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VAE and ELBO
• A VAE models the distribution 𝑝𝑑𝑎𝑡𝑎(𝑥) of the observed 

variable 𝑥 ∈ ℝ𝑛 by jointly learning a stochastic latent 

variable 𝑧 ∈ ℝ𝑚. 

• Generation is performed by sampling 𝑧 from the prior 𝑝(𝑧), 

then sampling 𝑥 according to a probabilistic decoder 

𝑝𝜃(𝑥|𝑧) parametrized by 𝜃 ∈ Θ. 

• How to update 𝜃 ? MLE 

• Identity:

For arbitrary 

distribution 𝑞(𝑧) 

of 𝑧 

Evidence Lower Bound (ELBO) KL divergence
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VAE and ELBO

Evidence Lower Bound (ELBO) KL divergenceEvidence

Do a little math

• log 𝑝(𝑥) ≥ ELBO (KL divergence ≥ 0)

     Maximize ELBO => Increase log 𝑝(𝑥)

• What is 𝑞(𝑧) ?

If 𝑞(𝑧) = 𝑝(𝑧|𝑥) , 𝐾𝐿 = 0, log 𝑝(𝑥) = ELBO (EM Algorithm）

Unfortunately, the true posterior 𝑝(𝑧|𝑥) is intractable, 𝑝 𝑧 𝑥 =
𝑝 𝑥 𝑧 𝑝(𝑧)

𝑝(𝑥)

• We use an encoder network to approximate the posterior 

                            𝑞𝜙 𝑧 𝑥 = 𝒩(𝑧; 𝜇 𝑥 , Σ(𝑥))

• By replacing 𝑞(𝑧) with 𝑞(𝑧|𝑥), maximizing ELBO not only minimizes KL but also approximates MLE

• Objective: 
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Diffusion

𝐗𝟎 𝐗𝐓

𝐗𝐓 𝐗𝟎

𝐗𝐭

Diffusion models create data from noise by inverting the forward paths of data towards noise and have emerged 

as a powerful generative modeling technique for high-dimensional, perceptual data such as images and videos.

𝐗 𝐙

𝐙 𝐗

Encoder

Decoder

VAE:

Diffuse
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• Original image   𝑥0

• Step-by-step decomposition, assuming multiple latent variables, 

   Markov chain

• Forward Process with decreasing sequence                                           , 𝛽𝑡 ≔ 1 − 𝛼𝑡

    

   Variable substitution / reparameterization trick

   Recursion (Noise    , linear combination of Gaussians still results in a Gaussian)

• When T steps are large enough

• How do we reconstruct the image step by step?

DDPM Denoising Diffusion Probabilistic Model 
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• Bayes' Rule:

• We know conditional the distribution given 𝑥0 

   We can easily derive that 

• But there's a gap. We can use 𝑥𝑡 to predict/estimate 𝑥0,  

   

   By making a small adjustment, due to

   Predict the noise instead

DDPM Denoising Diffusion Probabilistic Model 

But we do not know 𝑝(𝑥𝑡−1), 𝑝(𝑥𝑡)

𝑝 𝑥𝑡 𝑥𝑡−1 , 𝑝 𝑥𝑡−1 𝑥0 , 𝑝(𝑥𝑡|𝑥0) are all 

Known Gaussian distributions

Loss:
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• ELBO

• Perspective from Latent Variable 

Model (like VAE)

• 知道就行，这种就是从隐变量模型

出发，推导 ELBO 得到 loss，最终 

loss带入分布后化简得到相同的结

果。但中间有一步推导比较 trick，

不如前两页的好理解

• 其实 Diffusion 就是一个中间隐变量

是层级建模的VAE (Hierarchical 

VAE) + 将 encode 过程确定为了扩

散过程 instead of learnable encoder

DDPM Denoising Diffusion Probabilistic Model 
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https://github.com/Ryota-Kawamura/How-
Diffusion-Models-Work/tree/main
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Stochasticity

Generate data from noise by reversing the perturbation procedure.

Perturbing data to noise with a continuous-time stochastic process.

Sampling from 

a distribution !

Think again about the stochasticity
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DDIM Denoising Diffusion Implicit Model 

𝑥0 𝑥0𝑥𝑇

Forward/Diffuse Reverse/Denoise

• Training:  The loss only relies on 𝑝(𝑥𝑡|𝑥0)

• Sampling: Each step sampling only relies on  𝑝 𝑥𝑡−1 𝑥𝑡

Maybe we do not need to set 𝑝(𝑥𝑡|𝑥𝑡−1)  and assume Markov chain process ?

• Actually we have more distributions 𝑝 𝑥𝑡−1 𝑥𝑡, 𝑥0  to satisfy Eq. (∗∗)

    Undetermined Coefficients 𝜅𝑡, 𝜆𝑡, 𝜎𝑡,
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Remark: 在给定 𝑝 𝑥𝑡−1 𝑥𝑡, 𝑥0  后，我们还
可以反推出 𝑝 𝑥𝑡 𝑥𝑡−1 ，即知道每一步是
怎么扩散到噪声的 

DDIM Denoising Diffusion Implicit Model 

(∗∗)

Solution: 
𝛼, 𝛽 相关的参数都是预先设
定好的超参数，是已知的

• DDPM: 

• DDIM:                     Implicit 隐式的概率模型，确定性采样过程，不带随机性

• Larger covariance:

𝑥0 𝑥0𝑥𝑇

Forward/Diffuse Reverse/Denoise
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DDIM Denoising Diffusion Implicit Model 

• Accelerated Generation Process

Suppose that an increasing subsequence of [1, … 𝑇]:

It is allowed to skip steps! Original 1000 steps, 10 steps per jump => 100 steps, 20 steps per jump => 50 steps

Given       : 

𝑥0 𝑥0𝑥𝑇

Forward/Diffuse Reverse/Denoise

Forward/Diffuse Reverse/Denoise

𝑥0 𝑥𝑇 𝑥0

×
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SDE 
• Forward process in DDPM:

      连续化 一般化

=>  SDE:   

• Drift coefficient    𝑓𝑡(𝑥)𝑑𝑡: 系统的确定性变化

• Diffusion coefficient   𝑔𝑡𝑑𝑤:由随机扰动引起的不确定变化

• 概率分布形式

• 逆向过程推导

     ∆𝑡 足够小，Taylor expansion: 

𝑤: Wiener process or 布朗运动，是一个随机过程，
具有独立增量和连续轨迹，增量 𝑑𝑤 ~ 𝒩(0, 𝑑𝑡)
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SDE 
正向 SDE

逆向 SDE

Loss:

Loss 的推导本次省略

DDPM
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SDE and ODE  大一统
Fokker-Planck 方程
描述边际分布的 PDE

对 FP 方程做等式变换，注意以下式子对 ∀𝜎𝑡 都成立：

我们发现这个 FP 方程也是以下 SDE 的 FP 方程：

也就是说式 (#) 和式 (##) 对应的marginal distribution 𝑝𝑡(𝑥) 完全相同
即存在不同方差的前向过程，产生的 marginal distribution 完全相同

同样的，我们可以写出 (##) 的反向SDE：

(#)

(##)
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SDE and ODE  大一统

(##)

What if 𝝈𝒕 = 𝟎 ?

Probability flow ODE

• Deterministic representation

• ODE Accelerated Solver Algorithm

Remark: The forward process and reverse process of ODE are exactly the same

Deterministic transform
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Score Function
• Connecting gradient with the predicted noise:

• What is Tweedie’s Formula ?

• Conclusion: 
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Score Function  Tweedie’s Formula 补充

Tweedie's Formula 说明：后验均值（posterior mean）可以通过观测值加上噪声方差乘以观测值的对数概
率密度的梯度来计算。

对原始图像  𝑥0 的后验和后验均值

做一点小的推导：
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• Way 1: Classifier-Guidance: Use an unconditional generative model 𝑝𝜃(𝑥𝑡−1|𝑥𝑡)   (已经训练好的) 

     + Classifier 𝑝𝜙(𝑦|𝑥𝑡) 

     Injecting Condition y in the reverse process

     

• 注意，只改变采样过程，相当于对梯度做一个可控的偏移

Guidance  Two ways to inject condition
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Guidance  Two ways to inject condition

• Way 2:  Classifier-Free Guidance (CFG)

直接改变训练过程   𝑝𝜃 𝑥𝑡−1 𝑥𝑡, 𝑦 ,  𝑦 = 𝑙𝑎𝑏𝑒𝑙 𝑜𝑟 ∅

Sampling
采样时通过有条件和无条件两
种形式做一个线性外推，用引
导系数调节控制程度
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Timeline  (1)

https://arxiv.org/pdf/1503.03585 https://arxiv.org/pdf/1907.05600V1 https://arxiv.org/pdf/2006.11239V1 https://arxiv.org/pdf/2011.13456v1

2015.11                                   2019.07                                    2020.06                                  2020.11           

Physics Foundation                         SGM                                      DDPM                                    SDE           

ga
ox

in4
92

https://arxiv.org/pdf/1503.03585
https://arxiv.org/pdf/1907.05600V1
https://arxiv.org/pdf/2006.11239V1
https://arxiv.org/pdf/2011.13456v1


Timeline  (2)

https://arxiv.org/pdf/2010.02502v1 https://arxiv.org/pdf/2102.09672

2020.10                                  2021.02

DDIM                         Improved-diffusion                         

Yang Song                             Jiaming Song

• 2012-2016 Tsinghua University

• 2016 PhD at Stanford University, supervised by 

Stefano Ermon 

• OpenAI                                     NVIDIA
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Timeline  (3)

https://arxiv.org/pdf/2105.05233v1 https://arxiv.org/pdf/2207.12598

2021.05                                 2021.12                                   2021.12

Classifier-Guidance                         CFG                                      GLIDE

https://arxiv.org/pdf/2112.10741v1
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Timeline  (4)

https://arxiv.org/pdf/2204.06125 https://arxiv.org/pdf/2205.11487

2022.03                                   2022.04                                    2022.05

CLIP                                    DALLE 2                                 Imagen

Google v.s. OpenAI

Transformer

       T5                   GPT

                              CLIP

   Imagen             DALLE

   Gemini            ChatGPT

https://arxiv.org/pdf/2103.00020
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Timeline  (5)

https://arxiv.org/pdf/2112.10752v1 https://arxiv.org/pdf/2112.10752 https://github.com/CompVis/stable-diffusion

2021.12                                  2022.03                                   2022.04                                  2022.08           

LDM v1                               LAION-5B                               LDM v2                       Stable Diffusion V1           

https://openreview.net/pdf?id=M3
Y74vmsMcY

V2 2022.11 
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Latent Diffusion Model 
Patrick Esser    Robin Rombach

CVPR ’22
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VQ-VAE

https://arxiv.org/pdf/1711.00937

• Vector Quantized Variational AutoEncoder

• 𝑠𝑔 (stop gradient)
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Condition 
1. Cross Attention in UNet

https://arxiv.org/pdf/2212.09748
https://arxiv.org/pdf/2112.10752v1

2. Different conditioning method

ga
ox

in4
92

https://arxiv.org/pdf/2212.09748
https://arxiv.org/pdf/2112.10752v1


3. MM-DiT in Stable Diffusion v3

https://arxiv.org/abs/2403.03206

Condition 
• Adaptive Layer Normalization

• AdaLN-Zero   initialize 𝜶 = 0

𝜶(𝑦) ⊙ 𝑓 𝑥 + 𝑥
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Timeline  (6) 

https://arxiv.org/pdf/2208.
01618v1

https://arxiv.org/pdf/2302.05543 https://arxiv.org/pdf/2302.084
53v1

https://arxiv.org/pdf/2208.122
42v1

Finetune                                                                                       Control

https://arxiv.org/pdf/2301.07
093v1

2022.08                          2022.08                           2023.01                        2023.02                             2023.02                                        

Textual Inversion            DreamBooth                    GLIGEN                     ControlNet                      T2I-Adapter 
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IC-Light

• Author: Lvmin Zhang   苏大本科 => Stanford 博

• Task: Illumination harmonization and editing

• Difficulty: Preserving the underlying image details 

and maintaining intrinsic properties unchanged.

• Goal: Precise illumination manipulation

《Scaling In-the-Wild Training for Diffusion-Based Illumination Harmonization and 

Editing by Imposing Consistent Light Transport》

• Method: Impose Consistent Light (IC-Light) transport during training (rooted in physical principle)

• Results: Stable and scalable illumination learning, scale up the training of diffusion-based 

illumination editing models to large data quantities, reduces uncertainties and mitigates artifacts…
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Illumination harmonization and editing

• Typical Use Case: 
Users give an object 
image and illumination 
description, and our 
method generates 
corresponding object 
appearances and 
backgrounds.

• Challenge: 

① 加上的东西 Line49

② 本身有的东西 
Line86

ga
ox

in4
92



Dataset formation 用了很多别人训好的功能特异的模型来构造数据集
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Impose Consistent Light
(a) The vanilla objective will often lead to random model behaviors, 

e.g., color mismatch, incorrect details, etc.

(a) In computational photography, light transport theory 
demonstrates that, considering arbitrary appearance 𝐼𝐿

∗ and the 
correlated environment illumination L, a matrix T always exists 
so that

Because of this linearity, light transport explains appearance 
merging that

where 𝐿1, 𝐿2 are two arbitrary environment illumination maps.

This intuitively shows that the mixture of an object’s appearances under separate illuminations (e.g., 𝐿1 , 

𝐿2) is equivalent to the appearance under merged illumination (e.g., 𝐼𝐿1+𝐿2

∗ ).
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Impose Consistent Light

This intuitively shows that 

the mixture of an object’s 

appearances under separate 

illuminations (e.g., 𝐿1, 𝐿2) is 

equivalent to the appearance 

under merged illumination 

(e.g., 𝐼𝐿1+𝐿2

∗ ).

怎么把这个一致性约束加到 

Diffusion 的损失函数里面去？
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Impose Consistent Light

1. Image Space: Image => Predicted Noise  图像的线性关系可以转变为噪声的线性关系

“Clean image + Noise = Noisy Image”  ⟹  “Estimated Clean image = Noisy Image – Predicted Noise”

A simple k-diffusion epsilon target at sigma-space step 𝜎𝑡, estimated noise 𝜖𝐿 (conditioned on 𝐿), and noisy 

image 𝐼𝜎𝑡
, the estimated clean appearance

                                                  ⟹

2. Latent Space: Linear summation relation => MLP mapping 𝜙

Intuition: Assume mapping 𝑓: latent space → image space

𝑓 𝜖𝐿1+𝐿2
= 𝑓 𝜖𝐿1

+ 𝑓 𝜖𝐿2
⇒ 𝜖𝐿1+𝐿2

= 𝑓−1 𝑓 𝜖𝐿1
+ 𝑓 𝜖𝐿2

⇒ 𝜖𝐿1+𝐿2
= 𝜙(𝜖𝐿1

, 𝜖𝐿2
)

3. Implementation of environment illumination maps

* 表示 images in raw high-dynamic range
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Impose Consistent Light
3. Implementation of 

environment 

illumination maps

满足 𝐿 = 𝐿1 + 𝐿2
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Experiments
• Metric:
PSNR：基于像素差异，简单

SSIM：通过结构信息评估图像相似度

LPIPS：基于深度学习的感知评价

• Inference: Condition on 

(Image ⨀ Foreground Mask), 

Illumination maps + Text Prompt
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Additional Application

• Background-conditioned Model

① Training:

“Besides, to train background-conditioned model, we 

concatenate 𝐵 to 𝐼𝑑 (and fill the extra channel with 

all zeros if some part of the dataset do not have 

backgrounds).”

② Inference:

    (Image ⨀ Foreground Mask), Background 

conditions

• Alternative base diffusion models

     SD 1.5, SDXL, Flux

• Normal Estimation (Omitted)
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Normal case
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前景很多的 case
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前景比较弱化的 case
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Preview of the later lecture

• 最优扩散方差估计

• SDE and ODE

• Score-based Generative Model

• Pseudo Numerical Methods for Diffusion Models on Manifolds ：PNMD/PLMS，对 

DDPM 的改进

• 加速采样

• Flow Matching

• Rectified Flow

• 大图生成 upscaling

• 蒸馏 for one-step generation

• Consistency Model
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References
See in main text

• Others:

[1] Luo C. Understanding diffusion models: A unified perspective. arXiv 2022[J]. arXiv preprint 
arXiv:2208.11970.
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• Other resources you may refer to:

https://github.com/Fafa-DL/Lhy_Machine_Learning

https://huggingface.co/docs/diffusers/index

https://jalammar.github.io/illustrated-stable-diffusion/ga
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