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Today’s talk

• A specific task: learning a Diffusion 
generative model

• Introduce a finetuning-free 
framework for transferring a pre-
trained diffusion model from the 
source domain to the target domain 

• Extend to a conditional version for 
modeling the joint distribution of 
data and its corresponding labels, 
which are important for practical 
applications and downstream tasks. 

Ouyang Yidong, Liyan Xie, Hongyuan Zha, Guang Cheng. “Transfer Learning for Diffusion Models”. NeurIPS 2024. 4



Outline

• A brief introduction of diffusion models

• Proposed algorithm: density-ratio inspired guidance

• Improved techniques: two additional regularization terms 

• Numerical experiments
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Emergence of Deep Generative AI

1998 2012 2015 2018 2021 2022 2023

ChatGPT DALL-E 3

Deep Generative AI

-- Thanks to blogs by Rockwell Anyoha, Toloka Team and Rick Merritt

TransformerVAE
Model

Stable Diffusion
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GAN

Billions even trillions of parameters
DeepSeek



Diffusion Model
• Sequential transformation

> 890M parameters
(Stable Diffusion)
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Backbone of Stable Diffusion, Sora, etc.

High-D

U-Net

(Sohl-Dickstein et al., 2015) 
(Song and Ermon, 2019) 

(Ho et al., 2020)



Characteristics of Deep Generative AI Models

VAE GAN
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Diffusion

Low-D to High-D Low-D to High-D High-D to High-D

Limited capacity

Unstable

Mode collapse

Stable

Flexible and accurate

Generation

Training

Performance

One-step One-step Sequential



What Are Diffusion Models Capable of?
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Sora RFDiffusion Decision Diffuser

Video Protein RL/control

https://openai.com/index/video-generation-models-as-world-simulators/
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Revolutionary Promises of Diffusion Models
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Diffusion Model Generates Samples
• Generate samples from noise

-- Credit: online 11



Forward Process – Noise Corruption
• Noise corruption process (in discrete-time)

• The noise corruption
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Add Gaussian noise



Backward Process – Sample Generation
• Time reversal in distribution
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Distribution model

Use 𝑝𝜃 𝑋𝑡−1 𝑋𝑡 = 𝑁 𝜇𝜃 𝑋𝑡, 𝑡 , 𝜎𝑡2 to approximate the backward transition probabilities

𝑝𝜃 𝑋𝑡−1 𝑋𝑡

Neural Networks



Forward & Backword Process in Continuous Time
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Add Gaussian noise

Forward

Backward

• Perturbing data with a Stochastic Differential Equations (SDE) (Anderson, 1982; 
Haussmann and Pardoux, 1986)

𝑑𝑋𝑡 = −
1
2
𝛽𝑡𝑋𝑡𝑑𝑡 + 𝛽𝑡𝑑𝑊𝑡

𝑑𝑋𝑡 = −
1
2
𝛽𝑡𝑋𝑡𝑑𝑡 − 𝛽𝑡∇𝑋𝑡log𝑝𝑡 𝑋𝑡 𝑑𝑡 + 𝛽𝑡𝑑𝑊𝑡

Score Function

Brownian



Forward and Backward Coupling

Training
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Density

U-Net

Ronneberger, et al. 2015

Score Network



Outline

• A brief introduction of diffusion models

• Proposed algorithm: density-ratio inspired guidance

• Improved techniques: two additional regularization terms 

• Numerical experiments
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Insights

17

• Perturbing data with the same forward process

Add Gaussian noise

Add Same Gaussian noise

𝑋0 ∼ 𝑝 (source dist.)

𝑋0 ∼ 𝑞 (target dist.)

𝑝 𝑋𝑡 𝑋0 = 𝑞 𝑋𝑡 𝑋0



Insights
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𝑋0 ∼ 𝑝 (source dist.)

𝑋0 ∼ 𝑞 (target dist.)

𝑑𝑋𝑡 =
1
2
𝛽𝑡𝑋𝑡𝑑𝑡 + 𝛽𝑡∇𝑋𝑡𝑝𝑡 𝑋𝑡 𝑑𝑡 + 𝛽𝑡𝑑𝑊𝑡

𝑑𝑋𝑡 =
1
2
𝛽𝑡𝑋𝑡𝑑𝑡 + 𝛽𝑡∇𝑋𝑡𝑞𝑡 𝑋𝑡 𝑑𝑡 + 𝛽𝑡𝑑𝑊𝑡

∇𝑋𝑡 log 𝑞𝑡 𝑋𝑡 = ∇𝑋𝑡 log 𝑝𝑡 𝑋𝑡 + ∇𝑋𝑡 log 𝐸𝑝(𝑋0|𝑋𝑡)
𝑞 𝑋0
𝑝 𝑋0

• Perturbing data with the same forward process
Source Score Function

Target Score Function



Insights
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Theorem
Consider two diffusion models on the source and target 
domain, denoted as 𝑝 and 𝑞. Let the forward process on the 
target domain be identical to that on the source domain, 
𝑝 𝑋𝑡 𝑋0 = 𝑞 𝑋𝑡 𝑋0 , and 𝑠𝜙∗(𝑋𝑡, 𝑡) is the score estimator in the 
target domain: 

then we have 



Guidance network
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• Train a guidance network to approximate the guidance term

Guidance Network

ℎ𝜓∗ 𝑋𝑡, 𝑡 ≈

• Step 1: train a binary classifier to approximate the density ratio
• Step 2: using Monte Carlo simulation to estimate ℎ𝜓∗ 𝑋𝑡, 𝑡



Guidance network
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Guidance Network

ℎ𝜓∗ 𝑋𝑡, 𝑡 ≈

• Step 1: train a binary classifier to approximate the density ratio

source data

target data

logistic loss 

𝑞 𝑋0
𝑝 𝑋0

=
1 − 𝑐𝜔∗(𝑋0)
𝑐𝜔∗(𝑋0)



Guidance network
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Guidance Network

ℎ𝜓∗ 𝑋𝑡, 𝑡 ≈

• Step 2: using Monte Carlo simulation to estimate ℎ𝜓∗ 𝑋𝑡, 𝑡

Lemma
For a neural network ℎ𝜓 𝑋𝑡, 𝑡 parameterized by 𝜓, define the objective 

then its minimizer 𝜓∗ = argmin ℒ𝑔𝑢𝑖𝑑𝑎𝑛𝑐𝑒(𝜓) satisfies 



Guidance network
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Guidance Network

Jointly sample 𝑋0, 𝑋𝑡 ∼ 𝑝

Density ratio estimate



Outline

• A brief introduction of diffusion models

• Proposed algorithm: density-ratio inspired guidance

• Improved techniques: two additional regularization terms 

• Numerical experiments

24



Guidance network
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• Two regularization terms to enhance the performance

Cycle Regularization 

Incorporate the limited data from the target domain into the training of guidance network

The minimizer 𝜓∗ is also the minimizer of

Monte carlo simulation using target data



Guidance network
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• Two regularization terms to enhance the performance

Consistency Regularization 

an optimal guidance network should recover the score in the target domain 

The minimizer 𝜓∗ should be the minimizer of

Guidance Network



Guidance network
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• Training with two regularization terms

Jointly sample 𝑋0, 𝑋𝑡 ∼ 𝑝

Jointly sample 𝑋0, 𝑋𝑡 ∼ 𝑞



Extension to Conditional Diffusion
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Score network 
(target domain)

Score network 
(source domain)

+

Approximated by a 
Guidance Network



Outline

• A brief introduction of diffusion models

• Proposed algorithm: density-ratio inspired guidance

• Improved techniques: two additional regularization terms 

• Numerical experiments
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Simulation

• Gaussian mixture distribution as source and target
• Target samples under different sample sizes n = 10, 100, 1000.
• Comparison with finetune diffusion method
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Real data
• ECG dataset

• Source data: PTB-XL dataset (21,837 clinical 12-lead ECG 
recordings of 10 seconds length from 18,885 unique patients) 

• Target data: ICBEB2018 dataset (6877 12-lead ECGs lasting 
between 6 and 60 seconds) 

31



Real data
• ECG dataset
• Also evaluate the performance for downstream task (classification)

0.906(03) stands for 0.906 ± 0.003. 

32



Comparison to literature
• Finetuning Diffusion Models on Limited Data

• finetuning lightweight adapters [Moon et al, NeurIPS 2022 
workshop] [Xie et al, ICCV 2023] 

• finetuning with regularization [Zhu et al, 2022] 

• Text-to-Image Diffusion Models and Human Feedback
• zero-shot finetuning [Song et al, 2022] [Radford et al, ICML 2021]
• reward-based finetuning [Fan et al, NeurIPS 2023] [Gal et al, ICLR 

2023] [Lee et al, 2023] [Kumari et al, CVPR 2023] [Ruiz et al, CVPR 
2023] 

• Non-diffusion generative models, such as GAN
• regularization to avoid model collapse [Duan et al, AAAI 2024] 

[Ojha et al, CVPR 2021] [Zhang et al, NeurIPS 2022] etc.
• subset tuning [Yang et al, ICCV 2021] [Zhao et al, ICML 2020] etc.
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Summary

Guidance 
Network

Ouyang Yidong, Liyan Xie, Hongyuan Zha, Guang Cheng. “Transfer Learning for Diffusion Models”. NeurIPS 2024.

• Introduce a finetuning-free 
framework for transferring a 
pre-trained diffusion model 
from the source domain to the 
target domain 

• Extendable to conditional 
version

• Future work: validations on 
more and diverse tasks
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