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Research Directions
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Self-introduction

 Areas

• Structure-aware Intelligence Learning (SAIL)

NLP MM CV

 Angle of interests
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Self-introduction

 Structure-aware NLP
• Low-level Syntax/Discourse Parsing

• Dependency/Constituency parsing, Document/Dialogue discourse parsing, etc.
• High-level Semantic Structure Parsing

• Semantic analysis, Information extraction, Structured sentiment analysis, etc.
• Structure-based language modeling/understanding

 Structure-aware MM
• Multimodal Grammar Induction/Scene Graph (SG) Parsing
• SG-based Multimodal (Visual-Language) Learning

 Structure-aware LLM
• Structure-based (World Modeling) Language Modeling
• Structure-based Reasoning with LLM
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(Near) Human-level Language Understanding via LLMs
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Large Language Models

 LLMs → Artificial General Intelligence (AGI) ?

The entire world is witnessing the impact of LLMs for leading to AGI!



(Near) Human-level Language Understanding via LLMs
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Large Language Models

 Understanding the underlying semantic intent



(Near) Human-level Language Understanding via LLMs
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Large Language Models

 Complex (Mathematic) Reasoning Ability



LLMs with In-context Learning
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Large Language Models

 In-context Learning (ICL), aka., few-shot prompting

• Enhanced understanding of context: 
empowers LLMs with necessary contextual information specific to the problem&domain.

• Tailored problem-solving capabilities: 
guides LLMs with example inputs&outputs, enables to integrate task-specific knowledge.

• Improved reasoning and inference: 
empowers models to perform reasoning under more specific manner as user indication.

[1] Dong, Q., Li, L., Dai, D., Zheng, C., Wu, Z., Chang, etc. A survey for in-context learning. 2022.



LLMs with In-context Learning
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Large Language Models

 In-context Learning (ICL)

① Task Instructions
Informing LLM about the task

② Example Input&Output: 
Showcasing example I/O format

③ Testing Instance: 
The data to test for LLM



Denoising Diffusion Probabilistic Models
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Diffusion Models

 Advantages over prior Visual Generative Models

• Diverse & Higher-quality Samples

• No Mode Collapse

• Explicit Likelihood Estimation

• Stable Training

• …

VS.

GAN
VAE
Flow
ARM

Diffusion Model
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Denoising Diffusion Probabilistic Models
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Diffusion Models

 Representative Products
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Diffusion Models

 Representative Diffusion-based Products

Diffusion Model

SoTA
generative 

method
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Diffusion Models



Denoising Diffusion Probabilistic Models
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Diffusion Models

• Forward/Noising Pass



Denoising Diffusion Probabilistic Models
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Diffusion Models

• Reverse/Denoising Pass



Text-to-Vision Learning
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Diffusion Models

 Text-to-vision synthesis has wide range of practical demands

• Content Creation

• Accessibility

• E-commerce

• Educational Materials

• Art and Design

• Data Visualization

• …

User prompt
Machine

Vision contents



Diffusion-based Text-to-Image Synthesis
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Diffusion Models

 Latent Diffusion Model (LDM) based T2I

[1] Rombach, R., Blattmann, A., Lorenz, D., Esser, P., & Ommer, B. High-resolution image synthesis with latent diffusion 
models. CVPR. 2022.

Text

Transform into Latent space:

 Lower dimension representation

 Faster message passing

 Lower memory requirement



Diffusion-based Text-to-Video Synthesis
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Diffusion Models

[1] Zhou, D., Wang, W., etc. Magicvideo: Efficient video generation with latent diffusion models. 2022.

 Latent Diffusion Model (LDM) based T2V



The Gap between Language and Vision
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How Can LLM Aid Text-to-Vision Diffusion?

VisionLanguage

abstract & concise intricate & specific

Gap to bridge



Are LLMs Able to Understand Vision?
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How Can LLM Aid Text-to-Vision Diffusion?

LLMs DO have visual 
understanding capability!



Workaround for LLMs to Aid Diffusion Process
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How Can LLM Aid Text-to-Vision Diffusion?

Enriching the raw textual prompt with more details of visual descriptions?

 Raw input prompt

 Prompt enriching-I Language
abstract & concise

Vision
intricate & specific

Gap still not closed!

Two young men give a presentation in the office.

Two middle-aged, nice, enthusiastic, confident, man with
polished shoes and sleek hair give a professional
presentation in the spacious and modern conference
room of the corporate blue office, room with chairs and
tables.

 Prompt enriching-II
Two young man give a presentation in the office, old,
nice, confident, enthusiastic, laughing man with polished
hair, seek hair, room with chairs and tables, speaking to
each other.

Issue: Vision Distraction

Issue: Wrong Binding



Workaround for LLMs to Aid Diffusion Process
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How Can LLM Aid Text-to-Vision Diffusion?

Representing the visual scenes induced from LLMs into structured feature representations?

• Spatial Understanding

• Temporal Understanding

• overall layout

• dimension

• sketches

• scene structure

• visual coherence

• action dynamics

Structured
Visual 

Representation



Visual scenes into structured feature representations
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How Can LLM Aid Text-to-Vision Diffusion?

Features

Text promptLLM
Diffusion 

understandable 
visual representation

Diffusion model
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LLM-Empowered Text-to-Image Diffusion
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[1] Leigang Qu, Shengqiong Wu, Hao Fei, Liqiang Nie, Tat-Seng Chua. LayoutLLM-T2I: Eliciting Layout Guidance from 
LLM for Text-to-Image Generation. ACM MM. 2023. 

https://layoutllm-t2i.github.io/

https://layoutllm-t2i.github.io/


LLM-Empowered Text-to-Image Diffusion

Motivation
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 Diffusion-based Text-to-Image Generation

• Spatial Confusion

• Action Ambiguity

• Numeration Failure



LLM-Empowered Text-to-Image Diffusion

Method
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 Framework



LLM-Empowered Text-to-Image Diffusion

Method

30

 Text-to-Layout Induction via LLM



LLM-Empowered Text-to-Image Diffusion

Method
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 Reinforce-optimized ICL demonstration selection

• Policy Network

• Reward



LLM-Empowered Text-to-Image Diffusion

Experiment
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 How does the proposed method perform in the layout planning and high-faithfulness image synthesis
compared with state-of-the-art baselines?
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Experiment
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 ICL demonstration selection
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 Case study
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 Case study
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 Case study
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 Case study
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LLM-Empowered Text-to-Video Diffusion

40

[1] Hao Fei, Shengqiong Wu, Wei Ji, Hanwang Zhang, Tat-Seng Chua. Empowering Dynamics-aware Text-to-Video Diffusion 
with Large Language Models. Preprint. 2023. 

https://haofei.vip/Dysen-VDM

https://haofei.vip/Dysen-VDM


LLM-Empowered Text-to-Video Diffusion

Motivation
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 Diffusion-based Text-to-Video Generation

 Real crux of high-quality video synthesis: modeling the intricate video temporal dynamics

• Unsmooth video transition

• Crude video motion

• Action occurrence disorder



LLM-Empowered Text-to-Video Diffusion

Method
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LLM-Empowered Text-to-Video Diffusion

Method
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 Dynamic Scene Graph (DSG) Representation

• Visual Scene Graph (VSG): Representing visual content into semantic structured representation

 Attribute Nodes

 Object Nodes:

 Relation Nodes:

describing the semantic relations between objects

Visually-seen entity objects

depicting the objects

[1] Justin Johnson, etc, and Li Fei-Fei. Image retrieval using scene graphs. CVPR. 2015.



LLM-Empowered Text-to-Video Diffusion

Method
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 Dynamic Scene Graph (DSG) Representation

[1] Jingwei Ji, Ranjay Krishna, Li Fei-Fei, and Juan Carlos Niebles. Action genome: Actions as compositions of spatio-temporal scene graphs. CVPR, 2020.

A sequence of VSG along time frames.



LLM-Empowered Text-to-Video Diffusion

Method
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 Dysen



LLM-Empowered Text-to-Video Diffusion

Method
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 Step-I, ICL for action planning



LLM-Empowered Text-to-Video Diffusion

Method
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 Step-II, ICL for step-wise scene imagination



LLM-Empowered Text-to-Video Diffusion

Method
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 Step-II, ICL for global scene polishment



LLM-Empowered Text-to-Video Diffusion

Experiment
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 Result on zero-shot T2V



LLM-Empowered Text-to-Video Diffusion

Experiment
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 Result on supervised fine-tuned T2V



LLM-Empowered Text-to-Video Diffusion

Experiment
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 Results on Action-complex T2V Generation



LLM-Empowered Text-to-Video Diffusion

Experiment
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 In-depth Analyses

• Controllability with DSG • Change of Scenes



LLM-Empowered Text-to-Video Diffusion

Experiment
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 Visualization of generated videos with induced and enriched DSG structures



LLM-Empowered Text-to-Video Diffusion

Experiment
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 Examples

A clownfish swimming with
elegance through coral
reefs, presenting the
beautiful scenery under the
sea.

A woman is looking after the
plant in her garden, and
then she raises her head to
observe the weather.

A man dressed as Santa
Claus is riding a motorcycle
on a big city road.

A horse in a blue cover
walks at a fast pace, and
then begins to slow down,
taking a walk in the paddock.



LLM-Empowered Text-to-Video Diffusion

Experiment
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 Examples

A person in a jacket riding a
horse, is walking along the
countryside road.

A cat eating food out of a
bowl while looking around,
then the camera moves away
to a scene where another cat
eats food.

A man and other man are
standing together in the
middle of a tennis court, and
speaking to the camera.

A young violin player in a neat
shirt with a collar, having a
headphone on, is playing the
violin.



LLM-Empowered Text-to-Video Diffusion

Experiment
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 Examples

On a stage, a woman is
rotating and waving her arms
to show her belly dance.

A band composed of a group
of young people is performing
live music.

A woman hikes up the green
mountain reaches the summit,
and takes photos of the
breathtaking view.

Two women sit on a park
bench, reading books while
chatting to each other.
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Outlook of Future Directions

1. LLM-Empowered Text-to-Image Diffusion

Summary
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2. LLM-Empowered Text-to-Vision Diffusion

Layout

Scene Graph Diffusion-based 
T2V generation

Diffusion-based 
T2I generation

• Unsmooth video transition

• Crude video motion

• Action occurrence disorder

• Spatial Confusion

• Action Ambiguity

• Numeration Failure



Outlook of Future Directions

What Next?
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 Inducing other various structured visual representations

• overall layout

• dimension

• sketches

• scene structure

• visual coherence

• action dynamics

• …







Outlook of Future Directions

Language

Video 3D

Image

What Next?

Vision-Language
Learning

Video-Language
Learning

Spatial-Language
Learning

• Visual modalities

60

 Applying the idea to more visual modalities and scenarios

e.g., 3D

• More scenarios

e.g., Editing，In-painting



Outlook of Future Directions

What Next?

• Text-based LLM
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 Whether using Multimodal LLM help foster stronger visual understanding?

ChatGPT
LLaMA
Vicuna
FlanT5
…

• Multimodal LLM

Blip-2
MiniGPT-4
mPLUG
MMICL
…
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Universal Structured NLP (XNLP) Demo
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[1] Hao Fei, Meishan Zhang, Min Zhang, Tat-Seng Chua. XNLP: An Interactive Demonstration System for Universal Structured NLP. 2023. 

https://xnlp.haofei.vip/

https://xnlp.haofei.vip/


XNLP Demo

Motivation
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 Structured Natural Language Processing (XNLP)

• Many NLP tasks can be reduced into 
structural predictions

• 1) textual spans

• 2) relations between spans



XNLP Demo

Motivation
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 Universal XNLP

• Unified Sentiment Analysis

• Universal Information Extraction

 a comprehensive and effective approach for 
unifying all XNLP tasks is not fully established.

 Unification with LLM

 One model for all



XNLP Demo

Demo System
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 System Design



XNLP Demo

Demo System
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 Screenshot



XNLP Demo

Demo System
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 Screenshot

https://xnlp.haofei.vip/

https://xnlp.haofei.vip/
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