Reason on Structured Data. 2023
5 LLaGA: Large Language and Graph Assistant. 2023
6 Awesome-Graph-LLM, https://github.com/XiaoxinHe/Awesome-Graph-LLM. 2023
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Unified MLLM: Perceiving + Generation
• Scenarios

Often, MLLMs need to not only understand the input multimodal information, but also to 
generate information in that modality.

o Image Captioning

o Visual Question Answering

o Text-to-Vision Synthesis

o Vision-to-Vision Translation

o Scene Text Recognition

o Scene Text Inpainting

o …
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Overview of Modality and Functionality

19

• MLLMs at A Glance
Modality (w/ Language)

Image Video Audio 3D

Input-side
Perceiving

Flamingo, Kosmos-1, Blip2, mPLUG-Owl, 
Mini-GPT4, LLaVA, InstructBLIP, 
VPGTrans, CogVLM, Monkey, Chameleon, 
Otter, Qwen-VL, GPT-4v, SPHINX, Yi-
VL, Fuyu, …

VideoChat, Video-
ChatGPT, Video-
LLaMA, PandaGPT, 
MovieChat, Video-
LLaVA, LLaMA-VID,
Momentor, …

AudioGPT, SpeechGPT, 
VIOLA, AudioPaLM, 
SALMONN, MU-
LLaMA, …

3D-LLM, 3D-GPT, 
LL3DA,
SpatialVLM, 
PointLLM, Point-
Bind, …

[Pixel-wise] GPT4RoI, LION, MiniGPT-
v2, NExT-Chat, Kosmos-2, GLaMM, 
LISA, DetGPT, Osprey, PixelLM, …

[Pixel-wise] PG-
Video-LLaVA, Merlin, 
MotionEpic, …

- -

Video-LLaVA, Chat-UniVi, LLaMA-VID - -
Panda-GPT, Video-LLaMA, AnyMAL, Macaw-LLM, Gemini, VideoPoet, ImageBind-LLM, 
LLMBind, LLaMA-Adapter, …

-

Perceiving
+

Generating

GILL, EMU, MiniGPT-5, DreamLLM,
LLaVA-Plus, InternLM-XComposer2, 
SEED-LLaMA, LaVIT, Mini-Gemini, …

GPT4Video, Video-
LaVIT, VideoPoet, …

AudioGPT, SpeechGPT, 
VIOLA, AudioPaLM, …

-

[Pixel-wise] Vitron - -
NExT-GPT, Unified-IO 2, AnyGPT, CoDi-2, Modaverse, ViT-Lens, … -
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Unified MLLM: Perceiving + Generation
• Image

o GILL

o EMU

o MiniGPT-5

o DreamLLM

o LLaVA-Plus

o LaVIT

o …

LLM

Text

Image

Central LLMs take as input both texts and images, after 
semantics comprehension, and generate both texts and images.

Text

1 Generating Images with Multimodal Language Models. 2023
2 Generative Pretraining in Multimodality. 2023
3 MiniGPT-5: Interleaved Vision-and-Language Generation via Generative Vokens. 2023
4 DreamLLM: Synergistic Multimodal Comprehension and Creation. 2023
5 LLaVA-Plus: Learning to Use Tools for Creating Multimodal Agents. 2023
…

Image
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Unified MLLM: Perceiving + Generation
• Image

o GILL o EMU

1 Generating Images with Multimodal Language Models. 2023
2 Generative Pretraining in Multimodality. 2023
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Unified MLLM: Perceiving + Generation
• Video

o GPT4Video

o VideoPoet

o Video-LaVIT

o …

LLM

Text

Central LLMs take as input both texts and videos, after 
semantics comprehension, and generate both texts and videos.

Text

Video Video

1 GPT4Video: A Unified Multimodal Large Language Model for lnstruction-Followed Understanding and Safety-Aware Generation. 2023
2 VideoPoet: A Large Language Model for Zero-Shot Video Generation. 2023
3 Video-LaVIT: Unified Video-Language Pre-training with Decoupled Visual-Motional Tokenization. 2024
…
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Unified MLLM: Perceiving + Generation
• Video

o GPT4Video

1 GPT4Video: A Unified Multimodal Large Language Model for lnstruction-Followed Understanding and Safety-Aware Generation. 2023
2 VideoPoet: A Large Language Model for Zero-Shot Video Generation. 2023

o VideoPoet
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Unified MLLM: Perceiving + Generation
• Audio

o AudioGPT,

o SpeechGPT,

o VIOLA,

o AudioPaLM,

o …

LLM

Text

Central LLMs take as input both texts and audio, after 
semantics comprehension, and generate both texts and audio.

Text

Audio

1 AudioGPT: Understanding and Generating Speech, Music, Sound, and Talking Head. 2023
2 SpeechGPT: Empowering Large Language Models with Intrinsic Cross-Modal Conversational Abilities. 2023
3 VioLA: Unified Codec Language Models for Speech Recognition, Synthesis, and Translation. 2023
4 AudioPaLM: A Large Language Model That Can Speak and Listen. 2023
…

Audio
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Unified MLLM: Perceiving + Generation
• Audio

o SpeechGPT o AudioGPT

1 SpeechGPT: Empowering Large Language Models with Intrinsic Cross-Modal Conversational Abilities. 2023
2 AudioGPT: Understanding and Generating Speech, Music, Sound, and Talking Head. 2023
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Unified MLLM: Harnessing Multi-Modalities
• Scenarios:

In reality, modalities often have strong interconnections simultaneously. Thus, it is frequently
necessary for MLLMs to handle the understanding of multiple non-textual modalities at once,
rather than just one single (non-textual) modality.

o Image+Video

o Audio+Video

o Image+Video+Audio

o Any-to-Any

o …
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Unified MLLM: Harnessing Multi-Modalities
• Text+Image+Video

o Video-LLaVA

o Chat-UniVi

o LLaMA-VID

o …

LLM

Text

Central LLMs take as input texts, image and video, after 
semantics comprehension, and generate texts (maybe also 
image and video, or combination).

Text

1 Video-LLaVA: Learning United Visual Representation by Alignment Before Projection. 2023
2 Chat-UniVi: Unified Visual Representation Empowers Large Language Models with Image and Video Understanding. 2023
3 LLaMA-VID: An Image is Worth 2 Tokens in Large Language Models. 2023
…

Image Image

Video Video
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Unified MLLM: Harnessing Multi-Modalities
• Text+Image+Video

o Chat-UniVi

[1] Chat-UniVi: Unified Visual Representation Empowers Large Language Models with Image and Video Understanding. 2023
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Unified MLLM: Harnessing Multi-Modalities
• Text+Image+Video+Audio

o Panda-GPT

o Video-LLaMA

o AnyMAL

o Macaw-LLM

o VideoPoet

o ImageBind-LLM

o LLMBind

o LLaMA-Adapter

o …

LLM

Text

Central LLMs take as input texts, audio, image and video, and 
generate texts (maybe also audio, image and video, or combination).

Text

1 PandaGPT: One Model to Instruction-Follow Them All. 2023
2 Video-LLaMA: An Instruction-tuned Audio-Visual Language Model for Video Understanding. 2023
3 AnyMAL: An Efficient and Scalable Any-Modality Augmented Language Model. 2023
4 Macaw-LLM: Multi-Modal Language Modeling with Image, Audio, Video, and Text Integration. 2023
…

Video Video

Audio Audio

Image Image
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Unified MLLM: Harnessing Multi-Modalities
• Text+Image+Video+Audio

o Macaw-LLM

[1] Macaw-LLM: Multi-Modal Language Modeling with Image, Audio, Video, and Text Integration. 2023
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Unified MLLM: Harnessing Multi-Modalities
• Any-to-AnyMLLM

o NExT-GPT

o Unified-IO 2 (w/o video)

o AnyGPT (w/o video)

o CoDi-2

o Modaverse

o …

LLM

Text

Central LLMs take as input texts, audio, image and video, and freely 
generate texts, audio, image and video, or combination.

Text

1 NExT-GPT: Any-to-Any Multimodal LLM. 2023
2 AnyGPT: Unified Multimodal LLM with Discrete Sequence Modeling. 2023
3 CoDi-2: In-Context, Interleaved, and Interactive Any-to-Any Generation. 2023
4 ModaVerse: Efficiently Transforming Modalities with LLMs. 2023

Video Video

Audio Audio

Image Image
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Unified MLLM: Harnessing Multi-Modalities
• Any-to-AnyMLLM

o NExT-GPT

[1] NExT-GPT: Any-to-Any Multimodal LLM. 2023
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Unified MLLM: Harnessing Multi-Modalities
• Any-to-AnyMLLM

o NExT-GPT

Project: https://next-gpt.github.io

Paper: https://arxiv.org/pdf/2309.05519

Code: https://github.com/NExT-GPT/NExT-GPT

[1] NExT-GPT: Any-to-Any Multimodal LLM. 2023
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Fine-grained Capability of MLLM
• Pixel-level VisionMLLM

The vision MLLMs described above generally only support coarse-grained, instance-level visual 
understanding. This can lead to imprecise visual interpretations. Also due to the lack of visual 
grounding, these MLLMs will potentially produce hallucinations.

o Visual Grounding
o Visual Segmentation
o Visual Editing
o Visual Inpainting
o …
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Fine-grained Capability of MLLM
• Image-oriented Pixel-wise Regional MLLM

LLM

TextText

Image Image

Region/Pixels Region

o GPT4RoI
o NExT-Chat

o MiniGPT-v2

o Shikra

o Kosmos-2

o GLaMM

o LISA

o DetGPT

o Osprey

o PixelLM

o LION

o …

1 GPT4RoI: Instruction Tuning Large Language Model on Region-of-Interest. 2023
2 NExT-Chat: An LMM for Chat, Detection and Segmentation. 2023
3 MiniGPT-v2: large language model as a unified interface for vision-language multi-task learning. 2023
4 Osprey: Pixel Understanding with Visual Instruction Tuning. 2023
5 GLaMM: Pixel Grounding Large Multimodal Model. 2023
6 Kosmos-2: Grounding Multimodal Large Language Models to the World. 2023
7 DetGPT: Detect What You Need via Reasoning. 2023
8 PixelLM: Pixel Reasoning with Large Multimodal Model. 2023
9 Lisa: Reasoning segmentation via large language model. 2023
10 Shikra: Unleashing Multimodal LLM's Referential Dialogue Magic. 2023
…

Users input an image 
(potentially specifying a 
region), and the LLM 
outputs content based on 
its understanding, 
grounding the visual 
content to specific pixel-
level regions of the image.
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Overview of Modality and Functionality

36

• MLLMs at A Glance
Modality (w/ Language)

Image Video Audio 3D

Input-side
Perceiving

Flamingo, Kosmos-1, Blip2, mPLUG-Owl, 
Mini-GPT4, LLaVA, InstructBLIP, 
VPGTrans, CogVLM, Monkey, Chameleon, 
Otter, Qwen-VL, GPT-4v, SPHINX, Yi-
VL, Fuyu, …

VideoChat, Video-
ChatGPT, Video-
LLaMA, PandaGPT, 
MovieChat, Video-
LLaVA, LLaMA-VID,
Momentor, …

AudioGPT, SpeechGPT, 
VIOLA, AudioPaLM, 
SALMONN, MU-
LLaMA, …

3D-LLM, 3D-GPT, 
LL3DA,
SpatialVLM, 
PointLLM, Point-
Bind, …

[Pixel-wise] GPT4RoI, LION, MiniGPT-
v2, NExT-Chat, Kosmos-2, GLaMM, 
LISA, DetGPT, Osprey, PixelLM, …

[Pixel-wise] PG-
Video-LLaVA, Merlin, 
MotionEpic, …

- -

Video-LLaVA, Chat-UniVi, LLaMA-VID - -
Panda-GPT, Video-LLaMA, AnyMAL, Macaw-LLM, Gemini, VideoPoet, ImageBind-LLM, 
LLMBind, LLaMA-Adapter, …

-

Perceiving
+

Generating

GILL, EMU, MiniGPT-5, DreamLLM,
LLaVA-Plus, InternLM-XComposer2, 
SEED-LLaMA, LaVIT, Mini-Gemini, …

GPT4Video, Video-
LaVIT, VideoPoet, …

AudioGPT, SpeechGPT, 
VIOLA, AudioPaLM, …

-

[Pixel-wise] Vitron - -
NExT-GPT, Unified-IO 2, AnyGPT, CoDi-2, Modaverse, ViT-Lens, … -
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Fine-grained Capability of MLLM
• Image-oriented Pixel-wise Regional MLLM

o NExT-Chat

o GLaMM
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Fine-grained Capability of MLLM
• Image-oriented Pixel-wise Regional MLLM

Pixel-level Awareness at Input/Output

LLM

TextText

Image Image

Region/Pixels Region

o Output-side Only Pixel-wise Awareness

LISA, PixelLM, DetGPT, MiniGPT-v2, LION

o Input-&Ouput-side Pixel-wise Awareness

NExT-Chat, GPT4RoI, Shikra, 
KOSMOS-2, GLaMM, Osprey
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Fine-grained Capability of MLLM
• Image-oriented Pixel-wise Regional MLLM

Pixel Granularity

LLM

TextText

Image Image

Region/Pixels Region

o Bounding-box Coordinates

NExT-Chat, GPT4RoI, Shikra, LION,
KOSMOS-2, DetGPT, MiniGPT-v2

o Finer-grained Mask-based Segments

NExT-Chat, LISA, PixelLM,
GLaMM, Osprey
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Fine-grained Capability of MLLM

LLM

TextText

Image Image

Region/Pixels Region

• Image-oriented Pixel-wise Regional MLLM

User Input Interaction

o No Image User Interaction

LISA, PixelLM, DetGPT, MiniGPT-v2, LION

o User Sketches

NExT-Chat, Osprey,

o Bounding-box Coordinates

GPT4RoI, Shikra, KOSMOS-2, GLaMM
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Fine-grained Capability of MLLM
• Video-oriented Pixel-wise Regional MLLM

o PG-Video-LLaVA

o Merlin

o MotionEpic LLM

TextText

Region/Pixels Region
o …

1 PG-Video-LLaVA: Pixel Grounding in Large Multimodal Video Models. 2023
2 Merlin: Empowering Multimodal LLMs with Foresight Minds. 2023
3 Video-of-Thought: Step-by-Step Video Reasoning from Perception to Cognition. 2024
…

Users input an video (potentially specifying aregion), and the 
LLM outputs content based on its understanding, grounding or 
tracking the content to specific pixel-level regions of the video.

Video Video
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Fine-grained Capability of MLLM
• Video-oriented Pixel-wise Regional MLLM

o PG-Video-LLaVA ⊹ MotionEpic

1 PG-Video-LLaVA: Pixel Grounding in Large Multimodal Video Models. 2023
2 Video-of-Thought: Step-by-Step Video Reasoning from Perception to Cognition. 2024
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Fine-grained Capability of MLLM
• Unified Pixel-wiseMLLM

o Vitron

LLM

TextText

Image Image

Region/Pixels Region

Video Video

Users input either an image or video 
(potentially specifying a region), and 
the LLM outputs content based on 
its understanding, generating, 
grounding or tracking the content to 
specific pixel-level regions of the 
image, video.

[1] VITRON: A Unified Pixel-level Vision LLM for
Understanding, Generating, Segmenting, Editing. 2024
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Fine-grained Capability of MLLM
• Unified Pixel-wiseMLLM

o Vitron
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Fine-grained Capability of MLLM
• Unified Pixel-wiseMLLM

o Vitron
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Overview of Modality and Functionality

46

• MLLMs at A Glance
Modality (w/ Language)

Image Video Audio 3D

Input-side
Perceiving

Flamingo, Kosmos-1, Blip2, mPLUG-Owl, 
Mini-GPT4, LLaVA, InstructBLIP, 
VPGTrans, CogVLM, Monkey, Chameleon, 
Otter, Qwen-VL, GPT-4v, SPHINX, Yi-
VL, Fuyu, …

VideoChat, Video-
ChatGPT, Video-
LLaMA, PandaGPT, 
MovieChat, Video-
LLaVA, LLaMA-VID,
Momentor, …

AudioGPT, SpeechGPT, 
VIOLA, AudioPaLM, 
SALMONN, MU-
LLaMA, …

3D-LLM, 3D-GPT, 
LL3DA,
SpatialVLM, 
PointLLM, Point-
Bind, …

[Pixel-wise] GPT4RoI, LION, MiniGPT-
v2, NExT-Chat, Kosmos-2, GLaMM, 
LISA, DetGPT, Osprey, PixelLM, …

[Pixel-wise] PG-
Video-LLaVA, Merlin, 
MotionEpic, …

- -

Video-LLaVA, Chat-UniVi, LLaMA-VID - -
Panda-GPT, Video-LLaMA, AnyMAL, Macaw-LLM, Gemini, VideoPoet, ImageBind-LLM, 
LLMBind, LLaMA-Adapter, …

-

Perceiving
+

Generating

GILL, EMU, MiniGPT-5, DreamLLM,
LLaVA-Plus, InternLM-XComposer2, 
SEED-LLaMA, LaVIT, Mini-Gemini, …

GPT4Video, Video-
LaVIT, VideoPoet, …

AudioGPT, SpeechGPT, 
VIOLA, AudioPaLM, …

-

[Pixel-wise] Vitron - -
NExT-GPT, Unified-IO 2, AnyGPT, CoDi-2, Modaverse, ViT-Lens, … -

2025-06-02LLM - VT25 - Fredrik Heintz - LE10 Multi-Modal LLMs - WiP (based on CVPR2024 Tutorial on MLLMs https://mllm2024.github.io/CVPR2024/) 87



Fine-grained Capability of MLLM
• Unified Pixel-wiseMLLM

o Vitron

Project: https://vitron-llm.github.io/

Paper: https://is.gd/aGu0VV

Code&Demo: https://github.com/SkyworkAI/Vitron
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What’s Next
• Angle-I: Unification of as ManyModalities & Tasks as Possible

o Modality Perspective: Going Broader

Currently, the majority of MLLM research focuses primarily on the integration of 
visual signals (e.g., Image, Video).
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What’s Next from Multimodal LLM to AGI
• Angle-I: Unification of as ManyModalities & Tasks as Possible
o Modality Perspective: Going Broader

➢ Modalities in current NExT-GPT:

language

image

sound

smelltouch

video

➢ More modalities to go:

depth&3D

time series

graph

infrared/radar

document/tablecode

heatmap

spectrogram
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What’s Next from Multimodal LLM to AGI
• Angle-I: Unification of as ManyModalities & Tasks as Possible

o Task Perspective: Going Deeper

Vision-based MLLM, Vitron, has focused on unifying image and video processing

under the scope of pixel-wise tasks, ranging from low-level to high-level.

The next step could involve expanding MLLM support on the task level to more in-depth 
levels.

Referring Segmentation 3D Scene SegmentationPanoptic Segmentation
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What’s Next from Multimodal LLM to AGI
• Angle-II: Stronger Generation Ability via Better Tokenization

o Core Idea

High-quality multimodal generation requires the system to recover a sufficient

amount of detailed multimodal information from the core LLM.

o Remove the equivalence constraint between pre-LLM and post-LLM, as the roles of 
input and output multimodal tokens differ.

o Increase the information content of multimodal tokens to include more high-
frequency details.

[1] Auto-Encoding Morph-Tokens for Multimodal LLM. 2024
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What’s Next from Multimodal LLM to AGI
• Angle-II: Stronger Generation Ability via Better Tokenization

o A Hot Trend: Video tokenization

Supporting both images and videos: more carefully model the spatial aspects of images and the 
temporal dynamics of videos.

1 LLaMA-VID: An Image is Worth 2 Tokens in Large Language Models. 2024
2 Chat-UniVi: Unified Visual Representation Empowers Large Language Models with Image and Video Understanding. 2024
3 Video-LaVIT: Unified Video-Language Pre-training with Decoupled Visual-Motional Tokenization. 2024
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What’s Next from Multimodal LLM to AGI
• Angle-III: MoreMultimodality &Multi-Task Synergy

o Core Idea

Achieving a stronger MLLM, and potentially reaching AGI, necessitates

enhanced Multimodality & Multi-Task Synergy for the MLLM generalist.

Master abductive reasoning to facilitate analogical thinking, allowing 

different modalities and tasks, as well as the comprehension and 

generation processes, to mutually assist each other and create 

synergistic effects.

1 Abductive reasoning: Logic, visual thinking, and coherence. 1997.
2 Reasoning. https://www.butte.edu/departments/cas/tipsheets/thinking/reasoning.html
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Part-IV

Multimodal Instruction Tuning

Haotian Liu

Ph.D.

University of Wisconsin, Madison

https://hliu.cc
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Table of Content
o 
o

Motivations
Multimodal Instruction Tuning Framework

× Framework

× Training Paradigms

Multimodal Instruction Tuning Data Construction

× Pretraining Data

× Instruction Tuning Data

× Existing Datasets

o
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Why Multimodal Instruction Tuning?

Pretrained models aligns multiple modalities, can understand basic information from different 
modalities, and sometimes perform simple question-answering.

Cannot follow complex instructions, and often require task-specific fine-tuning for it to perform 
well on downstream tasks.

[Wang et al. 2022] GIT: A Generative Image-to-text Transformer for Vision and Language
[Li et al. 2023] Blip-2: Bootstrapping language-image pre-training with frozen image encoders and large language models 
[Alayrac et al. 2022] Flamingo: a visual language model for few-shot learning
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Why Multimodal Instruction Tuning?
• From Single-Purpose to General-Purpose

Traditional vision models are task-specific, which requires training and using multiple models for 
different tasks and restrict the potential synergies from diverse tasks;

These vision models typically have a pre-defined and fixed interface, leading to limited 
interactivity and adaptability in following users’ task instructions.

Multimodal Instruction Tuning allows multimodal models to generalize to unseen tasks by 
following new instructions, thus boosting zero-shot performance.
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Instruction Tuning is NOT multitask learning

INPUT: <image><tok_task_1=short_cap> 
OUTPUT: <generated short descriptions>

Does not work with <new_task=long_cap>
INPUT: <image><tok_task_2=yes_no> 
OUTPUT: yes/no

• Multitask learning (with task tokens)
Training Testing

Only with <tok_task_1>, <tok_task_2>…

• Instruction tuning (with natural language task instructions)
Training

INPUT: <image>Describe this image 
briefly.
OUTPUT: <generated short descriptions>

INPUT: <image>Is this xxx? 
OUTPUT: yes/no

Testing

INPUT: <image>Describe this image in detail. 
OUTPUT: <long descriptions>

Generalizes to new instructions zero-shot.

2025-06-02LLM - VT25 - Fredrik Heintz - LE10 Multi-Modal LLMs - WiP (based on CVPR2024 Tutorial on MLLMs https://mllm2024.github.io/CVPR2024/) 99



Why Multimodal Instruction Tuning?
• From Single-Purpose to General-Purpose

1 Visual Instruction Tuning towards General-Purpose Multimodal Model: A Survey. 2023
2 A Survey on Multimodal Large Language Models. 2024
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Multimodal Instruction Tuning Framework
1
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Data Adaptation

Self-Instruction

Data Mixture

Visual Instruction-following data

Visual Instruction Tuning Framework 

Example: LLaVA-1.5
Data Construction

MLLM Instruction Tuning Framework

Popular MLLMs: LLaVA, MiniGPT4, LLaVA-NeXT, ViP-LLaVA, LLaVA-UHD, MiniCPM, Qwen-VL,
CogAgent, InternVL, mPLUG-OWL, Monkey, MiniGemini, LLaVA-HR, SPHINX, DeepSeek-VL, MoAI
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Training Paradigms
Stage1: Pretraining Stage Stage2: Instruction Tuning Stage

o Align different modalities, provide world knowledge o Teach models to better understand the
instructions from users and fulfill the 

demanded tasks.

1 MMC: Advancing Multimodal Chart Understanding with Large-scale Instruction Tuning. NAACL 2024.
2 Visual Instruction Tuning. NeurIPS 2023.
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Training Paradigms
Training paradigms of popular multimodal large language models.

MiniGPT4 Kosmos-1 LLaVA mPLUG-Owl

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.
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Another Perspective of 
Multimodal Instruction Tuning

1.5
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How can we create such multimodal
models that follow human’s intent?
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How can we create such multimodal
models that follow human’s intent
efficiently?

2025-06-02LLM - VT25 - Fredrik Heintz - LE10 Multi-Modal LLMs - WiP (based on CVPR2024 Tutorial on MLLMs https://mllm2024.github.io/CVPR2024/) 107



How can we create such multimodal
models that follow human’s intent
efficiently?
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How can we create such multimodal
models that follow human’s intent
efficiently?
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How can we make an instruction-
following LLM multimodal 
efficiently?
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LLM “learns” a foreign language efficiently.

• LLaMA is almost trained on English tokens solely.

• LLaMA learns foreign languages with 52K conversations

•E.g. Chinese, Japanese, etc.

•~1 hour training
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Multimodal learning as a translation problem
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Multimodal learning as a translation problem
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llama 
lava

llama 
lava 

glasses

llama 
lava 

glasses
Glasses

llama 
lava

llama 
lava

llama 
lava

llama 
lava

llama 
lava

llama 
feet

llama 
feet

Q: What’s in the image?
A: A llama that’s made of lava.

Q: What’s special of this image? 
A: The llama is wearing glasses.



Multimodal learning as a translation problem
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Visual Encoder

Instruction

What’s the color of the shirt that the 
man is wearing?

Language Decoder

Cross-modal Connector

Output

The color of the shirt the man’s wearing is yellow.

Image

Multimodal Tokenizer 
(i.e. translator)



LLM “learns” a visual foreign language

efficiently.

2025-06-02Fredrik Heintz - LE10 Multi-Modal LLMs - WiP (based on CVPR2024 Tutorial on MLLMs https://mllm2024.github.io/CVPR2024/) 115



Some questions are still hard

llama 
lava

llama 
lava 

glasses

llama 
lava 

glasses
Glasses

llama 
lava

llama 
lava

llama 
lava

llama 
lava

llama 
lava

llama 
feet

llama 
feet

Q: Is the llama facing left or right? 
A: Hmm…
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Still struggles to follow complex visual instructions

Visual Encoder

Instruction

What is unusual about this image? Language Decoder

Cross-modal Connector

Output

The unusual aspect of this image is …

Image

What do we need?

Tuning the model for following 

multimodal instructions
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Multimodal Instruction Tuning 
Data Generation

2
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Pretraining Data
Stage2: Instruction Tuning Stage

Teach models to better understand the 

instructions from users and fulfill the 

demanded tasks.

1 MMC: Advancing Multimodal Chart Understanding with Large-scale Instruction Tuning. NAACL 2024.
2 Visual Instruction Tuning. NeurIPS 2023.

Stage1: Pretraining Stage

o Align different modalities, provide world knowledge

o
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Pretraining Data (Paired)

[1] A Survey on Multimodal Large Language Models. 2024

❖ 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.
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Pretraining Data
❖ ShareGPT4V

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

Coarse-gained Image-text

Fine-gained Image-text

Coarse-gained Image-text
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Instruction Data Generation

1 MMC: Advancing Multimodal Chart Understanding with Large-scale Instruction Tuning. NAACL 2024.
2 Visual Instruction Tuning. NeurIPS 2023.

Stage1: Pretraining Stage

o Align different modalities, provide world knowledge

Stage2: Instruction Tuning Stage

o Teach models to better understand the 

instructions from users and fulfill the 

demanded tasks.
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Instruction Data Generation

Image

A group of people standing 
outside of a black vehicle with 
various luggage.

Context (caption)

Context (bbox) person: [0.68, 0.24, 0.77, 0.69], person: [0.63, 0.22, 0.68, 0.51],

person: [0.44, 0.23, 0.48, 0.34], backpack: [0.38, 0.69, 0.48, 0.91],

….

[1] Visual Instruction Tuning. NeurIPS 2023.
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Instruction Data Generation
❖ Self Instruction

First, Translate images into dense captions and bounding boxes. Second, prompt text-only GPT-4.

Bounding boxes, 
dense Captions

Task Descriptions

Generation 

Requirement

Output from GPT4

[1] Aligning large multi-modal model with robust instruction tuning. ICLR 2024.
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Instruction Data Generation

[1] ChartQA: A Benchmark for Question Answering about Charts with Visual and 
Logical Reasoning. ACL 2022 Findings.

❖ Existing Data

The answers of existing VQA and 
caption datasets are usually 
concise, directly using these 
datasets for instruction tuning may 
limit the output length of MLLMs.

Question:

Which year has the most divergent 
opinions about Brazil’s economy?

Answer:

2015
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Instruction Data Generation

[1] ChartQA: A Benchmark for Question Answering about Charts with Visual and 
Logical Reasoning. ACL 2022 Findings.

❖ Existing Data

The answers of existing VQA and caption 
datasets are usually concise, directly 
using these datasets for instruction 
tuning may limit the output length of 
MLLMs.

❖ Data Adaptation

Declares short and brief for short-
answer data in the instruction.

Question:

Which year has the most divergent 
opinions about Brazil’s economy?
A short answer to the question is:

Answer:

2015
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Instruction Data Generation

Directly training with VQA-v2 data (short 

answer) with our conversation data. The model 

refuses to provide natural answers.

User

Can you tell me what I can cook with these?

Yes, with the variety of food items stored in

the refrigerator, you can prepare several

[1] Improved Baselines with Visual Instruction Tuning. CVPR 2024.

For example, you can create a fruit
salad using the strawberries,

blueberries, and carrots. Additionally, … before
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Instruction Data Generation

Yellow

Yellow

[1] Improved Baselines with Visual Instruction Tuning. CVPR 2024.
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Instruction Data Generation

[1] Improved Baselines with Visual Instruction Tuning. CVPR 2024.
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Existing Instruction Tuning Dataset

[1] A Survey on Multimodal Large Lan guage Models. 2024

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

X-LLM 10k Image, Video, Text ChatGPT-generated
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Summary
• How we teach multimodal models:

• Pretraining:

• A dictionary to teach LLM to understand (vocabularies from) a new
modality

• Instruction tuning (short answer VQA):

• Small puzzles to effectively/efficiently injects new domain knowledge

• Instruction tuning (natural conversation VQA):
Real-world applications to practice the skills
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Part-VI

ZhuoshengZhang
Tenure-Track Assistant Professor

ShanghaiJiaoTongUniversity

https://bcmi.sjtu.edu.cn/~zhangzs/

Multimodal Reasoning
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1
Basics of Multimodal Reasoning
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Multimodal Reasoning

https://www.astonzhang.com/img/mm-cot-idea.png
Gemini Team Google. Gemini: A Family of Highly Capable Multimodal Models. arXiv:2312.11805.
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Multimodal Reasoning

Yue, X., Ni, Y., Zhang, K., Zheng, T., Liu, R., Zhang, G., Stevens, S., Jiang, D., Ren, W., Sun, Y. and Wei, C. Mmmu: A massive multi-discipline multimodal understanding and reasoning benchmark for expert agi. CVPR 2024.

❑ Concept: a process of deriving high-level conclusions from multiple modalities, possibly 
via multiple logical steps based on atomic evidences
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Model Architecture

Wu, S., Fei, H., Qu, L., Ji, W. and Chua, T.S., 2023. Next-gpt: Any-to-any multimodal llm. ICMLR 2024.

Rust, P., Lotz, J.F., Bugliarello, E., Salesky, E., de Lhoneux, M. and Elliott, D., 2023, September. Language Modelling with Pixels. ICLR 2023.

Rohan Bavishi, Erich Elsen, Curtis Hawthorne, Maxwell Nye, Augustus Odena, Arushi Somani, and Sagnak Ta¸sırlar. Introducing our multimodal models: fuyu-8b, 2023. https://www.adept.ai/blog/fuyu-8b.

❑ Three architectures:

(a) language-centered method; (b) image-centered method; (c) unified method

2025-06-02LLM - VT25 - Fredrik Heintz - LE10 Multi-Modal LLMs - WiP (based on CVPR2024 Tutorial on MLLMs https://mllm2024.github.io/CVPR2024/) 137

http://www.adept.ai/blog/fuyu-8b


In-Context Learning

Sun, Q., Cui, Y., Zhang, X., Zhang, F., Yu, Q., Luo, Z., Wang, Y., Rao, Y., Liu, J., Huang, T. and Wang, X. Generative multimodal models are in-context learners. CVPR 2024.

❑ Each image in the multimodal sequence is tokenized into 
embeddings via a visual encoder, and then interleaved 
with text tokens for autoregressive modeling.

❑ Leveraging few-shot Prompting for diverse reasoning tasks
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Evolution of Multimodal Reasoning

VITRON: A Unified Pixel-level Vision LLM for Understanding, Generating, Segmenting, Editing. https://vitron-llm.github.io/

Task 1 Task 2 Task n

Model 1 Model 2 Model n

Task 1 Task 2 Task n

Unified Model

❑ From task-specific to centralized paradigms
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Evolution of Multimodal Reasoning

Wei, J., Tan, C., Gao, Z., Sun, L., Li, S., Yu, B., Guo, R. and Li, S.Z., 2023. Enhancing Human-like Multi-Modal Reasoning: A New Challenging Dataset and Comprehensive Framework. arXiv preprint arXiv:2307.12626.

❑ From (implicit) single-step prediction to (explicit) multi-step reasoning

❑ Improved Interpretability: offer an interpretable 
glimpse into the decision-making process

❑ Improved Controllability: interfere the reasoning 
process, e.g., adding complementary information, 
verifying and correcting mistakes

❑ Improved Flexibility: allow interactive 
communications between different models
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2
Multimodal Chain-of- Thought Reasoning
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Multimodal Chain-of-Thought Reasoning

Zhang, Z., Zhang, A., Li, M., Zhao, H., Karypis, G. and Smola, A. Multimodal chain-of-thought reasoning in language models. TMLR 2024.

❑ Think step by step, formulate intermediate steps before deriving an answer

❑ Paradigm shift of task format

⚫ Standard Format: <input → output>

⚫ CoT Format: <input → rationale → output>
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Multimodal Chain-of-Thought Reasoning

Zhang, Z., Yao, Y., Zhang, A., Tang, X., Ma, X., He, Z., Wang, Y., Gerstein, M., Wang, R., Liu, G. and Zhao, H., 2023. Igniting Language Intelligence: The Hitchhiker's Guide From Chain-of-Thought Reasoning to Language Agents. arXiv preprint arXiv:2311.11797.

Fei, H., Wu, S., Ji, W., Zhang, H., Zhang, H., Lee, M., Hsu, W., 2024. Video-of-Thought: Step-by-Step Video Reasoning from Perception to Cognition. ICML 2024.

❑ Input: Various modalities such as text, image, and graph are incorporated into the model’s input

❑ Output: Multimodalities, including text and image, are generated in the model’s output

Video-

of-

Thought 

(VoT)
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❑ Role 1: Introducing more reliable input results in more convincing reasoning process

❑ Case studies: 50 error cases

⚫ Imperfect training data: when the vision input is missing

⚫ Generate hallucinated rationales that mislead the answer inference (64%)

The Role of (Multimodal) Chain-of-Thought

1
4
4

Zhang, Z., Zhang, A., Li, M., Zhao, H., Karypis, G. and Smola, A. Multimodal chain-of-thought reasoning in language models. TMLR 2024.
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Will these magnets attract or 

repel each other?
The south pole of one magnet is closest to the

south pole of the other magnet.

Will these magnets attract or 

repel each other?
The north pole of one magnet is closest to the

south pole of the other magnet.

Baseline

X1 = X2 → {Y1, Y2}

Will these magnets attract or 

repel each other?

The south pole of one magnet is closest to the

south pole of the other magnet.

Will these magnets attract or 

repel each other?

The north pole of one magnet is closest to the

south pole of the other magnet.

+ Vision

X1 → Y1

X2 → Y2

❑ Role 1: Introducing more reliable input results in more convincing reasoning process

⚫ More accurate perception, less hallucinations during the reasoning process

Zhang, Z., Zhang, A., Li, M., Zhao, H., Karypis, G. and Smola, A. Multimodal chain-of-thought reasoning in language models. TMLR 2024.

The Role of (Multimodal) Chain-of-Thought
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❑ Role 2: Breaking complex problems into smaller, manageable sub-problems

⚫ identifies atomic knowledge components essential for reasoning processes

⚫ integrates their relationships, thereby constructing coherent reasoning steps

CoT reasoning is useful because

1) direct prediction is inaccurate for some 

inferences because the relevant variables 

are rarely seen together in training

2) chain-of-thought reasoning improves

estimation by incrementally chaining local

statistical dependencies that are observed

frequently in training

Prystawski, B., Li, M., & Goodman, N. Why think step by step? Reasoning emerges from the locality of experience. NeurIPS 2024.

The Role of (Multimodal) Chain-of-Thought
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The Role of (Multimodal) Chain-of-Thought
❑ Role 3: Available for stepwise knowledge update and self-correction (w/ external feedback)

❑ Chain-of-Thought w/ Tools

⚫ Plan-Solve, augment and correct 

intermediate steps with tools

⚫ Overcome the Intrinsic ability deficiency of 

LLMs such as calculation, searching

Gou, Zhibin, et al. "Critic: Large language models can self-correct with tool-interactive critiquing. ICLR 2024.

2025-06-02LLM - VT25 - Fredrik Heintz - LE10 Multi-Modal LLMs - WiP (based on CVPR2024 Tutorial on MLLMs https://mllm2024.github.io/CVPR2024/) 147



3

Towards Multimodal LLM Agents
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Towards Multimodal LLM Agents

20
Brain in a Vat

Ma, Y., Zhang, C. and Zhu, S.C., 2023. Brain in a vat: On missing pieces towards artificial general intelligence in large language models. arXiv preprint arXiv:2307.03762.
Xi, Z., Chen, W., Guo, X., He, W., Ding, Y., Hong, B., Zhang, M., Wang, J., Jin, S., Zhou, E. and Zheng, R., 2023. The rise and potential of large language model based agents: A survey. arXiv preprint arXiv:2309.07864.

❑ From content-based reasoning to behavior control (w/ multimodalities)

❑ “Thosewho know but do not act simply do not yet know”
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Towards Multimodal LLM Agents

21

❑ (M)LLM Agents: follow language instructions and execute actions in environments, possibly use tools

❑ Features: General, Autonomous, Adaptive, Evolutionary, Socialized

Text

Vision

Audio

Video

(M) 
LLM

Device Control
（OS、APPs）

Tools

Scientific 
Discovery

Multi-Agent 
Collaboration

Physical World

Virtual World

Software 
Development
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Towards Multimodal LLM Agents

22Ma, Y., Zhang, C. and Zhu, S.C., 2023. Brain in a vat: On missing pieces towards artificial general intelligence in large language models. arXiv preprint arXiv:2307.03762.
Xi, Z., Chen, W., Guo, X., He, W., Ding, Y., Hong, B., Zhang, M., Wang, J., Jin, S., Zhou, E. and Zheng, R., 2023. The rise and potential of large language model based agents: A survey. arXiv preprint arXiv:2309.07864.

Control: OS and Applications

Control: Embodied Systems

Research: Organic Synthesis

Research: Medical Assistance

Programming：Code Generation

Interaction: Multi-Agent Collaboration
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Taxonomy of (M)LLM Agents

23

Autonomous Agents Communicative Agents

WebArena

https://webarena.dev

AITW

https://github.com/google-research/google-
research/tree/master/android_in_the_wild

Auto-UI

https://github.com/cooelf/Auto-UI

Generative Agents 
https://github.com/joonspk-
research/generative_agents

VOYAGER

https://voyager.minedojo.org/

Action Transformer

https://www.adept.ai/blog/act-1

ChatDev

https://github.com/OpenBMB/ChatDev

CAMEL

https://github.com/camel-ai/camel

More: AutoGPT, BabyAGI, Meta-GPT, AgentGPT
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Taxonomy of (M)LLM Agents
Autonomous Agents: mainly task automation

Mobile Device Automation Webpage Automation Application Automation

WebArenaMeta-GUI ACT-1

Sun, Liangtai, et al. "META-GUI: Towards Multi-modal Conversational Agents on Mobile GUI." EMNLP 2022.
Zhou, Shuyan, et al. "Webarena: A realistic web environment for building autonomous agents." arXiv preprint arXiv:2307.13854 (2023).
https://www.adept.ai/blog/act-1
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Taxonomy of (M)LLM Agents
Communicative Agents: personalized, socialized, interactive

Agents-Agents Agents-Human

Park, Joon Sung, et al. "Generative agents: Interactive simulacra of human behavior." arXiv preprint arXiv:2304.03442 (2023).
Lin, Jessy, et al. "Decision-Oriented Dialogue for Human-AI Collaboration." arXiv preprint arXiv:2305.20076 (2023).
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Technological Paradigm

Webpage
Plan

OS

Virtual Env.

APP

Rule Set

API Interface

Interpreter

Physical Device

Execute / Call

Memory 

(long/short)
State

Action

(M)LLM

Environment

Tool

Interaction

DecisionControl

Planning / Problem Decomposition

Decision Making

Task Instruction

Foundation

❑ Multimodalities

❑ Long-context Modeling

Workflow

Obs

❑ Perception

❑ Planning & Decision Making

❑ Action (w/ Tool Use)

❑ Interaction

❑ Memory

❑ Multi-Agent Collaboration

Act
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GUI Agents

27

❑ Auto-GUI：Multimodal Autonomous Agents for GUI control

⚫ assist users in completing tasks in distinct environments such as operation systems, specific applications, and web browsers

⚫ Imitate human clicking, scrolling, and typing actions, and operate directly with the GUI

Zhuosheng Zhang, Aston Zhang. You Only Look at Screens: Multimodal Chain-of-Action Agents. Findings of ACL 2024.
Xinbei Ma, Zhuosheng Zhang, Hai Zhao. Comprehensive Cognitive LLM Agent for Smartphone GUI Automation. Findings of ACL 2024.

https://machinelearning.apple.com/research/ferret..
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Auto-UI

Chain of Previous Action Histories:

action_type: type, touch_point: [-1.0, -1.0], lift_point: [-1.0, -1.0], typed_text: ”best rated coffee maker”

Action Plan:

[DUAL_POINT, 
STATUS_TASK_COMPLETE]

Language 
Encoder

Image 
Encoder

Self Attention

Decoder

Screen

Projection

Feedforward

Chain of Future Action Plans

Current Action Prediction

Action Decision:
action_type: [DUAL_POINT],
touch_point: [0.5595, 0.6261],
lift_point: [0.5595, 0.6261], typed_text: “ ”

❑ Multimodal Agent: BLIP2 + FLAN-Alpaca

❑ Chain-of-Action: a series of intermediate previous action histories and future action plans

Goal: Look up the best rated coffee maker on Lowe’s

𝑌action

Zhuosheng Zhang, Aston Zhang. You Only Look at Screens: Multimodal Chain-of-Action Agents. Findings of ACL 2024.

𝑋goal

𝑌plan

𝑋historyaction_type: dual_point, touch_point: [0.2, 0.5], lift_point: [0.8, 0.5], typed_text: ” ”

𝑋language Chain of Actions

𝑋screen

Action
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Results
❑ A unified multimodal model out of first principles thinking can serve as a strong autonomous agent

⚫ can be adapted to different scenarios without the need to train specific models for each task

⚫ does not need additional annotations (screen parsing) and is easy to use

❑ Coverage: 30K unique instructions, 350+ Apps and websites

❑ Action Type Accuracy: 90%+, Action Success Rate: 74%+

Zhuosheng Zhang, Aston Zhang. You Only Look at Screens: Multimodal Chain-of-Action Agents. Findings of ACL 2024.
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Insights
❑ The bottleneck seems to be the multimodal perception, misleading the reasoning process

⚫ GUI involves comprehensive elements (interleaved, icons, texts, boxes)

⚫ Changing vision encoders influences the performance dramatically

❑ Scaling does not always improve performance

Zhuosheng Zhang, Aston Zhang. You Only Look at Screens: Multimodal Chain-of-Action Agents. Findings of ACL 2024.
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Insights
❑ Category Accuracy: the major challenges lie within the click region and scroll direction predictions

⚫ The model tends to click a wrong place or scroll in a wrong direction

❑ Challenge in “really” understanding the GUI layouts, e.g., relationship between GUI elements

Zhuosheng Zhang, Aston Zhang. You Only Look at Screens: Multimodal Chain-of-Action Agents. Findings of ACL 2024.
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4
Challenges
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Challenges

Evolutionary Reasoning

• Active explore and evolve 

from environments

• Learn from (un)successful 

attempts

Interactive Reasoning

• Human-in-the-loop 

interference

• Error identification and 

correction abilities

Reasoning Alignment

• Align both content safety, 

and behavior safety

• Decide the action trajectory 

with foresights

❑ Multimodal reasoning drives smart MLLMs

⚫ More broader scenarios (physical and virtual worlds)

⚫ More comprehensive scenarios (evolutionary, interactive)
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Summary
❑ Basics of Multimodal Reasoning

⚫ Concept: derive high-level conclusions from multiple modalities, possibly via multiple logical steps based on atomic evidences

⚫ Developments: (a) From task-specific to centralized paradigms; (b) From single-step prediction to multi-step reasoning

⚫ Popular Approaches: (a) In-Context Learning: (b) Multimodal Chain-of-Thought

❑ Multimodal Chain-of-Thought Reasoning

⚫ Paradigm Shift: From “<input → output>” to <input → rationale → output>

⚫ Role 1: Introducing more reliable input results in more convincing reasoning process

⚫ Role 2: Breaking complex problems into smaller, manageable sub-problems

⚫ Role 3: Available for stepwise knowledge update and self-correction (w/ external feedback)

❑ Towards Multimodal LLM Agents

⚫ Taxonomy: Autonomous Agents and Communicative Agents

⚫ Technical Components: Foundation (multimodality & long-context modeling); (b) Workflow (plan, act, memory, feedback)

❑ Challenges

⚫ Evolutionary Reasoning, Interactive Reasoning, Reasoning Alignment
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Small model
Large data

Large model
Small data

Attention 
Mechanism 1

Perplexity

Small model
Small data

Large model
Large data

Attention 
Mechanism 2

Fine-tuning 
with curated data

No fine-tuning

Instruction 
fine-tuning

No fine-tuning

Experiment 1:1

Experiment 1:2

Experiment 2:1-2:2

Experiment 3:1 Experiment 3:2

BPE Tokenizer

SentencePiece, or 
WordPiece

Small model
Large data, 

Limited precision

Fairness Measure

Prompt testing on 
sensitive and 

toxicity

Experiment 4:1

Experiment 4:2

Experiment 1:3

Pre-processing Training Fine-tuning Evaluation

Example Planning Labs

From Christian Gustavsson, LiU
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•

www.ida.liu.se/~frehe08/llm
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