
DMQA Open Seminar (26. 04. 10)

Data Mining & Quality Analytics Lab.

송하영

Diffusion Inverse Problem



2

발표자 소개

송하영 (Hayoung Song)

고려대학교산업경영공학과 석사과정 (2026.03 ~ Present)

Data Mining & Quality Analytics Labs. (김성범교수님)

Research Interest

Generative Models

Diffusion Models

Contact

thdgk1245@korea.ac.kr



3

Introduction
Diffusion Inverse Problem

Diffusion models as powerful image generators
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Introduction
Diffusion Inverse Problem

Diffusion models as powerful image generators

Diffusion의 강력한 생성능력을 활용해서 실생활 문제에 어떻게 접근할 수 있을까?
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Introduction
Diffusion Inverse Problem

Inverse problems (Inpainting)

Q. 어떻게 빈 픽셀을 채울 수 있을까?

같은 빈 공간을 설명할 수 있는 값들은 무수히 존재한다 (ill-posed problem)

그 중, 우리의 사전 지식을 이용해서 해당 빈 값을 적절히 채워야 한다.

따라서, 적절한 사전 지식과 관측된 정보를 잘 활용해야 한다.

Missing pixelsOriginal Image
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Introduction
Diffusion Inverse Problem

Inverse problems

𝒙

Imaging system noise

𝑨 𝜼

Ground truth image Measurement

Problem: noise가 섞인 관측값 y로부터 원본 이미지 x를 복원하는 문제 (y만 주어져 있을 때 x를 복원하는 문제)

같은 y를 설명하는 x가 무한히 존재

→따라서 그럴듯한 이미지란 무엇인가에 대한 사전 지식(prior knowledge)이 필요

𝒚

Ground truth image Measurement
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Introduction
Diffusion Inverse Problem

Inverse problems

𝒙

Imaging system noise

𝑨 𝜼

Ground truth image Measurement

Problem: noise가 섞인 관측값 y로부터 원본 이미지 x를 복원하는 문제

같은 y를 설명하는 x가 무한히 존재

→따라서 그럴듯한 이미지란 무엇인가에 대한 사전 지식(prior knowledge)이 필요

Diffusion 사전 학습 모델 사용

(e.g., Stable Diffusion)

𝒚

Ground truth image
Ground truth image MeasurementMeasurement
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Introduction
Diffusion Inverse Problem

Inverse problems

𝒙

Imaging system noise

𝑨 𝜼

Ground truth image Measurement

Problem: noise가 섞인 관측값 y로부터 원본 이미지 x를 복원하는 문제

같은 y를 설명하는 x가 무한히 존재

→따라서 그럴듯한 이미지란 무엇인가에 대한 사전 지식(prior knowledge)이 필요

Diffusion 사전 학습 모델 사용

(e.g., Stable Diffusion)

𝒚

Ground truth image
Ground truth image
Ground truth image MeasurementMeasurementMeasurement

𝒚 = 𝑨 𝒙 + 𝜼

𝒙 ~ 𝒑(𝒙|𝒚)
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Introduction
Diffusion Inverse Problem

Inverse problems: examples

Inpainting

𝑦 𝑥 𝑥𝑦 𝑥

Super-resolution

𝑦 𝑥

*

𝑦 𝑥

𝐹−𝟙

Deblur MRI
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Introduction
Diffusion Inverse Problem

Deep generative models can sample

데이터 분포

(알 수 없음)

모델이 학습한 분포
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Introduction
Diffusion Inverse Problem

Deep generative models can sample

데이터 분포

(알 수 없음)

모델이 학습한 분포

샘플링
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Introduction
Diffusion Inverse Problem

Deep generative models can sample

데이터 분포

(알 수 없음)

모델이 학습한 분포

샘플링

높은 구간 낮은 구간
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Introduction
Diffusion Inverse Problem

Toy Example : Diffusion model and Stein score

산 정상을 향해

정상에 가기 위해서는 산 전체를 알아야 함

→데이터 분포 전체를 알아야 한다!

𝑝𝜃 𝑥 =
𝑒𝑥𝑝 𝑓𝜃 𝑥

׬ 𝑒𝑥𝑝 𝑓𝜃 𝑥 𝑑𝑥
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Introduction
Diffusion Inverse Problem

Toy Example : Diffusion model and Stein score

산 정상을 향해

정상에 가기 위해서는 산 전체를 알아야 함

→데이터 분포 전체를 알아야 한다!

𝑝𝜃 𝑥 =
𝑒𝑥𝑝 𝑓𝜃 𝑥

׬ 𝑒𝑥𝑝 𝑓𝜃 𝑥 𝑑𝑥

→계산 불가능 !
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Introduction
Diffusion Inverse Problem

Toy Example : Diffusion model and Stein score

산 정상을 향해

더 높은 곳으로 가기 위해서는 자기 위치에서

기울기가 가장 높은 곳으로 향해야 함
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Introduction
Diffusion Inverse Problem

Toy Example : Diffusion model and Stein score

산 정상을 향해

더 높은 곳으로 가기 위해서는 자기 위치에서

기울기가 가장 높은 곳으로 향해야 함

𝑠𝜃 𝑥 ≃ ∇𝑥𝑙𝑜𝑔𝑝 𝑥

𝐸 ∇𝑥𝑙𝑜𝑔𝑝 𝑥 − ∇𝑥𝑙𝑜𝑔𝑝𝜃 𝑥
2

2

→ score
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Introduction
Diffusion Inverse Problem

Toy Example : Diffusion model and Stein score
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Introduction
Diffusion Inverse Problem

Diffusion model and Stein score

Score 모델이 충분히 학습되면,

현재 샘플이 데이터 분포에서 어디로 가야 밀도가 증가하는지 알려줌

i. e. , 𝑠𝜃 𝑥 ≃ ∇𝑥log𝑝 𝑥

Score를 향해 가되, 임의의 방향으로 노이즈를 주면서

확률밀도가 높은 지역으로 올라감 (Langevin Dynamics)

𝑋𝑖+1 ← 𝑋𝑖 + 𝜖∇𝑥𝑙𝑜𝑔𝑝 𝑥 + 2𝜖𝑧𝑖

𝑖  =  0,  1, … ,  𝐾
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Introduction
Diffusion Inverse Problem

Diffusion model and Stein score
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Introduction
Diffusion Inverse Problem

Diffusion model and Stein score

𝑑𝑥 = 𝑓 𝑥, 𝑡 𝑑𝑡 + 𝑔 𝑡 𝑑𝑤x(0) 𝑥 𝑇

𝑥 𝑇 x(0)𝑑𝑥 = 𝑓 𝑥, 𝑡 – 𝑔2 𝑡 ∇𝑥𝑙𝑜𝑔𝑝𝑡 𝑥 𝑑𝑡 + 𝑔 𝑡 𝑑ഥ𝑤

0 < 𝑡 < 𝑇

score function

Reverse Process (noise → data) 

Forward Process (data → noise)
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Introduction
Diffusion Inverse Problem

Posterior sampling for inverse problems

𝑑𝑥 = 𝑓 𝑥, 𝑡 𝑑𝑡 + 𝑔 𝑡 𝑑𝑤𝑥(0) 𝑥 𝑇

𝑥 𝑇 𝑥(0)𝑑𝑥 = 𝑓 𝑥, 𝑡 – 𝑔2 𝑡 ∇𝑥𝑙𝑜𝑔𝑝𝑡 𝑥 𝑑𝑡 + 𝑔 𝑡 𝑑ഥ𝑤

0 < 𝑡 < 𝑇

score function

Reverse Process (noise → data) 

Forward Process (data → noise)

∇𝑥𝑙𝑜𝑔𝑝 𝑥 𝑦 다시 학습? High cost!



23

Introduction
Diffusion Inverse Problem

Posterior sampling for inverse problems

𝑝 𝑥 𝑦 =
𝑝 𝑦 𝑥 𝑝 𝑥

𝑝 𝑦

∇𝑥𝑙𝑜𝑔 𝑝 𝑥 𝑦 = ∇x𝑙𝑜𝑔 𝑝 𝑦 𝑥 + ∇x𝑙𝑜𝑔 𝑝 𝑥

Bayes’ Theorem

관측과정에의해

얻어지는 값

우리가알고 있는

사전지식

Diffusion 사전학습 모델 사용

(e.g., Stable Diffusion)
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Introduction
Diffusion Inverse Problem

Posterior sampling for inverse problems

𝑑𝑥 = 𝑓 𝑥, 𝑡 𝑑𝑡 + 𝑔 𝑡 𝑑𝑤𝑥 0 𝑥 𝑇

𝑥 𝑇 𝑥 0𝑑𝑥 = 𝑓 𝑥, 𝑡 – 𝑔2 𝑡 ∇𝑥𝑙𝑜𝑔𝑝𝑡 𝑥 𝑑𝑡 + 𝑔 𝑡 𝑑ഥ𝑤

0 < 𝑡 < 𝑇

score function

Reverse Process (noise → data) 

Forward Process (data → noise)

∇𝑥𝑙𝑜𝑔 𝑝 𝑥 𝑦 = ∇x𝑙𝑜𝑔 𝑝 𝑦 𝑥 + ∇x𝑙𝑜𝑔 𝑝 𝑥 재학습 필요 X
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Introduction
Diffusion Inverse Problem

Posterior sampling for inverse problems

𝑑𝑥 = 𝑓 𝑥, 𝑡 𝑑𝑡 + 𝑔 𝑡 𝑑𝑤𝑥(0) 𝑥 𝑇

𝑥 𝑇 𝑥(0)

0 < 𝑡 < 𝑇

Reverse Process (noise → data) 

Forward Process (data → noise)

𝑑𝑥 = 𝑓 𝑥, 𝑡 − 𝑔2 𝑡 ∇𝑥𝑙𝑜𝑔𝑝 𝑦 𝑥𝑡 + ∇𝑥𝑙𝑜𝑔𝑝 𝑥𝑡 𝑑𝑡 + 𝑔 𝑡 𝑑ഥ𝑤

각 timestep별로 score를 학습하기 때문에 위와 같이 쓰임
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Introduction
Diffusion Inverse Problem

Posterior sampling for inverse problems

∇𝑥𝑙𝑜𝑔𝑝 𝑦 𝑥𝑡 + ∇𝑥𝑙𝑜𝑔𝑝 𝑥𝑡

𝑥𝑡 𝑥0
0 < 𝑡 < 𝑇

𝑝 𝑦 𝑥t = න𝑝 𝑦 𝑥0, 𝑥𝑡 𝑝 𝑥0 𝑥𝑡 𝑑𝑥0

수학적으로 구할 수 없다
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Diffusion Posterior Sampling for 
General Noisy Inverse Problems

ICLR 2023 Spotlight
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Diffusion Posterior Sampling (DPS)
Diffusion Inverse Problem

Diffusion Posterior Sampling for General Noisy Inverse Problems

ICLR 2023 Spotlight, KAIST

2026년 4월 10일기준 1587회인용

Chung, H., Kim, J., Mccann, M. T., Klasky, M. L., & Ye, J. C. (2023). Diffusion Posterior Sampling for General Noisy Inverse Problems. In The Eleventh International Conference on Learning Representations, ICLR 2023 . The International Conference on Learning Representations.
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Diffusion Posterior Sampling (DPS)
Diffusion Inverse Problem

Posterior sampling for inverse problems

∇𝑥𝑙𝑜𝑔𝑝 𝑦 𝑥𝑡 + ∇𝑥𝑙𝑜𝑔𝑝 𝑥𝑡

𝑥𝑡 𝑥0
0 < 𝑡 < 𝑇

𝑝 𝑦 𝑥t = න𝑝 𝑦 𝑥0, 𝑥𝑡 𝑝 𝑥0 𝑥𝑡 𝑑𝑥0

수학적으로 구할 수 없다
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Diffusion Posterior Sampling (DPS)
Diffusion Inverse Problem

Posterior sampling for inverse problems

∇𝑥0𝑙𝑜𝑔𝑝 𝑦 𝑥0 = − 𝑦–𝐴𝑥0 2

2
/𝜎2

𝑝 𝑦 𝑥0 = 𝑁 𝑦 𝐴𝑥0, 𝜎
2𝐼

𝑥𝑡

𝑦

𝑥0
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Diffusion Posterior Sampling (DPS)
Diffusion Inverse Problem

Posterior sampling for inverse problems

𝑝 𝑦 𝑥0 = 𝑁 𝑦 𝐴𝑥0, 𝜎
2𝐼

∇𝑥0𝑙𝑜𝑔𝑝 𝑦 𝑥0 = − 𝑦–𝐴𝑥0 2

2
/𝜎2

𝑦

𝑥0
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Diffusion Posterior Sampling (DPS)
Diffusion Inverse Problem

Posterior sampling for inverse problems

𝑝 𝑦 𝑥0 = 𝑁 𝑦 𝐴𝑥0, 𝜎
2𝐼

∇𝑥0𝑙𝑜𝑔𝑝 𝑦 𝑥0 = − 𝑦–𝐴𝑥0 2

2
/𝜎2

𝑥𝑡

𝑥0
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Diffusion Posterior Sampling (DPS)
Diffusion Inverse Problem

Posterior sampling for inverse problems

𝑝 𝑦 𝑥0 = 𝑁 𝑦 𝐴𝑥0, 𝜎
2𝐼

∇𝑥0𝑙𝑜𝑔𝑝 𝑦 𝑥0 = − 𝑦–𝐴𝑥0 2

2
/𝜎2

𝑥𝑡

𝑦

∇𝑥𝑡𝑙𝑜𝑔𝑝 𝑦 𝑥𝑡

이 부분은 계산불가능!
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Diffusion Posterior Sampling (DPS)
Diffusion Inverse Problem

Posterior sampling for inverse problems

𝑥0𝑝 𝑦 𝑥t = න𝑝 𝑦 𝑥0, 𝑥𝑡 𝑝 𝑥0 𝑥𝑡 𝑑𝑥0

𝑝 𝑦 𝑥t = න𝑝 𝑦 𝑥0 𝑝 𝑥0 𝑥𝑡 𝑑𝑥0

해당이미지 upscale

𝑥𝑡

𝑦

𝑥0
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Diffusion Posterior Sampling (DPS)
Diffusion Inverse Problem

Posterior sampling for inverse problems

𝑥0𝑝 𝑦 𝑥t = න𝑝 𝑦 𝑥0, 𝑥𝑡 𝑝 𝑥0 𝑥𝑡 𝑑𝑥0

𝑝 𝑦 𝑥t = න𝑝 𝑦 𝑥0 𝑝 𝑥0 𝑥𝑡 𝑑𝑥0
알고 있는 것 모델이 학습한정보

= 𝐸𝑝 𝑥0 𝑥𝑡 𝑝 𝑦 𝑥0
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Diffusion Posterior Sampling (DPS)
Diffusion Inverse Problem

Posterior sampling for inverse problems

𝑥0𝑝 𝑦 𝑥t = න𝑝 𝑦 𝑥0, 𝑥𝑡 𝑝 𝑥0 𝑥𝑡 𝑑𝑥0

𝑝 𝑦 𝑥t = න𝑝 𝑦 𝑥0 𝑝 𝑥0 𝑥𝑡 𝑑𝑥0
알고 있는 것 모델이학습한정보

= 𝐸𝑝 𝑥0 𝑥𝑡 𝑝 𝑦 𝑥0

≃ 𝑝 𝑦 𝐸 𝑥0 𝑥𝑡

Jensen’s inequality
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Diffusion Posterior Sampling (DPS)
Diffusion Inverse Problem

Posterior sampling for inverse problems

𝑥0𝑝 𝑦 𝑥t = න𝑝 𝑦 𝑥0, 𝑥𝑡 𝑝 𝑥0 𝑥𝑡 𝑑𝑥0

𝑝 𝑦 𝑥t = න𝑝 𝑦 𝑥0 𝑝 𝑥0 𝑥𝑡 𝑑𝑥0
알고 있는 것

= 𝐸𝑝 𝑥0 𝑥𝑡 𝑝 𝑦 𝑥0

≃ 𝑝 𝑦 𝐸 𝑥0 𝑥𝑡

Jensen’s inequality

Tweedie’s formula

= 𝑝 𝑦 ො𝑥0

𝑥𝑡
𝑠𝜃∗

ො𝑥0
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Diffusion Posterior Sampling (DPS)
Diffusion Inverse Problem

Posterior sampling for inverse problems

𝑑𝑥 = 𝑓 𝑥, 𝑡 − 𝑔2 𝑡 ∇𝑥𝑙𝑜𝑔𝑝 𝑦 𝑥𝑡 + ∇𝑥𝑙𝑜𝑔𝑝 𝑥𝑡 𝑑𝑡 + 𝑔 𝑡 𝑑ഥ𝑤
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Diffusion Posterior Sampling (DPS)
Diffusion Inverse Problem

Posterior sampling for inverse problems

𝑑𝑥 = 𝑓 𝑥, 𝑡 − 𝑔2 𝑡 + 𝑑𝑡 + 𝑔 𝑡 𝑑ഥ𝑤

∇𝑥𝑙𝑜𝑔𝑝 𝑥𝑡



40

Diffusion Posterior Sampling (DPS)
Diffusion Inverse Problem

Posterior sampling for inverse problems

𝑑𝑥 = 𝑓 𝑥, 𝑡 − 𝑔2 𝑡 + 𝑑𝑡 + 𝑔 𝑡 𝑑ഥ𝑤

∇𝑥𝑙𝑜𝑔𝑝 𝑦 𝑥𝑡 ≃ ∇𝑥𝑙𝑜𝑔𝑝 𝑦 ො𝑥0

∇𝑥𝑙𝑜𝑔𝑝 𝑥𝑡

𝑝 𝑦 𝑥0 = 𝑁 𝑦 𝐴𝑥0, 𝜎
2𝐼

∇𝑥0𝑙𝑜𝑔𝑝 𝑦 𝑥0 = − 𝑦–𝐴𝑥0 2

2
/𝜎2
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Diffusion Posterior Sampling (DPS)
Diffusion Inverse Problem

Evaluation Metrics (PSNR, SSIM)

픽셀기반평가및높을수록품질우수

정답, 예측 이미지 픽셀 차이

정답 이미지 최대 픽셀 값

빛의 대비

이미지 구조

빛의 밝기



42

Diffusion Posterior Sampling (DPS)
Diffusion Inverse Problem

Evaluation Metrics (LPIPS)

이미지간의지각적유사성을측정하기위한지표

딥러닝모델이추출한특성의유사도를기반으로계산

정답
이미지

(𝐼∗)

입력
이미지

(𝐼)

정답특징
(𝐹∗)

입력특징
(𝐹)

Model
(Pretrained) Diff 𝑳𝑷𝑰𝑷𝑺(𝐼∗, 𝐼) =

1

𝑛
෍

𝑖=1

𝑛

𝑤𝑖 ⋅ 𝐹𝑖
∗ − 𝐹∗

2

학습된가중치
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Diffusion Posterior Sampling (DPS)
Diffusion Inverse Problem

Evaluation Metrics (FID)

Incenption v3 네트워크의 feature를활용해두이미지셋의전체분포차이를계산

단순히좋아보이는샘플을평가하는것이아닌, 모델이전체데이터분포를얼마나재현했는지를수치화

Inception-v3

Inception-v3 Features

Features

𝑁 𝜇𝑎 , Σ𝑎

𝑁 𝜇𝑏 , Σ𝑏

Frechet distance FID
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Diffusion Posterior Sampling (DPS)
Diffusion Inverse Problem

Experiments
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Diffusion Posterior Sampling (DPS)
Diffusion Inverse Problem

Experiments – linear problem

정성적으로비교방법론에비해우수한품질을보임
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Diffusion Posterior Sampling (DPS)
Diffusion Inverse Problem

Experiments – linear inverse problems
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Diffusion Posterior Sampling (DPS)
Diffusion Inverse Problem

Experiments – nonlinear inverse problems
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Improving Diffusion Models for Inverse
Problems using Manifold Constraints

NeurlPS 2022
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Manifold Constraints Gradient (MCG)
Diffusion Inverse Problem

Improving Diffusion Models for Inverse Problems using Manifold Constraints

NeurIPS 2022, KAIST

2026년 4월 10일기준 682회인용

Chung, H., Sim, B., Ryu, D., & Ye, J. C. (2022). Improving diffusion models for inverse problems using manifold constraints. Advances in Neural Information Processing Systems, 35, 25683-25696.
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Diffusion Inverse Problem

Manifold Constraints Gradient (MCG)

Manifold Hypothesis
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Diffusion Inverse Problem

Manifold Constraints Gradient (MCG)

Manifold Hypothesis

Manifold에가까이갈뿐만아니라, inverse problem 

관점에서관측영역과m_0의교점으로가는것이 optimal 

solution이라생각할수있다, 즉해당포인트로가면
우리가원하는이미지를얻을수있게되는것이다.
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Diffusion Inverse Problem

Manifold Constraints Gradient (MCG)
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Diffusion Inverse Problem

Manifold Constraints Gradient (MCG)

Score-SDE inverse problem
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Song, Y., Sohl-Dickstein, J., Kingma, D. P., Kumar, A., Ermon, S., & Poole, B. Score-Based Generative Modeling through Stochastic Differential Equations. In International Conference on Learning Representations.
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Manifold Constraints Gradient (MCG)
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Manifold 영역 밖으로 벗어남

→엉뚱한 생성 결과물

Song, Y., Sohl-Dickstein, J., Kingma, D. P., Kumar, A., Ermon, S., & Poole, B. Score-Based Generative Modeling through Stochastic Differential Equations. In International Conference on Learning Representations.
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Diffusion Inverse Problem

Manifold Constraints Gradient (MCG)

Score-SDE inverse problem
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Diffusion Inverse Problem

Manifold Constraints Gradient (MCG)

Theorem1 : MCG는 현재 manifold에서 y로 향하는 접공간에 해당하는 방향으로 스텝을 취한다.
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Manifold Constraints Gradient (MCG)
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Diffusion Inverse Problem

MCG, DPS geometric interpretation

MCG, DPS geometric interpretation
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Improving Diffusion Inverse Problem Solving
with Decoupled Noise Annealing

CVPR 2025 ORAL



60

Decoupled Annealing Posterior Sampling (DAPS)
Diffusion Inverse Problem

Improving Diffusion Inverse Problem Solving with Decoupled Noise Annealing

CVPR 2025 Oral, California Institute of Technology

2026년 4월 10일기준 91회인용

Zhang, B., Chu, W., Berner, J., Meng, C., Anandkumar, A., & Song, Y. (2025). Improving diffusion inverse problem solving with decoupled noise annealing.

In Proceedings of the Computer Vision and Pattern Recognition Conference (pp. 20895-20905).
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Diffusion Inverse Problem

Decoupled Annealing Posterior Sampling (DAPS)

MCG DPS geometric interpretation
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Diffusion Inverse Problem

Decoupled Annealing Posterior Sampling (DAPS)

MCG, DPS geometric interpretation
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이거 x_hat뚜껑 다씌워지는거
물어봐서 해결해보자
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Diffusion Inverse Problem

Decoupled Annealing Posterior Sampling (DAPS)

MCG, DPS geometric interpretation
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과거의 최적화 값에 대해 종속적이다!
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Diffusion Inverse Problem

Decoupled Annealing Posterior Sampling (DAPS)

MCG, DPS geometric interpretation
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이전 step에서의 최적화가 항상 옳다고 말할 수 있을까?
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Diffusion Inverse Problem

Decoupled Annealing Posterior Sampling (DAPS)
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Diffusion Inverse Problem

Decoupled Annealing Posterior Sampling (DAPS)

𝑝 𝒙𝒕 𝒙𝒕+𝚫𝒕, 𝒚 , 𝒕 ← 𝒕 + 𝚫𝒕 에 대한 업데이트

Local error가 누적되면서 global error에 대해 업데이트 불가
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Diffusion Inverse Problem

Decoupled Annealing Posterior Sampling (DAPS)

𝑝 𝒙𝒕 𝒙𝒕+𝚫𝒕, 𝒚 , 𝒕 ← 𝒕 + 𝚫𝒕 에 대한 업데이트

Local error가 누적되면서 global error에 대해 업데이트 불가

𝒕 ← 𝒕 + 𝚫𝒕 에 대한 종속성을 제거하자 !

→ Decoupling!
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Diffusion Inverse Problem

Decoupled Annealing Posterior Sampling (DAPS)

Proposed Method
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Diffusion Inverse Problem

Decoupled Annealing Posterior Sampling (DAPS)
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Diffusion Inverse Problem

Decoupled Annealing Posterior Sampling (DAPS)
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Diffusion Inverse Problem

Decoupled Annealing Posterior Sampling (DAPS)

𝑀0𝑀𝑡−3 …𝑀𝑡−2𝑀𝑡−1𝑀𝑡

𝑦 = 𝐴𝑥

𝑥𝑡

ො𝑥0|𝑡

𝑥𝑡−1

DAPS Overview

Measurement 𝑦

Start

Reverse
Diffusion

Langevin
Dynamics

Forward
Diffusion



73
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Diffusion Inverse Problem

Decoupled Annealing Posterior Sampling (DAPS)
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Decoupled Annealing Posterior Sampling (DAPS)
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Decoupled Annealing Posterior Sampling (DAPS)

DAPS Overview

Measurement 𝑦

Start

Reverse
Diffusion

Langevin
Dynamics

Forward
Diffusion



80

Diffusion Inverse Problem

Decoupled Annealing Posterior Sampling (DAPS)

Experiments 

linear inverse problems (5 tasks) : super-resolution, gaussian deblurring, motion deblurring, inpainting (box), 

inpainting (random mask)

nonlinear inverse problems (3 tasks) : phase retrieval, high dynamic range reconstruction, nonlinear deblurring
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Diffusion Inverse Problem

Decoupled Annealing Posterior Sampling (DAPS)

Experiments (linear inverse problem)
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Diffusion Inverse Problem

Decoupled Annealing Posterior Sampling (DAPS)

Experiments (nonlinear inverse problem)
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Diffusion Inverse Problem

Conclusion

Manifold의 접평면 방향으로
gradient update를 하자!
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Conclusion

Manifold의 접평면 방향으로
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𝑨𝒙로의 projection을 없애서
manifold 바깥으로 가지 않게 하자!

이전 상태의 종속성을 끊어내 global correction
을 유도하자!



85

Diffusion Inverse Problem

Conclusion

Manifold의 접평면 방향으로
gradient update를 하자!

𝑀0

𝑀1

𝑀2

𝑀3

𝑀4

𝑠𝜃
∗

𝒙𝟎

𝒙∗

𝑦 = 𝐴𝑥

𝑀0

𝑀1

𝑀2

𝑀3

𝑀4

𝑠𝜃
∗

proj

𝒙𝟎

𝒙∗

𝑦 = 𝐴𝑥

∇𝑥𝑡 𝑦 − 𝐴 ො𝑥0 2

2 𝑀0𝑀𝑡−3𝑀𝑡−2𝑀𝑡−1𝑀𝑡

𝑦 = 𝐴𝑥

ො𝑥0|𝑡

𝑥𝑡−2

ො𝑥0|𝑡−1
…

𝑥𝑡−1

ො𝑥0|𝑡−2 ො𝑥0|1

MCG DPS DAPS

∇𝑥𝑡 𝑦 − 𝐴 ො𝑥0 2

2

𝑨𝒙로의 projection을 없애서
manifold 바깥으로 가지 않게 하자!

이전 상태의 종속성을 끊어내 global correction
을 유도하자!
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