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= If youare an enrolled MPhil/MSc/undergraduate student at HKUST(GZ), please read this page for more information.

SIPHIEEENE:

Dr. Zeke Xie is an Assistant Professor jointly appointed by DSA Thrust and Al Thrust, Hong Kong University of Science and Technology (Guangzhou). He is leading Xie
Machine Learning Foundations Lab (xLeaF Lab) generally interested in understanding and solving fundamental issues of modern Al, particularly AIGC and Large Models,
by scientific principles and methodology. He received multiple faculty research awards from ByteDance Doubao (FH S AMEIES), Huawei, and the CCF-Baidu
Pinecone (CCF-ERIARERESR).

Previously, he was a researcher at Baidu Research responsible for large models and AIGC research. He obtained Ph.D.and M.E. both from The University of Tokyo. He

was fortunate to be advised by Prof. Masashi Sugiyama, Director of RIKEN AIP and Prof. Issei Sato. He was also affiliated with RIKEN AIP during the Ph.D. study. Before
that, | obtained Bachelor of Science from University of Science and Technology of China.

He wrote anumber of popular science articles and tech blogposts which got published on multiple media and attracted 200k followers.

SIRERMBRRAGR:
https://sites google.com/view/zeke-xie

zekexie AT hkust-gz.edu.cn

WRAEE:
= Generative Al: Inference, Optimization, and Data-centric Methods of Diffusion Models/LLMs.
= Aland AGI Theory
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How to enhance diffusion sampling given a pretrained diffusion model?

Initializations and Sampling paths matter.

Golden Noise for Text-to-Image Diffusion Models
Zigzag Diffusion Sampling: Generation and Backtracking
IV-Mixed Sampler: Image Diffusion 4+ Video Diffusion ¥ Better Video Diffusion
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Forward Process:

Reverse Process:
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Figure: Given the prompt \A photo of four chairs", we synthesize images with di erent initial noise. Why
some noises are better than others?

This phenomenon has prompted us to think two key questions:

Can we formulate obtaining the better noises as a machine learning problem so that we can predict them
e ciently with only one model forward inference?

Can such a machine learning framework generalize well to various noises, prompts, and even di usion
models?
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Figure:\A portrait photo of a kangaroo wearing an orange hoodie and blue sunglasses holding a sign that says
Qing Ke!".

Golden noise can be considered as a kind of noise, which contains rich semantic information
and is tailored to the given text prompt.
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Dataset Construction

Construct the noise pair dataset which
consists of more than 100k pairs of random
noises and golden noises. This has been
Itered using human preference model to
improve dataset quality.

Model Training

Train a small network (Noise Prompt
Network, NPNet), which can transform a
random noise into a golden noise

Model Inference

Use golden noises predicted by NPNet .

rather than random noises for sampling Figure: Overview of our noise learning framework.
without modifying the original inference

pipeline.
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How can we obtain the better noises? Re-denoise/Inversiqn: x; 1! x2

The inverted noises are informative and learnable, while random noises are uninformative and unlearnable.
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- ________________________________________
We desire to collect a tripletXs ; x$ ; C) (source noise, target noise and text prompt).

Figure: Overview of dataset construction stage.

While re-denoise sampling can help us collect noises with enhanced semantic information, it also carries the risk
of introducing extra noises, which requires Al-feedback-based lItering.
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We observe that through the singular value decomposition (SVD), the singular vectors
of xr andx? exhibit remarkable similarity, albeit possibly in opposite directions.

Based on this nding, we design a model architecture to predict the singular value of

x‘%, and utilize the inverse SVD to get the predicted noise.
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Our model consists of two key branches:

Singular Value Prediction

An architecture to re-construct
the target noise with source
noise, by utilizing the singular
value decomposition.

Residual Prediction

An architecture to predict the
residual between the source
noise xr and the target noise

0
X3 -

Figure: llustration of our model architecture.

The loss function of our model training is:

Singular Value Piediction Residual Prediction
2= A1
L = MSE(x2:x%  ):where x0 = e+ % + 2 1

MSE ( T Tp,ed) T pred T T ( ) 12743
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E ectiveness

3 di erent types of T2| models
across 4 di erent benchmarks,
with 7 di erent samplers on 6
evaluation metrics.

E ciency
Plug-and-play module; take
extra 3% time delay with only
500 MB extra memory, improve
the performance by 18%.

Generalization

Can be applied to various
models, prompts, and di usion
samplers which have not been
included into training data.

15/43



Figure: Visualization of synthesized images with our model.
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Figure: Visualization of controlnet with our model.
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