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Grounding and Image Generation
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High-Resolution Image Synthesis
with Latent Diffusion Models



Goal

 Give a quick recap of diffusion models and latent diffusion models
* Focus on how text conditioning works in LDM

 Set up the motivation by noting that GLIGEN and ControlNet build on this text
conditioning mechanism
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Diffusion Model

» Forward process: gradually add Gaussian noise to data until it becomes nearly
pure noise.

» Reverse process: train a neural network to iteratively denoise, step by step,
recovering structure from noise.

* |If we can learn the noise distribution at each step, we can sample new data by
starting from noise and reversing the process.
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Figure 2: The directed graphical model considered in this work.
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Latent Diffusion Model

« Problem: pixel-space x_t is huge * Benefits

. « 8-16x smaller input size
Two step approach » Faster training and inference

1. Traln gncgder and decoder »  U-Net models perceptual semantics, not raw
2. Diffusionin latent space pixels
Latent Space ") (Conditioning
Diffusion Process emanti
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Text conditioning in LDM
1. Tokenizer i \

. Diffusion Process - emanti
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Text conditioning in LDM

1. Tokenizer
2. Transformer

Latent Space

Diffusion Process

Pixel Space

—

denoising step crossattention

switch  skip connection concat

6onditionina\

emanti
Ma

Text

Repres
entations

Georgia
GI‘ Tech.



Text conditioning in LDM

1. Tokenizer
2. Transformer

3. Cross-Attention with U-net's
Intermediate layers

e Q: flattened intermediate
layer of U-net

K, V: encoded text prompt

 Attention output is directly
added back to the original
input feature map

Pixel Space

4 Y™ Latent Space \ Conditioning
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Connection to GLIGEN

10

Text conditioning in LDM has no explicit spatial grounding
o e.g. Apromptlike “a cat on the left and a dog on the right” may not respect spatial
arrangement unless learned implicitly.

GLIGEN introduces grounding tokens that tie text phrases to explicit regions of
interest (Rols) in the image

. . . Text i j . Grounding
o Caption Toekns: CLIP embedding groomiang oder * Joor] = [ " okens
o Grouding Tokens: bl -
=  Text token for the object e and
. . . a bride and groom Text Caption
=  Bouding box -> MLP -> region embedding are about to cut —={ " Tokens
. their wedding cake
GLIGEN adds a learnable gate that decides
h hinf h ded tok pasT
ow much influence the grounded tokens - I
have compared to the plain caption tokens ———
| | |
L1 I &
| | EEEEEE—
HEEN a

. Visual Caption . Grounding



Connection to ControlNet

Prompt ¢, Time ¢
!

) a
0 0
Text ime
Encoder ncoder

ControlNet also builds on LDM text conditioning, but solves structural control

Condition ¢

ro convolution

Input z,
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SD Encoder Block A
64x64
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SD Encoder Block B
32x32

SD Encoder Block C
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SD Decoder 8
Block D 8x8

SD Decoder Block C
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SD Decoder Block A
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(edges, depth, poses, etc.)
1. Base U-Net is frozen
2. A control branch (cloned U-Net) is added, initialized with zero-convs so it starts with no effect
3. Structural condition (e.g., Canny edges, pose maps) is passed into the control branch, which
learns to output residual feature maps
4. Residuals are injected into the frozen base U-Net at multiple layers
5. Text conditioning is still done via cross-attention as in LDM
c
S R ;
zero convolution | !
X X >
l l : (? .
[neural network] [neural networka] [ trainable co ]
block block (locked) ) 124
! Zero conlvolution
y A S
11 e ControlNet
(a) Before (b) After

Output €5z, L, ¢, ¢r)

(a) Stable Diffusion

(b) ControlNet
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GLIGEN: Open-Set Grounded
Text-to-Image Generation



Latent Diffusion Models Perform Text-to-Image Generation

Text-to-Image Synthesis on LAION. 1.45B Model.

"A street sign that reads 'A zombie in the "An image of an animal "An illustration of a slightly ’A painting of a "A watercolor painting of a ’A shirt with the inscription:

“Latent Diffusion” ’ style of Picasso’ half mouse half octopus’ conscious neural network’ squirrel eating a burger’ chair that looks like an octopus’ “I love generative models!” ’

3

-
(" LATENT
DIFFUSION

Generative
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Motivation: Text Is Limited for Generation Conditioning

Text conditioning: A dog is on the left in the picture.
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Motivation: Text Is Limited for Generation Conditioning

Text conditioning: A dog is on the left in the picture. How large is the dog relative to the picture?

What is its precise coordinates?
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Motivation: Text Is Limited for Generation Conditioning

Text conditioning: A dog is on the left in the picture. How large is the dog relative to the picture?

ambiguous, imprecise, harming generation What is its precise coordinates?
controllability
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Motivation: Text Is Limited for Generation Conditioning

Text conditioning: A dog is on the left in the picture. How large is the dog relative to the picture?

ambiguous, imprecise, harming generation What is its precise coordinates?
controllability

Visual information can be more expressive and precise!
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Motivation: Text Is Limited for Generation Conditioning

Text conditioning: A dog is on the left in the picture. How large is the dog relative to the picture?

ambiguous, imprecise, harming generation What is its precise coordinates?
controllability

Visual information can be more expressive and precise!

(b) Caption: “A dog / bird / helmet / backpack is on the grass”
Grounded image: red inset
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Motivation: Text Is Limited for Generation Conditioning

Text conditioning: A dog is on the left in the picture. How large is the dog relative to the picture?

ambiguous, imprecise, harming generation What is its precise coordinates?
controllability

Visual information can be more expressive and precise!

(b) ; ird / helmet / backpack is on the grass”

Grounded image: red inset

d) Caption: “a baby girl / monkey / Hormer Simpson / is scratching her/its head” Georgia
1 Grounded keypoints: plotted dots on the left image TeCh



Motivation: Text Is Limited for Generation Conditioning

Text conditioning: A dog is on the left in the picture. How large is the dog relative to the picture?

ambiguous, imprecise, harming generation What is its precise coordinates?
controllability

Visual information can be more expressive and precise!

(b) Caption: “A dog / bird / helmet / backpack is on the grass”

Grounded image: red inset

N o/ /) R
N \ 4 | pr S ~d¢
§ \\ Sa2 o \ » % S ‘

@d) Caption: “a baby girl / monkey / Hormer Simpson / is scratching her/its head” () Caption: “A vibrant colorful bird sitting on tree branch” g1a
2 Grounded keypoints: plotted dots on the left image Grounded depth map: the left image
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Most Related Work

DALL-E

zero-shot
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Most Related Work

DALL-E DALL-E 2
zero-shot diffusion
text2image CLIP image embeddings

autoregressive
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Most Related Work

DALL-E DALL-E 2
zero-shot diffusion
text2image CLIP image embeddings

autoregressive

2021 2022
LDM Make-A-Scene
zero-shot semantic map conditioning
text2image closed-set (158 categories)
diffusion
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Most Related Work

DALL-E DALL-E 2 Imagen
zero-shot diffusion Pre-trained
text2image CLIP image embeddings language model

autoregressive

for text encoding

2021

2022
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semantic map conditioning
closed-set (158 categories)
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Most Related Work

DALL-E DALL-E 2 Imagen
zero-shot diffusion Pre-trained
text2image CLIP image embeddings language model
autoregressive for text encoding
2021 2022
LDM Make-A-Scene ReCo
zero-shot semantic map conditioning open-set
text2image closed-set (158 categories) fine-tuning required
diffusion box grounding

26

“a mouse hunting
alion”

risk of knowledge forgetting

deviation from foundation models
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Most Related Work

DALL-E DALL-E 2 Imagen
zero-shot Pre-trained
text2image CLIP image embeddings language model

autoregressive

for text encoding

2021

LDM

zero-shot
text2image
diffu

27

Make-A-Scene

semantic map conditioning
closed-set (158 categories)

“a mouse hunting
alion”

ReCo

open-set
fine-tuning required
box grounding

risk of knowledge forgetting

deviation from foundation models

Can we have:
» open-set
» free of fine-tuning

» arbitrary visual conditioning
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Approach: Grounding Instruction Encoding

spatial config

= [O(min’ Bmir‘l’ 0‘max’ ﬁmaX]

o33 I e 0 ) L St
(a) Caption: “A woman sitting in a restaurant with a pizza in front of her ” c Caption
Grounded text: table, pizza, person, wall, paper, window, bottle, cup

D)

entity
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Approach: Grounding Instruction Encoding

spatial config

= [O(min’ Bmir‘l’ 0‘max’ ﬁmaX]

N S ", y 24 595 0% ; S e
% e N : . ;‘& L
¢ ¢ g, > | 240 : Wy 2 . 2 S
& Fond, e Tl ) i e
- o ) . _ s Pt s o \ . y ] o~
ORATEE o g m - S e .
. - g S ot y B0 \ x -

(a) Caption: “A woman sitting in a restaurant with a pizza in front of her ” c Caption

Grounded text: table, pizza, person, wall, paper, window, bottle, cup
C — — C C

D)

entity Bert-like as in LDM
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Approach: Grounding Instruction Encoding

spatial config

[

I= [O(min’ Bmin’ Xmaxs Bmax] l 1
2

(a) C caption

Grounded text: table, pizza, person, wall, paper, window, bottle, cup
C — o C C
c c h _ftext(c)_[hl ’ ""hL]
1 2
entity Bert-like as in LDM

10F

III.E:

i 1 2 4 \5 &

L \
-5 \

[ \ - sinix)
_1nk — sini2 x
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Approach: Grounding Instruction Encoding

spatial config

= [O(min’ Bmir‘l’ 0‘max’ ﬁmaX]

() C caption
Grounded text: table, pizza, person, wall, paper, window, bottle, cup
C — —_— C C
c c h _ftext(c)_[hl ’ ""hL]
1 2
entity Bert-like as in LDM

h®=MLP(f,.,.(e), Fourier(l)) 'a ﬂ\\

;”'ﬁ”'é'””'”';'ﬂ;'”é”
[ / \
open-set -3} \ /] i
compatibility ol — sin(2 x
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Approach: Grounding Instruction Encoding

h® = MLP(f,.,(e), Fourier(l))

Compatible with other visual conditioning!

» Image prompt:

» Keypoints: 1= [x, y]

s, ('Y
(d) Caption: “a baby girl / monkey / Hormer Simpson / is scratching her/its head”

Grounded keypoints: plotted dots on the left image &' GEOrg1a
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Approach: Adaptation for Grounded Generation

33

- o i -
- 9

. Visual . Caption . Grounding

The pre-trained model is fixed!

Gated Self-Attention

Self-Attention

EREEEN—
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Approach: Adaptation for Grounded Generation

v = v + - tanh(y) - TS(SelfAttn([v, h¢]))

p is 1 during training y is learnable

Gated Self-Attention

5 . i .
- 9

Self-Attention

EREEEN—

. Visual . Caption . Grounding

The pre-trained model is fixed!
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Tech.



Approach: Adaptation for Grounded Generation

v = v + - tanh(y) - TS(SelfAttn([v, h¢]))

p is 1 during training y is learnable

Gated Self-Attention

Self-Attention

EREEEN—

Learning:  min Lowuding = Ex (o, [ll€ = fro.0ry (20, £, w)l12]

. Visual . Caption . Grounding

The pre-trained model is fixed!
35 Georgia
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Approach: Adaptation for Grounded Generation

36

. Visual . Caption . Grounding

The pre-trained model is fixed!

v = v + - tanh(y) - TS(SelfAttn([v, h¢]))

p is 1 during training y is learnable
Gated Self-Attention

[ - ]
M

P

Self-Attention

EREEEN—

Learning:  min Lowumding = Ez,e~no0.¢ (€ = fro.0} (2,1, 9)]13]

Sampling |1, t<7xT # Grounded inference stage
schedule ~ 10, t>7xT # Standard inference stage
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Experiment: Closed-Set Grounded Text2lmg Generation

Generation: FID ()

Grounding: YOLO (1)

Model Fine-tuned | Zero-shot AP/AP5q/AP75
CogView [ ] - 27.10 -
KNN-Diffusion [ ] - 16.66 -
DALL-E2 [ ] - 10.39 -
Imagen [~ 0] - 7.27 -
Re-Imagen [ ] 5.25 6.88

Parti [ /] 3.20 7.23 -
LAFITE [“] 8.12 26.94 -
LAFITE2 [] 4.28 8.42 -
Make-a-Scene [ | ] 7.55 11.84 -

NUWA [7] 12.90 - -

Frido [ ] 11.24 - -
XMC-GAN [/ ] 9.33 - -
AttnGAN [ '] 35.49 - -
DF-GAN [©7] 21.42 - -
Obj-GAN [ 7] 20.75 - -

LDM [-7] - 12.63 -

LDM* 5.91 11.73 0.6/2.0/0.3
GLIGEN (COCO02014CD) 5.82 - 21.7/39.0/21.7
GLIGEN (COCO02014D) 5.61 - 24.0/42.2/24.1
GLIGEN (COC02014G) 6.38 - 11.2/21.2/10.7

37 LDM* is our COCO fine-tuned LDM baseline

Fréchet Inception Distance (FID):

1. Use pre-trained inception-v3 to embed images

2. Compare the two collections of real and
generated images with a statistical distance

Figure 3: FID is evaluated for upper left: Gaussian noise, upper middle: Gaussian blur, upper
right: implanted black rectangles, lower left: swirled images, lower middle: salt and pepper noise,
and lower right: CelebA dataset contaminated by ImageNet images. The disturbance level rises
from zero and increases to the highest level. The FID captures the disturbance level very well by
monotonically increasing.

detection + caption data
detection data
pseudo box labels using GLIP for detection
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Experiment: Closed-Set Grounded Text2lmg Generation

Model

Generation: FID (/)

Grounding: YOLO (1)

Fine-tuned | Zero-shot AP/AP5q/AP75
CogView [ ] - 27.10 -
KNN-Diffusion [ ] - 16.66 -
DALL-E2 [ ] - 10.39 -
Imagen [~ 0] - 7.27 -
Re-Imagen [ /] 5.25 6.88
Parti [ /] 3.20 7.23 -
LAFITE [“] 8.12 26.94 -
LAFITE2 [] 4.28 8.42 -
Make-a-Scene [ | ] 7.55 11.84 -
NUWA [7] 12.90 - -
Frido [ ] 11.24 - -
XMC-GAN [/ ] 9.33 - -
AttnGAN [ '] 35.49 - -
DE-GAN [07] 21.42 - -
Obj-GAN [ 7] 20.75 - -
LDM [-7] - 12.63 -
LDM* 5.91 11.73 0.6/2.0/0.3
GLIGEN (COCO02014CD) 5.82 - 21.7/39.0/21.7
GLIGEN (COCO02014D) 5.61 - 24.0/42.2/24.1
GLIGEN (COC02014G) 6.38 - 11.2/21.2/10.7

38 LDM* is our COCO fine-tuned LDM baseline

Fréchet Inception Distance (FID):

1. Use pre-trained inception-v3 to embed images

2. Compare the two collections of real and
generated images with a statistical distance

YOLO: Use a pre-trained YOLO-v4 to detect
bounding boxes and compare them with the
ground truth boxes using average precision.

loU: Intersection over Union

Metrics

of Overlap AP
rea of Union

Metrics Meaning
AP at IoU = 0.50: 0.05: 0.95
APso AP at IoU =0.50
AP AP atIoU =0.75

source:
https://faculty.cc.gatech.edu/~zk15/teaching/AY2025_cs8803vim_fall/L5_OpenVocabulary.pdf

detection + caption data
detection data
pseudo box labels using GLIP for detection
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Experiment: Closed-Set Grounded Text2lmg Generation

Generation: FID ()

Grounding: YOLO (1) Fréchet Inception Distance (FID):

Model Fine-tuned | Zero-shot AP/AP50/AP75 1. Use pre-trained inception-v3 to embed images
(IE;SN“B‘;’H[ sigm[ : - ﬂég - 2. Compare the two collections of real and

- u - . - . . . . .
DALL-E2 [ ] ) 10.39 ] generated images with a statistical distance
Imagen [~ 0] - 7.27 -
Re-Imagen [ ] 5.25 6.88 YOLO: Use a pre-trained YOLO-v4 to detect
Parti [ /] 3.20 7.23 - bounding boxes and compare them with the
LAFITE [*”] 8.12 26.94 - ground truth boxes using average precision.
LAFITE2 [ '] 4.28 8.42 -
Make-a-Scene [ ] 7.55 11.84 - > Image synthesis quality is better than most
NI_JWA[ ] 12.90 i i SOTA baselines, and comparable to LDM**
Frido [ ] 11.24 - -
ﬁ%ﬁﬁ? [] ] 395'?439 ) ) > GLIGEN substantially outperforms LDM* on
DF-GAN [7] 21.42 - _ grounding.
Obj-GAN [ "] 20.75 . ;
LDM [ ] - 12.63 - » COCO02014D has the overall best performance.
LDM* 5.91 11.73 06/2.0/0.3
GLIGEN (COC02014CD) 5.82 - 21.7/39.0/21.7 detection + caption data
GLIGEN (COC02014D) 5.61 - 24.0/42.2/24.1 detection data
GLIGEN (COCO02014G) 6.38 - 11.2/21.2/10.7 pseudo box labels using GLIP for detection

39 LDM* is our COCO fine-tuned LDM baseline
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Experiment: Open-Set Grounded Text2Ilmg Generation

40

&

A blue jay is standing on a branch in the woods near us

-
.
S

——
-
>
i
e &y
e - - o

a hello kitty is holding a laundry basket

Figure 4. Our model can generalize to open-world concepts even
when only trained using localization annotation from COCO.

benefit of pre-trained models

Cr
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Experiment: Open-Set Grounded Text2Ilmg Generation

» AP_r: Average precision for rare categories @ Inputlayout (b) Generated masks _ (c) Generated images
» AP_c: Average precision for common categories Gﬁﬁ'r\n"o’jel
==l |Generation Generation
» AP_f: Average precision for frequent categories @ Gereratio process
Model Training data AP AP, AP. APy
LAMA [“] LVIS 2.0 09 13 32
Outperforg“; LA:\_/'A GLIGEN-LDM COCO02014CD 6.4 58 58 74
e e "™l GLIGEN-LDM COC02014D 44 23 33 65 Sealing up the traiming
GLIGEN-LDM C0OC02014G 6.0 44 6.1 6.6 data improves the
GLIGEN-LDM GoldG,0365 106 58 9.6 138 performance.
GLIGEN-LDM GoldG,0365,SBU,CC3M 1.1 90 98 134
GLIGEN-Stable GoldG,0365,SBU,CC3M 108 88 99 126
Upper-bound - 252 19.0 222 31.2
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Experiment: Various Visual Conditioning

(a) Caption: “A woman sitting in a restaurant with a pizza in front of her ” (b) Caption: “A dog / bird / helmet / backpack is on the grass”
Grounded text: table, pizza, person, wall, paper, window, bottle, cup Grounded image: red inset

[ <L

(c) Caption: “Elon Musk and Emma Watson on a movie poster” (d) Caption: “a baby girl / monkey / Hormer Simpson / is scratching her/its head”
Grounded text: Elon Musk, Emma Watson; Grounded style image: blue inset Grounded keypoints: plotted dots on the left image

Caption: “A young boy with white powder on his face looks away”
Grounded HED map: the left image

g room filled with lots of furniture and plants”
Grounded semantic map: the left image

( ) Caption: “Cars park on te ;nowy street” o h
g Grounded normal map: the left image ( )

Figure 1. GLIGEN enables versatile grounding capabilities for a frozen text-to-image generation model, by feeding different grounding
conditions. GLIGEN supports (a) text entity + box, (b) image entity + box, (c) image style and text + box, (d) keypoints, (¢) depth map, (f)
edge map, (g) normal map, and (h) semantic map.

Georgia
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Experiment: Scheduled Sampling

v = v + (- tanh(y) - TS(SelfAttn([v, h]))

Sampling g_ {1 t<7+T #Grounded inference stage
schedule ~ 10, t>7«T # Standard inference stage

7I74 /7/|'/ L~

W / ‘ * Gated Self-Attention
| EEEN
D

Caption: “a rcute lowpolg;Shlba Inu” !
Grounded text: Shiba Inu

M »
[\

N\ I\ 7]
NNV 74,

7 X o

,;// /\\ _‘g// \‘1 \i\;.l

. Visual Caption . Grounding

DL

Caption: “a robot is sitting on a bench”
Grounded keypoints: plotted dots on the left figure

Figure 7. Scheduled Samping. It can improve visual or extend a
model trained in one domain (e.g., human) to the others.
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Reflection

Strengths.

v’ First diffusion model compatible with various visual
conditioning / grounding

v' Open-Set

v" Free of fine-tuning pre-trained models

44
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Reflection

Strengths.

v’ First diffusion model compatible with various visual
conditioning / grounding

v' Open-Set

v" Free of fine-tuning pre-trained models

45

Limitations

» Entity-centric grounding rather than conceptual and
contextual grounding

» Experiments primarily deal with bounding boxes

» Assumes a maximal input caption length and
number of entities to ground

Georgia
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Adding Conditional Control

to Text-to-Image Diffusion
Models

Lvmin Zhang, Anyi Rao, Maneesh Agrawala



Brief Recap: Text-to-Image Diffusion

Text-to-Image Synthesis on LAION. 1.45B Model.

‘A street sign that reads ‘A zombie in the "An image of an animal ‘An illustration of a slightly "A painting of a ‘A watercolor painting of a ‘A shirt with the inscription:

“Latent Diffusion™ "’ style of Picasso’ half mouse half octopus’ conscious neural network’ squirrel eating a burger’ chair that looks like an octopus’ “I love generative models!" ’

~

LATENT
DIFFUSION

Gonorastive Moodal)

ATETEN
_DIFFUSION Generative
il Models!

b X
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Brief Recap: Text-to-Image Diffusion

Text-to-Image Synthesis on LAION. 1.45B Model.

‘A street sign that reads ‘A zombie in the "An image of an animal ‘An illustration of a slightly "A painting of a ‘A watercolor painting of a ‘A shirt with the inscription:

“Latent Diffusion™ "’ style of Picasso’ half mouse half octopus’ conscious neural network’ squirrel eating a burger’ chair that looks like an octopus’ “I love generative models!" ’

~

LATENT
DIFFUSION

Only conditioned on text!

Georgia
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Brief Recap: GLIGEN

GLIGEN samplel

GLIGEN-sample3

GLIGEN-sample2

Caption: “Michael Jackson in a black cloth is singing into a microphone”
Grounded text: Michael Jackson, black cloth, microphone

Caption: “golden hour, a pekingese is on the beach with an umbrella”
Grounded text: Pekingese, umbrella, sea

49

Stable diffusion

Cr
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Brief Recap: GLIGEN

GLIGEN-samplel

GLIGEN-sample3

GLIGEN-sample2

Caption: “Michael Jackson in a black cloth is singing into a microphone"
Grounded text: Michael Jackson, black cloth, microphone

Caption: “golden hour, a pekingese is on the beach with an umbrella”
Grounded text: Pekingese, umbrella, sea

Still text-conditioned! (+ bounding boxes)

50

Stable diffusion

Cr
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Motivation: Image-Based Spatial Conditioning

« Detailing exact spatial compositions is hard with only text
« Grounding enables high level composition only

» Consistency challenges

51

Cr
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Motivation: Image-Based Spatial Conditioning

« Detailing exact spatial compositions is hard with only text
« Grounding enables high level composition only

» Consistency challenges

What if we could condition on images to0?

Input Canny edge

Georgia
52 Gl" Tech.

“masterpiece of fairy tale, giant deer, golden antlers”  “..., quaint city Galic”



ControlNet

Idea: fine-tune existing model for image-based spatial
conditioning

Dog example results

Q: why might this not work? i
» Catastrophic forgetting

v LgeY
\
 Mode collapse ’ L5l reuning
r. ¥
-1 X

Subject images

...sleeping soundly ...as a superhero

Georgia
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Related Work: Image-to-Image Translation

Pretext Condition

Pretraining is All You Need (PITI)

« Historically 12l is done with GANs . o

« Use large pretrained diffusion model Prefrained with

. f;r; E:Stune task-specific adapters for downstream S S Di:e:se "y e

” Tokens
‘ E

E& sketch

!—'—‘ Semantic

Latent Space

Georgia
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Related Work: Image-to-Image Translation

Taming Transformers for Image Synthesis
« Vision transformer 12| approach

55

Use a convolutional VQGAN to learn a discrete codebook

Use transformer to model code sequences

Reconstruct code sequences back to image

v " Codebook Z ) / Transformer

]

real/fake
I III flr|f|r
_— = lI Il_ fFlfFlr| s
p(S) =Hip(3£|3‘:j) .'.‘ .4'- rl et
[EENCEE |
l\. v A _.
\_ S<i

CNN
Discriminator

argnunz ez |2 - zx-H n

Decoder
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Related Work: Image-to-Image Translation
Sketch-Guided Diffusion

« Given sketch and text prompt, guide image generation with the sketch
« Learn an auxiliary network that predicts sketch images

« During denoising, use this network to guide image generation

« Only supports sketch guidance

“A bicycle in “A macro photo of “A bicycle
a snowy weather” a toy bicycle” made of wood”

Input Sketch “A photo of a bicycle’ “An origami bicycle”
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ControlNet

Freeze core model and add a "conditioning branch”

« Freeze the original NN block and make a trainable copy P— —
i zero convolution ;
« Add zero convolution layers (weights are zero) l . .
neural network neural network | trainabl
. . block block (locked) ) { | " oY ]
« Zero convolution layer weights eventually become non-zero l ,L ol i
i | zero convolution 5
) ¢ H | :
y T T E

Ye ControlNet

(a) Before (b) After

Over time, the conditioning branch learns how much of the conditioning
signal to inject!

Georgia
57 Gl" Tech.



ControlNet

" ene o " Conditioning signal "gate"
Freeze core model and add a "conditioning branch g sighal 'y

« Freeze the original NN block and make a trainable copy gp—  E—
i zero convolution ;

« Add zero convolution layers (weights are zero) l . .
neural network neural network trainabl

. . block block (locked) ) | " P )

« Zero convolution layer weights eventually become non-zero l ,L - —
i | zero convolution 5

T H | :

y T ———o——

Ye ControlNet
(a) Before (b) After

Signal influence "gate"

Over time, the conditioning branch learns how much of the conditioning
signal to inject!
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ControlNet with Stable Diffusion

« Augment encoder blocks and middle
block

« Efficient: locked copy parameters are
frozen

« Convert conditioning images to
feature space vector matching Stable
Diffusion size
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Prompt ¢; Time ¢
1 L

Text T Time b
Encoder| | Encoder
——— —

Condition ¢;

!

zero convolution

Input z;

l

Prompt&Time T
J

64x64

{ SD Encoder Block A - J 3 SD Encoder Block A
o |

64x64 (trainable copy) J *3
|

SD Encoder Block B ‘3 SD Encoder Block B ‘3
32x32 o 32x32 (trainable copy)

[
SD Encoder Block C 1 <3 T SD Encoder Block C }‘ 3
16%16 ] 16x16 (trainable copy)

SD Encoder Block D
8x8 (trainable copy)
SD Middle Block
8x8 (trainable copy)

zero convolution

| SD Decoder -
Block D 8x8 o

J &——————— zero convolution

SD Decoder Block C
16’< 16 I'I'_‘II

4*64

SD Decoder Block A -

SD Decoder Block B
32 =32

Output € (a, t c.c)

(a) Stable Diffusion

J x3 «———— zero convolution
|ﬁ'J x3 e——r zero convolution
ﬁ) x3 e— zero convolution

(b) ControlNet

x3

x3

x3

x3

%3
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Training
 Follow standard diffusion training and predict the noise added to a noisy image
£ =Kz terepem01) [HE — eglze.t, o t‘?f]||§] (1)

« Randomly replace 50% of text prompts
« Zero convolutions add no additional noise, so image fidelity is preserved
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Training
 Follow standard diffusion training and predict the noise added to a noisy image
£ =Kz terepem01) [HE — eglze.t, o t‘?f]||§] (1)

« Randomly replace 50% of text prompts
« Zero convolutions add no additional noise, so image fidelity is preserved

"Sudden Convergence Phenomenon"

e S o S T B

Test input training step 100 step 1000 step 2000 step 6100 step 6133 step 8000 step 12000

Georgia
61 Gl" Tech.




Qualitative Results: No Prompts

Sketch Normal map Depth map Canny[!!]edge M-LSD[24] line HED[Y!] edge = ADE20k[Y6] seg.

l\\ \
RN

ZANNN )

{ -'7,-/,“ a s {

1 IS ¥
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Human pose
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Ablations
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Ablations

\;".
i
S

(a) condition
. . zeroconv |
mput ———— |
$ E f
{ origin ] copy
& .
1 || zeroconv
(‘3,9 .

output (proposed)

ControlNet-lite

Insufficient prompt Perfect prompt
(w/o mentioning “house”) Conflicting prompt “a house, high-quality,
No prompt “high-quality and detailed masterpiece” “delicious cake” extremely detailed, 4K, HQ”

(b) condltlon

' conv '

mput _;—,@19

[ origin ‘QJ[ copy ]

oufput (w/ 0 zero conv)

(©)

condition
mput

w (mltlahze hghtwelght
ouEpul layers from scratch)
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Comparisons

&y

Input (sketch) PITI Ours (w/o prompts)
! e L\
Input (seg.) PITI Ours (default) “golden retriever”

-

A

Input (sketch)

“white helmet
on table”

Input (canny)  Taming Tran.  Ours (default)
66

Method Result Quality T Condition Fidelity T
PITI [59](sketch) 1.10 £ 0.05 1.02 = 0.01
Sketch-Guided [22] (7 = 1.6) 3.21 +0.62 2.31 +0.57
Sketch-Guided [22] (7 = 3.2) 252+ 044 3.28 £0.72
ControlNet-lite 3.93 +£0.59 4.09 + 0.46
ControlNet 4.22 + 0.43 4.28 + 0.45

Table 1: Average User Ranking (AUR) of result quality and
condition fidelity. We report the user preference ranking (1
to 5 indicates worst to best) of different methods.
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Diversity

67

Method FID | CLIP-score T CLIP-aes.
Stable Diffusion 6.09 0.26 6.32
VQGAN [ V](seg.)* 26.28 0.17 5.14
LDM [/ ](seg.)* 25.35 0.18 5.15
PITI [V](seg.) 19.74 0.20 5.77
ControlNet-lite 17.92 0.26 6.30
ControlNet 15.27 0.26 6.31

Table 3: Evaluation for image generation conditioned by
semantic segmentation. We report FID, CLIP text-image
score, and CLIP aesthetic scores for our method and other
baselines. We also report the performance of Stable Diffu-
sion without segmentation conditions. Methods marked with
¥ are trained from scratch.
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Thank You!
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