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LLM modes for video 
processing, including 
LLaVA-OneVision, 
VideoLLaMA3, AdaReTake

3 Analyzed models for any -
to -any modality , that 
utilize next -prediction token 
paradigm 
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Evolution steps of Generative AI

How LLM / MLLMs ca n help  us to  
im prove GenAI?
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I n t ro d u ct io n : GenAI

https :/ /www.le s s wrong .c om/pos ts /vmc WCs oyPNs Gz8 2nt/fun- with- g pt- 4 o- imag e - g e ne ra tion

New genera tion method from the OpenAI in Ghibli style (1 M users in 1 hour)
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I n t ro d u ct io n : GenAI

https :/ /www.le s s wrong .c om/pos ts /vmc WCs oyPNs Gz8 2nt/fun- with- g pt- 4 o- imag e - g e ne ra tion

Ghibli style refers to  the d istinctive visua l a esthetic developed by Studio Ghibli, a  
renowned J a pa nese a nima tion studio — Hayao Miyazaki , 1985
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Genera tion is not constant — la tent representa tion p roblems
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significant generative pre -training → 1) synthetic da ta sets + 2) GPU pa ra lleliza tion
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StyleGAN, 2019 DDPM, 2020
Guided Diffusion, 2021



I n t ro d u ct io n : GenAI Evolution

Single domain genera tion  → open doma in  → interactive /  interva led  genera tion
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Stable Diffusion
~1B parameters

Based on 3D U -Net with 
transformer units
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Stable Diffusion 3
8B parameters

Transformers

FLUX
12B parameters

Transformers
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1.8B parameters

Based on 3D U -Net with 
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Open -Sora [2024 -03]
5.8B parameters

Transformers

CogVideo [2024 -09]
5B parameters

Transformers



MLLM/ LLM I n t e g ra t io n  
Lecture #3

Data Generation 
for MLLMs

11

Textual prompt T2Img Image Evaluation Quality Score

Large-scale retraining on poorly labeled data helped models in all modalities, but mostly different 
types of models developed independently



MLLM/ LLM I n t e g ra t io n  

Wha t is  missing in the scheme?
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Tool X
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LLM a s  Un ifie d  Ba ck b o n e

LLM as a unified backbone 
for genera tive AI

2



Un ifie d  Ba ckb o n e : VideoPoet

Wha t is  the main idea of VideoPoet ?
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VideoPoet: A Large Language Model for Zero -Shot Video Generation [ICML 2024]
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VideoPoet: A Large Language Model for Zero -Shot Video Generation [ICML 2024]



Un ifie d  Ba ckb o n e : SEED-LLa MA

● Introduce SEED, a n ela bora te 
image tokenizer tha t empowers 
LLMs with the a b ility to  SEE a nd  
Dra w a t the sa me time

● SEED-LLaMA ha s exhib ited  
compositiona l emergent a b ilities 
such a s multi - turn in -context
multimoda l genera tion
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Making LLaMA See and Draw with SEED Tokenize [ICLR 2024]



SEED-LLa MA: SEED Tokenizer

VQ-ba sed  ima ge tokenizer tha t 
p roduces discrete visual codes
with:

1. 1D causal dependency 
(unidirectional attention in 
dominant LLMs)

2. high - level semantics for both 
visual comprehension and 
generation tasks (share 
weights and training 
objectives)

Lecture #3
Data Generation 

for MLLMs

15

Making LLaMA See and Draw with SEED Tokenize [ICLR 2024]
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Making LLaMA See and Draw with SEED Tokenize [ICLR 2024]

First train a Causal Q -
Former to  convert 2D 
ra ster-ordered  fea tures 
(16×16) p roduced by the ViT 
encoder into a  sequence of 
32 causal embeddings 

Self-a ttention with 
previous embeddings in 
query
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Making LLaMA See and Draw with SEED Tokenize [ICLR 2024]

Train a visual codebook
to  d iscretize the ca usa l 
embeddings to  qua ntized  
visua l codes (32 tokens) 
with ca usa l dependency

Employ a  multi - layer 
Transformer (decoder), 
to  reconstruct the 
continuous ca usa l 
embeddings
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Making LLaMA See and Draw with SEED Tokenize [ICLR 2024]

Further employ a MLP to  
reconstruct the ima ge embedding 
(1 token)
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Making LLaMA See and Draw with SEED Tokenize [ICLR 2024]

Minimize MSE between 
image and generation 
embeddings
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Making LLaMA See and Draw with SEED Tokenize [ICLR 2024]

During inference, the 
generation embedding 
are fed into SD-UNet to  
decode rea listic ima ges
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Making LLaMA See and Draw with SEED Tokenize [ICLR 2024]

Reconstruction images of SEED tokenizer (i.e., original image → SEED tokenize → ca usa l 
visua l codes → SEED de-tokenize → reconstructed  ima ge)
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Making LLaMA See and Draw with SEED Tokenize [ICLR 2024]
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Making LLaMA See and Draw with SEED Tokenize [ICLR 2024]

Why is background inconsistent ?



Un ifie d  Ba ckb o n e : Janus -Pro
“Одна голова хорошо, а две – лучше”
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Janus -Pro: Unified Multimodal Understanding and Generation with Data and Model Scaling



J a n u s-Pro : Architecture 
Lecture #3

Data Generation 
for MLLMs

20

Janus -Pro: Unified Multimodal Understanding and Generation with Data and Model Scaling

Multimodal 
understanding —
SigLIP encoder to  
extra ct high-
dimensiona l sema ntic 
fea tures from ima ges

Visual generation —
VQ tokenizer to  convert 
ima ges into d iscrete IDs
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Janus -Pro: Unified Multimodal Understanding and Generation with Data and Model Scaling
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Janus -Pro: Unified Multimodal Understanding and Generation with Data and Model Scaling



LLM a s  Pla n n e r

LLM as planners for 
genera tive AI

3



Pla n n e r : Layout for Spatial Location 

● La youts/ Bounding boxes for spatial 
location planning

● Semantic descriptions

○ Motion descrip tions for 
tempora l p la nning

○ Pa tch descrip tions for Ima ge 
sca le p la nning

○ Entity descrip tions for 
cha ra cter/ object design a cross 
d ifferent video clips

Lecture #3
Data Generation 

for MLLMs
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LayoutGPT: Compositional Visual Planning and Generation with Large Language Models

(a) General T2I 
models

(b) Layouts as 
intermediate results



La yo u tGPT: Visual Planning
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LayoutGPT: Compositional Visual Planning and Generation with Large Language Models

LayoutGPT, a method to 
compose in -context visual 
demonstrations to enhance 
the visual planning skills of 
LLMs
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LayoutGPT: Compositional Visual Planning and Generation with Large Language Models

LayoutGPT outperforms 
text-to-ima ge 
models/ systems by 20-
40% a nd a chieves 
compa ra ble performa nce 
a s huma n users in 
designing visua l la youts for 
numerical a nd spatial
correctness



La yo u tGPT: Methodology
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For 2D text -conditioned image 
layout generation, we adopt 
the CLIP model to extract 
text features a nd mea sure the 
cosine simila rity between them
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As LLMs like GPT-3.5/4 are 
trained with code snippets , 
forma tting  ima ge/ scene 
la youts in CSS structures
potentia lly enha nces the LLMs’ 
interp reta tion of the spa tia l 
mea ning
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La yo u tGPT: Examples
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Qualitative comparison between 
Stable Diffusion, LayoutGPT, and 
human annotations regarding 
numerical (top  row) a nd spatial 
reasoning (bottom row) skills

La youtGPT: Com positiona l Visua l Pla nning  a nd  Genera tion with La rge La ngua ge Models



ROI Ct r l: Examples
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ROICtrl: Boosting Instance Control for Visual Generation. Yuchao Gu et al. 2024.

Models struggle to accurately associate positional a nd attribute informa tion with 
multiple instances  → regiona l insta nce control (ROICtrl)

Grid  test for insta nce control



ROI Ct r l: Prior Methods 
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ROICtrl: Boosting Instance Control for Visual Generation. Yuchao Gu et al. 2024.

Feature map = 16 x 16 fea ture ma p

Desired instance =  “Pla ce a pp le in Box A” 

Box A = (x₁=10 , y₁=15) to  (x₂=26, y₂=31)

The goa l of Insta nce Control is  to  “tell” the d iffusion network, via  its  cross-a ttention, 
where a nd what to  dra w

fusing  box coord ina te embeddings with 
insta nce ca ption embeddings
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ROICtrl: Boosting Instance Control for Visual Generation. Yuchao Gu et al. 2024.

Feature map = 16 x 16 fea ture ma p

Desired instance =  “Pla ce a pp le in Box A” 

Box A = (x₁=10 , y₁=15) to  (x₂=26, y₂=31)

The goa l of Insta nce Control is  to  “tell” the d iffusion network, via  its  cross-a ttention, 
where a nd what to  dra w

use ma sked  crossa ttention to  isola te ea ch 
ROI 
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ROICtrl: Boosting Instance Control for Visual Generation. Yuchao Gu et al. 2024.

Region Control in Generation 
(ROI-Ctrl Alone)



LLM a s  Pla n e r : Scene Decomposition
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VideoStudio: Generating Consistent -Content and Multi -Scene Videos [ECCV 2024]

Prompt decomposition in multiple prompts
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VideoStudio: Generating Consistent -Content and Multi -Scene Videos [ECCV 2024]

input prompt:

The cat lies in the room
The cat lies in the driving car
The cat plays in the flowers
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VideoStudio: Generating Consistent -Content and Multi -Scene Videos [ECCV 2024]

input prompt:

The cat lies in the room
The cat lies in the driving car
The cat plays in the flowers



Vid e o Stu d io : Almost Agent -System!
Lecture #3

Data Generation 
for MLLMs

36

VideoStudio: Generating Consistent -Content and Multi -Scene Videos [ECCV 2024]

input prompt:

The motorcyclist stays in the town
The motorcyclist is riding on the 
road under the sunset
The motorcyclist is ridding on the 
moon
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VideoStudio: Generating Consistent -Content and Multi -Scene Videos [ECCV 2024]

input prompt:

The motorcyclist stays in the town
The motorcyclist is riding on the 
road under the sunset
The motorcyclist is ridding on the 
moon
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HiPropmt : Tuning -free Higher -Resolution Generation with Hierarchical MLLM Prompts

Models often struggle with 
issues of object repetition
a nd structural artifacts
especia lly when sca ling  to 4K 
resolution a nd higher
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HiPropmt : Tuning -free Higher -Resolution Generation with Hierarchical MLLM Prompts

Local description
A deta iled  ima ge of a  lush green 
pa lmlea f, with a  vibra nt yellowhue, set 
a ga inst a  clea r b lue sky, ta ken froma  
close-up  perspective

Global description
A corgi sits  on a  bea ch cha ir on a  
bea utiful bea ch, with pa lmtrees behind, 
high deta ils
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HiPropmt : Tuning -free Higher -Resolution Generation with Hierarchical MLLM Prompts

Visual comparison between DemoFusion (Du et a l. 2024 ) a nd HiPrompt
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HiPropmt : Tuning -free Higher -Resolution Generation with Hierarchical MLLM Prompts

Examples of 
HiPrompt at 
various higher 
resolutions



LLM a s  Ca p t io n e r

LLM as a captioner for 
genera tive AI

4
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Improving Image Generation with Better Captions (DALL -E 3)

● Huma n descrip tions a re 
very simple a nd noisy

● People usua lly don't 
describe the position 
of objects , importa nt 
pa rts (like the kitchen 
sink)

● VLM ca n be tra ined in 
very detailed image 
descriptions



DALL-E 3: Improved Dataset
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Improving Image Generation with Better Captions (DALL -E 3)

CLIP scores for text-to-ima ge models tra ined on d ifferent ca p tion types



DALL-E 3: Examples
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ShareGPT4V: Improving Large Multi -Modal Models with Better Captions



Sh a re GPT4 V: Syntetic Dataset
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ShareGPT4V: Improving Large Multi -Modal Models with Better Captions

Comparison of widely -used caption datasets and ShareGPT4V
'Avg.' column shows the a vera ge cha ra cter number of the ca p tion
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ShareGPT4V: Improving Large Multi -Modal Models with Better Captions

Need clear dataset: a ll objects tha t occur in the p icture a re not ma de up  (no 
conclusions /  eva lua tions of a esthetic)

Sh a re GPT4 V: Syntetic Da ta set
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ShareGPT4V: Improving Large Multi -Modal Models with Better Captions

Sh a re GPT4 V: Syntetic Da ta set
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ShareGPT4V: Improving Large Multi -Modal Models with Better Captions

Sh a re GPT4 V: Syntetic Da ta set
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Improving  Vide o Unde rs ta nd ing  a nd  Ge ne ra tion with Be tte r Ca ptions . Ne urIPS 20 24 .

Sh a re GPT4 Vid e o : Syntetic Dataset

Authors decided not to stop! Published analogous dataset for video
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Improving  Vide o Unde rs ta nd ing  a nd  Ge ne ra tion with Be tte r Ca ptions . Ne urIPS 20 24 .

Sh a re GPT4 Vid e o : Syntetic Dataset
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Improving  Vide o Unde rs ta nd ing  a nd  Ge ne ra tion with Be tte r Ca ptions . Ne urIPS 20 24 .

Sh a re GPT4 Vid e o : Syntetic Dataset

The video captures the spectacle of a continuous fireworks 
show against the backdrop of a starry night sky. It commences 
with a burst of vibrant reds, greens, purples, and yellows that 
paint the heavens and cast shimmering reflections upon the 
water below. As the display progresses, the fireworks evolve, 
transitioning from the initial array to a focus on radiant 
oranges, yellows, and fiery reds. These explosions form 
captivating clusters at the heart of the sky, ascending in 
breathtaking formations accompanied by trailing plumes of 
smoke, adding a dramatic flourish to the visual narrative. 
Throughout the duration, the fireworks maintain their dynamic 
allure, their patterns and positions evolving to underscore the 
ongoing spectacle. Meanwhile, the mirrored reflections on the 
water's surface faithfully echo the colors and shapes above, 
further enhancing the mesmerizing and ever -changing nature 
of the display.



LLM a s  Co n d it io n e r

LLM as a conditioner for 
genera tive AI

5



Le t ’s  Ta n g o : Text2Audio Model
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Text-to -Audio Generation using Instruction -Tuned LLM and Latent Diffusion Model. 2023

Describe the sound of 
the ocean

A man is speaking in a 
huge room

http://drive.google.com/file/d/1XhWTWypFc6Pptv1UMDBE36ar93VslFpT/view
http://drive.google.com/file/d/1Hx9nxrgoMZSZxQDnWD3j1wxC-jbYMn3f/view
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Aligning Diffusion -based Text-to -Audio Generations through Direct Preference Optimization. 2024

● Ta ke the orig ina l Ta ngo

● Ma ke “a ugmenta tion” of da ta  

● Genera te a udio op tions

● Sort them by qua lity using  a n 
externa l model

● Tune Ta ngo using  DPO
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Aligning Diffusion -based Text-to -Audio Generations through Direct Preference Optimization. 2024

● Ta ke the orig ina l Ta ngo

● Ma ke “a ugmenta tion” of da ta  

● Genera te a udio op tions

● Sort them by qua lity using  a n 
externa l model

● Fine - tune Tango



LLM a s  Eva lu a to r

LLM as evaluators for 
genera tive AI

6
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DreamSync: Aligning Text -to -Image Generation with Image Understanding Feedback. 2023.
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DreamSync: Aligning Text -to -Image Generation with Image Understanding Feedback. 2023.

VILA (Lea rning  Ima ge Aesthetics from User Comments) – VLM, simila r to  CLIP, 
tra ined  on a  subset of LAION a nd a n AVA da ta set of 250K ima ges, ma rked  up  with 
ra tings a nd comments on aesthetic
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ControlLLM: Augment Language Models with Tools by Searching on Graphs. 2023.

ControlLLM
explores possib le 
outgoing edges , 
eva lua tes which 
edge best 
advances towa rd  
the fina l goa l, 
prunes dead -end 
bra nches
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MovieAgent: Automated Movie Generation via Multi -Agent CoT Planning. 2025

Script Synopsis to Movie Generation
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MovieAgent: Automated Movie Generation via Multi -Agent CoT Planning. 2025

Process with MovieAgent (GPT4-o + ROICtrl + VALL-E X + Ma ngo Ta lking  Huma n)

http://drive.google.com/file/d/1tGt1o-aEHW_NPry-viR50eIq00W8gQl0/view
http://drive.google.com/file/d/1mHoXN13JYsGk234hGvcGxx28P66zI7bD/view
http://drive.google.com/file/d/1EfWsa8r6J8I9cmA2I4Qb8f6mMY4ovdoe/view
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http://drive.google.com/file/d/1PEVciwinAOYoIKE5RYOESDqMrFfJlzxE/view
http://drive.google.com/file/d/1A6H_usQ5l9Obvug8InTQ9NWvh0qcb5TA/view


Co n clu s io n s

1

2

3

LLMs have found many applications in 
generation tasks

Due to more a  priori information , we ca n 
genera te ima ges using  LLM. However, still a  
lack of locality : sma ll cha nges in the p icture 
grea tly perturb  the p icture a s a  whole

Prompt decomposition, LLM a s eva lua tor, 
improved conditioning, a nd for sure it will 
all expand further

th is  is  the  e nd  of 
the  le c ture

tomorrow is  the  
anothe r le c ture
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