
생성형 AI 기술의 이해
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본 강의 자료는 한국생명정보학회가 주관하는 BIML 2026 워크샵을 목적으로 

제작된 것으로 해당 목적 이외의 다른 용도로 사용할 수 없음을 분명하게 알립니다.

이를 다른 사람과 공유하거나 복제, 배포, 전송할 수 없으며 만약 이러한 사항을 위반할 경우 

발생하는 모든 법적 책임은 행위자 본인에게 있음을 알립니다.



KSBi-BIML 2026
Bioinformatics & Machine Learning (BIML) Workshop for Life Scientists

한국생명정보학회가 주최하는 BIML-2026 동계 Bioinformatics &Machine Learning 교육 워크숍에 

여러분을 초대합니다. 

BIML 워크숍은 생명정보학 연구자들이 최신 AI바이오 분야의 인공지능 기반 분석 기술과 바이오 

데이터 분석 기법을 이론과 실습을 통해 체계적으로 배울 수 있는 전문 교육 프로그램입니다. 

2015년에 시작된 BIML 워크숍은 올해로 12년 차를 맞이하며, 국내 생명정보학 분야의 최초이자 최고 

수준의 교육 프로그램으로 자리 잡았습니다. 이번 워크숍은 크게 인공지능바이오(AI바이오) 분야와 

디지털바이오 분야, 두 분야로 구성됩니다. 

AI바이오 분야에서는 생명정보 분석에 폭넓게 응용되고 있는 다양한 인공지능 기반 자료 모델링 

기법을 다룰 예정입니다. 특히, 인공지능 심층학습을 활용한 단백질 구조 예측, 유전체 분석, 신약 

개발에 대한 이론 및 실습 강의가 진행됩니다. 

또한 디지털바이오 분야에서는 단일세포오믹스, 공간오믹스, 멀티오믹스, 메타오믹스에 대한 강의도 

마련되어 있어, 연구자들의 분석 역량 강화에 실질적인 도움을 줄 것으로 기대됩니다. 

또한 2024년부터 추가된 의료정보 자료 분석을 다루는 강의를 올해도 지속해서 운영하고자 합니다. 

이는 최근 의료정보 자료 분석에 관한 연구 수요 증가를 반영한 것으로, 관련 연구를 수행하는 

의과학자 및 의료정보 연구자들에게 유용한 지침을 제공할 것입니다. 

또한, 올해도 생명정보학 기술의 다양화에 발맞춰 온라인 강좌를 대폭 확대했습니다. 올해는 무료 

강좌 10개를 포함한 총 40개 이상의 강좌가 개설되며, 연구 주제에 맞는 강좌 추천과 강연료 할인 

혜택도 제공합니다.

BIML-2026는 국내 주요 연구 중심 대학의 전임 교수 및 각 분야 최고 전문가들의 강의로 구성되어 

있으며, 기초 이론부터 최신 연구 동향까지 아우르는 심도 있는 교육의 장이 될 것으로 확신합니다. 

여러분의 많은 관심과 참여를 기대합니다!

2026년 2월

한국생명정보학회장 류 성 호



강의개요

생성형 AI 기술의 이해

최근 몇 년간 생성형 인공지능(Generative AI)은 다양한 산업과 일상생활에 깊이 스며들며 혁신을 

이끌고 있습니다. 생성형 AI는 텍스트, 이미지, 음악, 영상 등 인간이 만들어내던 콘텐츠를 자동으

로 생성할 수 있는 기술로, 특히 트랜스포머(Transformer)와 같은 딥러닝 기술의 발전 덕분에 빠르

게 성장해 왔습니다. 이 강의에서는 생성형 AI의 개념과 이를 가능하게 하는 핵심 기술을 쉽게 이

해할 수 있도록 소개합니다.

본 강의의 목표는 다음과 같습니다.

  ⚫ 텍스트 생성형 AI의 중심 기술인 트랜스포머(Transformer) 구조의 이해

  ⚫ 챗GPT와 같은 LLM의 개념, 신경망 구성, 학습 방법을 이해

  ⚫ 연구를 위한 ChatGPT 활용 사례 소개

  ⚫ 이미지 생성 기술인 디퓨전 (diffusion) 모델의 원리를 소개

* 강의 난이도: 초급

* 강의: 이상근 교수 (고려대학교 정보보호학과)
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생성형 AI  기술의 이해
Introduction to Generative AI Technology

KSBi-BIML 2025

고려대학교정보보호대학원

인공지능연구실

이상근 교수

Timeline of AI

2Copyright (c) 2025 Sangkyun Lee 

Vladmir Vapnik (1936~)
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판별형(Discriminative) AI

클래스 판별을 위한 결정경계면 학습

생성형(Generative) AI

데이터 생성을 위한 확률분포 학습

?

ChatGPT란?

3Copyright (c) 2025 Sangkyun Lee 

• 생성 모델

데이터의 패턴/구조 학습
à 문장, 영상, 음악 등

새로운 데이터 생성

• OpenAI ---

일론 머스크 등이 설립 (2015)
인간 친화적 AI 개발 목적

ChatGPT, Codex, DALL-E 등 
개발

컴퓨터 ⇄ 사람
의사 소통 연구

• 자연어 처리 모델
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ChatGPT의 학습(2): 미세 조정

6Copyright (c) 2025 Sangkyun Lee 

프롬프트
샘플링

정답 작성
(40명의 사람)

프롬프트+정답
기반

감독 학습

AI로부터
4~9개의
응답 생성

사람의
선호도 부여

보상 모델
학습

선호도 따른
응답 정책
학습

프롬프트
샘플링

AI의 응답
작성

Training language models to follow instructions with human feedback, NeurIPS (2022, InstructGPT)

1. 감독 학습 2. 보상 모델 학습 3. 강화 학습

ChatGPT의 학습(1): 사전학습

§ 다양한 데이터: 책, 웹페이지, 논문 등

§ 대용량 데이터: 약 45TB (미국 의회 도서관 4.5배)

§ 비감독 학습 

§ 언어 모델링

§ GPU 기반 대규모 병렬 학습

5Copyright (c) 2025 Sangkyun Lee 
Training'language'models'to'follow'instructions'with'human'feedback, NeurIPS'(2022)
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NLP AI: 추론
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동해물과%백두산이%마르고%닳도록…

AI

단어 확률

달고 0.02

달면 0.01

닳고 0.03

닳면 0.01

닳도록 0.88

닳면서 0.05

닳지만 0.04

예측%확률
%벡터

정답
생성

확률적
%생성

AI

NLP AI: 언어 모델 학습

7Copyright (c) 2025 Sangkyun Lee 

동해물과%백두산이%마르고%닳도록…

AI

자연어처리작업

이전#단어#à#다음단어
이전구절à#다음 구절

질문à#답변
빈칸채우기
키워드자동완성

챗봇
…

(1)

동해물과%백두산이%마르고%닳도록…

AI

(2)

동해물과%백두산이%마르고%닳도록…

AI

(3)

출력입력
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NLP AI 기술의 발전

10Copyright (c) 2025 Sangkyun Lee 

Transformer (2017)

GPT-1 (2018)

GPT-2 (2019)

GPT-3 (2020.5)

Codex (2021)

InstructGPT
 (2022.1)

“text-davinci-001”

• GPT-3 개선형
• 사용자 지시어 존중

GPT-3.5 (2022.11.28)
“code-davinci-002”
“text-davinci-002”
“text-davinci-003”

ChatGPT (2022.11.30)

GPT-4 (2023)

• 어텐션 모델
• 병렬 학습 유리

• 질문에 어울리는 답
변 생성

• 학습 파라미터: 1.17
억 개

• 파라미터: 15억
• 다양한 스타일과 어조

의 답변 생성

• 파라미터: 1750억
• 다양한 자연어처리 가

능

• 파라미터: 60억
• 프로그래밍 언어 중심

• 향상된 모델 
별칭

• 대화에 특화된 G
PT 모델

※ OpenAI의 기술 중심으로 기재됨
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Beginning of the Transformer

§ Transformer [NeurIPS 2017]

§ New SOTA on translation datasets at 
the time

Copyright (c) 2025 Sangkyun Lee 12

GPT의 심층 신경망 구조

11Copyright (c) 2025 Sangkyun Lee 

Transformer 구조* GPT (Generative Pre-trained Transformer) 구조**

* Attention Is All You Need, NeurIPS (2017)
** Improving Language Understanding by Generative Pre-Training, OpenAI (2018, GPT-1)

어텐션 구조: 기존 NLP AI 모델에 비해 GPU를 이용한 병렬 학습에 유리
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Query, Key, Value in Associative Memory

Copyright (c) 2025 Sangkyun Lee 

Key 1

Key 2

Key N

Value 1

Value 2

Value N

.

.

.

.

.

.

.

.

Associative Memory
(aka Dictionary)

Query

Key n Value n
matched!

returned

16

Transformer Architecture

§ Encoder-decoder archtecture with only attention and FC layers

§ No convolution or recurrence

§ Encoder has:

§ (Masked) Self-attention

§ Positional encoding
§ Layer normalization

Copyright (c) 2025 Sangkyun Lee 

Encoder

Decoder

13
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Multi-head attention

§ Multiple “heads” = 
learning multiple sets 
of matrices 𝑊𝑊#,𝑊𝑊$,𝑊𝑊%

§ Similar motive to the 
use of multiple conv. 
filters in CNNs

§ Leads to better 
prediction performance

Copyright (c) 2025 Sangkyun Lee 18

Query, Key, Value

§ Use inputs and learning parameters 
to build query, key, and value:

𝑞𝑞" = 𝑊𝑊#𝑥𝑥" 
𝑘𝑘" = 𝑊𝑊$𝑥𝑥" 
𝑣𝑣" = 𝑊𝑊%𝑥𝑥" 

Then, use them as follows:

𝑤𝑤"&' = 𝑞𝑞"(𝑘𝑘&
𝑤𝑤" = 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑤𝑤"'

𝑦𝑦" =/
&

𝑤𝑤"&𝑣𝑣&

Copyright (c) 2025 Sangkyun Lee 17



- 9 -

Masking

§ We need to mask future input tokens

§ Otherwise, self-attention will see every token including the future

Copyright (c) 2025 Sangkyun Lee 22

Position Encoding

§ Solution: use an extra 
vector to provide 
positional information

§ Position embedding

§ Learn positional 
vectors

§ Cons: need to see all 
lenghts in training

§ Position encoding

§ Use some  function 
𝑓𝑓:ℕ → ℝ)

Copyright (c) 2025 Sangkyun Lee 20
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응용사례: 지식 검색 및 요약

24Copyright (c) 2025 Sangkyun Lee 

ChatGPT의 비용

§ Fine-tuning을 위한 데이터 생성 비용

§ 사람에 의한 질문 또는 응답 작성, AI 응답에

대한 선호도 평가 비용

§ 대규모 병렬 학습

§ 계산량: NVIDIA A100 GPU 1만개, 1개월

   - A100 GPU: 10,000$/개 

(총 GPU 비용: 약 1400억원)

   - H100 GPU: 44,000$/개, x9 faster

§ 1회 학습: 지구 ⇄ 달 왕복 (약 70만km) 차량
주행 만큼 CO2 배출

23Copyright (c) 2025 Sangkyun Lee 

NVIDIA DGX (A100 GPU x8)
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응용사례: 스토리 생성

26Copyright (c) 2025 Sangkyun Lee 

응용사례: 자동 코딩

§ 코드 작성

25Copyright (c) 2025 Sangkyun Lee 
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LLM 모델 크기와 추론 능력

Copyright (c) 2025 Sangkyun Lee 28
Brown et al., Language Models are Few-Shot Learners, NeurIPS 2020 (GPT-3)

이사이에서인지
능력의급격한향상

T5 (Google)

GPT-3 (OpenAI)

Switch-Transformer (Google)

PanGu (Huawei)

하이퍼클로바 (네이버)

Wu Dao 2.0 (BAAI)

Jurassic-1 (AILabs)

MT-NLG (MS-NVIDIA)

엑사원 (LG)

Gopher (DeepMind) RETRO (DeepMind)

GLaM (Google)

PCL-BAIDU Wenxin (Baidu)

LaMDA (Deepmind)

PaLM (Google)

에이닷 (SK텔레콤)

OPT (Meta)

Minerva (Google)

koGPT (카카오)

ChatGPT (OpenAI)

LLaMA (Meta)

GPT-4 (OpenAI)

PanGu-Σ (Huawei)

PaLM 2 (Google) 

2019년10월

2020년04월

2020년11월

2021년06월

2021년12월

2022년07월

2023년01월

2023년08월

LLM (Large Language Model)의 발전

27Copyright (c) 2025 Sangkyun Lee 

1750억
1조6천억

2040억

5300억

3000억

1조2천억

1750억

300억

650억

• 일반화 & 초거대화: 2023년의 GPT-4, 

PanGu-∑는 기존 챗GPT, PanGu에

비해 약 5~6배의 학습 파라미터 사용

• 전문화 & 소형화

학습파라미터수

약 1조

1조850억

3400억

5400억

2000억
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GPT o1 (2024.9.12)

Copyright (c) 2025 Sangkyun Lee 30

GPT3.5 vs 4

GPT-4

§ 다양한 작업 및 언어에서 성능 향상

Copyright (c) 2025 Sangkyun Lee 29
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Data Privacy 이슈

§ OpenAI Privacy Policy (June 23, 2023, https://openai.com/policies/privacy-policy)

§ 수집되는 정보
§ 사용자 제공 개인 정보 (Account, User content (input, file upload, feedback), communication, 

social media info)

§ 서비스 이용시 자동 수집되는 개인 정보 (웹 브라우저, usage (type of content, features, actions, 
time zone, country, date/time), device 정보, cookie, analytics)

§ 데이터 사용처
§ 서비스 제공, 관리, 유지/보수, 분석

§ 서비스 개선 및 연구

§ 새 서비스 개발
§ 사기나 범죄 행위 억제, 자사 IT 시스템/아키텍쳐/네트워크 보호,

§ 사업 이전
§ 프라이버시, 안전, 소유권 등 보호를 위한 법적 필요

Copyright (c) 2025 Sangkyun Lee 32

챗GPT 기술 전망

§ 전 세계 AI 시장 2026년도 900조원 규모 전망 (IDC)

§ 거대언어 모델 (LLM)

§ 소형화, 전문화
§ 외부 DB를 통한 최신 자료 접근

§ REALM (Google), RETRO (DeepMind), LLM-Augmenter (MS), RA-CM3 (Meta)

§ 신뢰성 확보
§ Bing Copilot (MS): 근거 자료 제시

§ 데이터베이스, 클라우드, 통신, 반도체 등 관련 기술 개발 필요

31Copyright (c) 2025 Sangkyun Lee 
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이미지 생성형 AI: Denoising Diffusion Models

§ 두 가지 프로세스로 구성

§ Forward process: 원본 입력에 점증적으로 노이즈를 추가하는 과정
§ Reverse process: 역으로, 노이즈를 점증적으로 제거하여 원본 이미지를 복원하는 과정

18

Denoising Diffusion Models

Denoising diffusion models consist of two processes:

• Forward diffusion process that gradually adds noise to input

• Reverse denoising process that learns to generate data by denoising 

Learning to generate by denoising

Data Noise

Forward diffusion process (fixed)

Reverse denoising process (generative)

Sohl-Dickstein et al., Deep Unsupervised Learning using Nonequilibrium Thermodynamics, ICML 2015
Ho et al., Denoising Diffusion Probabilistic Models, NeurIPS 2020
Song et al., Score-Based Generative Modeling through Stochastic Differential Equations, ICLR 2021

§ Sohl-Dickstein et al., Deep Unsupervised Learning using Nonequilibrium Thermodynamics, ICML 2015
§ Ho et al., Denoising Diffusion Probabilistic Models (DDPM), NeurIPS 2020 
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사용 예시: 웹사이트 요약
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Forward Process로 인한 분포의 변화

§ 𝑞𝑞 𝑥𝑥! 는 q(𝑥𝑥")	에 가한 Gaussian convolution 

의 결과로 생각할 수 있음

37Copyright (c) 2025 Sangkyun Lee 

Forward Process

§ 𝑥𝑥("#$) → 𝑥𝑥" 의 조건부 확률을 가우시안 분포로 정의:

§ Noise variance schedule 𝛽𝛽"	: 추가 노이즈량 조정 파라미터

§ Markov chain: 𝑥𝑥("#$)가 주어진 경우, 𝑥𝑥"의 생성은 𝑡𝑡 − 1 이전에 영향 받지 않음

35Copyright (c) 2025 Sangkyun Lee 
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Sampling from the reverse process

§ Sample 𝑥𝑥$ ∼ 𝒩𝒩 0, 𝐈𝐈
§ Iteratively sample 𝑥𝑥!"# ∼ 𝑞𝑞(𝑥𝑥!"#|𝑥𝑥!)

§ 𝛽𝛽!가 충분히 작은 경우, 𝑞𝑞(𝑥𝑥!"#|𝑥𝑥!)를 Normal 분포로 approximate 할 수 있음

true denoising dist.

q(xt) =

Z
q(xt|xt�1)q(xt�1)dxt�1

intractable to compute

39Copyright (c) 2025 Sangkyun Lee 

Reverse Process

§ 디퓨전 모델의 목표는 𝑞𝑞(𝑥𝑥!"#|𝑥𝑥!) 를 학습하여, 완전한 노이즈로부터 점증적으로 노이즈를 제거하여 원본

이미지를 얻는데 있음

38Copyright (c) 2025 Sangkyun Lee 
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Forward

Reverse

42Copyright (c) 2025 Sangkyun Lee 

Training & Sampling

L0, L1, . . . , LT�1minimize

Lt�1

full random image
reverse steps

subtract noise estimate 
from the current 𝑥𝑥!

- Add randomness since reverse 
steps follow normal distribution.
- Do not add randomness when t=1 
(when we create 𝑥𝑥")

41Copyright (c) 2025 Sangkyun Lee 
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Diffusion Parameters

Above,     and      control the variance of the forward diffusion and reverse denoising processes respectively.

Often a linear schedule is used for    , and      is set equal to    .

Kingma et al. NeurIPS 2022 introduce a new parameterization of diffusion models using signal-to-noise ratio (SNR), and 
show how to learn the noise schedule by minimizing the variance of the training objective.

We can also train      while training the diffusion model by minimizing the variational bound (Improved DPM by Nichol and 
Dhariwal ICML 2021) or after training the diffusion model (Analytic-DPM by Bao et al. ICLR 2022).

Data Noise

Noise Schedule
Parameters

§ Linear schedule (DDPM): increase 𝛽𝛽# = 10"% → 𝛽𝛽$ = 0.02, set 𝜎𝜎!& = 𝛽𝛽!
§ 하지만, 너무 빠르게 노이즈가 유입되어 유의미한 학습이 어려운 경향을 보임

§ Cosine schedule [Nichol & Dhariwal, ICML 2021]

Li
n
e
ar

C
o
si
n
e
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Neural Architecture for 𝜖𝜖!(𝑥𝑥", 𝑡𝑡)

28

Implementation Considerations

Diffusion models often use U-Net architectures with ResNet blocks and self-attention layers to represent

Time representation: sinusoidal positional embeddings or random Fourier features. 

Time features are fed to the residual blocks using either simple spatial addition or using adaptive group normalization 
layers. (see Dharivwal and Nichol NeurIPS 2021)

Network Architectures

Time Representation
Fully-connected

Layers

§ 많은 diffusion model이 U-Net 구조를 사용
§ U-Net: Convolutional Networks for Biomedical Image Segmentation, Ronneberger, Fischer, and Brox, Medical 

Image Computing and Computer-Assisted Intervention (MICCAI), Springer, LNCS, Vol.9351: 234--241, 2015

§ 시간 값은 transfomer와 유사한 positional embedding 방식으로 입력

§ Self-attention, residual block 등 다양한 기법을 접목

43Copyright (c) 2025 Sangkyun Lee 
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Classifier Guidance

Algorithm 1 Classifier guided diffusion sampling, given a diffusion model (µ✓(xt),⌃✓(xt)), classi-
fier pφ(y|xt), and gradient scale s.

Input: class label y, gradient scale s
xT  sample from N (0, I)
for all t from T to 1 do
µ,⌃  µ✓(xt),⌃✓(xt)
xt−1  sample from N (µ+ s⌃rxt

log pφ(y|xt),⌃)
end for
return x0

Algorithm 2 Classifier guided DDIM sampling, given a diffusion model ✏✓(xt), classifier pφ(y|xt),
and gradient scale s.

Input: class label y, gradient scale s
xT  sample from N (0, I)
for all t from T to 1 do
✏̂  ✏✓(xt)−

p
1− ↵̄t rxt log pφ(y|xt)

xt−1  p
↵̄t−1

⇣
xt−

p
1−↵̄t ✏̂p
↵̄t

⌘
+
p
1− ↵̄t−1✏̂

end for
return x0

Figure 2: Samples from an unconditional diffusion model with classifier guidance to condition
on the class "Pembroke Welsh corgi". Using classifier scale 1.0 (left; FID: 33.0) does not produce
convincing samples in this class, whereas classifier scale 10.0 (right; FID: 12.0) produces much more
class-consistent images.

pφ(y|xt, t) = pφ(y|xt) and ✏✓(xt, t) = ✏✓(xt) for brevity, noting that they refer to separate functions
for each timestep t and at training time the models must be conditioned on the input t.

To apply classifier guidance to a large scale generative task, we train classification models on
ImageNet. Our classifier architecture is simply the downsampling trunk of the UNet model with
an attention pool [55] at the 8x8 layer to produce the final output. We train these classifiers on the
same noising distribution as the corresponding diffusion model, and also add random crops to reduce
overfitting.

In initial experiments with unconditional ImageNet models, we found it necessary to scale the
classifier gradients by a constant factor larger than 1. When using a scale of 1, we observed that
the classifier assigned reasonable probabilities (around 50%) to the desired classes for the final
samples, but these samples did not match the intended classes upon visual inspection. Scaling up the
classifier gradients remedied this problem, and the class probabilities from the classifier increased to
nearly 100%. Figure 2 shows an example of this effect. To understand the effect of scaling classifier
gradients, note that s · rx log p(y|x) = rx log

1
Z p(y|x)s, where Z is an arbitrary constant. As a

result, the conditioning process is still theoretically grounded in a re-normalized classifier distribution
proportional to p(y|x)s. When s > 1, this distribution becomes sharper than p(y|x), since larger
values are amplified by the exponent. In other words, using a larger gradient scale focuses more
on the modes of the classifier, which is potentially desirable for producing higher quality (but less
diverse) samples.

In the above derivations, we assumed that the underlying diffusion model was unconditional, modeling
p(x). It is also possible to train conditional diffusion models, p(x|y), and use classifier guidance in

5

no guidance with classifier guidance
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Classifier Guidance

§ Dhariwal and Nichol, “Diffusion models beat GANs on image synthesis”, NeurIPS 2021

§ Pretrain된 별도의 classifer 𝑝𝑝'(𝑦𝑦|𝑥𝑥)의 그래디언트를 원하는 클래스의 특징을 갖는 이미지 생성을 위해 사용

§ 해당 classifier는 noise가 포함된 입력에 대해서도 학습되어야 하므로, 기존 모델을 사용하기 어려움

Algorithm 1 Classifier guided diffusion sampling, given a diffusion model (µ✓(xt),⌃✓(xt)), classi-
fier pφ(y|xt), and gradient scale s.

Input: class label y, gradient scale s
xT  sample from N (0, I)
for all t from T to 1 do

µ,⌃  µ✓(xt),⌃✓(xt)
xt−1  sample from N (µ+ s⌃rxt

log pφ(y|xt),⌃)
end for
return x0

Algorithm 2 Classifier guided DDIM sampling, given a diffusion model ✏✓(xt), classifier pφ(y|xt),
and gradient scale s.

Input: class label y, gradient scale s
xT  sample from N (0, I)
for all t from T to 1 do
✏̂  ✏✓(xt)−

p
1− ↵̄t rxt log pφ(y|xt)

xt−1  p
↵̄t−1

⇣
xt−

p
1−↵̄t ✏̂p
↵̄t

⌘
+

p
1− ↵̄t−1✏̂

end for
return x0

Figure 2: Samples from an unconditional diffusion model with classifier guidance to condition
on the class "Pembroke Welsh corgi". Using classifier scale 1.0 (left; FID: 33.0) does not produce
convincing samples in this class, whereas classifier scale 10.0 (right; FID: 12.0) produces much more
class-consistent images.

pφ(y|xt, t) = pφ(y|xt) and ✏✓(xt, t) = ✏✓(xt) for brevity, noting that they refer to separate functions
for each timestep t and at training time the models must be conditioned on the input t.

To apply classifier guidance to a large scale generative task, we train classification models on
ImageNet. Our classifier architecture is simply the downsampling trunk of the UNet model with
an attention pool [55] at the 8x8 layer to produce the final output. We train these classifiers on the
same noising distribution as the corresponding diffusion model, and also add random crops to reduce
overfitting.

In initial experiments with unconditional ImageNet models, we found it necessary to scale the
classifier gradients by a constant factor larger than 1. When using a scale of 1, we observed that
the classifier assigned reasonable probabilities (around 50%) to the desired classes for the final
samples, but these samples did not match the intended classes upon visual inspection. Scaling up the
classifier gradients remedied this problem, and the class probabilities from the classifier increased to
nearly 100%. Figure 2 shows an example of this effect. To understand the effect of scaling classifier
gradients, note that s · rx log p(y|x) = rx log

1
Z p(y|x)s, where Z is an arbitrary constant. As a

result, the conditioning process is still theoretically grounded in a re-normalized classifier distribution
proportional to p(y|x)s. When s > 1, this distribution becomes sharper than p(y|x), since larger
values are amplified by the exponent. In other words, using a larger gradient scale focuses more
on the modes of the classifier, which is potentially desirable for producing higher quality (but less
diverse) samples.

In the above derivations, we assumed that the underlying diffusion model was unconditional, modeling
p(x). It is also possible to train conditional diffusion models, p(x|y), and use classifier guidance in

5

diffusion model classifier gradient
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Latent Diffusion Model

§ 앞에서 언급한 Diffusion model의 단점

§ Input space에서 diffusion 연산 à 고해상도로 갈수록 증가하는 계산 비용
§ GAN에 비해 높은 계산 비용

§ Rombach et al., High-Resolution Image Synthesis with Latent Diffusion Models, CVPR 2022.
§ 의미(내용)을 재현하는 LDM과

§ 디테일을 재현하는 en/decoder로 문제를 분할

§ Key idea: 저차원의 Latent space에서 diffusion 수행

§ Basis of Stable Diffusion (2022-08)

so that producing 50k samples takes approximately 5 days

[15] on a single A100 GPU. This has two consequences for

the research community and users in general: Firstly, train-

ing such a model requires massive computational resources

only available to a small fraction of the field, and leaves a

huge carbon footprint [63, 83]. Secondly, evaluating an al-

ready trained model is also expensive in time and memory,

since the same model architecture must run sequentially for

a large number of steps (e.g. 25 - 1000 steps in [15]).

To increase the accessibility of this powerful model class

and at the same time reduce its significant resource con-

sumption, a method is needed that reduces the computa-

tional complexity for both training and sampling. Reducing

the computational demands of DMs without impairing their

performance is, therefore, key to enhance their accessibility.

Departure to Latent Space Our approach starts with

the analysis of already trained diffusion models in pixel

space: Fig. 2 shows the rate-distortion trade-off of a trained

model. As with any likelihood-based model, learning can

be roughly divided into two stages: First is a perceptual

compression stage which removes high-frequency details

but still learns little semantic variation. In the second stage,

the actual generative model learns the semantic and concep-

tual composition of the data (semantic compression). We

thus aim to first find a perceptually equivalent, but compu-

tationally more suitable space, in which we will train diffu-

sion models for high-resolution image synthesis.

Following common practice [11, 23, 64, 65, 93], we sep-

arate training into two distinct phases: First, we train

an autoencoder which provides a lower-dimensional (and

thereby efficient) representational space which is perceptu-

ally equivalent to the data space. Importantly, and in con-

trast to previous work [23,64], we do not need to rely on ex-

cessive spatial compression, as we train DMs in the learned

latent space, which exhibits better scaling properties with

respect to the spatial dimensionality. The reduced complex-

ity also provides efficient image generation from the latent

space with a single network pass. We dub the resulting

model class Latent Diffusion Models (LDMs).

A notable advantage of this approach is that we need to

train the universal autoencoding stage only once and can

therefore reuse it for multiple DM trainings or to explore

possibly completely different tasks [78]. This enables effi-

cient exploration of a large number of diffusion models for

various image-to-image and text-to-image tasks. For the lat-

ter, we design an architecture that connects transformers to

the DM’s UNet backbone [69] and enables arbitrary types

of token-based conditioning mechanisms, see Sec. 3.3.

In sum, our work makes the following contributions:

(i) In contrast to purely transformer-based approaches

[23, 64], our method scales more graceful to higher dimen-

sional data and can thus (a) work on a compression level

which provides more faithful and detailed reconstructions

than previous work (see Fig. 1) and (b) can be efficiently

Figure 2. Illustrating perceptual and semantic compression: Most

bits of a digital image correspond to imperceptible details. While

DMs allow to suppress this semantically meaningless information

by minimizing the responsible loss term, gradients (during train-

ing) and the neural network backbone (training and inference) still

need to be evaluated on all pixels, leading to superfluous compu-

tations and unnecessarily expensive optimization and inference.

We propose latent diffusion models (LDMs) as an effective gener-

ative model and a separate mild compression stage that only elim-

inates imperceptible details. Data and images from [29].

applied to high-resolution synthesis of megapixel images.

(ii) We achieve competitive performance on multiple

tasks (unconditional image synthesis, inpainting, stochastic

super-resolution) and datasets while significantly lowering

computational costs. Compared to pixel-based diffusion ap-

proaches, we also significantly decrease inference costs.

(iii) We show that, in contrast to previous work [90]

which learns both an encoder/decoder architecture and a

score-based prior simultaneously, our approach does not re-

quire a delicate weighting of reconstruction and generative

abilities. This ensures extremely faithful reconstructions

and requires very little regularization of the latent space.

(iv) We find that for densely conditioned tasks such

as super-resolution, inpainting and semantic synthesis, our

model can be applied in a convolutional fashion and render

large, consistent images of ∼ 10242 px.

(v) Moreover, we design a general-purpose conditioning

mechanism based on cross-attention, enabling multi-modal

training. We use it to train class-conditional, text-to-image

and layout-to-image models.

(vi) Finally, we release pretrained latent diffusion

and autoencoding models at https : / / github .

com/CompVis/latent-diffusion which might be

reusable for a various tasks besides training of DMs [78].

2. Related Work
Generative Models for Image Synthesis The high di-

mensional nature of images presents distinct challenges

to generative modeling. Generative Adversarial Networks

(GAN) [26] allow for efficient sampling of high resolution

images with good perceptual quality [3, 41], but are diffi-

10685
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Diffusion (w/ classifier 
guidance) Training SetBigGAN
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Latent Diffusion 
Model

CelebAHQ FFHQ LSUN-Churches LSUN-Beds ImageNet

Figure 4. Samples from LDMs trained on CelebAHQ [38], FFHQ [40], LSUN-Churches [98], LSUN-Bedrooms [98] and class-conditional

ImageNet [12], each with a resolution of 256× 256. Best viewed when zoomed in. For more samples cf . the supplement.

Based on image-conditioning pairs, we then learn the

conditional LDM via

LLDM := EE(x),y,ε∼N (0,1),t

[

‖ε−εθ(zt, t, τθ(y))‖
2
2

]

, (3)

where both τθ and εθ are jointly optimized via Eq. 3. This

conditioning mechanism is flexible as τθ can be parameter-

ized with domain-specific experts, e.g. (unmasked) trans-

formers [94] when y are text prompts (see Sec. 4.3.1)

4. Experiments

LDMs provide means to flexible and computationally

tractable diffusion based image synthesis also including

high-resolution generation of various image modalities,

which we empirically show in the following. Firstly, how-

ever, we analyze the gains of our models compared to pixel-

based diffusion models in both training and inference. Inter-

estingly, we find that LDMs trained in VQ-regularized latent

spaces achieve better sample quality, even though the recon-

struction capabilities of VQ-regularized first stage models

slightly fall behind those of their continuous counterparts,

cf . Tab. 8. Therefore, we evaluate VQ-regularized LDMs

in the remainder of the paper, unless stated differently. A

visual comparison between the effects of first stage regu-

larization schemes on LDM training and their generaliza-

tion abilities to resolutions higher than 2562 can be found

in Appendix C.1. In D.2 we furthermore list details on ar-

chitecture, implementation, training and evaluation for all

results presented in this section.

4.1. On Perceptual Compression Tradeoffs

This section analyzes the behavior of our LDMs with dif-

ferent downsampling factors f ∈ {1, 2, 4, 8, 16, 32} (abbre-

viated as LDM-f , where LDM-1 corresponds to pixel-based

DMs). To obtain a comparable test-field, we fix the com-

putational resources to a single NVIDIA A100 for all ex-

periments in this section and train all models for the same

number of steps and with the same number of parameters.

Tab. 8 shows hyperparameters and reconstruction perfor-

mance of the first stage models used for the LDMs com-

pared in this section. Fig. 5 shows sample quality as a func-

tion of training progress for 2M steps of class-conditional

Figure 5. Analyzing the training of class-conditional LDMs with

different downsampling factors f over 2M train steps on the Im-

ageNet dataset. Pixel-based LDM-1 requires substantially larger

train times compared to models with larger downsampling factors

(LDM-{4-16}). Too much perceptual compression as in LDM-32

limits the overall sample quality. All models are trained on a sin-

gle NVIDIA A100 with the same computational budget. Results

obtained with 100 DDIM steps [81] and κ = 0.

Figure 6. Inference speed vs sample quality: Comparing

LDMs with different amounts of compression on the CelebA-HQ

(left) and ImageNet (right) datasets. Different markers indicate

{10, 20, 50, 100, 200} sampling steps with the DDIM sampler,

counted from right to left along each line. The dashed line shows

the FID scores for 200 steps, indicating the strong performance

of LDM-{4-8} compared to models with different compression

ratios. FID scores assessed on 5000 samples. All models were

trained for 500k (CelebA) / 2M (ImageNet) steps on an A100.

models on the ImageNet [12] dataset. We see that, i) small

downsampling factors for LDM-{1,2} result in slow train-

ing progress, whereas ii) overly large values of f cause stag-

nating fidelity after comparably few training steps. Revis-

iting the analysis above (Fig. 1 and 2) we attribute this to

i) leaving most of perceptual compression to the diffusion

model and ii) too strong first stage compression resulting

in information loss and thus limiting the achievable qual-

ity. LDM-{4-16} strike a good balance between efficiency

and perceptually faithful results, which manifests in a sig-

10688

FID (Frechet inception distance)

- 생성 이미지와 실제 이미지의 분

포를 비교 (작을수록 좋음)

- Martin et al., NeurIPS, 2017

CelebAHQ FFHQ LSUN-Churches LSUN-Beds ImageNet

Figure 4. Samples from LDMs trained on CelebAHQ [38], FFHQ [40], LSUN-Churches [98], LSUN-Bedrooms [98] and class-conditional

ImageNet [12], each with a resolution of 256× 256. Best viewed when zoomed in. For more samples cf . the supplement.

Based on image-conditioning pairs, we then learn the

conditional LDM via

LLDM := EE(x),y,ε∼N (0,1),t

[

‖ε−εθ(zt, t, τθ(y))‖
2
2

]

, (3)

where both τθ and εθ are jointly optimized via Eq. 3. This

conditioning mechanism is flexible as τθ can be parameter-

ized with domain-specific experts, e.g. (unmasked) trans-

formers [94] when y are text prompts (see Sec. 4.3.1)

4. Experiments

LDMs provide means to flexible and computationally

tractable diffusion based image synthesis also including

high-resolution generation of various image modalities,

which we empirically show in the following. Firstly, how-

ever, we analyze the gains of our models compared to pixel-

based diffusion models in both training and inference. Inter-

estingly, we find that LDMs trained in VQ-regularized latent

spaces achieve better sample quality, even though the recon-

struction capabilities of VQ-regularized first stage models

slightly fall behind those of their continuous counterparts,

cf . Tab. 8. Therefore, we evaluate VQ-regularized LDMs

in the remainder of the paper, unless stated differently. A

visual comparison between the effects of first stage regu-

larization schemes on LDM training and their generaliza-

tion abilities to resolutions higher than 2562 can be found

in Appendix C.1. In D.2 we furthermore list details on ar-

chitecture, implementation, training and evaluation for all

results presented in this section.

4.1. On Perceptual Compression Tradeoffs

This section analyzes the behavior of our LDMs with dif-

ferent downsampling factors f ∈ {1, 2, 4, 8, 16, 32} (abbre-

viated as LDM-f , where LDM-1 corresponds to pixel-based

DMs). To obtain a comparable test-field, we fix the com-

putational resources to a single NVIDIA A100 for all ex-

periments in this section and train all models for the same

number of steps and with the same number of parameters.

Tab. 8 shows hyperparameters and reconstruction perfor-

mance of the first stage models used for the LDMs com-

pared in this section. Fig. 5 shows sample quality as a func-

tion of training progress for 2M steps of class-conditional

Figure 5. Analyzing the training of class-conditional LDMs with

different downsampling factors f over 2M train steps on the Im-

ageNet dataset. Pixel-based LDM-1 requires substantially larger

train times compared to models with larger downsampling factors

(LDM-{4-16}). Too much perceptual compression as in LDM-32

limits the overall sample quality. All models are trained on a sin-

gle NVIDIA A100 with the same computational budget. Results

obtained with 100 DDIM steps [81] and κ = 0.

Figure 6. Inference speed vs sample quality: Comparing

LDMs with different amounts of compression on the CelebA-HQ

(left) and ImageNet (right) datasets. Different markers indicate

{10, 20, 50, 100, 200} sampling steps with the DDIM sampler,

counted from right to left along each line. The dashed line shows

the FID scores for 200 steps, indicating the strong performance

of LDM-{4-8} compared to models with different compression

ratios. FID scores assessed on 5000 samples. All models were

trained for 500k (CelebA) / 2M (ImageNet) steps on an A100.

models on the ImageNet [12] dataset. We see that, i) small

downsampling factors for LDM-{1,2} result in slow train-

ing progress, whereas ii) overly large values of f cause stag-

nating fidelity after comparably few training steps. Revis-

iting the analysis above (Fig. 1 and 2) we attribute this to

i) leaving most of perceptual compression to the diffusion

model and ii) too strong first stage compression resulting

in information loss and thus limiting the achievable qual-

ity. LDM-{4-16} strike a good balance between efficiency

and perceptually faithful results, which manifests in a sig-
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LDM-f: f is 
subsamplnig 
factor
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Latent Diffusion Model

z ∈ R
h×w×c. Importantly, the encoder downsamples the

image by a factor f = H/h = W/w, and we investigate

different downsampling factors f = 2m, with m ∈ N.

In order to avoid arbitrarily high-variance latent spaces,

we experiment with two different kinds of regularizations.

The first variant, KL-reg., imposes a slight KL-penalty to-

wards a standard normal on the learned latent, similar to a

VAE [45, 67], whereas VQ-reg. uses a vector quantization

layer [93] within the decoder. This model can be interpreted

as a VQGAN [23] but with the quantization layer absorbed

by the decoder. Because our subsequent DM is designed

to work with the two-dimensional structure of our learned

latent space z = E(x), we can use relatively mild compres-

sion rates and achieve very good reconstructions. This is

in contrast to previous works [23, 64], which relied on an

arbitrary 1D ordering of the learned space z to model its

distribution autoregressively and thereby ignored much of

the inherent structure of z. Hence, our compression model

preserves details of x better (see Tab. 8). The full objective

and training details can be found in the supplement.

3.2. Latent Diffusion Models

Diffusion Models [79] are probabilistic models designed to

learn a data distribution p(x) by gradually denoising a nor-

mally distributed variable, which corresponds to learning

the reverse process of a fixed Markov Chain of length T .

For image synthesis, the most successful models [15,29,70]

rely on a reweighted variant of the variational lower bound

on p(x), which mirrors denoising score-matching [82].

These models can be interpreted as an equally weighted

sequence of denoising autoencoders εθ(xt, t); t = 1 . . . T ,

which are trained to predict a denoised variant of their input

xt, where xt is a noisy version of the input x. The corre-

sponding objective can be simplified to (Sec. A)

LDM = Ex,ε∼N (0,1),t

[

‖ε− εθ(xt, t)‖
2
2

]

, (1)

with t uniformly sampled from {1, . . . , T}.

Generative Modeling of Latent Representations With

our trained perceptual compression models consisting of E
and D, we now have access to an efficient, low-dimensional

latent space in which high-frequency, imperceptible details

are abstracted away. Compared to the high-dimensional

pixel space, this space is more suitable for likelihood-based

generative models, as they can now (i) focus on the impor-

tant, semantic bits of the data and (ii) train in a lower di-

mensional, computationally much more efficient space.

Unlike previous work that relied on autoregressive,

attention-based transformer models in a highly compressed,

discrete latent space [23, 64, 99], we can take advantage of

image-specific inductive biases that our model offers. This

includes the ability to build the underlying UNet primar-

ily from 2D convolutional layers, and further focusing the
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more general cross-attention mechanism. See Sec. 3.3

objective on the perceptually most relevant bits using the

reweighted bound, which now reads

LLDM := EE(x),ε∼N (0,1),t

[

‖ε− εθ(zt, t)‖
2
2

]

. (2)

The neural backbone εθ(◦, t) of our model is realized as a

time-conditional UNet [69]. Since the forward process is

fixed, zt can be efficiently obtained from E during training,

and samples from p(z) can be decoded to image space with

a single pass through D.

3.3. Conditioning Mechanisms

Similar to other types of generative models [55, 80],

diffusion models are in principle capable of modeling

conditional distributions of the form p(z|y). This can

be implemented with a conditional denoising autoencoder

εθ(zt, t, y) and paves the way to controlling the synthesis

process through inputs y such as text [66], semantic maps

[32, 59] or other image-to-image translation tasks [33].

In the context of image synthesis, however, combining

the generative power of DMs with other types of condition-

ings beyond class-labels [15] or blurred variants of the input

image [70] is so far an under-explored area of research.

We turn DMs into more flexible conditional image gener-

ators by augmenting their underlying UNet backbone with

the cross-attention mechanism [94], which is effective for

learning attention-based models of various input modali-

ties [34,35]. To pre-process y from various modalities (such

as language prompts) we introduce a domain specific en-

coder τθ that projects y to an intermediate representation

τθ(y) ∈ R
M×dτ , which is then mapped to the intermediate

layers of the UNet via a cross-attention layer implementing

Attention(Q,K, V ) = softmax
(

QKT

√
d

)

· V , with

Q = W
(i)
Q · ϕi(zt), K = W

(i)
K · τθ(y), V = W

(i)
V · τθ(y).

Here, ϕi(zt) ∈ R
N×di

ε denotes a (flattened) intermediate

representation of the UNet implementing εθ and W
(i)
V ∈

R
d×di

ε , W
(i)
Q ∈ R

d×dτ & W
(i)
K ∈ R

d×dτ are learnable pro-

jection matrices [35, 94]. See Fig. 3 for a visual depiction.
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wards a standard normal on the learned latent, similar to a
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layer [93] within the decoder. This model can be interpreted

as a VQGAN [23] but with the quantization layer absorbed

by the decoder. Because our subsequent DM is designed
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distribution autoregressively and thereby ignored much of

the inherent structure of z. Hence, our compression model
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pixel space, this space is more suitable for likelihood-based

generative models, as they can now (i) focus on the impor-

tant, semantic bits of the data and (ii) train in a lower di-

mensional, computationally much more efficient space.

Unlike previous work that relied on autoregressive,

attention-based transformer models in a highly compressed,

discrete latent space [23, 64, 99], we can take advantage of

image-specific inductive biases that our model offers. This
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ators by augmenting their underlying UNet backbone with

the cross-attention mechanism [94], which is effective for

learning attention-based models of various input modali-

ties [34,35]. To pre-process y from various modalities (such
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fixed, zt can be efficiently obtained from E during training,

and samples from p(z) can be decoded to image space with

a single pass through D.
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the generative power of DMs with other types of condition-

ings beyond class-labels [15] or blurred variants of the input
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the cross-attention mechanism [94], which is effective for

learning attention-based models of various input modali-

ties [34,35]. To pre-process y from various modalities (such
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coder τθ that projects y to an intermediate representation
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· V , with

Q = W
(i)
Q · ϕi(zt), K = W

(i)
K · τθ(y), V = W

(i)
V · τθ(y).

Here, ϕi(zt) ∈ R
N×di

ε denotes a (flattened) intermediate

representation of the UNet implementing εθ and W
(i)
V ∈

R
d×di

ε , W
(i)
Q ∈ R

d×dτ & W
(i)
K ∈ R

d×dτ are learnable pro-

jection matrices [35, 94]. See Fig. 3 for a visual depiction.

10687

CelebAHQ FFHQ LSUN-Churches LSUN-Beds ImageNet

Figure 4. Samples from LDMs trained on CelebAHQ [38], FFHQ [40], LSUN-Churches [98], LSUN-Bedrooms [98] and class-conditional

ImageNet [12], each with a resolution of 256× 256. Best viewed when zoomed in. For more samples cf . the supplement.

Based on image-conditioning pairs, we then learn the

conditional LDM via

LLDM := EE(x),y,ε∼N (0,1),t

[

‖ε−εθ(zt, t, τθ(y))‖
2
2

]

, (3)

where both τθ and εθ are jointly optimized via Eq. 3. This

conditioning mechanism is flexible as τθ can be parameter-

ized with domain-specific experts, e.g. (unmasked) trans-

formers [94] when y are text prompts (see Sec. 4.3.1)

4. Experiments

LDMs provide means to flexible and computationally

tractable diffusion based image synthesis also including

high-resolution generation of various image modalities,

which we empirically show in the following. Firstly, how-

ever, we analyze the gains of our models compared to pixel-

based diffusion models in both training and inference. Inter-

estingly, we find that LDMs trained in VQ-regularized latent

spaces achieve better sample quality, even though the recon-

struction capabilities of VQ-regularized first stage models

slightly fall behind those of their continuous counterparts,

cf . Tab. 8. Therefore, we evaluate VQ-regularized LDMs

in the remainder of the paper, unless stated differently. A

visual comparison between the effects of first stage regu-

larization schemes on LDM training and their generaliza-

tion abilities to resolutions higher than 2562 can be found

in Appendix C.1. In D.2 we furthermore list details on ar-

chitecture, implementation, training and evaluation for all

results presented in this section.

4.1. On Perceptual Compression Tradeoffs

This section analyzes the behavior of our LDMs with dif-

ferent downsampling factors f ∈ {1, 2, 4, 8, 16, 32} (abbre-

viated as LDM-f , where LDM-1 corresponds to pixel-based

DMs). To obtain a comparable test-field, we fix the com-

putational resources to a single NVIDIA A100 for all ex-

periments in this section and train all models for the same

number of steps and with the same number of parameters.

Tab. 8 shows hyperparameters and reconstruction perfor-

mance of the first stage models used for the LDMs com-

pared in this section. Fig. 5 shows sample quality as a func-

tion of training progress for 2M steps of class-conditional

Figure 5. Analyzing the training of class-conditional LDMs with

different downsampling factors f over 2M train steps on the Im-

ageNet dataset. Pixel-based LDM-1 requires substantially larger

train times compared to models with larger downsampling factors

(LDM-{4-16}). Too much perceptual compression as in LDM-32

limits the overall sample quality. All models are trained on a sin-

gle NVIDIA A100 with the same computational budget. Results

obtained with 100 DDIM steps [81] and κ = 0.

Figure 6. Inference speed vs sample quality: Comparing

LDMs with different amounts of compression on the CelebA-HQ

(left) and ImageNet (right) datasets. Different markers indicate

{10, 20, 50, 100, 200} sampling steps with the DDIM sampler,

counted from right to left along each line. The dashed line shows

the FID scores for 200 steps, indicating the strong performance

of LDM-{4-8} compared to models with different compression

ratios. FID scores assessed on 5000 samples. All models were

trained for 500k (CelebA) / 2M (ImageNet) steps on an A100.

models on the ImageNet [12] dataset. We see that, i) small

downsampling factors for LDM-{1,2} result in slow train-

ing progress, whereas ii) overly large values of f cause stag-

nating fidelity after comparably few training steps. Revis-

iting the analysis above (Fig. 1 and 2) we attribute this to

i) leaving most of perceptual compression to the diffusion

model and ii) too strong first stage compression resulting

in information loss and thus limiting the achievable qual-

ity. LDM-{4-16} strike a good balance between efficiency

and perceptually faithful results, which manifests in a sig-
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(conditional LDM)

§ Latent 공간에서 diffusion forward/reverse 수행

§ Attention이 추가된 형태의 U-Net 구조 사용

§ 텍스트, 이미지 등의 입력을 받아 conditional LDM 학습 가능

§ Encoder/Decoder를 사용하여 원래 이미지 공간에서/으로 변환
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OpenAI: DALL-E2 (Text-to-Image)
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Teddy bears mixing sparkling 
chemicals as mad scientists

An astronaut riding a horse in a 
photorealistic style

A bowl of soup as a planet in the 
universe

•https://openai.com/dall-e-2/

Latent Diffusion Model
CelebA-HQ 256× 256 FFHQ 256× 256

Method FID ↓ Prec. ↑ Recall ↑ Method FID ↓ Prec. ↑ Recall ↑

DC-VAE [61] 15.8 - - ImageBART [21] 9.57 - -

VQGAN+T. [23] (k=400) 10.2 - - U-Net GAN (+aug) [75] 10.9 (7.6) - -

PGGAN [38] 8.0 - - UDM [42] 5.54 - -

LSGM [90] 7.22 - - StyleGAN [40] 4.16 0.71 0.46

UDM [42] 7.16 - - ProjectedGAN [74] 3.08 0.65 0.46

LDM-4 (ours, 500-s†) 5.11 0.72 0.49 LDM-4 (ours, 200-s) 4.98 0.73 0.50

LSUN-Churches 256× 256 LSUN-Bedrooms 256× 256

Method FID ↓ Prec. ↑ Recall ↑ Method FID ↓ Prec. ↑ Recall ↑

DDPM [29] 7.89 - - ImageBART [21] 5.51 - -

ImageBART [21] 7.32 - - DDPM [29] 4.9 - -

PGGAN [38] 6.42 - - UDM [42] 4.57 - -

StyleGAN [40] 4.21 - - StyleGAN [40] 2.35 0.59 0.48

StyleGAN2 [41] 3.86 - - ADM [15] 1.90 0.66 0.51

ProjectedGAN [74] 1.59 0.61 0.44 ProjectedGAN [74] 1.52 0.61 0.34

LDM-8∗ (ours, 200-s) 4.02 0.64 0.52 LDM-4 (ours, 200-s) 2.95 0.66 0.48

Table 1. Evaluation metrics for unconditional image synthe-

sis. CelebA-HQ results reproduced from [42, 61, 96], FFHQ from

[41, 42]. †: N -s refers to N sampling steps with the DDIM [81]

sampler. ∗: trained in KL-regularized latent space. Additional re-

sults can be found in the supplementary.

nificant FID [28] gap of 38 between pixel-based diffusion

(LDM-1) and LDM-8 after 2M training steps.

In Fig. 6, we compare models trained on CelebA-

HQ [38] and ImageNet in terms sampling speed for differ-

ent numbers of denoising steps with the DDIM sampler [81]

and plot it against FID-scores [28]. LDM-{4-8} outper-

form models with unsuitable ratios of perceptual and con-

ceptual compression. Especially compared to pixel-based

LDM-1, they achieve much lower FID scores while simulta-

neously significantly increasing sample throughput. Com-

plex datasets such as ImageNet require reduced compres-

sion rates to avoid reducing quality. Summarized, we ob-

serve that LDM-4 and -8 lie in the best behaved regime for

achieving high-quality synthesis results.

Text-Conditional Image Synthesis

DALL-E† [64] CogView† [17] Lafite† [105] LDM-KL-8 LDM-KL-8-G∗

FID ↓ 27.50 27.10 26.94 23.35 12.61

IS ↑ 17.90 18.20 26.02 19.93±0.35 26.62±0.38

Table 2. Evaluation of text-conditional image synthesis on

the MS-COCO [50] dataset: Our model outperforms autoregres-

sive [17, 64] and GAN-based [105] methods by a significant

margin when using 250 DDIM [81] steps .†: Numbers taken

from [105]. ∗: Classifier-free guidance [31], scale 1.5.

4.2. Image Generation with Latent Diffusion
We train unconditional models of 2562 images on

CelebA-HQ [38], FFHQ [40], LSUN-Churches and

-Bedrooms [98] and evaluate the i) sample quality and ii)

their coverage of the data manifold using ii) FID [28] and

ii) Precision-and-Recall [49]. Tab. 1 summarizes our re-

sults. On CelebA-HQ, we report a new state-of-the-art FID

of 5.11, outperforming previous likelihood-based models as

well as GANs. We also outperform LSGM [90] where a la-

tent diffusion model is trained jointly together with the first

stage. In contrast, we train diffusion models in a fixed space

and avoid the difficulty of weighing reconstruction quality

against learning the prior over the latent space, see Fig. 1-2.

We outperform prior diffusion based approaches on all

but the LSUN-Bedrooms dataset, where our score is close

“A street sign that reads

’Latent Diffusion’

“An oil painting

of a space shuttle”

Figure 7. Top: Samples from our LDM for layout-to-image syn-

thesis on COCO [4]. Quantitative evaluation in the supplement.

Bottom: Samples from our text-to-image LDM model for user-

defined text prompts, which is trained on LAION-400M [76].

to ADM [15], despite utilizing half its parameters and re-

quiring 4-times less train resources (see Appendix D.3.5).

Moreover, LDMs consistently improve upon GAN-based

methods in Precision and Recall, thus confirming the ad-

vantages of their mode-covering likelihood-based training

objective over adversarial approaches. In Fig. 4 we also

show qualitative results on each dataset.

4.3. Conditional Latent Diffusion

4.3.1 Transformer Encoders for LDMs

By introducing cross-attention based conditioning into

LDMs we open them up for various conditioning modalities

previously unexplored for diffusion models. For text-to-

image image modeling, we train a 1.45B parameter model

conditioned on language prompts on LAION-400M [76].

We employ the BERT-tokenizer [14] and implement τθ as

a transformer [94] to infer a latent code which is mapped

into the UNet via cross-attention (Sec. 3.3). This combi-

nation of domain specific experts for learning a language

representation and visual synthesis results in a powerful

model, which generalizes well to complex, user-defined text

prompts, cf . Fig. 7 and 14. For quantitative analysis, we fol-

low prior work and evaluate text-to-image generation on the

MS-COCO [50] validation set, where our model improves

upon powerful AR [17,64] and GAN-based [105] methods,

cf . Tab. 2. We note that applying classifier-free diffusion

guidance [31] greatly boosts sample quality. To further ana-

lyze the flexibility of the cross-attention based conditioning

mechanism we also train models to synthesize images based

on semantic layouts on OpenImages [48], and finetune on

COCO [4], see Fig. 7. See Sec. C.4 for the quantitative

evaluation and implementation details.

Lastly, following prior work [3, 15, 21, 23], we evalu-

ate our best-performing class-conditional ImageNet mod-
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Text-to-image
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Impressive conditional diffusion models
Text-to-image generation

“a propaganda poster depicting a cat dressed as french
emperor napoleon holding a piece of cheese”

“A photo of a raccoon wearing an astronaut helmet, 
looking out of the window at night.”

DALL·E 2 IMAGEN

Ramesh et al., “Hierarchical Text-Conditional Image Generation with CLIP Latents”, arXiv 2022. 
Saharia et al., “Photorealistic Text-to-Image Diffusion Models with Deep Language Understanding”, arXiv 2022. DALLE-E2 (OpenAI): Ramesh et al., Hierarchical Text-Conditional Image Generation with CLIP Latents, arXiv 2022.

IMAGEN (Google): Saharia et al., Photorealistic Text-to-Image Diffusion Models with Deep Language Understanding, arXiv 2022.

Google: Imagen (Text-to-Image)

53Copyright (c) 2025 Sangkyun Lee 

A cute corgi lives in a house made of 
sushi

A majestic oil painting of a raccoon 
Queen wearing red French royal 

gown. 

A robot couple fine-dining with the 
Eiffel Tower in the background

https://imagen.research.google/
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Google: Imagen Video (Text-to-Video)
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Meta AI: Make-A-Video (Text-to-Video)

55Copyright (c) 2025 Sangkyun Lee 

A young couple walking in heavy 
rain

Horse drinking waterAn artist’s brush painting on a 
canvas close up

https://makeavideo.studio/?fbclid=IwAR30C-wvfSfvMfaLH-5uWN3I39SgttjfI7SCu_L-Kffmm7il9F4LFGHUSAg
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이미지 생성형 모델

§ Diffusion 모델: stochastic process에 기반한 이미지 생성 AI 모델

§ 많은 서비스 등장
§ Stable Diffusion, DALL-E2, Imagen, Midjourney, Leonardo.Ai, Bing, Adobe Firefly, 

InstantArt, NightCafe, Lexica, Playground AI, OpenAI Sora

§ 생성 비용 절감, 이미지 퀄리티 향상, 쉬운 프롬프팅, 다양한 입력 처리 등 다양한 측면에서
발전될 것으로 전망됨
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SORA (OpenAI)
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초거대 AI의 잠재 위협 평가 필요성

§ AI의 잠재적 기능이 인류의 가치 기준에 부합하는지 평가 필요성 강조

§ 초거대 AI가 가질 수 있는 잠재적 위험 기능: 새로운 사이버 공격 제작, 기만, 설득 및 조종, 정치 선동, 무기

탈취 및 제조, 장기 계획, AI에 의한 AI 제작, 상황 인식, 자기 복제
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Model evaluations for extreme risks, DeepMind et al., 2023.5

정보 진위 판별 이슈
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펜타곤 폭발 가짜 뉴스와 S&P 500 지수 -30p 변동
(May 22, www.livemint.com)

Real ?

Real ?

미 정치인 발언 영상, (CBS News, June 4)

Fake

Real
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감사합니다
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Safe, Secure and Trustworthy AI

61Copyright (c) 2025 Sangkyun Lee 

바이든행정명령 (10.30, 2023)




