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What is Diffusion model?

Noise Pure Image

path

curved paths require many integration steps to simulate the process

➔ 이미지 생성 시 많은 시간 소요
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What is Rectified Flow?

define the forward process as straight paths between the 
data distribution and a standard normal distribution



What is Rectified Flow?

: Regress velocity → Regress Noise 
Mathematical Part of this 
paper , Section 2

intractable
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What is Rectified Flow?

실제 노이즈와 모델이 예측한 노이즈 차이가 줄도록
손실함수 설계



What is Rectified Flow?

• 이론적으로 단순

• 소수의 스텝으로 샘플링 가능( i.e. 이미지 생성 가능)

• 작은 혹은 중간 사이즈의 데이터에서는 이점이 증명되었지만 class-

conditional model에 국한
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기존의 Rectified Flow 방법을

1. Timestep sampling

2. Text-to-Image Architecture

3. Scaling

고해상도 Text-to-Image: 
기존 모델 대비 성능 우위 확보



Timestep improvement

RF loss trains the velocity uniformly on all timesteps in [0,1]



Timestep improvement

RF loss trains the velocity uniformly on all timesteps in [0,1]

Hypothesis: 중간 시간대(t)의 속도 예측이 양 끝단보다 더 어렵다

1. Logit-Normal Sampling

2. Mode Sampling with Heavy Tails

3. CosMap
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Timestep improvement-Logit-Normal Sampling

Parameter = m and s

m= 좌우 편향
s=  높이
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Timestep improvement- Mode Sampling with 
Heavy Tails

Parameter = s

S(+) : 가운데를 선호
S(-)  : 양 끝을 선호

Remark: for s = 0,
the probability density function is 



Timestep improvement- CosMap



Text-to-Image Architecture- LDM

Diffusion process를 각 픽셀에 대해 실행
→ Slow
→ Requires large computing power

Latent Diffusion Model (LDM)
Diffusion process를 압축된 이미지에 대해 진행
→ Autoencoder (VAE) 활용

Encoder DecoderOriginal 
Image

Generated
Image

Latent
(L0)

Latent
(L1)

Nosing
Process

Denoising 
Process

Diffusion
Process



Text-to-Image Architecture- MM-DiT

Timestep info

Image data
(latent)

Text data Input to the model 

- Text data (Caption)

: 답지 – 생성된 이미지가 나타내야 하는 이미지의 정보

- Timestep info (how much noise is in the image)

: 얼마나 많은 denoising step이 필요한지

- Image data (Image encoded by LDM method)

: noise가 있는 압축된 이미지
Text token

Image token

Flattens image data 
into a sequence

Timestep + text info

Input to MM-DiT

- Text token (c)

: 3가지 text encoder를 통해 얻은 token들을 합한 벡터

- Timestep + text info (y)

: Timestep info와 축소된 Text token을 더한 벡터

- Image token (x)

: Patching을 통해 sequence가 된 noised latent



Text-to-Image Architecture- MM-DiT

Multi-Modal Diffusion Transformer (MM-DiT)

- 기존 모델 (Stable Diffusion 2.x)

: Denoising에 U-Net (CNN 모델) 사용

- DiT (Diffusion Transformer)

: U-Net 대신 Transformer 사용

: 하지만 image token들 사이에만 Self-Attention을 사용한 뒤

text token–image token 사이에 Cross-Attention 사용 

-> text token과 image token에 모두 Attention이 실행되는 것이 

아닌, 특정 과정마다 text token이 ‘참고’됨

: 복잡한 프롬프트(text token)을 처리하지 못하고, 글자가 들어가는 

이미지를 정확하게 생성하지 못함 (오타 등)
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Multi-Modal Diffusion Transformer (MM-DiT)

- MM-DiT

: Joint Self-Attention을 사용해 image token과 text token을 

하나의 sequence로 이어붙여 transformer에 입력됨

-> image token과 text token이 하나의 Self-Attention 과정을 

거치며 서로 참고됨

: image token과 text token이 각각 동일하게 Attention 과정을 거침

-> 복잡한 프롬프트(text token)을 잘 처리하고, 글자가 들어가는 이

미지를 정확하게 생성할 수 있음



Text-to-Image Architecture- MM-DiT

timestep + text token (y)
: 모델에게 timestep과 text token의 
전반적인 내용을 계속해서 전달

Mod (Modulation)
: token의 분포를 y token의 정보에 
기반해 이동시킴

Concatenation
: image token과 text token을
이어붙여 하나의 input sequence로 
만듦



Text-to-Image Architecture- MM-DiT

각각의 concatenated sequence들은
각각 Query (Q), Key (K), Value (V)가 
되어 Attention 모델에 입력됨

Concatenation
: text token과 image token을
이어붙여 하나의 input sequence로 
만듦
-> 이론적으로 text와 image 외에도 
video, audio 등의 data도 추가 가능
=> Multi-Modal

Output은 다시 text token과 image 
token으로 나뉘어 과정을 거쳐감



Improving Rectified Flows

What is improved?

- Training process for Rectified Flow models

- What is the most efficient and effective 

method for training (flow trajectory)?

What method is the best?

- RF loss with Logit-Normal Sampling 

(rf/lognorm(0.00, 1.00))

*FID Score (낮을수록 좋음)
: Image가 얼마나 현실적인가? 
– 얼마나 현실의 이미지와 비슷한지, 얼마나 image의 quality가 좋은지
*CLIP Score (높을수록 좋음)
: Image가 얼마나 text와 일치하는가? 
- 생성된 image가 얼마나 prompt를 잘 표현하는지, 잘 반영하는지



Improving Autoencoders

What is improved?

- VAE improved using different number of latent channels 

What method is the best?

- Increasing the number of latent channels to 16 channels



Improving the Text-to-Image Backbones

What is improved?

- Neural network that does the denoising

- Which is better: existing models vs. this paper’s model (MM-DiT)?

What method is the best?

- MM-DiT (novel model introduced by this paper)

CLIP Score

FID Score



Improving Scaling for High Resolutions

What is improved?

- Added more noise for higher resolution 

images

: we need more noise to destroy high 

resolution images because they have 

more pixels.

What method is the best?

- Resolution-dependent timestep shift

with shift value = 3.0



Results: Comparison with Existing Models



Results: Sampling Efficiency



Results: Impact of Model Size on Performance

Image Video

Validation loss가 Training Steps와 Model Size가 증가할수록 감소

*Training FLOPs: total number of operations / total computational cost of a model



Results: Use of Validation Loss

Validation loss는 Model Performance를 효과적으로 나타낼 수 있는 

중요한 지표임

Image Video



Demo: Stable Diffusion 3

https://huggingface.co/spaces/stabilityai/stable-diffusion-3-medium
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Demo: SUNO

https://suno.com/create

https://suno.com/create


Conclusion

This paper

1. Proposed a novel timestep sampling method 

(RF loss Logit-Normal Sampling) for RF training 

2. Proposed MM-DiT architecture

3. Performed a scaling study with various variants to fine-tune the 

model

4. Showed that validation loss reflects both model performance and 

human preference evaluation
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