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Generative Models

Transformers: Discretization
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Part of the Image depicted from Weng, Lilian. (Jul 2021). What are diffusion models? Lil’Log. https://lilianweng.github.io/posts/2021-07-11-diffusion-models/

Motivation: Model the inherent relationship within images or between images and random distribution.



Image Inpainting: Task Definition

Image inpainting is the process of completing or recovering the missing region in the image.

Image depicted from Elharrouss Omal, et al. " Image inpainting: A review. " Neural Processing Letters, 2020. 



Conditional Image Inpainting
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Towards Enhanced Image Inpainting: 
Mitigating Unwanted Object Insertion and Preserving Color Consistency
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Project page (include code, model, and dataset): https://yikai-wang.github.io/asuka
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Context-Stability V.S. Variety

Reconstruction Generation

unmasked region masked region noise image

unmasked region

Pros:

Context-stable, no hallucination

Cons:

Averaged and blurred results, low-fidelity. 

Pros:

High-fidelity, high-variety 

Cons:

Usually generate random elements. 

Masked Auto-Encoder Stable Diffusion Inpainting Model



How to align MAE with SD?

Input Image with mask

In an image-to-image translation manner?

MAE SD with MAE initial latent

Add noise and then denoise 

Blurring initial latent leads to blurring generation result.

Use MAE result as condition to selectively guide the generation of SD.

ASUKA



Stable Diffusion Inpainting Model with MAE Condition

MAE

Encoder Decoder

Align

×T

U-Net

Frozen model



Context-Stable Inpainting: Technique Details

Separate Training:

• MAE is fine-tuned to handle continuous masks.

• Alignment module is trained with standard diffusion objective.

MAE Prior 

Feature

Dimension 

align

S
elf-A

ttn

Distribution 

align

L
in

ear

Align Architecture:

Remark:

The input to SD is 256x768, instead of 77x768 (text 

feature sequence) to preserve local guidance. 



Visual-Inconsistency Issue (of SD)



Information Loss of VAE used in SD



Alleviate the Information Loss

• Ideal way: Train a better VAE to solve the information loss. 

 Re-train the VAE  → Different latent space →  Need to re-train the U-Net  → Train another SD. Bad.

• Efficient way: Train a better VAE decoder to solve the information loss during decoding.

 Preserve the latent space →  No need to re-train the U-Net. Good.

• How to train a better decoder?

 Utilize the ground-truth pixel value of unmasked region.

Encoder Decoder
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Better Decoder?

Yes, but not good enough.

Masked Image SD decoder Conditional Decoder

The condition of unmasked region 

works.

We need to train the decoder to reduce 

color shift explicitly.



Harmonizing while Decoding: Color Augmentation

Origin Image
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Better Decoder Now?
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Yes, but not in all cases.
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Information loss also exists in the U-Net.



Latent Augmentation

Harmonizing while Decoding: Latent Augmentation
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Better Decoder Now?

Yes!

Masked Image w/o latent aug w/ latent aug



Aligned Stable Inpainting with UnKnown Areas Prior



Comparison



Comparison (cont.)



Quantitative Comparison



Summary

⚫ We delve into the advanced text-to-image stable diffusion inpainting model.

⚫ We explore its "emergent property", which allows non-textual guidance for versatile image inpainting 

tasks, and combine these capabilities to address the challenging task of subject repositioning.

⚫ We analyze two common issues found in stable diffusion inpainting models, highlighting the importance of 

maintaining context stability and visual consistency throughout the inpainting process. 

⚫ We illustrate how enhancing these consistencies can significantly improve its performance in general 

image inpainting tasks.
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Illustration of Generation Process



The Gap in Current Frameworks
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(Masked) Auto-regressive models

Views image as a 1D visual sentence

Diffusion and Flow models

Views image as some high-dim distribution

Visual Auto-regressive models

Views image as a resolution-based visual pyramid

Standard Approaches:

Human Perception:

Image depicted from Alexander Kirillov, et al. Segment Anything. ICCV, 2023.



The Visual Granularity Sequence
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Next Visual Granularity Generation
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Canvas Refine Generation Framework

Structure Embedding:



Experimental Results: Reconstruction

In the first stage, VAR’s codebook utilization rate is 25.39%, while ours is 68.55%, 

indicating a more balanced codebook.



Experimental Results: Generation



Generated Images align well with the binary structure map



More generation results



Explicit Control Capabilities

Structure Guided Generation

Structure Transfer
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Controllability in Different Stages



Conclusion and Future Work

Conclusion: NVG is a novel generation framework that mimics human perception and offers explicit, built-in 

structure control.

Future Directions:

•Region-Aware Generation: Fine-grained control over specific domain annotations.

•Physical-Aware Video Generation: Tracking structured image regions over time for coherent physics.

•Hierarchical Spatial Reasoning: Global-to-local reasoning chains for unobserved patches.

Project Page:

https://yikai-wang.github.io/nvg/

Code & Model:

https://github.com/Yikai-Wang/nvg
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