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Introduction
Generative Models

v Generative Models

• 학습된데이터의표현을학습하고데이터자체를모델링

• 중요요인들

ü High Quality Samples

ü Mode Coverage/Diversity

ü Fast Sampling

https://developer.nvidia.com/blog/improving-diffusion-models-as-an-alternative-to-gans-part-1/

<Generative learningtrilemma>

𝑝 𝑥
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Introduction
Generative Models

v Generative Models

• Generative Adversarial Networks(GAN): 학습의불안정성

• Variational Autoencoders(VAE): 직접Likelihood를최대화하지못함

• Flow-based models: 역함수가존재하는구조에서만사용가능

https://lilianweng.github.io/posts/2021-07-11-diffusion-models/
https://developer.nvidia.com/blog/improving-diffusion-models-as-an-alternative-to-gans-part-1/

𝑝 𝑥

<GAN, VAE, Flow-based models, Diffusion models>

<The Generative Model Trilemma>
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Introduction
Diffusion Models

v Diffusion Models

• 비정형열역학(Nonequilibrium Thermodynamics)에기초

• 고정된절차로학습되며, 잠재변수의차원은원본데이터와동일

• High Quality Samples & Mode Coverage/Diversity

https://lilianweng.github.io/posts/2021-07-11-diffusion-models/
https://developer.nvidia.com/blog/improving-diffusion-models-as-an-alternative-to-gans-part-1/ <GAN, VAE, Flow-based models, Diffusion models>

<The Generative Model Trilemma>
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Introduction
Diffusion Models

v DDPM (Denoising Diffusion Probabilistic Models, 2020)

• Forward Process: Data (𝑥!) → Noise (𝑥")

• Reverse Process: Noise (𝑥") → Data (𝑥!)

Ho, J., Jain, A., & Abbeel, P. (2020). Denoising diffusion probabilistic models. Advances in neural information processing systems, 33, 6840-6851.
Sohl-Dickstein, J., Weiss, E., Maheswaranathan, N., & Ganguli, S. (2015, June). Deep unsupervised learning using nonequilibrium thermodynamics. In International conference on machine learning (pp. 2256-2265). PMLR.

<학습 및 샘플링 과정>

! x! x!"# = $(x!; 	 1 − *!x!"#, *!I)

.$ x!"# x! = $(x!"#; /$(x!, 0), Σ$(x!, 0))

!! !"

Forward Process Data (!!) → Noise (!")

Reverse Process Noise (!") → Data (!!)
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! x! x!"# = $(x!; 	 1 − *!x!"#, *!I)

.$ x!"# x! = $(x!"#; /$(x!, 0), Σ$(x!, 0))
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Forward Process Data (!!) → Noise (!")
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Introduction
Diffusion Models

v DDPM (Denoising Diffusion Probabilistic Models, 2020)

• Forward Process: Data (𝑥!) → Noise (𝑥")

• Reverse Process: Noise (𝑥") → Data (𝑥!)

→𝑥! = $𝛼!𝑥"+ 1− $𝛼!𝜖

𝜖#(𝑥!,𝑡)

Ho, J., Jain, A., & Abbeel, P. (2020). Denoising diffusion probabilistic models. Advances in neural information processing systems, 33, 6840-6851.
Sohl-Dickstein, J., Weiss, E., Maheswaranathan, N., & Ganguli, S. (2015, June). Deep unsupervised learning using nonequilibrium thermodynamics. In International conference on machine learning (pp. 2256-2265). PMLR.

Inference

𝑞 𝑥!|𝑥" =𝑁 𝑥!; $𝛼!𝑥", 1− $𝛼! Ι

𝛼! =1−𝛽!
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Introduction
Diffusion Models

v Conditional Diffusion Models

• Classifier guidance: Noisy data로학습한별도의classifier의gradients을통해conditional sampling 

• Classifier-free guidance(CFG): Diffusion Models만으로conditional sampling 가능

𝑝 𝑥 𝑦)

Dhariwal, P., & Nichol, A. (2021). Diffusion models beat gans on image synthesis. Advances in neural information processing systems, 34, 8780-8794.
Ho, J., & Salimans, T. (2022). Classifier-free diffusion guidance. arXiv preprint arXiv:2207.12598.

̂𝜖 𝑥! , 𝑡, 𝑦 = (1 + 𝑤)𝜖" 𝑥! , 𝑡, 𝑦 − 𝑤𝜖" 𝑥! , 𝑡

<Classifier-free guidance>

= 𝑤 𝜖" 𝑥! , 𝑡, 𝑦 − 𝜖" 𝑥! , 𝑡 + 𝜖" 𝑥! , 𝑡, 𝑦
̂𝜖 𝑥! , 𝑡 = 𝜖" 𝑥! , 𝑡 − 1− .𝛼!𝑤∇#!𝑙𝑜𝑔𝑓$(𝑦|𝑥!)

<Classifier guidance>

w : Guidance scale w : Guidance scale
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Introduction
Diffusion Models
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̂𝜖 𝑥! , 𝑡 = 𝜖" 𝑥! , 𝑡 − 1− .𝛼!𝑤∇#!𝑙𝑜𝑔𝑓$(𝑦|𝑥!)

<Classifier guidance> <Classifier-free guidance>

w : Guidance scale w : Guidance scale 𝜖# 𝑥! , 𝑡 = 𝜖# 𝑥! , 𝑡, 𝑦 = ∅
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Introduction
Diffusion Models
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Diffusion Models for Text-to-Image Generation
“GLIDE: Towards Photorealistic Image Generation and Editing with Text-Guided Diffusion Models”, ICML, 2022

v Guided Language to Image Diffusion for Generation and Editing

• Text-conditional image synthesis

Nichol, A. Q., Dhariwal, P., Ramesh, A., Shyam, P., Mishkin, P., Mcgrew, B., ... & Chen, M. (2022, June). GLIDE: Towards Photorealistic Image Generation and Editing with Text-Guided Diffusion Models. In International Conference on Machine Learning (pp. 16784-16804). PMLR.
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̂𝜖 𝑥! , 𝑡 = 𝜖" 𝑥! , 𝑡 − 1− .𝛼!∇#! 𝑓(𝑥!) 6 𝑔(𝑦)

Diffusion Models for Text-to-Image Generation
“GLIDE: Towards Photorealistic Image Generation and Editing with Text-Guided Diffusion Models”, ICML, 2022

v GLIDE – Guidance

• Classifier guidance

• Classifier-free guidance(CFG)

• CLIP Guidance

Nichol, A. Q., Dhariwal, P., Ramesh, A., Shyam, P., Mishkin, P., Mcgrew, B., ... & Chen, M. (2022, June). GLIDE: Towards Photorealistic Image Generation and Editing with Text-Guided Diffusion Models. In International Conference on Machine Learning (pp. 16784-16804). PMLR.

̂𝜖 𝑥! , 𝑡 = 𝜖" 𝑥! , 𝑡 − 1− .𝛼!𝑤∇#!𝑙𝑜𝑔𝑓$(𝑦|𝑥!)

̂𝜖 𝑥! , 𝑡, 𝑦 = (1 + 𝑤)𝜖" 𝑥! , 𝑡, 𝑦 − 𝑤𝜖" 𝑥! , 𝑡
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Diffusion Models for Text-to-Image Generation
“GLIDE: Towards Photorealistic Image Generation and Editing with Text-Guided Diffusion Models”, ICML, 2022

v GLIDE – Guidance

• Classifier guidance

• Classifier-free guidance(CFG)

• CLIP Guidance

Nichol, A. Q., Dhariwal, P., Ramesh, A., Shyam, P., Mishkin, P., Mcgrew, B., ... & Chen, M. (2022, June). GLIDE: Towards Photorealistic Image Generation and Editing with Text-Guided Diffusion Models. In International Conference on Machine Learning (pp. 16784-16804). PMLR.

Image encoder

caption encoder

̂𝜖 𝑥! , 𝑡 = 𝜖" 𝑥! , 𝑡 − 1− .𝛼!𝑤∇#!𝑙𝑜𝑔𝑓$(𝑦|𝑥!)

̂𝜖 𝑥! , 𝑡, 𝑦 = (1 + 𝑤)𝜖" 𝑥! , 𝑡, 𝑦 − 𝑤𝜖" 𝑥! , 𝑡

̂𝜖 𝑥! , 𝑡 = 𝜖" 𝑥! , 𝑡 − 1− .𝛼!∇#! 𝑓(𝑥!) 6 𝑔(𝑦)
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Diffusion Models for Text-to-Image Generation
“GLIDE: Towards Photorealistic Image Generation and Editing with Text-Guided Diffusion Models”, ICML, 2022

v Experiments

• 텍스트의넓은다양성을일반화하는능력존재

• 고화질의질감을표현한이미지생성

• 다양한스타일의이미지생성

• 여러가지컨셉을동시에부여가능

Nichol, A. Q., Dhariwal, P., Ramesh, A., Shyam, P., Mishkin, P., Mcgrew, B., ... & Chen, M. (2022, June). GLIDE: Towards Photorealistic Image Generation and Editing with Text-Guided Diffusion Models. In International Conference on Machine Learning (pp. 16784-16804). PMLR.
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Diffusion Models for Text-to-Image Generation
“GLIDE: Towards Photorealistic Image Generation and Editing with Text-Guided Diffusion Models”, ICML, 2022

v Experiments

• 기존SOTA 방법론들대비가장현실적인이미지생성

• CLIP guidance보다CFG가더현실적인이미지생성

Nichol, A. Q., Dhariwal, P., Ramesh, A., Shyam, P., Mishkin, P., Mcgrew, B., ... & Chen, M. (2022, June). GLIDE: Towards Photorealistic Image Generation and Editing with Text-Guided Diffusion Models. In International Conference on Machine Learning (pp. 16784-16804). PMLR.
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Diffusion Models for Text-to-Image Generation
“GLIDE: Towards Photorealistic Image Generation and Editing with Text-Guided Diffusion Models”, ICML, 2022

v Experiments - Image inpainting & Image editing

Nichol, A. Q., Dhariwal, P., Ramesh, A., Shyam, P., Mishkin, P., Mcgrew, B., ... & Chen, M. (2022, June). GLIDE: Towards Photorealistic Image Generation and Editing with Text-Guided Diffusion Models. In International Conference on Machine Learning (pp. 16784-16804). PMLR.

<Text-conditional image inpainting examples> <Text-conditional SDEditexamples>
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Diffusion Models for Text-to-Image Generation
“GLIDE: Towards Photorealistic Image Generation and Editing with Text-Guided Diffusion Models”, ICML, 2022

v Experiments - Image inpainting & Image editing

Nichol, A. Q., Dhariwal, P., Ramesh, A., Shyam, P., Mishkin, P., Mcgrew, B., ... & Chen, M. (2022, June). GLIDE: Towards Photorealistic Image Generation and Editing with Text-Guided Diffusion Models. In International Conference on Machine Learning (pp. 16784-16804). PMLR.

<Text-conditional image inpainting examples> <Text-conditional SDEditexamples>
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Diffusion Models for Anomaly Detection
“AnoDDPM: Anomaly Detection with Denoising Diffusion Probabilistic Models using Simplex Noise”, CVPR workshop, 2022

v AnoDDPM

• Apartialdiffusion anomaly detection

• GAN 기반모델들에비해더작은데이터셋을가지고도우수한성능입증

https://julianwyatt.co.uk/anoddpm
Wyatt, J., Leach, A., Schmon, S. M., & Willcocks, C. G. (2022). Anoddpm: Anomaly detection with denoising diffusion probabilistic models using simplex noise. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (pp. 650-656).

Normal

Anormal

Simplex
noise

Gaussian
noise

𝜆=250Forward process Reverse Process
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Diffusion Models for Anomaly Detection
“AnoDDPM: Anomaly Detection with Denoising Diffusion Probabilistic Models using Simplex Noise”, CVPR workshop, 2022

v AnoDDPM

• Gaussian noise을multi-scale simplex noise로대체

https://julianwyatt.co.uk/anoddpm
Wyatt, J., Leach, A., Schmon, S. M., & Willcocks, C. G. (2022). Anoddpm: Anomaly detection with denoising diffusion probabilistic models using simplex noise. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (pp. 650-656).

<Simplex noise><Gaussian noise>

Normal

Anormal

Simplex
noise

Gaussian
noise

𝜆=250
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Diffusion Models for Anomaly Detection
“AnoDDPM: Anomaly Detection with Denoising Diffusion Probabilistic Models using Simplex Noise”, CVPR workshop, 2022

v Training & Inference

https://julianwyatt.co.uk/anoddpm
Wyatt, J., Leach, A., Schmon, S. M., & Willcocks, C. G. (2022). Anoddpm: Anomaly detection with denoising diffusion probabilistic models using simplex noise. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (pp. 650-656).



23

Diffusion Models for Anomaly Detection
“AnoDDPM: Anomaly Detection with Denoising Diffusion Probabilistic Models using Simplex Noise”, CVPR workshop, 2022

v Experiments

<Curated simplex noise samples><Gaussian noise sample> <Simplex noise with increasing frequency>

𝜆=250

𝜆=500

𝜆=750

https://julianwyatt.co.uk/anoddpm
Wyatt, J., Leach, A., Schmon, S. M., & Willcocks, C. G. (2022). Anoddpm: Anomaly detection with denoising diffusion probabilistic models using simplex noise. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (pp. 650-656).
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Diffusion Models for Natural Language Generation
“DiffuSeq: Sequence to Sequence Text Generation with Diffusion Models”, ICLR, 2023

v DiffuSeq

• Discrete한특성을지닌Text에디퓨전모델을적용

• 특히Sequence-to-Sequence(Seq2Seq) Text Generation에디퓨전모델을최초로적용

Gong, S., Li, M., Feng, J., Wu, Z., & Kong, L. (2022, September). DiffuSeq: Sequence to Sequence Text Generation with Diffusion Models. In The Eleventh International Conference on Learning Representations.

<unconditional, classifier-guided, classifier-free diffusion models><Sequence to Sequence>
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Diffusion Models for Natural Language Generation
“DiffuSeq: Sequence to Sequence Text Generation with Diffusion Models”, ICLR, 2023

v DiffuSeq

• Forward process: 𝑤)에대해서만noise 부여, 𝑤*는un-noised 상태로유지

• Reverse process: conditional signals 𝑤*를guidance로활용

Gong, S., Li, M., Feng, J., Wu, Z., & Kong, L. (2022, September). DiffuSeq: Sequence to Sequence Text Generation with Diffusion Models. In The Eleventh International Conference on Learning Representations.

<The diffusion process of DiffuSeq>

𝑤*⨁) ↔ 𝑧!
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Diffusion Models for Natural Language Generation
“DiffuSeq: Sequence to Sequence Text Generation with Diffusion Models”, ICLR, 2023

v DiffuSeq
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<The diffusion process of DiffuSeq>
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Diffusion Models for Natural Language Generation
“DiffuSeq: Sequence to Sequence Text Generation with Diffusion Models”, ICLR, 2023

v DiffuSeq

• Forward process: 𝑤)에대해서만noise 부여, 𝑤*는un-noised 상태로유지

• Reverse process: conditional signals 𝑤*를guidance로활용

Gong, S., Li, M., Feng, J., Wu, Z., & Kong, L. (2022, September). DiffuSeq: Sequence to Sequence Text Generation with Diffusion Models. In The Eleventh International Conference on Learning Representations.

<The diffusion process of DiffuSeq>

→ Partial Noising
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Diffusion Models for Natural Language Generation
“DiffuSeq: Sequence to Sequence Text Generation with Diffusion Models”, ICLR, 2023

v DiffuSeq
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<The diffusion process of DiffuSeq>

→ Partial Denoising
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Diffusion Models for Natural Language Generation
“DiffuSeq: Sequence to Sequence Text Generation with Diffusion Models”, ICLR, 2023
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𝑤*⨁) ↔ 𝑧!
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Diffusion Models for Natural Language Generation
“DiffuSeq: Sequence to Sequence Text Generation with Diffusion Models”, ICLR, 2023

v Training & Inference

• Training: Importance sampling을통해효율적인학습진행

• Inference: anchoring operation을활용

Gong, S., Li, M., Feng, J., Wu, Z., & Kong, L. (2022, September). DiffuSeq: Sequence to Sequence Text Generation with Diffusion Models. In The Eleventh International Conference on Learning Representations.

<The diffusion process of DiffuSeq>

1. 𝑧!가 임베딩 공간상에 위치하도록
2. 𝑧!$%의 x부분을 𝑧"의 x 부분으로 대체

𝑤*⨁) ↔ 𝑧!
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Diffusion Models for Natural Language Generation
“DiffuSeq: Sequence to Sequence Text Generation with Diffusion Models”, ICLR, 2023

v Experiments

• Sequence-to-Sequence tasks에대해우수한성능을보임

• 동일한인풋시퀀스가주어졌을때, 다양한아웃풋을생성하는능력에서우수함을보임

Gong, S., Li, M., Feng, J., Wu, Z., & Kong, L. (2022, September). DiffuSeq: Sequence to Sequence Text Generation with Diffusion Models. In The Eleventh International Conference on Learning Representations.
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Diffusion Models for Natural Language Generation
“DiffuSeq: Sequence to Sequence Text Generation with Diffusion Models”, ICLR, 2023

v Experiments

• Sequence-to-Sequence tasks에대해우수한성능을보임

• 동일한인풋시퀀스가주어졌을때, 다양한아웃풋을생성하는능력에서우수함을보임

Gong, S., Li, M., Feng, J., Wu, Z., & Kong, L. (2022, September). DiffuSeq: Sequence to Sequence Text Generation with Diffusion Models. In The Eleventh International Conference on Learning Representations.
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Diffusion Models for Time-series Forecasting
“Autoregressive denoising diffusion models for multivariate probabilistic time series forecasting”, ICML, 2021 

v TimeGrad

• 다변량시계열예측을위한 autoregressivedenoising diffusion model

Rasul, K., Seward, C., Schuster, I., & Vollgraf, R. (2021, July). Autoregressive denoising diffusion models for multivariate probabilistic time series forecasting. In International Conference on Machine Learning (pp. 8857-8868). PMLR.

𝑥(, 𝑥+, ⋯ , 𝑥!")(, 𝑥!" , ⋯ , 𝑥&)(, 𝑥& ∈ 𝑅,Data

Coditional
distribution

covariate

𝑞* 𝑥,&:"
! 𝑥.:,&/.

!

𝑞* 𝑥,&
! 𝑥.:,&/.

!

𝑞* 𝑥,&
! 𝑥.:,&/.

!

𝑞* 𝑥"! 𝑥.:"/.!

×

×

×

⋮

=
1 2 𝑡! + 1𝑡! T𝑡! − 1

1 2 𝑡!𝑡! − 1

1 2 𝑡! + 1𝑡!𝑡! − 1

1 2 𝑡! + 1𝑡! T𝑡! − 1

⋯

⋯

⋯
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Past Future
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Diffusion Models for Time-series Forecasting
“Autoregressive denoising diffusion models for multivariate probabilistic time series forecasting”, ICML, 2021 

v TimeGrad

• 다변량시계열예측을위한 autoregressivedenoising diffusion model

Rasul, K., Seward, C., Schuster, I., & Vollgraf, R. (2021, July). Autoregressive denoising diffusion models for multivariate probabilistic time series forecasting. In International Conference on Machine Learning (pp. 8857-8868). PMLR.

𝑥(, 𝑥+, ⋯ , 𝑥!")(, 𝑥!" , ⋯ , 𝑥&)(, 𝑥& ∈ 𝑅,Data
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“Autoregressive denoising diffusion models for multivariate probabilistic time series forecasting”, ICML, 2021 

v Training & sampling

Rasul, K., Seward, C., Schuster, I., & Vollgraf, R. (2021, July). Autoregressive denoising diffusion models for multivariate probabilistic time series forecasting. In International Conference on Machine Learning (pp. 8857-8868). PMLR.
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“Autoregressive denoising diffusion models for multivariate probabilistic time series forecasting”, ICML, 2021 

v Experiments

Rasul, K., Seward, C., Schuster, I., & Vollgraf, R. (2021, July). Autoregressive denoising diffusion models for multivariate probabilistic time series forecasting. In International Conference on Machine Learning (pp. 8857-8868). PMLR.
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Diffusion Models for Time-series Imputation
“CSDI: Conditional Score-based Diffusion Models for Probabilistic Time Series Imputation”, NeurIPS, 2021

v CSDI

• 확률적시계열imputation을위한Conditional Score-based Diffusion Model

• Imputation task : 𝑥!12 →𝑥!,3

Tashiro, Y., Song, J., Song, Y., & Ermon, S. (2021). Csdi: Conditional score-based diffusion models for probabilistic time series imputation. Advances in Neural Information Processing Systems, 34, 24804-24816

Conditional observations 

𝒙𝟎𝒄𝒐
Imputation targets

𝒙𝟎𝒕𝒂

<Imputation by score-based models>
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“CSDI: Conditional Score-based Diffusion Models for Probabilistic Time Series Imputation”, NeurIPS, 2021

v CSDI

• 확률적시계열imputation을위한Conditional Score-based Diffusion Model

• Imputation task : 𝑥!12 →𝑥!,3

Tashiro, Y., Song, J., Song, Y., & Ermon, S. (2021). Csdi: Conditional score-based diffusion models for probabilistic time series imputation. Advances in Neural Information Processing Systems, 34, 24804-24816

Conditional observations 

𝒙𝟎𝒄𝒐
Imputation targets

𝒙𝟎𝒕𝒂

<Imputation by score-based models>
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Diffusion Models for Time-series Imputation
“CSDI: Conditional Score-based Diffusion Models for Probabilistic Time Series Imputation”, NeurIPS, 2021

v CSDI

• 관측치를reverse process의 conditional input으로활용

Tashiro, Y., Song, J., Song, Y., & Ermon, S. (2021). Csdi: Conditional score-based diffusion models for probabilistic time series imputation. Advances in Neural Information Processing Systems, 34, 24804-24816
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Diffusion Models for Time-series Imputation
“CSDI: Conditional Score-based Diffusion Models for Probabilistic Time Series Imputation”, NeurIPS, 2021

v Training

• Masked language modeling에서착안하여 self-supervised training method 적용

Tashiro, Y., Song, J., Song, Y., & Ermon, S. (2021). Csdi: Conditional score-based diffusion models for probabilistic time series imputation. Advances in Neural Information Processing Systems, 34, 24804-24816

<The self-supervised training procedure of CSDI>

(1) Random strategy

(2) Historical strategy

(3) Mix strategy

(4) Test pattern strategy
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Diffusion Models for Time-series Imputation
“CSDI: Conditional Score-based Diffusion Models for Probabilistic Time Series Imputation”, NeurIPS, 2021

v 𝑥'-.& 𝑥'!/ at training and sampling

v 2D attention mechanism

Tashiro, Y., Song, J., Song, Y., & Ermon, S. (2021). Csdi: Conditional score-based diffusion models for probabilistic time series imputation. Advances in Neural Information Processing Systems, 34, 24804-24816

K : features
L : Length
C : channels
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“CSDI: Conditional Score-based Diffusion Models for Probabilistic Time Series Imputation”, NeurIPS, 2021

v Experiments

Tashiro, Y., Song, J., Song, Y., & Ermon, S. (2021). Csdi: Conditional score-based diffusion models for probabilistic time series imputation. Advances in Neural Information Processing Systems, 34, 24804-24816
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“CSDI: Conditional Score-based Diffusion Models for Probabilistic Time Series Imputation”, NeurIPS, 2021

v Experiments

Tashiro, Y., Song, J., Song, Y., & Ermon, S. (2021). Csdi: Conditional score-based diffusion models for probabilistic time series imputation. Advances in Neural Information Processing Systems, 34, 24804-24816
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Applications of Diffusion Models

v Applications of Diffusion Models

• Text-to-Image Generation

ü GLIDE: Classifier-free guidance와CLIP guidance를통해text-guided image generation and Editing 수행

• Anomaly Detection

ü AnoDDPM: A partial diffusion anomaly detection with Gaussian noise and multi-scale simplex noise 

• Natural Language Generation

ü DiffuSeq: Sequence to Sequence Text Generation with Diffusion Models in classifier-free manner

• Time-series Forecasting & Imputation

ü TimeGrad: Autoregressive denoising diffusion models for multivariate probabilistic time series forecasting 

ü CSDI: Conditional Score-based Diffusion Models for Probabilistic Time Series Imputation


