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Diffusion Probabilistic Models

ICLR 2015

The essential idea, inspired by non-equilibrium statistical physics, is to 

➢ systematically and slowly destroy structure in a data distribution through an iterative forward diffusion 

process. 

➢ learn a reverse diffusion process that restores structure in data, yielding a highly flexible and tractable 

generative model of the data. 

https://arxiv.org/abs/1503.03585

Motivation: Estimating small 
perturbations is more tractable 
than explicitly describing the full 
distribution.

https://www.youtube.com/watch?v=XCUlnHP1TNM

https://arxiv.org/abs/1503.03585
https://www.youtube.com/watch?v=XCUlnHP1TNM


Denoising Diffusion Probabilistic Model (DDPM) 

https://github.com/hojonathanho/diffusion

Demonstrate that diffusion models are 
capable of generating high quality samples. 

Ho et al.,  Denoising Dif fusion Probabilistic Models, NeurIPS 2020 

https://github.com/hojonathanho/diffusion


Denoising Diffusion Probabilistic Model (DDPM) 

Ho et al.,  Denoising Dif fusion Probabilistic Models, NeurIPS 2020 

How are these formulas derived?

Reverse denoising process: learns to generate data by denoising  

Forward diffusion process: gradually adds noise to input image

Ho et al.,  Denoising Dif fusion Probabilistic Models, NeurIPS 2020 

𝑞(𝑥𝑡|𝑥𝑡−1)

𝑞(𝑥𝑡−1|𝑥𝑡) ≈ 𝑝𝜃(𝑥𝑡−1|𝑥𝑡)



Denoising Diffusion Probabilistic Model (DDPM) 

DDPM: Forward Process 𝒒(𝒙𝒕|𝒙𝒕−𝟏) 

𝑥0~𝑞 𝑥 𝑥𝑇

Fixed, no trainable parameters

Q: How to obtain 𝑥𝑡 at any arbitrary time step 𝑡?

𝑥𝑡

Reparameterization trick

A way to sample data x from 𝑁(𝜇, 𝜎2)

• Sample z from 𝑁(0,1)
•  𝑥 = 𝜇 + 𝜎𝑧

Def:

𝛽0 = 10−4, 𝛽𝑇 = 0.02



Denoising Diffusion Probabilistic Model (DDPM) 



Denoising Diffusion Probabilistic Model (DDPM) (optional) 

DDPM: An alternative way to derive the loss

Jensen 
inequality

Separate case 
t=1

Bayes’ Rule

Monster 

comes…



Denoising Diffusion Probabilistic Model (DDPM) 

DDPM: Reverse Process

𝑥0 𝑥𝑡−1 𝑥𝑡 𝑥𝑇

U-NetU-NetU-Net

ǁ𝑧𝑇ǁ𝑧𝑡ǁ𝑧𝑡−1

… …

𝑥𝑡 = ത𝛼𝑡𝑥0 + 1 − ത𝛼𝑡𝑧𝑡

𝑥0 =
1

ത𝛼𝑡

(𝑥𝑡 − 1 − ത𝛼𝑡𝑧𝑡)
One step can recover 𝑥0!
Why don’t we use it? 

Reverse process: (𝑥𝑡 , ǁ𝑧) → 𝑥𝑡−1



Denoising Diffusion Probabilistic Model (DDPM) 

DDPM: 𝒙𝒕 → 𝒙𝟎

𝑥𝑡 = ത𝛼𝑡𝑥0 + 1 − ത𝛼𝑡𝑧𝑡

𝑥0 =
1

ത𝛼𝑡

(𝑥𝑡 − 1 − ത𝛼𝑡𝑧𝑡)
One step can recover 𝑥0!
Why don’t we use it? 

Reverse process: (𝑥𝑡 , ǁ𝑧) → 𝑥𝑡−1



Denoising Diffusion Probabilistic Model (DDPM) 

DDPM: Reverse Process 𝒒(𝒙𝒕−𝟏|𝒙𝒕) 

Reverse denoising process: learns to generate data by denoising  𝑞(𝑥𝑡−1|𝑥𝑡) ≈ 𝑝𝜃(𝑥𝑡−1|𝑥𝑡)

Q2: How to estimate the true reverse process 𝑞(𝑥𝑡−1|𝑥𝑡)?

𝑥0~𝑞 𝑥 𝑥𝑇

Remark 1. If the variance is small enough during forward process, 𝑞 𝑥𝑡−1 𝑥𝑡  will be Gaussian as 
well. 

Remark 2. The reverse conditional probability 𝑞 𝑥𝑡−1 𝑥𝑡 is intractable, but 𝑞 𝑥𝑡−1 𝑥𝑡 , 𝑥0  would 
be tractable.

Reminder: Gaussian pdf: 𝑁 𝑥; 𝜇, 𝜎2 =
1

2𝜋𝜎
exp −

𝑥−𝜇 2

2𝜎2



Denoising Diffusion Probabilistic Model (DDPM) (optional) 

DDPM: Reverse Process 𝒒(𝒙𝒕−𝟏|𝒙𝒕) 

Q3: How to obtain the mean and variance of 𝑞 𝑥𝑡−1 𝑥𝑡 ? 



Denoising Diffusion Probabilistic Model (DDPM) (optional) 

DDPM: Reverse Process 𝒒(𝒙𝒕−𝟏|𝒙𝒕) 

Following the standard Gaussian density function, the mean and variance can be parameterized 
as follows

Q3: How to obtain the mean and variance of 𝑞 𝑥𝑡 𝑥𝑡−1 ? 

Variance: ෩𝛽𝑡 =
1

𝑎

Mean: 𝜇(𝑥𝑡 , 𝑥0) = −
𝑏

2𝑎

𝜇𝑡 =
1

𝑎𝑡
𝑥𝑡 −

𝛽𝑡

1 − ഥ𝑎𝑡

𝑧𝑡

Absorb 𝑥0 by substituting it with 

𝑥0 =
1

ത𝑎𝑡

(𝑥𝑡 − 1 − ഥ𝑎𝑡𝑧𝑡)



Denoising Diffusion Probabilistic Model (DDPM) 

DDPM: Reverse Process 𝒒(𝒙𝒕−𝟏|𝒙𝒕) 

𝑞 𝑥𝑡−1 𝑥𝑡 ~𝑁
1

𝑎𝑡
𝑥𝑡 −

𝛽𝑡

1 − ഥ𝑎𝑡

𝑧𝑡 ,
1 − ത𝛼𝑡−1

1 − ത𝛼𝑡
𝛽𝑡𝐼

𝑥𝑡−1 =
1

𝛼𝑡
𝑥𝑡 −

𝛽𝑡

1 − 𝛼𝑡

𝑧𝑡 + 𝜎𝑧 𝑧~𝑁 0, 𝐼 , 𝑧𝑡 ≈ ǁ𝑧 = 𝑈𝑁𝑒𝑡(𝑥𝑡 , 𝑡)



Denoising Diffusion Probabilistic Model (DDPM) 

DDPM: Summary

Forward
Reverse 𝒙𝒕−𝟏~𝑵(𝝁, 𝝈𝟐)

𝑞 𝑥𝑡|𝑥𝑡−1 = 𝑁(𝑥𝑡; 1 − 𝛽𝑡𝑥𝑡−1, 𝛽𝑡𝐼)

𝑞 𝑥𝑡 𝑥0 = 𝑁(𝑥𝑡; ത𝛼𝑡𝑥0, 1 − ത𝛼𝑡 𝐼)

𝑥𝑡 = ത𝛼𝑡𝑥0 + 1 − ത𝛼𝑡 z, z~N(0,1)

ǁ𝑧 = 𝑈𝑁𝑒𝑡(𝑥𝑡 , 𝑡)

𝑙𝑜𝑠𝑠(𝑧, ǁ𝑧)

𝑞 𝑥𝑡−1|𝑥𝑡 → 𝑞 𝑥𝑡−1|𝑥𝑡 , 𝑥0 →
𝑞 𝑥𝑡 𝑥𝑡−1 𝑞(𝑥𝑡−1|𝑥0)

𝑞(𝑥𝑡|𝑥0)
→derive 

mean and variance

𝑞 𝑥𝑡−1 𝑥𝑡 = 𝑁
1

𝑎𝑡
𝑥𝑡 −

𝛽𝑡

1 − ഥ𝑎𝑡

𝑧𝑡 ,
1 − ത𝛼𝑡−1

1 − ത𝛼𝑡
𝛽𝑡𝐼

𝑥𝑡−1 =
1

𝛼𝑡
𝑥𝑡 −

𝛽𝑡

1 − ത𝛼𝑡

𝑧𝑡 + 𝜎𝑧



Denoising Diffusion Probabilistic Model (DDPM) 

DDPM: Sample Quality

We find that training our models on the true variational bound yields better codelengths than training on the 
simplified objective, as expected, but the latter yields the best sample quality. 



Denoising Diffusion Probabilistic Model (DDPM) 

DDPM: Progressive generation 

Large scale image features appear first and details appear last. 



Demo Time: Stable Diffusion

https://stablediffusionweb.com/

https://stablediffusionweb.com/


(last lecture)

(this lecture)

Variational Auto-encoder (this lecture)
Diffusion models (this lecture)



Vision Language Models (VLMs)



Vision Language Models (VLMs)

What can VLM do?

https://molmo.allenai.org/blog

An example of recent open-source VLM: Molmo



Vision Language Models (VLMs)

Outline

➢ Overview: From CLIP to GPT-4V

➢ Recent Advances on VLMs

➢ Summary and Emerging Trends



Vision Language Models (VLMs)

Overview: From CLIP to GPT-4V

https://openai.com/index/clip/

Natural Language Supervision

https://openai.com/index/clip/


Vision Language Models (VLMs)

Overview: From CLIP to GPT-4V

https://openai.com/index/clip/

https://openai.com/index/clip/


Vision Language Models (VLMs)

Overview: From CLIP to GPT-4V



Vision Language Models (VLMs)

Overview: From CLIP to GPT-4V

https://openai.com/index/gpt-4-research/

https://openai.com/index/gpt-4-research/


Vision Language Models (VLMs)

Overview: From CLIP to GPT-4V



Vision Language Models (VLMs)

Open-source VLM

GPT-4V shows impressive capability for image and test understanding, but

➢ Model architecture and training protocols (e.g., data, optimizer…) are not clear

From 2023: How can we build GPT-4V like models?

➢ Year 2023: a large gap between open-source models and GPT-4V

➢ Year 2024: ~90% performance on public benchmarks



Vision Language Models (VLMs)

VLM Leaderboard: Chatbot Arena

https://lmarena.ai/

78K+ human votes

https://lmarena.ai/


Vision Language Models (VLMs)

VLM Leaderboard: Vision Arena

https://huggingface.co/WildVision

15K+ human votes

https://huggingface.co/WildVision


Vision Language Models (VLMs)

VLM Architectures: LLaVA

https://llava-vl.github.io/

https://llava-vl.github.io/


Vision Language Models (VLMs)

VLM Architectures: LLaVA 1.5

Main architecture modifications

➢ Better image encoder: CLIP ViT-L 336

➢ Replace linear connector with MLP

Liu, Haotian, et al. "Improved baselines with visual instruction tuning."CVPR 2024. https://arxiv.org/abs/2310.03744 

https://arxiv.org/abs/2310.03744


Vision Language Models (VLMs)

VLM Architectures: LLaVA Next

https://llava-vl.github.io/blog/2024-01-30-llava-next/ 

➢ Dynamic high resolution

➢ Improve data quality with better diversity and instructions

➢ Scale LLM backbone from 7B to 34B

https://llava-vl.github.io/blog/2024-01-30-llava-next/


Vision Language Models (VLMs)

VLM Architectures: LLaVA Next

High-quality data



Vision Language Models (VLMs)

VLM Architectures: LLaVA Interactive

An All-in-One Demo for Image Chat, Segmentation and Generation/Editing

https://llava-vl.github.io/llava-interactive/ 

https://llava-vl.github.io/llava-interactive/


Vision Language Models (VLMs)

VLM Architectures: LLaVA Interactive



Vision Language Models (VLMs)

VLM Architectures: LLaVA Interactive



Vision Language Models (VLMs)

VLM Architectures: LLaVA Interactive



Vision Language Models (VLMs)

VLM Architectures: LLaVA OneVision
The first single open-source model that can simultaneously handle three important computer 

vision scenarios: single-image, multi-image and video scenarios.

Li, Bo, et al. "Llava-onevision: Easy visual task transfer." arXiv preprint arXiv:2408.03326 (2024).

• LLM: Qwen-2

• Vision Encoder: 

SigLIP

• Projector: 2-layer MLP



Vision Language Models (VLMs)

VLM Architectures: LLaVA OneVision

Li, Bo, et al. "Llava-onevision: Easy visual task transfer." arXiv preprint arXiv:2408.03326 (2024).



Vision Language Models (VLMs)

VLM Architectures: LLaVA OneVision

Li, Bo, et al. "Llava-onevision: Easy visual task transfer." arXiv preprint arXiv:2408.03326 (2024).



Vision Language Models (VLMs)

VLM Architectures: LLaVA OneVision

Li, Bo, et al. "Llava-onevision: Easy visual task transfer." arXiv preprint arXiv:2408.03326 (2024).



Vision Language Models (VLMs)

VLM Architectures: Qwen2-VL

https://qwenlm.github.io/blog/qwen2-vl/

https://qwenlm.github.io/blog/qwen2-vl/


Vision Language Models (VLMs)

VLM Architectures: Qwen2-VL

• Vision encoder: ViT-14 675M

• LLM: Qwen2 1.5B-72B

• Naïve dynamic resolution



Vision Language Models (VLMs)

VLM Architectures: Qwen2-VL

https://qwenlm.github.io/blog/qwen2-vl/

https://qwenlm.github.io/blog/qwen2-vl/


Vision Language Models (VLMs)

VLM Architectures: Molmo

https://molmo.allenai.org/blog

• Vision encoder: ViT-L/14 336x336

• Connector: MLP

• LLM: Qwen2 7B-72B

https://molmo.allenai.org/blog


Vision Language Models (VLMs)

Demo Time

https://huggingface.co/spaces/garibida/ReNoise-Inversion



Vision Language Models (VLMs)

Summary

➢ The gap between open-source VLMs and GPT-4 are closing

➢ Model architectures and training recipes are converging

• Image encoder, projector, and LLM decoder

• Stage-wise training

• Uni-modal pretraining

• Projector training

• Multimodal instruction fine-tuning

➢ Recommend paper:

• Liang et al. A Comprehensive Survey and Guide to Multimodal Large Language Models in 

Vision-Language Tasks, https://arxiv.org/abs/2411.06284

• Bordes et al. An Introduction to Vision-Language Modeling, https://arxiv.org/abs/2405.17247

https://arxiv.org/abs/2411.06284
https://arxiv.org/abs/2405.17247


Vision Language Models (VLMs)

Emerging Trends: Multi-Agent System

https://github.com/microsoft/autogen/tree/main/python/packages/autogen-magentic-one

Microsoft: Magentic-One (Nov. 4)

https://github.com/microsoft/autogen/tree/main/python/packages/autogen-magentic-one
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