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Stable Diffusion CEO Emad Mostaque



High-Resolution Image Synthesis with Latent Diffusion 
Models (Stable Diffusion)

Robin Rombach, Andreas Blattmann, Dominik Lorenz, 
Patrick Esser, Bjorn Ommer

Presentation by: 

Ronald Campos, Muhammad Asad Haider, 
Suneet Tipirneni, Stefan Werleman

https://www.youtube.com/watch?v=3MI7MBOhnVs
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Paper Details

Presented: IEEE/CVF Conference on Computer Vision and Pattern 
Recognition
Year: 2022
Citations: 2023: 372

2025: 15,417
Paper: https://arxiv.org/pdf/2112.10752.pdf
Code: https://github.com/CompVis/latent-diffusion
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https://arxiv.org/pdf/2112.10752.pdf
https://github.com/CompVis/latent-diffusion


Issues with standard diffusion models
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- Standard diffusion models calculate probabilities for fine-grain 
details that may not be perceptible by humans.

- Instead we need to way to reduce dimensionality while also 
preserving as much information as possible.

- Training a standard diffusion model can take 150-1000 V100-days
- A V100-days measures how many days it takes to train a model using a 

single Nvidia V100 GPU
- 1 V100-day = 2 google TPUv3’s-days



How to reduce Dimensionality? 

● Pixel space
○ Computational overhead
○ Not be able to generate high resolution images

● Solution?
○ Pixel Space -> Learned Latent Space
○ Auto Econder



Auto Econder
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Reconstruction Loss

● L1/L2 + Perceptual
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● Why Perceptual Loss
○ Style
○ Features

●  How Perceptual Loss Works?



Perceptual Loss
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Adversarial Loss
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Autoencoder Reconstructed Image
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Method - Regularization 

● KL-Reg (Kullback Leibler)
○ Distribution Similarity
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To avoid arbitrarily scaled latent spaces, regularize the latent z



Method

Benefits

● Efficient
● Better semantic representation
● Train (Autoencoder) once!
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Method - Conditioning
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Experiments

● Conduct four experiments evaluate the performance of the LDMs
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Experiments
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LDMs 4 and 8 produced the best FIDs



Experiments
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LDMs 4 and 8 produced the best Inception scores



Conditional Latent Diffusion
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Inpainting Results
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Data expansion via Diffusion for Clothes-
Changing Person Re-ID

Nyle Siddiqui, Florinel Alin Croitoru, Gaurav Kumar Nayak,
Radu Tudor Ionescu, Mubarak Shah

(WACV-2025)

FEB 28 – MAR 4 TUCSON, ARIZONA, WACV 2025



CENTER FOR RESEARCH IN 
COMPUTER VISION

Person Re-Identification
• To match an individual across images captured by cameras at different times and locations

• Re-ID is similar to geo-localization, here also aim is to learn robust embedding

• Cloth-Changing Re-ID is challenging



Clothes-Changing Re-Identification

Celeb Re-ID dataset (approved)



Cloth-Changing Re-ID Dataset
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Cloth-changing person re-identification with self-attention, V Bansal, GL Foresti, N Martinel
Proceedings of the IEEE/CVF Winter Conference on Applications …, 2022

http://openaccess.thecvf.com/content/WACV2022W/RWS/html/Bansal_Cloth-Changing_Person_Re-Identification_With_Self-Attention_WACVW_2022_paper.html
https://scholar.google.com/citations?user=Ou3UREMAAAAJ&hl=en&oi=sra
https://scholar.google.com/citations?user=GZ_3WZAAAAAJ&hl=en&oi=sra
https://scholar.google.com/citations?user=tSbe868AAAAJ&hl=en&oi=sra


CENTER FOR RESEARCH IN 
COMPUTER VISION

Approach: Enrich Training Dataset by Generating samples



Generating Clothes-Changed Images

G00075 - "yes" to consent



Qualitative Results

G00160 - "yes" to consent

controlled

original generated



Qualitative Results

G00160 - "yes" to consent

original generated

100m



Qualitative Results



PRCC Results

Model Top-1 mAP

GI-ReID (CVPR '22) 37.5 -

AFD-Net (IJCAI '21) 42.8 -

RCSANet (ICCV '21) 50.2 49.6

3DSL (CVPR '21) 51.3 -

FSAM (CVPR '21) 54.5 -

CAL (baseline) (CVPR '22) 55.2 55.8

AIM (CVPR '23) 57.9 58.3

Ours 66.5 (+8.6) 63.0 (+4.7)



Our Method as a General Add-On (Data Expansion)

Standard Re-ID Models (Non-Clothes-Changing)

Model Top-1 mAP

PCB 41.8 38.7

PCB + Ours 53.3 (+11.5) 50.7 (+12.0)

MGN 33.8 35.9

MGN + Ours 62.5 (+28.7) 57.6 (+21.7)

HPM 40.4 37.2

HPM + Ours 56.0 (+15.6) 50.9 (+13.7)

Clothes-Changing Re-ID Models

Model Top-1 mAP

CAL 55.2 55.8

CAL + Ours 62.9 (+7.7) 60.9 (+5.1)

AIM 55.7 56.3

AIM + Ours 60.2 (+4.5) 59.0 (+2.7)

ReFace 83.6 64.0

ReFace + Ours 84.6 (+1.0) 66.0 (+2.0)
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DreamBooth: Fine Tuning Text-to-Image 
Diffusion Models

for Subject-Driven Generation

Presented By: Shane Davis, Joe Fioresi, Mitchell Klingler, & Nyle Siddiqui
https://www.youtube.com/watch?v=D641lhioXMc 
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CVPR-2023 Best Paper Award; Citations 2548

https://www.youtube.com/watch?v=D641lhioXMc


Subject-Driven Generation – Personalization

Ruiz, N., Li, Y., Jampani, V., Pritch, Y., Rubinstein, M., & Aberman, K. (2022). Dreambooth: Fine tuning text-to-image diffusion models for subject-driven generation. arXiv preprint arXiv:2208.12242.
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Methodology Overview

● Few-Shot text-guided diffusion

○ Fine-tune existing diffusion models
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Identified Gaps

● Most text-to-image generation models are unable to perform few-shot 
learning
○ There is no efficient method to “inject” subjects into the model training

■ Overfitting

■ Language Drift

■ Best ex.: GAN reproducing the same face given ~100 images [1]

[1] Karras, Tero, Samuli Laine, and Timo Aila. "A style-based generator architecture for generative adversarial networks." Proceedings of the IEEE/CVF conference on computer vision and pattern recognition. 2019.
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Rare-Token Identifier

● How to refer to a new subject?

● Diffusion model already has a ‘vocabulary’

○ Goal: Implant the subject into this vocabulary
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Rare-Token Identifier: Naive Approaches

● Use English words to describe the new class
○  English lexicon has strong priors

● Generate a string of random characters
○ Nonsense identifier leads to literal artifacts
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Rare-Token Identifier: Solution

1. Perform a rare-token lookup in the 
vocabulary

2. Invert the rare-token, resulting in 
plain text (1-3 characters)

3. Use this plain text as the unique 
identifier  (SKS)
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Identified Gaps

● Most text-to-image generation models are unable to perform few-shot 
learning
○ There is no efficient method to “inject” subjects into the model training

■ Overfitting

■ Language Drift

■ Best ex.: GAN reproducing the same face given ~100 images [1]

[1] Karras, Tero, Samuli Laine, and Timo Aila. "A style-based generator architecture for generative adversarial networks." Proceedings of the IEEE/CVF conference on computer vision and pattern recognition. 2019.
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Autogenous Class-Specific Prior Preservation Loss
1. Overfitting

1. Language Drift

2. Autogenous: "self-produced”
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Finetuned 
Model

Autogenous Class-Specific Prior Preservation Loss

Standard Diffusion Loss Autogenous Class-Specific Prior Preservation 
Loss
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Frozen Imagen Model



Results
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Results: Recontextualization



Results: Art Renditions
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“A painting of a [V] dog in 
the style of Vincent Van 
Gogh”

“A painting of a [V] dog in 
the style of Leonardo Da 
Vinci”

“A sculpture of a [V] dog in the 
style of Michelangelo



Results: Expression Manipulation
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Results: View Synthesis
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“[V] cat seen from the [direction]”



Results: Accessorization
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“A [V] dog wearing a 
[accessory]”



Results: Property Modification
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Ablations - class noun prior
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Experimentation

● Used Hugging Face’s diffusers implementation of Dreambooth
○ Stable Diffusion v1.5
○ Rare Word Token Chosen: “sks” (List)

● Followed recommended hyperparameters
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https://github.com/huggingface/diffusers/tree/main/examples/dreambooth
https://github.com/2kpr/dreambooth-tokens/blob/main/all_single_tokens_to_4_characters.txt


Results - Joe’s Dog
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Input Images:

“A photo of a sks dog at disney world”:

“A photo of a sks dog running in the forest”:

Regularization Images (96 total):
“A photo of a dog”



Results - Knightro
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Input Images:

Regularization Images (200 total):
“A photo of a knight”

“A photo of a sks knight at the beach”:

“A photo of a sks knight riding a bicycle”:
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Cited by 3633

David Mar Prize

https://scholar.google.com/scholar?cites=9370947851501467347&as_sdt=40005&sciodt=0,10&hl=en


Control Net

• Text-to-image models are limited in the control they provide over the 
spatial composition of the image

• Enable finer grained spatial control by:
•  Let users provide additional images that directly specify their desired image 

composition:
• Edge maps, 
• human pose skeletons, 
• segmentation maps, 
• depth, 
• normals

2/17/2025 Lecture-12-Diffusion-Models- Introduction-Part-III 63



ControlNet

• An end-to-end neural network architecture that learns conditional 
controls for large pretrained text-to-image diffusion models:

• Stable Diffusion

2/17/2025 Lecture-12-Diffusion-Models- Introduction-Part-III 64
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Generative AI (Computer Vision)

• Text
• Large Language Models (LLM)

• Generate/Predict the next word
• Auto-regressive

• Visual Language Models (VLM)/Large Multimodal Models (LMM)

• Images, Videos, Audio,…
• Diffusion Models

• Generate Images, Videos, audio, …

2/17/2025 Lecture-11-Diffusion-Models- Introduction-Part-II 69



Can we do both Text and Image Generation? 
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Can we do both using one transformer?

2/17/2025 Lecture-12-Diffusion-Models- Introduction-Part-III 75



2/17/2025 Lecture-12-Diffusion-Models- Introduction-Part-III 76



2/17/2025 Lecture-12-Diffusion-Models- Introduction-Part-III 77


	CAP6412�Advanced Computer Vision
	Contents
	Contents
	Slide Number 4
	High-Resolution Image Synthesis with Latent Diffusion Models (Stable Diffusion)
	Paper Details
	Issues with standard diffusion models
	How to reduce Dimensionality? 
	Auto Econder
	Auto Econder
	 Reconstruction Loss
	Perceptual Loss
	Adversarial Loss
	Method - Regularization 
	Method
	Method - Conditioning
	Experiments
	Experiments
	Experiments
	Conditional Latent Diffusion
	Inpainting Results
	Data expansion via Diffusion for Clothes-Changing Person Re-ID����Nyle Siddiqui, Florinel Alin Croitoru, Gaurav Kumar Nayak, �Radu Tudor Ionescu, Mubarak Shah�(WACV-2025)
	Person Re-Identification
	Clothes-Changing Re-Identification
	Cloth-Changing Re-ID Dataset
	Approach: Enrich Training Dataset by Generating samples
	Generating Clothes-Changed Images
	Qualitative Results
	Qualitative Results
	Qualitative Results
	PRCC Results
	Our Method as a General Add-On (Data Expansion)
	Contents
	Contents
	Slide Number 38
	DreamBooth: Fine Tuning Text-to-Image Diffusion Models
for Subject-Driven Generation
	Subject-Driven Generation – Personalization
	Methodology Overview
	Identified Gaps
	Rare-Token Identifier
	Rare-Token Identifier: Naive Approaches

	Rare-Token Identifier: Solution

	Identified Gaps
	Autogenous Class-Specific Prior Preservation Loss
	Autogenous Class-Specific Prior Preservation Loss


	Results
	Results: Recontextualization
	Results: Art Renditions

	Results: Expression Manipulation

	Results: View Synthesis
	Results: Accessorization
	Results: Property Modification
	Ablations - class noun prior
	Experimentation
	Results - Joe’s Dog
	Results - Knightro
	Contents
	Contents
	Slide Number 62
	Control Net
	ControlNet
	Slide Number 65
	Slide Number 66
	Slide Number 67
	Slide Number 68
	Generative AI (Computer Vision)
	Can we do both Text and Image Generation? 
	Slide Number 71
	Slide Number 73
	Slide Number 74
	Can we do both using one transformer?
	Slide Number 76
	Slide Number 77

