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Recap of last episodes...

Lectures 1, 2, 3
Generation paradigms

Diffusion

Score
matching

Flow
matching
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Recap of last episodes...

Lecture 4
Latent space, guidance

Variational AutoEncoder (VAE)
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Today's lecture

Model architecture

Generation
model

Today's lecture: Image generation architectures
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Problem statement

Noisy latent |

L
MO Generation Velocity
> >
t model ue(ajt,t7 C)

Condition | A teddy bear |
C | reading a book !
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Objective of this lecture

Generation
model
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A teddy bear
reading a book

Condition
C
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Could also be:

Make this teddy
bear dance

Condition
C
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Velocity

Ug (:Uta t? C)
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Velocity

Ug (:Uta t? C)

Could also be:
Noise Score
Ge(l‘t,ta C) SH(xtata C)
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Objective. Choose architecture for image generation with criteria below:

e Understand global structure

e Preserve local details

e Responsive to external signals (timestep, condition)

e Scalable computationally
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Intuition
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Intuition behind convolution-based models

Idea. Mimic human vision via "inductive" bias baked into the model

Stanford University ICME



Convolution operation with filters

Convolution filter.

Feature

!

detector

e.g. edges, corners, textures, patterns, shapes

Input

m Filter
B

Stanford University VIP cheatsheets on Convolutional Neural Networks, Amidi, 2018.

Feature map
aka

Activation map

ICME


https://github.com/afshinea/stanford-cs-230-deep-learning

Convolution operation with filters

Filter. Performs convolution operations on the input.

Filter 1 Filter 2 Filter K

Stanford University VIP cheatsheets on Convolutional Neural Networks, Amidi, 2018. ICM I:


https://github.com/afshinea/stanford-cs-230-deep-learning

Convolution operation with filters

Stride. Amount by which the filter moves.

Stanford UniVerSity VIP cheatsheets on Convolutional Neural Networks, Amidi, 2018. ICM t


https://github.com/afshinea/stanford-cs-230-deep-learning

Receptive field

Receptive field. Area that the activation map can "see"

Stanford UIliVerSity VIP cheatsheets on Convolutional Neural Networks, Amidi, 2018. ICM I:


https://github.com/afshinea/stanford-cs-230-deep-learning

Receptive field

Receptive field. Area that the activation map can "see"

Filter
size Stride

o/

7—1
A pixel can see an area of Ry x Ry, where Rp =1+ Z(F‘7 —1) H S;
j=1 i=0

Stanford UniVerSity VIP cheatsheets on Convolutional Neural Networks, Amidi, 2018. ICM I;


https://github.com/afshinea/stanford-cs-230-deep-learning

Downsampling with pooling operation

Pooling. Downsampling operation, per channel. Typically after convolution.

| avg e e max

Average pooling Max pooling

Stanford UniVerSity VIP cheatsheets on Convolutional Neural Networks, Amidi, 2018. ICM t


https://github.com/afshinea/stanford-cs-230-deep-learning

Upsampling with transpose convolution

Transpose convolution. Upsampling operation, equivalent of "broadcasting"

Input
feature map

Upsampled
feature map
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Proposal of a convolution-based architecture

64 64

input
image
tile

\4

392 x 392

572 x 572
570 x 570
568 x 568

¥ 125 128
256 128

002

ol O
ol o
o

284
2822

=} «
<]
3

¥ 26 25 512 256 t

Mie bea AL o
SN ol O S o
ol ol =
.

14

N R=)
o o
- -
512 512 1024 512

== 5 e
CEETT Y A

C 1024 f ki 0

o

]
@ ~

Stanford University  U-Net: Convolutional Networks for Biomedical Image Segmentation, Ronneberger et al., 2015.
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] . output

segmentation
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a3

o o M|

=»conv 3x3, ReLU
copy and crop
¥ max pool 2x2
4 up-conv 2x2

=» conv 1x1

Overview

Captures both local and global

features
Inductive bias that is relevant to
reverse diffusion process

Same dimensions for input / output
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https://arxiv.org/abs/1505.04597

U-Net; convolution-based architecture
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Stanford University Figure adapted from U-Net: Convolutional Networks for Biomedical Image Segmentation, Ronneberger et al., 2015. ICM =


https://arxiv.org/abs/1505.04597

U-Net: downsampling phase

o Downsampling
input e Mix of convolution and max pooling
e |
e Number of features is halved at each

'128128
step
i’; e Extraction of relevant features
é-: 'E =» conv 3x3, ReLU
— & ‘3' . . . " "
K A e Similar to an "Encoder
8 f.!'
L

Stanford University Figure adapted from U-Net: Convolutional Networks for Biomedical Image Segmentation, Ronneberger et al., 2015. ICM t


https://arxiv.org/abs/1505.04597

U-Net: upsampling phase

Upsampling

e Mix of up-convolution and
1”1 g:g:'::;ntation
R convolutions
e Number of features is doubled at
= each step
Sl E R
B e 1x1 convolution at the last step
“ér]'zltol =»conv 3x3, ReLU
1024 512 tg . i i
o oo before obtaining output
_55 B 4 up-conv 2x2
SR e Similarto a "Decoder"

Stanford University Figure adapted from U-Net: Convolutional Networks for Biomedical Image Segmentation, Ronneberger et al., 2015. ICM t


https://arxiv.org/abs/1505.04597

U-Net: residual connections

"Copy and crop" connections
e Avoids losing local information

e "Highway" of information

copy and crop

Stanford University Figure adapted from U-Net: Convolutional Networks for Biomedical Image Segmentation, Ronneberger et al., 2015. ICM t


https://arxiv.org/abs/1505.04597

U-Net: adding condition information

How can we add
time and class label
information?

Stanford University Figure adapted from U-Net: Convolutional Networks for Biomedical Image Segmentation, Ronneberger et al., 2015. ICM t


https://arxiv.org/abs/1505.04597

Representation of timestep

Hour (slow)
Minute (fast)

Second (very fast)
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Representation of timestep

Stanford University Figure adapted from Transformer Architecture: The Positional Encoding, Kazemnejad, 2019.

Timestep



https://kazemnejad.com/blog/transformer_architecture_positional_encoding/

Representation of class label

e Embedding corresponding to predefined class

Predefined class Vector

Stanford University ICME



Representation of class label

e Rich embeddings from a pretrained LLM

Freeform text
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U-Net: adding condition information

t,c
Method 1

Added to the feature map

Stanford University Figure adapted from U-Net: Convolutional Networks for Biomedical Image Segmentation, Ronneberger et al., 2015. ICM t


https://arxiv.org/abs/1505.04597

U-Net: adding condition information

Method 2

Modulate feature map via scaling /
shifting

Stanford University Figure adapted from U-Net: Convolutional Networks for Biomedical Image Segmentation, Ronneberger et al., 2015. ICM t


https://arxiv.org/abs/1505.04597

U-Net: adding condition information

Method 3

Cross-attention of condition with
feature map

Stanford University Figure adapted from U-Net: Convolutional Networks for Biomedical Image Segmentation, Ronneberger et al., 2015. ICM t


https://arxiv.org/abs/1505.04597

Timeline of U-Net-based models

U-Net in latent space

Original T
U-Net Wl Big U-Net with
J Stable Diffusion XL
N | ~ | | i
| ~ | hd | | U >
2015 2020 2021 2022 2023

U-Net in pixel space
with DDPM

Stanford University  Note: This timeline is not meant to be exhaustive in any way. ICM =



Timeline of U-Net-based models

Vision Transformer

Transformer
Original U-Net ||?ﬂl1a;t-eDnl;tnspace
U-Net Wl Big U-Net with
J Stable Diffusion XL
I — — — — I M\ 2\ I I J\
| ~ O | v I @, >
2015 2020 2021 2022 2023

U-Net in pixel space
with DDPM

Stanford University  Note: This timeline is not meant to be exhaustive in any way. ICM =
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Motivating example

Need to preserve local details

across long distances

Stanford University  /mage generated with ChatGPT, May 5th, 2026. ICME



Attention mechanism

Idea. Remove inductive bias

qteddy bear

Stanford University Attention Is All You Need, Vaswani et al., 2017, Figure from Super Study Guide: Transformers & LLMs, Amidi, 2024. ICM t


https://arxiv.org/abs/1706.03762
https://superstudy.guide/transformers-large-language-models/

Attention mechanism

Idea. Remove inductive bias

....................................................................................................

T T T T T
ka kcute kteddy bear k is k reading k ;

Stanford University Attention Is All You Need, Vaswani et al., 2017. Figure from Super Study Guide: Transformers & LLMs, Amidi, 2024. ICM =


https://arxiv.org/abs/1706.03762
https://superstudy.guide/transformers-large-language-models/

Attention mechanism

Idea. Remove inductive bias

Stanford University

....................................................................................................

T T T T T
ka kcute kteddy bear k is k reading k ;

Attention Is All You Need, Vaswani et al., 2017. Figure from Super Study Guide: Transformers & LLMs, Amidi, 2024. ICM =


https://arxiv.org/abs/1706.03762
https://superstudy.guide/transformers-large-language-models/

Transformer

Linear

Multi-head
attention layer

T

Scaled Dot-Product

u&h softmax Qﬁ |74

Attention
1l 1 L)
[ Linear Linear Linear
A A
V K Q

Stanford University Figures from Attention Is All You Need, Vaswani et al., 2017. Detailed explanations in Stanford's CME 295: Transformers and LLMs.
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Transformer
architecture
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https://arxiv.org/abs/1706.03762
https://cme295.stanford.edu/syllabus/

Transformer for vision understanding...

ViT = Vision Transformer

MLP
Head

Transformer Encoder

i - ) 0)8) o
[

* Extra learnable
Linear Projection of Flattened Patches ]

[class] embedding
T T ]

Stanford University An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale, Dosovitskiy et al., 2020.

Multi-Head
Attention

Embedded
Patches

ICME


https://arxiv.org/abs/2010.11929

...and Transformer for vision generation!

Stanford University

DiT = Diffusion Transformer

Noise

32x32x4
4

Linear and Reshape

)X

32x32x4

4

Layer Norm
N x DiT Block

| 1
Patchify = Embed

! I
Noised Timestep t

Latent !

32x32x4 Label y

Scalable Diffusion Models with Transformers, Peebles et al., 2022.
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https://arxiv.org/abs/2212.09748

DiT: tokenization

Patchify
|

Noised

Latent
32x32x4

of the input via patches

Input —
tokens

T = (I/p)?
A
Patchify
flx[xc <p-
S

Noised
latent

Stanford University Figures adapted from Scalable Diffusion Models with Transformers, Peebles et al., 2022.
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https://arxiv.org/abs/2212.09748

DiT: embedding of conditions

+1

Timestep
embedding

Position

Dimension

Embed
Label
1 1
ﬁmestept . ! teddy bear‘ :
. embedding
Label y
Vector
. . Figures adapted from Scalable Diffusion Models with Transformers, Peebles et al., 2022 and Transformer Architecture: The Positional Encoding,
Stanford University > ejad, 2019, |CM =


https://arxiv.org/abs/2212.09748
https://kazemnejad.com/blog/transformer_architecture_positional_encoding/

DiT: injecting conditions with adaptive layer norm

4 (‘b I

x>
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Stanford University Figures adapted from Scalable Diffusion Models with Transformers, Peebles et al., 2022. ICM =


https://arxiv.org/abs/2212.09748

DiT: injecting conditions with cross-attention
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Pointwise
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1
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Stanford University Figures adapted from Scalable Diffusion Models with Transformers, Peebles et al., 2022. ICM =


https://arxiv.org/abs/2212.09748

DiT: injecting conditions with in-context conditioning
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—

Pointwise
Feedforward

1
Layer Norm

Multi-Head
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Stanford University Figures adapted from Scalable Diffusion Models with Transformers, Peebles et al., 2022. ICM =


https://arxiv.org/abs/2212.09748

DiT: comparison of different condition injections

100 —0— XL/2 In-Context
A XL/2 Cross-Attention ~» Adaptive Layer Norm
80 —o— XL/2 adalLN \&/
—0— XL/2 adaLN-Zero
A4
TS
A 60
L
40
20

100K 200K 300K 400K
Training Steps

Stanford University Figure from Scalable Diffusion Models with Transformers, Peebles et al., 2022. ICIV! t


https://arxiv.org/abs/2212.09748

DiT: comparison of different condition injections

Adaptive Layer Norm

Stanford University  Figure from Scalable Diffusion Models with Transformers, Peebles et al., 2022. |CM =


https://arxiv.org/abs/2212.09748

Intuition behind adaptive layer norm

L1
L2
L Representation of a
L = ) patch embedding
Ld

Stanford University ICME



Intuition behind adaptive layer norm

L1

brown color — 513:10
round shape — 217:24
fluff local details — 513;39
white color —>$1:30
$5:12

Stanford University ICME



Intuition behind adaptive layer norm

L1 Conditions

brown color

________________________________________

round shape — $é4
5 — ().1 alotofnoise
fluff local details — L59 t 0
white color 4561.30 Need to focus on global structure
: since at the early stage of generation.
L512

Stanford University ICME



Intuition behind adaptive layer norm

L1 Conditions
brown color I L
:U]_() C brown fluffy teddy bear
round shape — $é4
5 = (). almost no noise
fluff local details — L59 t 0.9
white color 4561.30 Need to focus on local details since
: almost arriving at the final image.
L512

Stanford University ICME



Adaptive layer normalization

Idea. "Modulate" vector with respect to conditions (timestep and class label)

Stanford University ICME



Adaptive layer normalization

Steps.

1. Determine intensity of modulation as a function of conditions

H —I— H — Projection —» (X /y 6
Timestep  Class label \ ]/

t C Vectors

Stanford University ICME



Adaptive layer normalization

Steps.

2. Modulate token with quantities

Stanford University ICME



Adaptive layer normalization

Steps.

2. Modulate token with quantities

LN(x)

Stanford University ICME



Adaptive layer normalization

Steps.

2. Modulate token with quantities

LN(x) * (1 + )

Stanford University ICME



Adaptive layer normalization

Steps.

2. Modulate token with quantities

LN(x)*(1+~v)+

Stanford University ICME



Adaptive layer normalization

Steps.

2. Modulate token with quantities

Operation(LN(x) x (1 +v) + B)

Stanford University ICME



Adaptive layer normalization

Steps.

2. Modulate token with quantities

a * Operation(LN(x) x (1 + ) + 5)

Stanford University ICME



Adaptive layer normalization

Steps.

2. Modulate token with quantities

x + a * Operation(LN(x) x (1 4+ ) + B)

Stanford University ICME



Adaptive layer normalization

Steps.

2. Modulate token with quantities

r <— x + a x Operation(LN(x) x (1 + ) + B)

Stanford University ICME



Adaptive layer normalization

Steps.

2. Modulate token with quantities

r <— x + a* Operation(LN(zx) x (1 4+ ) + 5)

\ /

element-wise multiplication

Stanford University ICME



Adaptive layer normalization

o vy B
I |

Gate Scale Shift

Stanford University ICME



Adaptive layer normalization

z +— x + a* Operation(LN(z) + (1 +7) + 8)

At the beginning: = () adaLN-Zero

Stanford University ICME



DiT: injection of conditions with adaLN-Zero

N x DiT Block

-

—

Scale
1

Pointwise
Feedforward
1
Scale, Shift
1
Layer Norm

—

Scale
1
Multi-Head
Self-Attention
1

Scale, Shift
1

Layer Norm

—

\ Input Tokens

Y2,82

—

451

Y1.P1
G}

MLP
|

Conditioning J

Modulation of representation with:

e Gate (v
e Scale 7/

e Shift 5

as a function of t, C

Stanford University Figures adapted from Scalable Diffusion Models with Transformers, Peebles et al., 2022.
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https://arxiv.org/abs/2212.09748

DiT: reformatting the output

\Z \Z
Noise ) Noise | ~ ~
32x32x4 32x32x4
+ +
Linear and Reshape \
. —— /)  \_ I—— )
Layer Norm ? ?
|

Linear and Reshape
Layer Norm

Diagonal
covariance

Txd

Tokens [

T = (I/p)?

Stanford University Figures adapted from Scalable Diffusion Models with Transformers, Peebles et al., 2022.

ICME


https://arxiv.org/abs/2212.09748

Scaling up DiT...

Model Layers N Hiddensized Heads Gflops =3, p=4

DiT-S 12 384 6 1.4
DiT-B 12 768 12 5.6
DiT-L 24 1024 16 19.7
DiT-XL 28 1152 16 29.1

e Number of parameters is not enough to quantify model complexity
e FLoating-point OPerations (FLOPs) = # operations in forward pass

e Smaller patch size corresponds to higher FLOPs

Stanford University  Figures from Scalable Diffusion Models with Transformers, Peebles et al., 2022. ICM =


https://arxiv.org/abs/2212.09748

Scaling up DiT... improves results!

Model Layers N Hiddensized Heads Gflops =3, p=4

Increasing transformer size

DiT-S 12 384 6 14
DiT-B 12 768 12 5.6
DiT-L 24 1024 16 19.7
DiT-XL 28 1152 16 29.1
()
N
o p—
5]
160 DiT-S =
2
Q140 . <
o DITB  piTL o,
© 120 DiT-XL en
~ (==
"q'j 100 ® 5
=2 <
Y 80 8
e > 15}
= 60 P
3 - S
Ja)
T 20

o

Scaling Diffusion Transformers

Stanford University Figures from Scalable Diffusion Models with Transformers, Peebles et al., 2022. ICM t


https://arxiv.org/abs/2212.09748
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Let's go through an end-to-end example together!

i’ ““““““““““““ i Image
. teddy bear | — generation
model

Stanford University ICME



Sample a noisy latent

Latent space
learned by the VAE

Stanford University ICME



Patchify noisy latent

12
T = — patches
p

Stanford University ICME



Patchify noisy latent

Stanford University

Perform projection

>

Patch embedding

\

> d

ICME



Embed conditions

Timestep
embedding

Label
embedding

Stanford University

Condition
embedding

ICME



Attention layers with noisy latent

Stanford University ICME




Attention layers with noisy latent

Stanford University iICME



Attention layers with noisy latent

D Patch embedding

Stanford University iICME



Attention layers with noisy latent

@ Position embedding

D Patch embedding

Stanford University iICME



Attention layers with noisy latent

D Position-aware patch embedding

Stanford University ICME



Attention layers with noisy latent

Stanford University ICME




Attention layers with noisy latent

Position-aware patch
embeddings matrix

Stanford University ICME



Attention layers with noisy latent

Position-aware patch
embeddings matrix

Stanford University ICME



Attention layers with noisy latent

Position-aware patch
embeddings matrix

Condition embedding H

Stanford University ICME



Attention layers with noisy latent

DIFFUSION TRANSFORMER BLOCK

Position-aware patch
embeddings matrix

Condition embedding H

Stanford University ICME



Process condition embeddings

Condition embedding H

Stanford University ICME



Process condition embeddings

MLP layer

Condition embedding H

Stanford University ICME



Obtain gate from conditions

[ ]

MLP layer

Condition embedding H

Stanford University ICME



Obtain scale from conditions

I

Gate Scale

MLP Iayer

Condition embedding H

Stanford University ICME



Obtain shift from conditions

aq 71 b1

I

Gate Scale Shlft

MLP Iayer

Condition embedding H

Stanford University ICME



Obtain quantities from condition

a1 2 Y172 B102

|l

Gate Scale Shlft

MLP Iayer

Condition embedding H

Stanford University ICME



Process patch embeddings

Position-aware patch
embeddings matrix

Stanford University ICME




Process patch embeddings through attention

Normalize

Position-aware patch
embeddings matrix

Stanford University ICME



Process patch embeddings through attention

Normalize 1, 51

_______________________

Position-aware patch
embeddings matrix

Stanford University ICME



Process patch embeddings through attention

Self-attention

Normalize 1, 51

_______________________

Position-aware patch
embeddings matrix

Stanford University ICME




Process patch embeddings through attention

1

|

|

——————————————————————— |

! Gate with ;

—— "o :
Selfattention | T

* ' Scale & shiftwith | |

. — ! !
Normalize ’}’1,51 i

Position-aware patch
embeddings matrix

Stanford University ICME




Process patch embeddings through attention

1

1

1

G I — l

T Gate with :

a1 :

Self-attention T

* ' Scale & shiftwith | |

. — ! |
Normalize ’}’1,51 i

Position-aware patch
embeddings matrix

Stanford University ICME




Process patch embeddings through attention

Self-attention 4—1 a1,7Y1, 51 I

Position-aware patch
embeddings matrix

Stanford University ICME




Process patch embeddings through attention

r +— x + a1 * Attention(LN(x) x (1 + 1) + 51)

Stanford University ICME



Process patch embeddings through FFNN

FFNN — (2,72, Ba

Self-attention 4—1 a1,7Y1, 51 I

Position-aware patch
embeddings matrix

Stanford University ICME




Process patch embeddings through FFNN

T +— T+ ag * FENN(LN(z) % (1 + 72) + 32)

Stanford University ICME



Obtain output from DiT block

Contextualized
latent state matrix

FFNN — 02,72, 525

_____________________

A

_____________________

Position-aware patch
embeddings matrix

Stanford University ICME



Project and reshape to desired quantity

Contextualized Norm, linear,
latent state matrix reshape

FFNN — 02,72, 525

_____________________

A ____ 1

Position-aware patch
embeddings matrix

Stanford University ICME



Project and reshape to desired quantity

Contextualized Norm, linear. Predicted velocity
latent state matrix reshape u@ (Z, t, C)

FFNN — 02,72, 525

_____________________

A ____ 1

Position-aware patch
embeddings matrix

Stanford University ICME



Recap of prediction

Predicted velocity

ug (20,0, c)

T

DIFFUSION TRANSFORMER

T ! T

Latent Timestep Class label

t=20 C | teddy bear

______________________

<0

Stanford University ICME



Deduce resulting latent

y@ (Z()a 07 Cz

Y

Prediction from the DiT

Stanford University ICME



Deduce resulting latent

Z0+At — <0 _|_\u9 (Z()a 0, CzAt

Prediction from the DiT

Stanford University ICME



Deduce resulting latent

Latent space
learned by the VAE

0 —
X .
o) 20+at = 20 + ua(20,0,c) At
\\\ Y
D Prediction from the DiT

Stanford University ICME



Perform iteration over latents

Predicted velocity

Ug (Zti 9 t’i? C)

DIFFUSION TRANSFORMER

T ! T

Latent Timestep Class label

ti C | teddy bear
2t |1

(2

Stanford University ICME



Perform iteration over latents

ug(2t;,ti,¢)
Y

Prediction from the DiT

Stanford University ICME



Perform iteration over latents

Zt,,;_|_1 — th' _l_ 31’9 (Zti 9 t’i) C)j(t’b—l—l T t?,)
Y

Prediction from the DiT

Stanford University ICME



Perform iteration over latents

Latent space
learned by the VAE

X > |
x-¥ex -
/ @ Zti—|—1 Zt,,;_|_1 — th' _l_ 31’9 (Zti y t’i) C)j(t’b—l—l o t’l,)
\\\ Y
- Prediction from the DiT

Stanford University ICME



Obtain final latent

Latent space
learned by the VAE

Stanford University ICME



Decode latent back into pixel space

Latent space
learned by the VAE

Pixel space

@ <1 —»| Decoder | — I Npe(xl‘zl)

Po

Stanford University ICME
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Intuition: back to the example we had

L1 Conditions

brown color

________________________________________

round shape — $é4
5 — ().1 alotofnoise
fluff local details — L59 t 0
white color 4561.30 Need to focus on global structure
: since at the early stage of generation.
L512

Stanford University ICME



Intuition: back to the example we had

white color

Stanford University

— 2130

Conditions

________________________________________

________________________________________

ICME



Intuition: more subtle text prompt

Conditions
C brown fluffy teddy bear surrounded
Iby white walls
white color — X130

Stanford University ICME



Intuition: more subtle text prompt

brown color

white color

Stanford University

— 2130

Limitation. All patch latents are subject to

same "modulation”

ICME



Intuition: more subtle text prompt

brown color

white color

Stanford University

— 2130

Limitation. All patch latents are subject to

same "modulation”

ICME



Mitigate lack of nuance of previous approach

Strategy.

a Keep "modulating” using the timestep embedding

Stanford University ICME



Mitigate lack of nuance of previous approach

Strategy.

e Do something else to allow for more complex interaction for the condition

Cross-attention Joint attention

Stanford University ICME



Mitigate lack of nuance of previous approach

Strategy.

e Do something else to allow for more complex interaction for the condition

Joint attention

Stanford University ICME



Intuition behind joint attention

Patch embeddings Condition embedding

Stanford University ICME



MultiModal-Diffusion Transformer

MM-DiT = MultiModal-Diffusion Transformer

e Term coined in the Stable Diffusion 3 paper published in 2024

e Relies on joint attention of different modalities

Single-stream

Everyone treated equally

Stanford University Scaling Rectified Flow Transformers for High-Resolution Image Synthesis, Esser et al., 2024. ICM =


https://arxiv.org/pdf/2403.03206

MultiModal-Diffusion Transformer

MM-DiT = MultiModal-Diffusion Transformer

e Term coined in the Stable Diffusion 3 paper published in 2024

e Relies on joint attention of different modalities

Double-stream

Each modality is in its own
stream

Stanford University Scaling Rectified Flow Transformers for High-Resolution Image Synthesis, Esser et al., 2024. ICM =


https://arxiv.org/pdf/2403.03206

MultiModal-Diffusion Transformer

MM-DiT = MultiModal-Diffusion Transformer

e Term coined in the Stable Diffusion 3 paper published in 2024

e Relies on joint attention of different modalities

Hybrid

Contains both "single-stream”
and "double-stream" layer

Stanford University Scaling Rectified Flow Transformers for High-Resolution Image Synthesis, Esser et al., 2024. ICM =


https://arxiv.org/pdf/2403.03206

"Double-stream" DiT variant; SD3,

UnPatchify )
MMDIT Block
: XN
MMDIT Block

\
\
\
\
\
X
\
\
EEEEEN \
\
\
\
\
\
\
\

4 t

% Patchify
Qwen2.5 VL A
U ) R
System prompt User prompt T Noise

Three tall coconut trees, two of which
are located in the center of the picture
and one on the right edge. Two of the
coconut trees are covered in golden
coconut fruits under a clear blue sky,
presenting a peaceful and tropical
natural scene.

Stanford Univel'sity Figure from Qwen-Image Technical Report, Qwen Team, 2025.

Qwen-Image

@D @D
A A
Gate Gate
MLP MLP
A A
Scale & Shift Scale & Shift
Norm Norm
Gate Gate
Self-Attention
1@ k [k v v
\ 1 1
\\ I
5\ MS-RoPE MS-RoPE
QK-Norm QK—Norm
y A A
‘\‘ q k v .
\‘\ *
‘\‘ Linear Linear
\‘\ *
\ Scale & Shift Scale & Shift
5 Norm Norm
A A
A p— EREREEE—
\ MLP
\“ ;

ICME


https://arxiv.org/pdf/2508.02324

Stanford University

Predicted
© Conditioning ® Multiplication Velocity
© Concatenation @ Addition

"Single-stream” DiT variant: Z-Image

Output
Projection

Text
Processor

Image
Processor Embed ]

f

Qwen3-4B
Embedding

Semantic Image A charming white
Processor Processor Embed kitten lounging on

a striped sofa,

T T | heartwarming
SigLip-2 VAE Timestep scene.

Ernbeddi Embedding Condition

Repose the cat on
the striped sofa:
make it lie down
with its head
resting.

Figure from Z-Image: An Efficient Inage Generation Foundation Model with Single-Stream Diffusion Transformer, Z-Image Team, 2025.

f |

Noised VAE Timestep
Embedding Condition

t=10,1]

# Z-Image

t=1[0, 1]

# Z-Image-Edit

ICME


https://arxiv.org/abs/2511.22699

Hybrid approach: FLUX.1 Kontext

Flux.1 Kontext
N/2 Double Stream Blocks N Fused DIT Block

Replace the word "KONTEXT" TEXT

with "BEER" — ENCODERS Text Stream

Visual Stream

Noised Latent (IVAE
—  — BT et Umage
Positional Embeddings: Combined Stream Decoder)
VAE [T=0, h, w]
(Image
Encoder)
Encoded Input Image

Positional Embeddings:
[T=1,h,w]

Stanford University Figure from FLUX.1 Kontext: Flow Matching for In-Context Image Generation and Editing in Latent Space, Black Forest Labs, 2025. ICIV! =


https://arxiv.org/pdf/2506.15742

Timeline

Z-lmage
Diffusion "MM-DiT"
Transformer coined FLUXA
| JI | N | J ~~1
I \/I I N I O O O I .
2022 2023 2024 2025 2026
Single-stream
Stable Qwen-Image Double-stream
Diffusion 3 Hybrid

Stanford University  Note: This timeline is not meant to be exhaustive in any way.

ICME
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Need for position information

Motivation. Direct links "lose" position info

....................................................................................................

T T 1T T T T
ka kcute kte dy bear kis kreading k ;

Stanford UIliVEl'Sity Figure from Super Study Guide: Transformers & Large Language Models, Amidi et al., 2024. ICM =


https://superstudy.guide/transformers-large-language-models/

Need for position information

Motivation. Direct links "lose" position info

T T
k a k cute kteddy bear

qteddv bear

Stanford UIliVEl'Sity Figure from Super Study Guide: Transformers & Large Language Models, Amidi et al., 2024. ICM =


https://superstudy.guide/transformers-large-language-models/

Need for position information

Hope. Dot products convey distance between token representations

(B, En) = f(m — n)

Stanford University ICME



Absolute positional embeddings

Idea. Add position-specific embedding to token vector

E,, = 1K, + PE,,

Positional A Positional
Encoding Encoding

Input Output
Embedding Embedding

Stanford University Figure adapted from Attention Is All You Need, Vaswani et al., 2017, ICM =


https://arxiv.org/pdf/1706.03762.pdf

Absolute positional embeddings

Idea. Add position-specific embedding to token vector

<Em, En> = some terms + <PEm, PEn>

What choice for position embeddings?

Stanford University Figure adapted from Attention Is All You Need, Vaswani et al., 2017, ICM =


https://arxiv.org/pdf/1706.03762.pdf

Hardcoded position embeddings

Proposal. A mix of sines and cosines.

PEm,2i = sin ( o 24 ) :
10000 fmodei \
2i

between O and 1

/ o
m .
PE;, 2i+1 = cos ( — ) :

10000 fmode

Position T

Stanford University ICME



Hardcoded position embeddings

Proposal. A mix of sines and cosines.

PEm,2i = sin ( i 2i ) :
10000] Zmodei \
2i

greater than sequence

lengths / 2i+1
m
PE;, 2i+1 = cos ( )

10000 modsi

Position T

Stanford University ICME



Hardcoded position embeddings

Dimension depth

0.75

050

Sequence 2
position

r0.00

0

80 100 12

high frequency Position embeddings values low frequency

Stanford University Figure from Transformer Architecture: The Positional Encoding, Kazemnejad, 2019. ICM =


https://kazemnejad.com/blog/transformer_architecture_positional_encoding/

Hardcoded position embeddings

PEm,Zi = sin (wi X m)

2i

with w; = 10000 drnzoidel

/ "
PEm,2i+1 = COS (wz— X m)

Position T

Stanford University ICME




Hardcoded position embeddings

PEm,Qi = sin (wi X m) 2i PE n,2i — sin (wi X ’I’L) 2i
PEm,2i+1 = COS (wz- X m) 2i+1 PE n,2i+1 = COS (wz- X n) 2i+1
Position 1 Position n,

Stanford University ICME



Hardcoded position embeddings

(PE,,,PE,) = --- 4 sin(w;m) sin(w;n) + cos(w;m) cos(w;n) + ...

(PE,,, PE,) = ... + cos(w;(m — n)) + ...

Stanford University ICME



Hardcoded position embeddings

~all cosines drop

250 H
200 H
.5 150} residual low
- ™\
F \\\N frequency terms
< 100 -
i high frequency terms f
cancel out
0 ________________________________________________________________________________________________________________________________________________________________________
0 1(|)O 260 360 460 5(|)0

Stanford University

Relative distance |m — n|



Discussion

Benefits.
e Simple to implement
e Does the job well as a baseline

e Gives every position a direct representational identity

Stanford University ICME



Discussion

Limitations.
e Doesn't seem to be injected at the appropriate place
e Side effect: extra interaction terms

e Position embedding also makes it to value embeddings

Stanford University ICME



Absolute position embeddings

Output H ?
Probabilties Who used it?
A
L x Noise hX
32x32x4 32x32x4
' '
Forward
) Linear and Reshape
| Add & Norm I‘ﬂ 1
AU LI Mult-Head
Feed Attention Layer Norm
Forward Nx 1
l Add & Norm
Nx AJTE Nom - N x DiT Block
Masked .
Multi-Head Multi-Head Multl—Head
Attention Attention Attention \
A ) A )
1 | Patchify | Embed
Positional A Positional
Encoding B g Encoding . |
Input I [ Outp! Noised Timestep t
Embedding Embedding Latent 1
T I [ Embedded s | [labaly
Inputs Qutputs diehcs
(shifted right)

Original Transformer Original ViT Original DiT
2017 2020 2022

S ford Uni . Figures adapted from Attention Is All You Need, Vaswani et al., 2017, An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale, M -
tantor niver. Slty Dosovitskiy et al., 2020, Scalable Diffusion Models with Transformers, Peebles et al., 2022. IC ] =


https://arxiv.org/pdf/1706.03762.pdf
https://arxiv.org/abs/2010.11929
https://arxiv.org/abs/2212.09748

From absolute to relative position info

Refinement. Any way to move position information to where it's intuitively needed?

Multi-Head
Attention

Masked

Multi-Head Multi-Head
Attention Attention

Stanford University Figure adapted from Attention Is All You Need, Vaswani et al., 2017, ICM =


https://arxiv.org/pdf/1706.03762.pdf

Default choice nowadays: rotations in attention layer

RoPE = Rotary Position Embeddings

cos(ml) — Sin(m0)>

Idea. Rotate query and key vectors with rotation matrix Rg m = (sin(m@) cos(mb)

AnR,), * k-
G

queries keys

. . RoFormer: Enhanced Transformer with Rotary Position Embeddings, Su et al., 2021.
M [
Stanford UIllVEl'Slty Figure from Super Study Guide: Transformers & Large Language Models, Amidi et al., 2024. IC Py -


https://arxiv.org/abs/2104.09864
https://superstudy.guide/transformers-large-language-models/

Default choice nowadays: rotations in attention layer

Benefits. Relative distance nicely captured:

T T T

effective rotation by angle

O(n —m)

Stanford University RoFormer: Enhanced Transformer with Rotary Position Embeddings, Su et al., 2021. ICM t


https://arxiv.org/abs/2104.09864

Generalization to 2D?

Text. aiicute: teddy bear:iis :ireading

Stanford University ICME



Generalization to 2D?

? Images.

Stanford University ‘ ‘ ‘ |CM =



Generalization to 2D?

First idea. Axial RoPE 1D >

even indices

odd indices

Stanford University Rotary Position Embedding for Vision Transformer, Heo et al., 2024.

2D

T
V1 - RQ,:IZ

ICME


https://arxiv.org/abs/2403.13298

Generalization to 2D?

Problems. No cross axes interactions + segregated information is arbitrary

T
Ui - Rg,ml

T
u2 . Rgayl

no interaction!

Stanford University Rotary Position Embedding for Vision Transformer, Heo et al., 2024.

T
V1 R9,£B2

T
v2 - R97y2

ICME


https://arxiv.org/abs/2403.13298

2D RoPE

Proposal. Mix both axes as part of the same rotation matrix

T
Ui - RQ,ar;
T
_____ > U - R9x$+9yy
T
Uus - Rg,y

Stanford University Rotary Position Embedding for Vision Transformer, Heo et al., 2024. ICM t


https://arxiv.org/abs/2403.13298

2D RoPE

Consequence. Avoid axes artifacts.

FFT
& 1FFT

Patch position 2D Axial RoPE 2D Mixed RoPE

Stanford University Figure from Rotary Position Embedding for Vision Transformer, Heo et al., 2024. ICM =


https://arxiv.org/abs/2403.13298

Scaling RoPE

Common case. Resolution variations?

0,0 0,2 0.0 . 05

n
48
]

VS

IR T Al
e

o
&)
WA

“x‘ le

RN | PN
e || |
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Scaling RoPE

Problem. Spatial meaning also changes.

0,0 - 0,2 0.0 . 05

T e

| b
{x l,_.«,q
. | | |

5.0 Z"‘”ﬂEn

"center"

VS

Stanford University ICME



Scaling RoPE

Remedy. Scale to canonical coordinates.

-1,-1 g

13
=E

Seedream 2.0: A Native Chinese-English Bilingual Image Generation Foundation Model, Gong et al., 2025.

ol
e

-
=]
—

Stanford University

ICME


https://arxiv.org/abs/2503.07703

Multimodal RoPE

Common case. Multimodality? e e
A A
Gate Gate
MkP MkP
Scale & Shift Scale & Shift
Norm Norm
Potential area of interest I A |
_ Gate Gate
A
. Self-Attention
10 k [k v (v
t 1 g i : T T
M»d-RoPE M>S-RoPE
QK-Norm QK-Norm
A A A A
q : v a , a2
Linear Linear
A
Scale & Shift Scale & Shift
N%ml Nzrm
—T EREREE—
MLP

A

t

Stanford University Qwen-Image Technical Report, Wu et al., 2025. ICM =


https://arxiv.org/abs/2508.02324

Multimodal RoPE

How to reconcile the two?

Stanford University ICME



Multimodal RoPE

MSROoPE =|Multimodal|Scalable RoPE

Benefits.
e Image and text can cohabit without

interference

Stanford University Qwen-Image Technical Report, Wu et al., 2025. ICM t


https://arxiv.org/abs/2508.02324

Multimodal RoPE

MSRoOPE = Multimodal Scalable RoPE

Benefits.

e Textis functionally equivalent to 1D

RoPE

Stanford University Qwen-Image Technical Report, Wu et al., 2025. ICM =


https://arxiv.org/abs/2508.02324

Conclusion

Embedding positions = open problem.

e Many variations out there
e Dust hasn't settled yet

® Trade-offs

Stanford University ICME



Thank you for your attention!



