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« Generative World Models
 Overview
* The Frontiers of World Models in Industry

« New Theories and Architectures in Academia

« Generation Improvement with Understanding Model
Prompt Enhancement

« Chain-of-Thought for Generation



Generative World Models
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* LLMs alone are insufficient to achieve AGI
» Li Fei-Fei: AGl is incomplete without spatial intelligence

* Yann LeCun: No need to generate pixels, generate states



Generative World Models

N
1. Long-term Memory

—3D modeling

—Compressed
Feature/Representation

Base Stone: Video Generation Models
ADDING:

G I 3
A newfrontier for world models

2. Understanding the World
—Physics understanding
—Realism

—Future Prediction &
Decision

3. Interactivity
—WASD



Generative World Models

The Researchers
© Google DeepMind (Genie 3)
OQ Meta (V-JEPA 2) B8

Focus on Theory & Realism.

The Builders
<A NVIDIA (Cosmos)

Focus on Robotics & Physical Al.

The Creators
V¢ World Labs (Marble) K
(B Runway (GWM-1)

Focus on 3D Assets & Creative Tools.

The Open Frontier
Tencent (HY-World 1.5)

O Odyssey (@ LingBot

Focus on Open Source & Speed.



HY-World 1.5 Tencent

» Extending Video Model
* Input:
 Current action

 Last chunk
*  Output:

e  Current chunk

Q)
O . A | I . |
& o% Streaming Streaming
m < DiT Denoising VAE Decoding (>
User 0 9
& — Caption/ Prompt
or |— . i
— Engineering
Image Text

Tencent Hunyuan, HY-World 1.5: A Systematic Framework for Interactive World Modeling with Real-Time Latency and
Geometric Consistency, 2025.



HY-World 1.5

« Extending Video Model
« AR DIiT architecture
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HY-World 1.5

» Extending Video Model

« AR DIT architecture
e  Dual action input
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HY-World 1.5

* Long-Term Memory
« Causal self-attention
* Find the most geometry-relative chunks in the past
* Pull them closer in RoPE

0

0 1
0 1
01
01
01
0 1
01
0 1

(a) Full context (b) Absolute indices (c) Relative indices




HY-World 1.5

« Reinforcement Learning
 Rewards:
* Following score: video « action
* Visual quality score
« Algorithm:
« DiffusionNFT

Zheng et al., DiffusionNFT: Online diffusion reinforcement with forward process. arXiv:2509.16117, 2025.
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HY-World 1.5

 Data

Data
Curation

(320K Clips)

Data
Filter and

Metadata

Enhancement

Annotation

Real-world 3D
DL3DV - 60K (18.7%)
3DGS Reconstruction

170K (53.1%)
1st/3rd Person

Visual Quality Assessment

» Watermark & Ul Detection
» Compression Artifacts
* Low Quality Filtering

Motion Consistency

* Optical Flow Analysis
* VIPE Trajectory Validation
* Erratic Motion Removal

Synthetic 4D
UE Rendered - 50K (15.6%)
Precise Ground Truth

Real-world Video

Sekai - 40K (12.5%)
Dynamic Motion

Diversity & Alignment

* Dynamic framerates

Text Annotation
* Hunyuan Video Caption Model
* Rich Descriptive Labels

Multi-Modal Metadata Annotation

Action Signals
* Movement Command
* View Rotation

Camera Poses
» Continuous Extrinsics (SfM)
* Rotation & Translation

11



HY-World 1.5

« Conclusion
* Open-source
» 24 FPS streaming
« Keyboard & mouse control

12



Cosmos <3

* World Models for Physical Al

 Components:
« Tokenizer

* Diffusion model
* AR model

 Similar to common video models
in architectures

Agarwal, et al. Cosmos world foundation model platform for physical ai. arXiv:2501.03575, 2025. 13



Cosmos

« Tokenizer:
/
7 / Z
E .ag ”
W/SHW}.
Continuous

» Continuous version for diffusion

Input
Video

* Discrete version for AR
 (Causal self-attention

Wisy

Discrete

\

Token

/

Token

Encoder

/

Tokens

Xp X3 Xy

Reconstructed

Decoder
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Video
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Cosmos

e Diffusion Model

« Conditioned on past frames: concatenation in temporal dimension

Input Text Prompt —»| T5 text encoder

!

]
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i e ——— r————
[ I g
#‘_ 3D _"i o] sef | f cross [ 0 : F- -
FI‘T B —| patchify a | Attention Attention ,' s []
- . ! T ! N
Corrupted Tokens E : :Denoised Tokens
1 R | .
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Noise IFlatten _ Flatten -
T I - xN
Encoder of Decoder of
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Tokenizel- : Tokenizel-
T Step t
CV8x8x8-720p 1me step CV8x8x8-720p
Absolute 3D RoPE
Positional
Input Embedding Reconstructed

Video Video
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Cosmos

* AR Model

» Discrete tokens: decode using diffusion decoder

e

= Vocabulary
W\RE —*| Embedding =
(T
Tokens

Encoder of
Cosmos-
Tokenizel-
DV8x16x16-720p

!

Input
Video

Input Text Prompt —

T5 text encoder

Cosmos-Predict1-
Autoregressive

¥
N M -
1 \mE
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! 1 wea
L-.l. L S P S . .I Tokens
Flatten Flatten o 1
1 I Decoder of
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Tokenizel-
DV8x16x16-720p
Absolute 3D RoPE
Positional Reconstructed
Embedding Video

Discrete
Tokens

Denoiser of
Cosmos-Predict1-
7B-Text2World
Gaussian Noise Conditional
Input
Vocabulary
Embedding
2x
Upsample

Diffusion decoder

Decoder of
Cosmos- Recon.
Tokenizel- |—> y; deo

CV8x8x8-
720p
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Cosmos

* Pre-training dataset

0 @ N d gl B

Driving (11%),

Hand motion and object manipulation (16%),
Human motion and activity (10%),

Spatial awareness and navigation (16%),
First person point-of-view (8%),

Nature dynamics (20%),

Dynamic camera movements (8%),
Synthetically rendered (4%), and

Others (7%).

17



Cosmos

» Post-training for Downstream Application
* Instruction-based finetuning for robots
* Action-based finetuning for autonomous driving

Input frame Instruction-conditioned generation

- . X - 5
Prompt: Organize books by placing them vertically
on a shelf.

Input frame Control Generated video frames

18



Marble M

« Gaussian-Splatting Based
» 3D static scene generation / editing
« Exportable assets

19



V-JEPA2 &

« DIiT: Reconstructing pixels

« V-JEPA 2: Predicting
semantics in masked area

V-JEPA 2
predictor ;-
4 Yann LeCun:
‘ £ .
(IP?Q,?ZES s No need to generate pixels, generate states

Mask

encoder EMA encoder

R ;

e, = =T

i
U . ‘1’»

\lll.ﬁf minimizes,p,a, ||Pp(Ay, Eo(z)) — sg(Ez(y))[
nmasea,

Assran et al., V-JEPA 2: Self-Supervised Video Models Enable Understanding, Prediction and Planning, arXiv 2506.09985 20



V-JEPA 2

« V-JEPA 2-AC: Conditioning on actions |_) == !

Teacher forcing loss: autoregressive learning
frozen

{6 2
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V-JEPA 2

V-JEPA 2-AC

« V-JEPA 2-AC: Conditioning on actions |_) == +

Robot
* Rollout loss: consecutively predict 7" times ;fﬁl‘;”s;
Lrotiont (@) = || Pslar.r, s1,21) — 27411 aincada er
VJEPA 2-AC Rollout Loss T T

| t-?.( |
Fa | "‘." -
i i
|

|f .
tﬂtw‘;— - ] E ; i f J
2 ) ts

Previous Future
video frames video frame

« Gradient propagates through
time steps (BPTT)

i ¥y | P9, Ve ave.
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| ¥ ’L |\’ ! / % 1 3
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t=0 t=1 t=2 t=3 t=4 22



V-JEPA 2

« V-JEPA 2-AC: Guidance on Robot Action Planning

E(Gr:T; 2,5k, 2g) = || P17 8%, 28) — 2|2

Fd. | Oog
Pt & Py O vy P
=i ]
Current
E Observation # g
aj a¢

Goal
Image
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LingBot-World @

« Extending Video Model (Wan2.2)

* MoE: high-noise expert & low-noise expert

LingBot-World Video Generation

Video latent

1
l Self Attn. I

m T
Action § E Bm
Scale & Shift 2= :
Dit Block x N (LA
(MoE: high-noise & low-noise) ot
t T | Cross Attn.

Text embedding

|

@ : FFN
& |

Image/video input Noisy latents Action i Video latent
}

Robbyant Team, Advancing Open-source World Models, arXiv 2601.20540, 2026. 24



Genie 3 ©

« State-of-the-art World Model
« 720p @ 24 FPS
* Learned physics
« Minutes of consistency

o ! W IFIEBs A CLE

Ball et al., Genie 3: A new frontier for world models, 2025.

25






True real-time AAA quality: Real-time 4K @ 60+ FPS photorealism
Extended persistence: Long-horizon world state (hours to days)
Complexity: Multi-agent interactions & complex NPC ecosystems

Accessibility: Widespread public access as compute costs decrease

Not just games: Crucial for achieving autonomous driving and AGI

Social impact: Experiences for disabilities, education, and therapy

We are no longer just watching the video. We are stepping inside.



Generative World Models

_» | Base Stone: Video Generation Models
ADDING:

2

@) & ) ﬂ A L5 o]
(AR U
1. Long-term Memory 2. Understanding the World 3. Interactivity
—3D modeling —Physics understanding —WASD
—Compressed —Realism
Feature/Representation —Future Prediction &
Decision

Enough for Industry! What can we do for WMs in Academia?

28



Long-term Memory Compression

History Context (> 20 seconds)

« Compression Model:

e 20s video — ~5k token context

* Training:
e Mask out
« Use the Context to denoise /

reconstruct a clear frame from a
random time point

22s

| ‘wearing cardigan...knitting...cat... | “ . tired ...vawn..."

Zhang et al., Pretraining Frame Preservation in Autoregressive Video Memory Compression, arXiv 2512.23851, 2026.

Estimation Target

Copy
(masked) Randomly picked frames (masked) Cloned frames
\ v ‘
VAE VAE
J N
[T

[}
L]
[}

’_.{ Memory compression model o(+)

e
[T ()
Compressed history context (~5k)

'vi concat

(optional) Enhance

-.)

T RN RRIINR AR
- J

deletad

Target context
|
Noise

scheduler

N
I

w/ noise

Loss
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Enhanced Physical Understanding

 VideoREPA:

Guiding VDMs using VFMs
Student: VDM (Video Diffusion Model)

Teacher: VFM (Video Foundation
Model)

A“grung rela‘l‘innehihe hahaiaoan 'I'nkens

di d.j
Al di,j Yv Y
Spatial: = ;’i ‘;’j

[yv [y~

: e ;
Temporal: e ydi . yed

temp

lyv?|

=Y
Iy~

The video showcases a
coastal scene characterized
by a rocky shoreline...

Y

/

VAE
Encoder

)\

MM-DiT Block
MM-DiT Block j

I

™y
3

Pre-trained

Video Encoders

Zhang et al., VideoREPA: Learning Physics for Video Generation through Relational Alignment with Foundation Models,
NeurlPS 2025.
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Extended Interactivity

* PlayerOne:
« VR
« Human motion

« Rather than keyboard
& mouse

First Frames Human Motion Sequences

Simulated Videos

Tu et al., PlayerOne: Egocentric World Simulator, NeurlPS 2025. 31



Extended Interactivity

PlayerOne:

Human motion decomposites into 3 parts:

Head — camera params
Hands & Feet — motions

Head
()]
(7]
o
g g— L\
v K (o] -
o Hands
() s
]
N
Body&Feet

-1 L6 - >

Camera Sequence

Part-wise

Motion

Encoder

Noised
+ Video Latent

.
Camera
Encoder

Motion Latent

Part-disentangled Motion Injection

32



Extended Interactivity

* PlayerOne:

« Diffusion objective: video + point cloud (only in training, cut off in inference)

. Motion Denoised Latent

Noised Noised Point
Video Latent Map Latent . .
., Partdisentangled s A Diffusion
) Motion Injection ]
Transformer
Human Motion Sequence ]

EE sEEe

Frozen A Trainable % Scene-frame Reconstruction

% Noised
- --6i--63- > . g g o Video Latent
Head ""‘E S .
9 Camera Sequence S Lic.l :
't ‘E—L L Ground Truth F;Z:I’::::ep
g g i 51 Motion Latent
o Y Part-wise o
nﬁ 4 E g
. w
Body&Feet

Part-disentangled Motion Injection

Point Map
Encoder

=
©
<
<
<

Noised Point
Map Latent

Denoising

Scene-frame Reconstruction

33



Generation with Understanding

« Core conflict for generative models
« Semantic drift
» Slow convergence
» Lack of logical consistency in complex tasks

« Solution
» Leveraging "Understanding Models" provides a roadmap for generators
* Feature Alignment
* Prompt Enhancement
» CoT for Generation

34



Prompt Enhancement

* Problem of user inputs
* Intent Sparsity
» Biased Description
* Ambiguity

* Prompt Enhancement

« Using a LLM to transform vague, underspecified user inputs into rich,
high-fidelity instructions that generative models can better execute.

35



Prompt Enhancement

 Prompt Enhancement operational modes
« Expansion
« Add style descrption, details ...
« Alignment
« Transform informal language into professional terms
* Negative Prompting
« Add some negative feature

OpenAl, Improving Image Generation with Better Captions, ArXiv 2023

36



« Chain of Thought (CoT)
« Decomposing complex generation into verifiable logical steps
« Transform "implicit understanding” into "explicit logic"
« CoT for Generation
 Prompt-based CoT
* Multimodal CoT
« CoT with Planning&Evaluation
« CoT for Video Generation



Prompt CoT for Generation

 Think-Then-Generate

Think-Then-Generate: Reasoning-Aware Text-to-Image Diffusion

with LLM Encoders

Siqi Kou', Jiachun Jin'*, Zetong Zhou'*, Ye Ma?, Yugang Wang', Quan Chen?, Peng Jiang?,

Xiao Yang®, Jun Zhu®, Kai Yu', Zhijie Deng'f
!Shanghai Jiao Tong University *Kuaishou Technology *Tsinghua University

& 7
-

A

Diffusion Transformer (DiT) Diffusion Transformer (DiT)

: & Think with world knowledge{\
LLM encoder . 4 LLM encoder

%
l!

A glass of hydrochloric acid and A glass of hydrochloric <long CoT> Revised prompt: a glass of colorless liquid
acid and phenolphthalein

phenolphthalein solution mixed liquid. and pk phi
solution mixed liquid. Learn how to think based on image reward

Kuaishou, Think-Then-Generate: Reasoning-Aware Text-to-Image Diffusion with LLM Encoders, Arxiv 2026
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 Inference
« Raw Prompt — [Chain-of-Thought Reasoning] — Refined Descriptive Prompt
 Example
 Raw Prompt: "Generate Einstein's favorite instrument”

« CoT: <think>Einstein was known to play the violin... This suggests creating an
image of a classic wooden violin...</think>

* Refined Prompt: A classic wooden violin, rich brown color, elegant
craftsmanship...

Kuaishou, Think-Then-Generate: Reasoning-Aware Text-to-Image Diffusion with LLM Encoders, Arxiv 2026



Prompt CoT for Generation

» Training
« Supervised Fine-Tuning
« Tune Qwen2.5-VL with data generated by Gemini 2.5
e Dual-GRPO
* Generate J inference token list z,
+ Generate K images for each z
* Reward for both LLM & DiT

e

3
‘I

Diffusion Transformer (DiT)

“Think with world knowledge/ \
o LLM encoder

A glass of hydrochloric <long CoT> Revised prompt: a glass of colorless liquid
acid and phenolphthalein
solution mixed liquid. Learn how to think based on image reward

Kuaishou, Think-Then-Generate: Reasoning-Aware Text-to-Image Diffusion with LLM Encoders, Arxiv 2026 40



Multimodal CoT for Generation

 ThinkGen

ThinkGen: Generalized Thinking for Visual Generation

Siyu Jiao'* Yiheng Lin'* Yujie Zhong®*' Qi She* Wei Zhou® Xiaohan Lan®
Zilong Huang® Fei Yu? Yingchen Yu? Yunqing Zhao® Yao Zhao' Yunchao Wei'l

! Beijing Jiaotong University 2 Bytedance

</think> Okay, the user wants an image of a spooky night when
children dress up and collect sweet treats. Let me break this down.
First, “spooky night" suggests Halloween, so the setting should
be nighttime with Halloween elements. Collecting sweet treats
implies candy, so there should be kids holding bags filled with
sweets, The atmosphere should be ... </think>

Generate a vibrant nighttime Halloween
scene with children in colorful costumes
trick-or-treating on a cobblestone street
lined with glowing jack-o'-lanterns,
haunted houses, and flickering porch
lights, while holding overflowing candy
bags and buckets under a moonlit sky
with swirling fog and autumn leaves.

Generation & Editing w/ Thinking

A spooky night when children dress up and h . Draw an image showing the provided
collect sweet treats —— ﬁ object completed into a full car.

<think> Got it, the user provided an image of a car that’s missing the rear
wheel. So the task is to add the rear wheel to make it a complete car. |
should describe the edit instruction clearly. The car is a sedan, silver, side
view. The rear wheel is missing, so | need to add a matching wheel. The
wheel has a white rim, so the rear wheel should match that style. Make sure
the wheel is properly attached The background is a plain beige wall

and concrete floor. Make sure it's one sentence as
per the user's example. </think> “"‘i ‘
C N .
Add a matching silver alloy wheel with white & 3

accents to the rear of the sedan, ensuring proper ]

alignment with the car's body and maintaining

the existing side profile, front wheel, and
background elements,

ByteDance, ThinkGen: Generalized Thinking for Visual Generation, Arxiv 2025
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Multimodal CoT for Generation

« Qverview

 Introduce MLLM into the CoT generation process

» Directly inject img into CoT process needs too much context length
» Introduce VGI-Refine Module

Bulb’s filament appears bright
orange and glowing intensely.
e e e M eSS e T e . VGI-Refine

f £
il .
MLLM + DiT
L Frozen = MLLM-GRPO— Frozen PT & FT - Frozen » DiT-GRPO

f

“What if we increase the voltage of
the bulb in the image?”

@ Heuristic Instruction

|

—-[ Connfcctor ] '

Diffusion
D Prepadding States Hidden States Timestep

ByteDance, ThinkGen: Generalized Thinking for Visual Generation, Arxiv 2025
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Multimodal CoT for Generation

 VGI-Refine
 Extract Hidden States
« Padding with Prepadding States

Bulb’s filament appears bright

‘ orange and glowing intensely. e O Reasoning
@ O Reflection
""" e R " mareaz-==, VGRefine = iy _ -—
" | . eee ees - NI, o O Text Render
(V- W e S g B R e e g 0.
$ ' ¢
-

MLLM % +B DiT
L Frozen @— MLLM-GRPO— Frozen = PT&FT — Frozen — DiT-GRPO

“What if we increase the voltage of ——[ Connector ] 1

the bulb in the image?”
Heuristic Instruction

B Diffusion
[:] Prepadding States | | Hidden States Timestep

ByteDance, ThinkGen: Generalized Thinking for Visual Generation, Arxiv 2025
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Multimodal CoT for Generation

» Training
« SFT
« Training connector module
« Training connector&DiT
« Training with larger dataset

Supervised Pre-training

Img size: 512px j Img size: 512px j Img size: 1024px
DiT ] DiT ]

[.‘Tf MLLM ’ ‘ | Connector,yﬂ ["fMLLM ’ ‘ [ Connectord [.—T‘MLLM

DiT ]

[ Connector d
b

Stagel: connector training Stage2: pre-training Stage3: high-quality fine-tuning

ByteDance, ThinkGen: Generalized Thinking for Visual Generation, Arxiv 2025
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Multimodal CoT for Generation

» Training
« GRPO
« MLLM-GRPO
 DIiT-GRPO

Connector ]

Rollout N4

SepGRPO
Img
Img rule models - MLLM f(‘ DiT
: Connector ]
mg
Rollout 1 f
Rollout 1 update
update |

Stage4: MLLM-GRPO

Rollout N

Stage5: DiT-GRPO

ByteDance, ThinkGen: Generalized Thinking for Visual Generation, Arxiv 2025
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CoT for Editing with Planning&Evaluation

* Visual-Aware CoT

Visual-Aware CoT: Achieving High-Fidelity Visual Consistency
in Unified Models

Zixuan Ye'* Quande Liu*" Cong Wei®> Yuanxing Zhang? Xintao Wang?®
Pengfei Wan?> Kun Gai®> Wenhan Luo!’
'The Hong Kong University of Science and Technology
2Kling Team, Kuaishou Technology

i und. Und. Und.
i Reference | Spatial Add Detail & femrtm Gen. :

image Composition Final Check - - 1 N
Analysis Planning Instructions i i

(a) Text CoT for Generation

Gen. || ~ | Gen. _ =
Edit ind. edit []
|- Text Align
. Gen. |
Edit

Kling, Visual-Aware CoT: Achieving High-Fidelity Visual Consistency in Unified Models, Arxiv 2025



CoT for Editing with Planning&Evaluation

* Motivation
« Current multimodal CoT is difficult to maintain the fidelity to the visual context

« Solution
* Introduce the evaluation to maintain the fidelity with original visual context

Erompt (" Visual Context

Place the red
panda on the
edge of the
bed, curling
up against the
decorative
pillows as it
gazes out the
window,
soaking in the

warm sunlight.

Gen.

Und. Edit Und. Edit
Text Align Text Align

Evaluation Prompt —» Evaluation

Gen.
Initial

4

]‘

47

Kling, Visual-Aware CoT: Achieving High-Fidelity Visual Consistency in Unified Models, Arxiv 2025



CoT for Editing with Planning&Evaluation

* Inference

« Step 1: Generate a visual planning list for fidelity evaluation

‘ Stepl: Adaptive Visual Planning ‘

Place the rose in the glass
bottle and position the
bottle next to a chair.

Und.
analyze the given instruction and
reference images to create specific
consistency checks for ensuring
consistency....

Visual Planning =
1. check the identity consistency between the rosein
image_1 and in generated image
2. check the identity consistency between the glass
bottle in image_2 and in generated image
3. check the text consistency with prompt

] Step2: Nerative Visual Refinement

B8 —

Und. Und. Und.
Gen. Analysis the inconsistency Gen. Analysis the inconsistency Gern. Analysis the inconsistency
iritial in mil?ld and give editing Bl in mi{id and gi\ie editing i in rm'l:n_d_'and g‘ive editing
instruction or instruction or instruction or
ALL_IS_WELL ‘ALL_IS_WELL ‘ALL_IS_WELL'
Replace the pink flower in >
thepbntlie wi'tjh the rose from Aeplaneiheted rozewith the ALL_IS_WELL

image 1 orange rose from image 1

Kling, Visual-Aware CoT: Achieving High-Fidelity Visual Consistency in Unified Models, Arxiv 2025
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CoT for Editing with Planning&Evaluation

* Inference
» Step 2: lterative Visual Refinement

‘ Stepl: Adaptive Visual Planning

Place the rose in the glass
bottle and position the
bottle next to a chair.

Und.
analyze the given instruction and
reference images to create specific
consistency checks for ensuring
consistency....

Visual Planning l;:l

1. check the identity consistency between the rosein
image_1 and in generated image

2. check the identity consistency between the glass
bottle in image_2 and in generated image

3. check the text consistency with prompt

J Step2: Nerative Visual Refinement l

B8 —

Analysis the inconsistency

Und.
Analysis the inconsistency

Und.
Analysis the inconsistency

image 1

orange rose from image 1

Gen. Gen. Gen.
nitial in mind and give editing Edit in mind and give editing i in mind and give editing
nitie instruction or : instruction or ‘ instruction or
ALL_IS_ WELL “ALL_IS_WELL' ‘ALL_IS_WELL'
Replace the pink flower in >
the bottle with the rose from Aaplrmactienstimpgaait the ALL_IS WELL

Kling, Visual-Aware CoT: Achieving High-Fidelity Visual Consistency in Unified Models, Arxiv 2025
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CoT for Editing with Planning&Evaluation

* Training
« Stage 1: Supervised Fine-Tuning
» Generate dataset with Gemini and training BAGEL

Adaptive Visual Planning ]

il (O\ Prompt . Visual Content

|:| Visual Planning . Draft
. . 2 - Unified
please put the woman in image_1 - ! M.O de [ Check the [identity] of the [table] in imoge_2 and generated image
next to the table in image_2" \ sl 8 Check the [identity] of the (woman] in image_1 and generated image [
: i i !
g ' .

Iterative Visual Correction ] .

5 _ 0 Analysis & Editing . Result
Prompt i Visual Content ] T
[ (O\ 2 Un fﬁEd <think> The woman in image_1 is not seen in generated image....</think>
[ I;] Visual Planning Draft | Model A Replace the man with the woman in image_1.

Kling, Visual-Aware CoT: Achieving High-Fidelity Visual Consistency in Unified Models, Arxiv 2025 50
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CoT for Editing with Planning&Evaluation

* Training
« Stage 2: GRPO
» Object Position: GroundingDINO
* Object Similarity: DINO
« Style Similarity: CSD-Score

[ Visual Consistency GRPO ]

wn

5 —_——
L] = Visual Plannin ! Result #1 entily

: = s [ Check Rewards J74[ Object Similarity Score ]
; - e

g [ @ Visual Planning | Result #2 J style

< Unified | Rollout : Reward CSD Score

E_;. Mode!' P Model | ]
() : [ T2! Rewards ]

= L [ [D Visual Planning Result #N }

o H A | vy

Q

GRPO

Kling, Visual-Aware CoT: Achieving High-Fidelity Visual Consistency in Unified Models, Arxiv 2025 51



CoT for Video Generation

 VChain

VChain: Chain-of-Visual-Thought for Reasoning in Video Generation

Ziqi Huang, Ning Yu™', Gordon Chen, Haonan Qiu, Paul Debevec, Ziwei Liu™

Input Reasoning
User-Provided The rock will fall faster than the feather. ..... As the rock and feather continue to fall, the rock will reach the
Prompts ground first ... feather will take longer to reach the ground, gently drifting downwards.
“A rock and a feather Chain of Textual Thoughts 3\
are falling from the sky A rock and a feather The rock has landed

atly drifts
in  mid-air, both nd reaches
GPT-40 falling towards the

ground.

on the ground. The
feather is still drifting
gently downwards,

towards the ground.”

——. G

sof e
o n n
m..‘--} -]
IMAGE - ~
GENERATION /
Sparse Inference-
i i E——
Time Tuning
——

L Chain of Visual Thoughts

sisisnsssnsninssgoninsnnnsanninnnnnanNnNRNRRNRRRRRNNRD
Output - Generated Video

NTU, VChain: Chain-of-Visual-Thought for Reasoning in Video Generation, Arxiv 2025
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* Motivation
 Directly generation videos is difficult to fully conform to the laws of world
« Text tokens of LLMs is difficult to transform into visual sequences
« Solution
 Introduce Visual CoT with Unified LLM&Diffusion
 Decompose the complex state into sparse keyframes

NTU, VChain: Chain-of-Visual-Thought for Reasoning in Video Generation, Arxiv 2025



CoT for Video Generation

* Visual Thought Reasoning
« Step 1: Create the text description of consequence

(a) Visual Thought Reasoning

“Api Inpl!t g Consequence: The ice will slowly melt under the sun's heat. As time passes, the ice will shrink and the water from
A piece of iceona - the melting ice will spread, creating a growing wet spot on the brown paper. Eventually, the ice will melt completely
brown piece of paper GPT-40 - ,

into a puddle, saturating the area of the paper beneath it, possibly causing the paper to weaken or warp.
 sitting under the sun.” P 8 Pap P y g the pap P

A piece of ice
sits on a brown
piece of paper
under the sun.

PERCEPTION X 4 Chain of Visual Thoughts A
I'4 append to chain FEREEAN iterate 7 append to chain

The piece of ice has partially Z

melted, becoming significantly

smaller. A noticeable damp spot

@ f_/ Then the piece of ice has completely

melted, leaving only a large puddle of

is forming on lhe brm_vn paper IMAGE water on the brown paper. The paper
beneath it, indicating the EDIT looks saturated and slightly warped
melting process. around the edges of the puddle.

NTU, VChain: Chain-of-Visual-Thought for Reasoning in Video Generation, Arxiv 2025

54



CoT for Video Generation

* Visual Thought Reasoning

» Step 2: Generate keyframes with image editing guided by consequence

(a) Visual Thought Reasoning

e @ Consequence: The ice will slowly melt under the sun’s heat. As time passes, the ice will shrink and the water from
A piece of iceona the melting ice will spread, creating a growing wet spot on the brown paper. Eventually, the ice will melt completely
brown piece of paper GPT-4o : :

into a puddle, saturating the area of the paper beneath it, possibly causing the paper to weaken or warp.
| sitting under the sun.” P 8 Pap P y g pap p

A piece of ice
sits on a brown
piece of paper
under the sun.

PERCEPTION X 4 Chain of Visual Thoughts A
I'4 append to chain FEREEAN iterate 7 append to chain
The piece of ice has partially Z
melted, becoming significantly
smaller. A noticeable damp spot
is forming on the brown paper
beneath it, indicating the looks saturated and slightly warped
melting process. around the edges of the puddle.

Then the piece of ice has completely
melted, leaving only a large puddle of
water on the brown paper. The paper
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CoT for Video Generation

* Visual Thought Reasoning
» Step 3: Finetuning the DiT with LoRA

. . : . Sagplin i i

(b) Sparse Inference-Time Tuning fine-tuning ping (c) Video Sampling
T T p ) e e e e e e e e e = o
I _ 1 . . f . 1
{ Sparse Supervision | Pre-Trained DiT ﬂ | Inference-Time Text Prompt !
- - fice st b - ¢ der th : : Concatenated Chain-of-Textual-Thought :
: A piece of ice sits on a brown piece of paper under the sun. ! DiT Block : A pisc of ke its i Browns pisci of agie: dndar ;
: ) . ) ) | 1 the sun. Then the piece of ice has partially melted, 1
i The piece of ice has partially melted, becoming . DiT Block : becoming significantly smaller. A noticeable damp :
- significantly smaller. A noticeable damp spot is forming on | ! ¢ : spot is forming on the brown paper beneath it, :
: the brown paper beneath it, indicating the melting | i 1 indicating the melting process. Then the ice piece [
1 process : DiT Block : has melted significantly, leaving only a small chunk :
: ) I : of ice in the center. The water has spread, creating a :
1 ) ) o i : i large wet spot on the brown paper, which is now 1
: The ice piece has melted significantly, leaving only a small | DiT Block ' fully saturated around the remaining ice. Then the -
: chunk of ice in the center. The water has spread, creating a b | axmaes i piece of ice has completely melted, leaving only a 1
: large wet spot on the brown paper, which is now fully : """ : large puddle of water on the brown paper. The paper E
- . A 1 . 1 looks saturated and slightly warped around the
: saturated around the remaining ice. i DiT Block ! edien of the puddle; !
- 1 1 1
: The piece of ice has completely melted, leaving only a : v
| large puddle of water on the brown paper. The paper looks . DiT Block Al K P
| saturated and slightly warped around the edges of the - ) ¢ 3 > ¢ 3 > v
: puddle. ; . LCC T es usVTTEETE TS YT TTTTTIIIeT
! i :
- “m—) Output - Generated Video
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CoT for Video Generation

* Visual Thought Reasoning
» Step 4: Generate the video with fully prompt

(b) Sparse Inference-Time Tuning Ifine-tunin sampling (c) Video Sampling

e e e &
Sparse Supervision

Pre-Trained DiT ﬂ Inference-Time Text Prompt

Concatenated Chain-of-Textual-Thought

looks saturated and slightly warped around the
edges of the puddle.

saturated around the remaining ice.

DiT Block

\
( \
1 I
1 1
i i

g o : . 1
A piece of ice sits on a brown piece of paper under the sun. DiT Block ! R oo of oo b o lbrori pheck oF pagiee Grder ;
1 the sun. Then the piece of ice has partially melted, 1
~ ~ - - H P! Y H
The piece of ice has partially melted, becoming DiT Block H becoming significantly smaller. A noticeable damp 1
significantly smaller. A noticeable damp spot is forming on : spot is forming on the brown paper beneath it, :
the brown paper beneath it, indicating the melting 1 indicating the melting process. Then the ice piece I
process DiT Block : has melted significantly, leaving only a small chunk :
: of ice in the center. The water has spread, creating a :
. . o . . 1 large wet spot on the brown paper, which is now 1
The ice piece has melted significantly, leaving only a small DiT Block ' fully saturated around the remaining ice. Then the -
chunk of ice in the center. The water has spread. creatinga | 1 | @ eeeeee : piece of ice has completely melted, leaving only a :
large wet spot on the brown paper, whichisnow fully | | |——y | =" H large puddle of water on the brown paper. The paper H
1 I
1 ]
1 1
1 1

The piece of ice has completely melted, leaving only a
large puddle of water on the brown paper. The paper looks
saturated and slightly warped around the edges of the - - p

gt puddle. - T e gy L | T
e : sampling\-) Output - Generated Video

DiT Block

"“llr!'“,”“,”'!““””"L””l””u'”,.“"l"lr‘”,”

,_..._...._._____.______......_._..__......___.__.___..__..\
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Generation with Understanding

« Conclusion: Why does CoT work?
« Understanding models offload intent comprehension from the generator
 Enhance inference compute
« Error isolation via decomposition
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