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Introduction

table Diffusion?
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Limitations of Stable Diffusion

1. It doesn’t generate the image that we desire.

2. It is hard to train!

How can we solve it!?

600,000

602 =

We actually used 256 A100s for this per the model card, 150k hours in

total so at market price $600k 805,980,000.00
8% 5987 &

Stability.ai CEO’s tweets




Method
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Method

Zero Convolution?

Zero convolution layers : 1x1 convolution with both weight and bias initialized to zero.

RelLU

Conv 1 x1

28 x 28 x 192 1x1x192 28 x 28 x 32
32 filters

The number of filters reduces from 192 to 32
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Experiments

e Dataset

Conditions + Images + Captions(BLiP)

Conditions Sraining Draining G Base model

samples Type and Hours
Canny Edge 3M Internet ~600 A100 Stable Diffusion V1.5
Hough Line 600K Places2 ~150 A100 Resumed from the Canny model
HED Boundary 3M Internet ~300 A100 Stable Diffusion V1.5
User Sketching 500K Internet ~150 A100 Resumed from the Canny model
Human Pose (Openpifpaf) | 200K Openpifpaf  ~400 3090TI Stable Diffusion V2.1
Human Pose (Openpose) 200K Openpose ~300 A100 Stable Diffusion V1.5
Semantic Mask (COCO) 164K COCO ~400 3090TI Stable Diffusion V1.5
Semantic Mask (ADE20K) 20K ADE20K ~200 A100 Stable Diffusion V1.5
Depth 3M Internet ~500 A100 Stable Diffusion V1.5
Normal Maps 25K DIODE ~100 A100 Stable Diffusion V1.5
Cartoon Line Drawing IM Internet ~300 A100 Waifu Diffusion
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Experiments

Input (Canny Edge Default

N\

Automatic Prompt

User Prompt

“a man with beard sitting with two children”

SR,

“a man in a suit and tie”

“a man in a white suit and tie”

Controlling Stable Diffusion with Canny edges
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Experiments

Input (Hough Line) Default Automatic Prompt User Prompt

ey Z=>—
. o
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“a modern house with windows” “a minecraft house”

Controlling Stable Diffusion with Hough lines 1



Experiments

Input (User Scribble) Default Automatic Prompt User Promp

B

“a cow with horns standing in a field” “a robot ox on moon, UE5 rendering, ray tracing”

Controlling Stable Diffusion with User scribbles 13



Experiments

Input (openpose) Default User Prompt

“astronaut”

Controlling Stable Diffusion with Human poses 14



Experiments

COCO Segmentation

User Prompt

“cyberpunk, city at night”

Controlling Stable Diffusion with Segmentation

Default User Prompt

Controlling Stable Diffusion with normal map
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Experiments

The sudden convergence phenomenon

Same prompt:

(‘apple”

+ default “a detailed high-quality professional
image”

Same CFG scale (9.0)

Learning rate le-5
AdamW
without using tricks like ema

\ ktr:
\ '

i TN

Test condition

100 steps 1000 steps 2000 steps 6100 steps 6133 steps 8000 steps 10000 steps 12000 steps

A\ 7 e N N

Training steps

The phenomenon of
sudden convergence
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Experiments

Interpreting contents

Input

“a high-quality and extremely detailed image”
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Experiments

Other community models

“house” SD 1.5 Comic Diffusion

Protogen 3.4
Transferring pretrained ControlNets to community models
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Experiments

Ablation study
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ongm BJ copy
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Ablative study of different architectures on a sketch condition and different prompt settings 5



Conclusion
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Conclusion

Animate Anyone
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Conclusion
MagicAnimate

D Text-to-Image

\
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1

o |
e |
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
!

reference

o)

noisy

me

Pipeline

| ] Appearance Encoder [ ] ControlNet

T

s e
I

denoised

Wﬁ'* |

DensePose
sequence

MagicAnimate

Training

,--------_
oA
3

[ R ———

1 Image-video Joint Training

-
|
Ly

| ] Temporal Attention

reference

Y
latents 0 latents 1

DensePose DensePose
sequence 0 sequence 1

denoised long video

Inference

22



Conclusion
MagicAnimate

Reference Motion Animation Reference Motion Animation
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Conclusion

* Why ControlNet is the best paper at ICCV 2023

* How to fine-tune Stable Diffusion on lab-scale GPUs with small datasets

* The impact of ControlNet on new and fun projects.
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Appendix

Training technic

Randomly replace 50% text prompts with empty strings

This approach increases ControlNet'’s ability to directly recognize semantics in the input conditioning
images (e.g., edges, poses, depth, etc.) as a replacement for the prompt.
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Training technic
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Appendix

Q: If the weight of a conv layer is zero, the gradient will also be zero, and the network will not learn anything. Why "zero convolution" works?
A: This is wrong. Let us consider a very simple
y=wx+b
and we have
O0y/0w = z,0y/0z = w,0y/0b =1
and if w = 0 and z # 0, then
Oy/0w # 0,0y/0x = 0,0y/0b # 0
which means as long as z # 0, one gradient descent iteration will make w non-zero. Then
dy/0z # 0

so that the zero convolutions will progressively become a common conv layer with non-zero weights.
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Zero convolution layer

y=wx+b

Oy/0w = z,0y/0x = w,0y/0b =1
if w=0and z # 0, then

Oy/Ow # 0,0y/0x = 0,0y/0b # 0

Oy/0x # 0

I € R*XwXe_ the forward pass can be written as

Z(I;{W,B}),; = B; + Z I,,;W; ;. (1)
J

Since a zero convolution layer in initialized with W = 0 and B = O (i.e., before any optimization
steps), anywhere that I, ; # O the gradients become

(0Z(I{W,BY)yi _,
0B; 7
OZ(I;{W,B})pi _x
) . Pt _ Z W, ,; =0, 2)
oI, ; r
az(Ia{W)B})P”‘ _ .
\ oW, =I,; #0.

We see that although a zero convolution can cause the gradient on the feature term I to become zero,
the gradients for the weight and bias are not influenced. As long as the feature I is non-zero, the
weight W will be optimized into a non-zero matrix in the first gradient descent iteration. Notably, in
our case, the feature term is input data or condition vectors sampled from datasets, which naturally
ensures non-zero I.

For example, consider classic gradient descent with an overall loss function £ and a learning rate
Bir # 0, if the “outside” gradient 0L/0Z(I;{W, B}) is not zero, we have

oL 9Z(I. {W, BY)
9Z(T. {W, B} ow 70 ®

where W* is the weight after one gradient descent step and ® is Hadamard product. After this step,
we have

W =W — G -

0Z(I; {W*,B}),.;
oI, ;

=) Wi #0, 4)
J




Appendix

Cony,
5x5,

—)

28x28x128 28x28x64

#params = 28x28x64x5x5x128 = 160M

Cony, Cony,
1x1, 5x3,
32 64
28x28x128 28x28x32 28x28x64
#params = 28x28x32x128x1x1 #params = 28x28x64x5x5x32 #total = 44.8M

= 4.8M = 40M



