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Prompt: kids party favors
Prompt: sand and water in a desert, in the style of

metropolis meets nature, les nabis, majestic ports,

national geographic photo, tangled nests, dark emerald

https://legacy.midjourney.com/showcase/recent/ and beige, aerial view

Prompt: film still of 16 year old blond girl. looks like
alice in wonderland. wearing modern clothes designed
by Alexander McQueen, balancing joyously but happy.
Extremely detailed and realistic. colorful garden. sharp

focus. in london. Directed by Tony McNamara



My business partner and | are creating a coffee shop inspired by our mutual love for rabbits. We have a logo we like a lot that is
minimalist with a rabbit, but anxious to get your take on it.

58 £RAIBRELRE
s B I o L / Here are some minimalist rabbit-inspired logo designs for your coffee shop. Each captures the essence of a rabbit while

integrating coffee-related elements. | hope these designs align with the vision you and your business partner have for your

D ALL . E 3 E: j»jﬁt }E ﬁ@ E /7'_:]_‘&_‘ é}/\j E % _I/% —%- %51 é\ coffee shop. If you have any feedback or further preferences, please let me know!

I am doing a report on cirrus clouds for my high school science class. | need photorealistic images that show off how wispy they
are. | am going to compare them to photos | took of puffy cumulonimbus clouds at my house yesterday. /
([
Here are the photorealistic images of cirrus clouds showcasing their wispy and delicate nature. You can compare these with the
photos of cumulonimbus clouds you took to highlight the differences in their structures and appearances. If you need any ‘
further information or assistance, please let me know! ‘

COFFEE SHOP

I am working with a web designer for a new website to sell bicycle helmets. Could you recommend a few website Ul's that are
both modern and simple that | can share with her as examples?

Here are some website Ul designs tailored for selling bicycle helmets with a modern and simple aesthetic:

(o0 o

@ o s e oo QD O

https://openai.com/blog/dall-e-3-is-now-available-in-chatgpt-plus-and-enterprise



Gen-2 by Runway

Pika 1.0 by Pika Labs Prompt: the late afternoon sun peeking through the window of a New York City loft

https://pika.art/; https://research.runwayml.com/gen2; https://walt-video-diffusion.github.io/
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Small lavender isometric room, soft lighting, unreal engine
render, voxels.

An elephant skull. Ablue tulip.

A small saguaro cactus planted in a clay pot. A pineapple.

Given a caption, DreamFusion generates relightable 3D objects with high-fidelity appearance, depth,
and normals. Objects are represented as a Neural Radiance Field and leverage a pretrained text-to-
image diffusion prior such as Imagen

High-fidelity generated NeRFs Complex generated NeRFs.

A snail on a leaf. A 3D model of an adorable cottage with a thatched roof.

DreamFusion by Google ProlificDreamer by Tsinghua

https://dreamfusion3d.github.io/index.html; https://ml.cs.tsinghua.edu.cn/prolificdreamer/
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IR MR q X(t)‘x(t—l) =N X(t);x(t—l)‘ /1 — B, 15,

Sohl-Dickstein et al., Deep unsupervised learning using nonequilibrium thermodynamics. ICML 2015
Ho et al. Denoising diffusion probabilistic models (DDPM), NeurIPS 2020
Song et al. Score-based generative modeling through stochastic differential equations, ICLR 2021
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UH

BXwEZEEHEA (hierarchical VAEs) , p(xg) = [ p(xo|x)p(x1]|x2)... p(xr)dx; T

= X AHE LT 5

po (X0.7) _
q(xy.7lx0)

Eq(xo) [log pg(x0)] = Eq(xo)Eq(xl:Tlxo) log EpD(xO),e Et~U[1,2,3...,T] g (xp, t) — 1(xe, o) I

APTNHAE, FIREFE, PN ELSFTREBER BT (B4 ZR B 2 A AL AFD

to (Xt t)

TR W] 25

Fully-connected
Layers

Sohl-Dickstein et al., Deep unsupervised learning using nonequilibrium thermodynamics. ICML 2015
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Fully-connected
Layers

Ho et al. Denoising diffusion probabilistic models (DDPM), NeurIPS 2020
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Algorithm 1 Training Algorithm 2 Sampling
;: repeat x0) 1: xr ~N(0,I)
P e 2: fort="T,...,1d
3t~ Uniform({1,...,T}) 3w NOD
4: €~ N(0,I) ' ’ —
5: Take gradient descent step on 4 X1 = \/L—t (xt - \}1—T.—t;€9 (xtat)) t+ otz
Vo ||e — ea(vVarxo + V1 — aue 15)”2 5: end for
6: until converged 6: return xo

Ho et al. Denoising diffusion probabilistic models (DDPM), NeurIPS 2020
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score function

dx = [f(xt t)& log p ( i]dt—l—g (t)dw

o KT A OSB3 B A A

W& HAR:

Eppxo)e Ee~uln23...1lI€0 (xe, £) — €l|?

TR

w(t)]qu(mo)]Eq(e) [||eg(:1:t, t) — 6“%] dt

N =
c\
~

Song et al. Score-based generative modeling through stochastic differential equations, ICLR 2021
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Diffusion SDE:
: 2
dz, = |1tz + T Deg(a,t)] at + g(t)am,, @1 ~N(0,5°)
t

Diffusion ODE (Probability Flow ODE, # % %, #[r2a

T —50
dz 2(t
—t =f(t)a:t-|—g ( )Eg(mt, ) wTNN(O,5'2I)

dt

20'1;

Song et al. Score-based generative modeling through stochastic differential equations, ICLR 2021
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Song et al. Score-based generative modeling through stochastic differential equations, ICLR 2021
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[ Transformer Block ]

[ Transformer Block ]
[ Transfon?er Block ] Long Sl.ﬂip
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All as words

a big clock tower A colorful bird
sits in the middle is perched on a
of'a road branch.

U-Net

U-ViT

U-ViT-Deep g ;
v/

MS-COCO 3| &

2023: U-ViTH
HWE. BY K&

o FEAMEI LK

- FEBEISIS

A couple of A group of three A long empty
horses standing ~ giraffe standing  road way
next to each inside of a cage. surrounded by

wild plants.

other on a ficld.

PR ERER

Bao F et al. All are Worth Words: A ViT Backbone for Diffusion Models. CVPR 2023.
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Bao F, Li C, Zhu J, et al. Analytic-DPM: an analytic estimate of the optimal reverse variance in diffusion probabilistic models. ICLR 2022.
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nalytic-DPM: Z5

s TEHFII NS, RIEARFEARESE, HXDDPMZE % frik 20-80 £
s EABNEARTEE T XEEAEKAHEE DALLE 2

To obtain a full generative model of images, we combine the CLIP image embedding decoder with a prior
model, which generates possible CLIP image embeddings from a given text caption. We compare our
text-to-image system with other systems such as DALL-E [40] and GLIDE [33], finding that our samples are
comparable in quality to GLIDE, but with greater diversity in our generations. We also develop methods for
training diffusion priors in latent space, and show that they achieve comparable performance to autoregressive
priors, while being more compute-efficient. We refer to our full text-conditional image generation stack as
unCLIP, since it generates images by inverting the CLIP image encoder.

For the AR prior, we use a Transformer text encoder with width 2048 and 24 blocks and a decoder with
a causal attention mask, width 1664, and 24 blocks. For the diffusion prior, we use a Transformer with
width 2048 and 24 blocks, and sample with Analytic DPM [2] with 64 strided sampling steps. To reuse
hyperparameters tuned for diffusion noise schedules on images from [Dhariwal and Nichol| [IT], we scale the
CLIP embedding inputs by 17.2 to match the empirical variance of RGB pixel values of ImageNet images
scaled to [—1,1].

AR prior  Diffusion prior 64 64 — 256 256 — 1024
Diffusion steps - 1000 1000 1000 1000
Noise schedule - cosine cosine cosine linear
Sampling steps - 64 25 27 15
Sampling variance method - analytic learned [34] DDIM [@7] DDIM [47)
Crop fraction - - - 0.25 0.25
Model size 1B 1B 3.5B 700M 300M
Channels - - 512 320 192
Depth - - 3 3 2
Channels multiple - - 1234 12,34 11,2244
Heads channels - - 64 - -
Attention resolution - - 32,168 - -
Text encoder context 256 256 256 - -
Text encoder width 2048 2048 2048 - -
Text encoder depth 24 24 24 - -
Text encoder heads 32 32 32 - -

ﬁ % f]uﬁ DALLE2 “a painting of a fox sitting in a field at

sunrise in the style of Claude Monet”
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Calibrated-DPMs: ¥ BURELAIRE (R

I : BERAGAFFHBRLT,
Ego(x0) Vo108 qo(xo) = 0.

RHE: aV,logqe(x,) W EHLILAER X
Fx 69 0f 8] AR GG e, N
eq(xt)vxtlog qt(xt) — O

« BINEZBHRER cp(x, ORAE Hey(x,,t) —
matching loss, K &HE & UK

iHPR)

CelebA 64x64

5
LN

x Fhd
=
-y e

FFHQ 64%x64

LR e R L 6 LR URMATRORED BRI SR o
- i LRI i RN A IR T et U Wiy
= L.',&\‘ S o . -val o b i

> T

Timestep t

R

s .
¥ I O
¢ N
AN LR

R, BRI GEHTNARER 5 AR 0H1E

Eqix€0(xt, t)

|

q%%&ﬂ %SCOI’C

AT R FB 7 ERFONN G — AT

Pang, Lu, Du, Lin, Yan, Deng. On Calibrating Diffusion Probabilistic Models. NeurIPS 2023.




Calibrated-DPMs: 2582

s TRHFIMINEA, EEZNEEELRER
ERFERAFE, HNAREBEERARE
FIDZ %1.1

T Lol

w/o calibration (baseline)

w/ calibration (ours)

Table 1: Comparison on sample quality measured by FID | with varying NFE on CIFAR-10.
Experiments are conducted using a linear noise schedule on the discrete-time model from [15]. We
consider three variants of DPM-Solver with different orders. The results with 1 mean the actual NFE

is order x | NTE | which is smaller than the given NFE, following the setting in [26].
: - Number of evaluations (NFE)

Noise prediction DPM-Solver 10 15 20 25 30 35 40
1-order 2049 1247 972 7.89 6.84 622 5.5

€l (z) 2-order 735 f452 414 1392 374 7371 3.68
3-order 12396 4.61 7389 7373 3.65 13.65 3.60
1-order 1931 11.77 886 735 6.28 576 5.36

€5(xt) — Eq,(z,) [€5(xt)] 2-order 676 1436 4.03 1366 354 1344 348
3-order 15350 4.22 1332 333 335 1332 1331

Table 2: Comparison on sample quality measured by FID | with varying NFE on CelebA 64 x 64.
Experiments are conducted using a linear noise schedule on the discrete-time model from [35]. The
settings of DPM-Solver are the same as on CIFAR-10.

Number of evaluations (NFE)

Noise prediction DPM-Solver 10 15 20 25 30 35 40
1-order 16.74 1185 793 6.67 590 538 5.01

€} (zt) 2-order 432 7398 294 7288 288 72.88 284
3-order f11.92 391 f2.84 1276 2.82 f2.81 7285
1-order 16.13 1129 7.09 6.06 528 4.87 4.39

€5 (x) — Eg, () [€5(x¢)] 2-order 442 1394 261 72,66 254 252 249
3-order 13547 3.62 7233 1243 240 1243 72.49




BKREWER ZFE, IR EREESHANWHRE (2 IS, FID) = A&
WERBRHESLMR RE (n: CLIPScore. ImageReward)
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Stable Diffusion v1.5 Stable Diffusion XL Base Stable Diffusion XL Base + Refiner
ImageReward: 1.74 ImageReward: 0.70 ImageReward: 0.75

Prompt: A beautiful girl near the lake
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[Bayesian SegNet, Kendall et al.]
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Iterate T steps with BayesDiff
Prompt: A photo of the mathematician Bayes holding a rose in his hand.

BRERAE (RERSHESRATFZBR)
» EFIAT BB HNELHT, £
HHENAH T EEN

Kou, Gan, Wang, Li, Deng. BayesDiff: Estimating Pixel-wise Uncertainty in Diffusion via Bayesian Inference. 2023



BayesDiff : 551

Table 1: Comparison on three metrics between randomly selected images and our selected images.
We use 50 NFE for both DDIM and DPM-Solver sampler.

Model Dataset Sampler D EICGIon Recalb

random ours random ours random ours

ADM  ImageNet 128 DDIM 8.65 8.48 0.661 0.665 0.655 0.653
ADM ImageNet 128 2-order DPM-Solver 972  9.67 0.657 0.659 0.649 0.649
U-ViT ImageNet 256 2-order DPM-Solver 721  6.81 0.698 0.705 0.658  0.657

- - ﬂ U-ViT ImageNet 512 2-order DPM-Solver ~ 17.75 16.87 0728 0732  0.602 0.604
Figure 3: The images with the highest (left) and lowest (right) uncertainty among 5000 unconditional ﬁ :@ )—é § z Fé %~0.9FID

generations of U-ViT model trained on ImageNet at 256 x 256 resolution.

augmented samples

A

photo of a bald eagle.

A photo of a white shark. A photo of a Shiba Inu dog wearing A painting of a cheetah drinking an espresso.

sunglasses and a beach hat.

A phﬂ; of an iguana.

Figure 4: The images with the highest (left) and lowest (right) uncertainty among 80 generations on

Stable Diffusion at 512 x 512 resolution. Figure 7: Examples of the augmentation of good generations with enhanced diversity on Stable
Diffusion with DDIM sampler (50 NFE).

BRELWAHIEANRIEGTIHIE, 957 DA o ] B A R B 2 RR A B - NV (E(e), Var ()
KA MR E AR (I ERTR. A, B3O Hx, #ATEXME, LIRMRALKEE
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Original

Phonetic

A photo of an astronaut riding A photo of an astornaut riding A photo of an astronaut riding A photo of an astronaut riding
a horse on mars. a hrose on mars a horse on mars. a holse on mars.

Rule Ori. Sentence Adyv. Sentence

Typo A red ball on green grass under a blue sky. A rde ball on green grass under a blue skky.

Glyph  Ared ball on green grass under a blue sky. A réd ball On green grass under a blue sky.
Phonetic A red ball on green grass under a blue sky. A read ball on green grass under a blue SKY.

# T typo. glyph. phonetic3k 4 {5 3 5L # F 4 5

Gao et al., Evaluating the Robustness of Text-to-image Diffusion Models against Real-world Attacks, 2023.



SR-EURIT BEE RN ST

o ftHE AR
« MMDJE % :

1

/ 2 _
Dymp (p(x[c)lp(xlc)) = N2 §V=1 Zﬂy=1 K(Xi»xj) ~ Nz §V=1 Zﬂyﬂ K(xi;xj)

D (Gl Ip(xle)) ~ @ [%thqb(xi)f (950 = 94(0)

 Two-sample test: £({p(x) .1, {o(E)DIL)

» Wik
- HEZEHF
- HEA K

Gao et al., Evaluating the Robustness of Text-to-image Diffusion Models against Real-world Attacks, 2023.
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Original

Phonetic
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A cat dressed as french emp- Acatdresseda

s french efnp- A cat dressed as french emp-
eror napoleon holding a piece eror napoleon holding a piece

of cheese. of cheese.

A Cait dressed as french emp-
eror napoleon holding a piece eror napoleon holding a piece

of cheese. of cheese.

Real-world attacks on DALLE-2.

Gao et al., Evaluating the Robustness of Text-to-image Diffusion Models against Real-world Attacks, 2023.
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Orlgmal

A photo of a dlnosaur walklng A photo of a dinosar waklling A photo of a dinsaur wakinig A photo of a dinosuar wakling
through a modern city through a modern citty through aa mdern cityy through a moden ctiy

Human (random) attacks on Stable Diffusion.

Gao et al., Evaluating the Robustness of Text-to-image Diffusion Models against Real-world Attacks, 2023.
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Rombach et al. High-Resolution Image Synthesis with Latent Diffusion Mode. CVPR 2022.
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a cat drinking a pint of beer §
K

a cute robot artist
painting on an easel
concept art
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Bao F et al. One transformer (U-ViT) fits all distributions in multi-modal diffusion. ICML 2023.
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One Transformq
Multi-Mod

Joint Generation
Unconditional Generation
Text to Image Generation
Image to Text Generation
Image Variation
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Living room with
ocean views
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«Tightly after sunset,
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*Best Birthday Party Ideas
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Guizhou, China

*Colorful Abstract Animal
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arse
1’1?

| 4 ;‘.--
e

(e) g(¥o) unconditional () x,

A rabbit floating in Christmas santa
the galaxy dog

Teddy bear with

smartphone

(¢) q(¥olxo) image to text generation

SO . citsoat is sailing on

the Atlantic Ocean

High angle view of
sailing boat during
daytime

aolxo)  a(xglyo) _, a(Xoly(.J
— Y —— %) @yo—

Red maple on a hill
in golden Autumn

Red maple tree at
autumn

u(yé\xf,) y
—Yo

image variation text v .xrmuun

Grand Dolomites
Dolomites Sunset Marbella
with sun in Italy Italy Land
sunset. Photography
HDR

TR

(i) Interpolation between two images in the wild

xj = -+ = Blocked Gibbs sampling between images and texts
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A blue jay standing on a large basket of rainbow macarons
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Jade Sword

Banana Bread Roll
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Animals Square Cute
Kitten Cat Diamond
Painting Ki...

A

e
Art: Flower Picking
ACEO by Artist
Carmen Medlin

Kitten by Michael
Creese

Watercolor
MaineCoon Cat Hand
Drawn Pet Portrait I...
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Kitten Watercolor

Painting Art Print - Cat
Paintin...

Imagenes A Lapiz De
Gatos | como dibujar
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5d Cat Diamond
Painting Kit Premium-
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DreamFusion: {FE{&ETIZXIE93DIREY

CHEMRTEIRERTE Ey MEA R XWERER S

"a DSLR photo of a
peacock on a surfboard" Imagen

20, ~ U(0, 1) g (] 1)

rendering

-

albedo p color ¢ P(camera) ‘ e~N(0,I)

NeRF MLP(-; 9) Backpropagate onto NeRF weights

€p(ze|yit) — €

RU=ZEEXRELNNAELER “F4” £hoh, LFEIDHKE
Score distillation sampling (SDS) HAF: EFEAFMAEE, EM 2y SER s ERATN R =

9g(0, c)

Vo Lsps (9) = IEt,e,c W(t) (epretrain(mta t, y) - 6) 90

Poole et al. DREAMFUSION: TEXT-TO-3D USING 2D DIFFUSION. ICLR 2023.
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DreamFusion Z% T{E

c RN THEERRF S EM R EREE S, HEHA SDS
c AMAERMA: T, IR, SHEERFAKXTE!

DreamFusion Magic3D SJIC Latent-NeRF Fantasia3D



Score distillation sampling

s FRBESTHRAER , TWAEXH!

g%iél Lsps(0) =By ¢ [(00/o)w(t) Dk (af (ze]c) || pe(e|y©))]

0g(0,c
VoLsps(0) £ Ete,c [w(t)(fpretrain(-’ﬂt,t,y) —€) gée )]
score function zero-mean
0g (0,
~ ]Et,e,c [_w(t)atvmt lngt(mt,y) gég C)]

mode-seeking
in 2D space
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ProlificDreamer: ZIENAZE|=%HRNBSERIIAHEE

LrRXA, RAZXT 3D KAWL

Mo XA (T R BURAED

BH: REREEMS K

Wang et al. ProlificDreamer: High-Fidelity and Diverse Text-to-3D Generation with Variational Score Distillation. NeurIPS 2023.
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Text to Image
Diffusion €pretrain (xe, 8, ¥)
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Variational score distillation (VSD ) &%

s ETRTHWES R RIERTHAE Lid. ZEEE 54

I : Wasserstein gradient flow of VSD.

o,

dg(0-, C)]

= —Eteec [w(t) (:Utvmt logpt($t|ycl—£—0tvmt log g;' " (x+]c, y)z) 50

score of noisy real images score of noisy rendered images
B AEANE REERERAF, FA LoRA fit
VSD # *f B3 A B 40 AT R E
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swan— Swarovski crystal swan



ControlVideo:

Ay magi e
X Hy B st ke

Source Video

Xe

Control

Source Promt:
IIA Carll

'

'

||

'

:

—

'

' :

'

s [

'

F WA A\ B &1,

FAREA

WS- SLAREL

Training

MNe
&P

Predicted Noise

D Basic Block with
Temporal
Attention

{7 ] Basic Block without
1 2
J Temporal Attention

RIERR E A

B 454 e 1

Basic Block

.
Pseudo 3D
ResNet
fronnnnmeeeesnnnnneeeas '
Temporal
Kc\v_rramc copy weights Attention
> o as initial weights 2
Attention o
Convolution
@4----- ------------------- :
Cross
Attention

N

\J

Key-frame Attention

. Key,

Zhao et al. ControlVideo: Adding Conditional Control for One Shot Text-to-Video Editing. 2023.

Value . Query

Temporal Attention

sndmeE

Source Video

Edited Video

Yo

Inference

Source Promt:
"A Car"

o DDIM
- gl
= Inversion
> = -
-
&
=
&)
. Inversion
Control T

Noise

ControlVideo [+

. XJ
DDIM
Sampling

Target Promt:
"A car, autumn"

AR BB FERANE, BB, ERTAUE




ControlVideo: Z5ER

Source ControlVideo SD Tune-A-Video  Vid2vid-zero Video-P2P FateZero

.,

oooooooooooo

RETRENE. BEREE. WE—ZKKE. REAX
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DDIM Inv. £ 4t 7 &
A RESEFE, BT = |8 5] &

FEOAE L %
wH A iiiﬁ -

Source Prompt:
A woman with a white hat

weee

LOVECon: EFControlNet, FHj)|

B A WA 3R

LI 4 A Sk

. . « . Cross Window The First
Attention Window
DDIM DenoisingxT Cross The Previous
Attention Window
Target Prompt:
A woman with a oink hat Latent Frame
Fusion Interpolation

WEHERAKREAEF D ERARIEER £ &, FEAFWDDIM Inv. R A 5 £ MR A 24T 5]
AMERIELKBER—K, FIAATAGEMEB AT EAER TR FFREE

Liao & Deng. LOVECon: Text-driven Training-Free Long Video Editing with ControlNet. 2023.




LOVECon : &8

A woman with a white hat -> A woman with a hat

B 2 3 4 N

Canny Condition T ' ) HiB ControlVideo-I

Flamingos -> Flamingos in the water

=

Depth Condition ' Text2Video—Zero ControlVideo—I ControlVideo—II

ERNEK., RER, FRENERTRE—X
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£: BMRIRLEFTE—IREE

SIS

GAN: Adversarial X Discriminator 7 Generator !
training G(z)

VAE: maximize X Encoder J oz _@ <!
variational lower bound q¢(z|x) po(x|z)
Flow-based models: x Flow Az Inl/frse x’
Invertible transform of f(x) f(2)

distributions
Diffusion models:_ X0 X1 - Xo _ Z

Gradually add Gaussian - - [€---mmmme PR - ------o
noise and then reverse

BN EFEZERI000K, BREFRAAME WL
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pr(z) pt(z) > po()
Traditional SDE Solvers ~200 Checkpoint: CIFAR-10, VP

S I, ICLR21
Traditional ODE Solvers ~100 [Song etal, ]



DPM-Solver: ME[RAIY &Y %’—?—‘Tﬁﬂéﬁgﬁﬁﬁj\ﬁ EEEHUL

s AT RMEEALEEERR, RETENERS TENERUENTY A

t 2
GREMERE o= @ +[/ (f(f)wT + 10 a,, T)) dr] BB 8 R RTHHEL U
a, — Mo (A= Ag,)"
ﬁﬁj}% DPM-Solver Lt;_1—t; = atiil iti—l — O, 7l§=:() één) (5%)\%._1 ) )\ti_l )\ti_le_)‘ n!z_l dA O(hf_'_l
BHAE WERERAEMSEM EAEX B AR

Lu C, et al. DPM-Solver: A Fast ODE Solver for Diffusion Probabilistic Model Sampling in Around 10 Steps. NeurIPS 2022.



DPM-Solver: Z5ER

100.0 & %

~—»— ODE (DPM-Solver) i x_ —»%— DPM-Solver £ 8 —»— DPM-Solver
, «— ODE (RK45) N «~ DDPM V\\ <« DDPM
\ ~—%— SDE (Euler) 100i5 \ % Analytic-DDPM 100 N ~—*— Analytic-DDPM
—»— SDE (Adaptive) \ —»— DDIM A —»— DDIM
§ \ —%— Analytic-DDIM L ~—— Analytic-DDIM
[~ 2 g \ PNDM 9 30 b —%— PNDM
100 1 'GGDM FastDPM

1t6-Taylor

5.0 4 X .
401 g ] " 61

3.0 il % 44

2.5 1 ; 3] = o) 3

2.0 ‘

1012 15 20 50 200 1000 1012 15 20 50 200 1000 1012 15 20 50 200 1000
NFE NFE NFE

(a) CIFAR-10 (continuous) (b) CIFAR-10 (discrete) (c) CelebA 64x64 (discrete)

% i —*— DPM-Solver
Se ) —»%— DPM-Solver o S —»%— DPM-Solver o “— DDPM
\\ »— DDPM 1554 % »— DDPM 100 B “— DDIM
N\ —»%—  Analytic-DDPM —»— DDIM
N 50
\ —%— DDIM 50 x N

FID

FID

100 N . ! :
Ne —— Analytic-DDIM
g 1 S - x- 1GGDM X,

o

40 4 10 \ £
7 \\ 44
%
25 5 3 4
4 1
24
13 31 . ——— . : :
——— . , & DY — , . . . 1012 15 20 50 100 250
1012 15 20 50 200 1000 10 12 15 20 50 100 250 NFE

NFE NFE

(d) ImageNet 64x64 (discrete) (e) ImageNet 128x128 (discrete) g')e LoUN bedroom, 20032061 (dis-

te)



DPM-Solver: Z552

c EUNMHBRHN TR HIZI WY BEMEBEEAXREEE, ISTERFEEHR
c WENTRIFEHKX (Github EHER 6 F LK) XEH/EARINERE

& 2\ Pedro Cuenca
&

StepS = 5 Stable Diffusion demo Spaces run twice as fast! How
on Earth?

We adopted DPM-Solver++, a new scheduler by
et al. that gets the job done in
fewer steps.

8s — 4s for 8 images, using JAX on TPU v2-8. ﬁ

Stable Diffusion v1-5

DDIM PNDM DPM-Solver

BIESCAB N 15 F 4 & 512x512 B 24 FEMA Stable Diffusion &2 7 2 £
1%
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Progressive Distilla

~
|
ek

M

Z3/4 = f(z1;1m)3
v
Zy)2 = f(z3/4;77)<
v
Z))4 = f(zl/2;77)<
v
X = 10(21/4;77)<
B 4
=0 X
Distillat

Salimans & Ho. Progressive Distillation for Fast |

Algorithm 2 Progressive distillation

Require:
Require:
Require:
Require:

for_K iterations do

0 < n > Init student from teacher

Trained teacher model X,,(z;)

Dataset D
Loss weight function w()
Student sampling steps NV

while not converged do

X~ D
=1i/N, i~ Cat[l,2,...,N]
e~ N(0,1)
Zi = Q44X + O4€
# 2 steps of DDIM with teacher
' =t—05/N, t!=t—1/N

Zy = at/}”cn(zt) -+ %(Zt — atfcn (Zt))
O'tll

Zyrr = atufcn(zt/) e o, (Zt/ — at/fcn (Ztr))

Zyr —(O't// /at)zt
o — (o [oy) oy

K= > Teacher x target

Ap = 10g'a}?/0f2-

Lo = w(A)|IX — %o (2¢) |3

py p—— vy

end while
M < 0 > Student becomes next teacher
N < N/2 1 Halve number of sampling steps

end for

¥z B # 7 noise schedule
ETHONGER, Dlgg
ODE samplerfE ¥ # JF

D RBANY: FERFE
By — 2 X
EF1EE



Progressive Distillation: 25

20
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FID
TR Y e R -1

20

—

FID
A L O\ 00O

CIFAR-10

—— Distilled
—~— DDIM
—— Stochastic

|
1 2 4 8 16 32 64 128256512
sampling steps
128x128 LSUN Bedrooms

—— Distilled
—~— DDIM
—— Stochastic

N

I S VI

|
1 2 4 8 16 32 64 128 256 512
sampling steps

20

FID
(S N R S

20

FID
A U O\ Q00O

64x64 ImageNet

—=— Distilled
—~— DDIM
—— Stochastic

|
1 2 4 8 16 32 64 128 256 512
sampling steps
128x128 LSUN Church-Outdoor

—— Distilled
—~— DDIM
—»— Stochastic

|
8 16 32 64 128 256 512
sampling steps

Salimans & Ho. Progressive Distillation for Fast Sampling of Diffusion Models. ICLR 2022

ENREZHAERTERNEFEILT,
¥ F B KA KB4,
« CIFAR-10 FFID: 3.0
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CF-Guidance
Stochastic sampling

Text-to-image

Image-to-image

Mask Result 1 Result 2

Image inpainting (2 steps)

Inpainting

Latent Diffusion

Input Output (different styles) .
Text-guided generation (4 steps) Image to image translation (3 steps)
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Consistency Distillation

BEZE JRODEE X T " = 2| 280y — — B &t

=>F B 72 A I Bk At
Vt € 10,T] : fo(x¢,t) = X
« BAZHEM: FRELAELEH (=0)

fo(x,t) = cuip(t)x + cout(t)Fo(x,1)
Cskip(0) =1 Cout(0) =0

Welghtlng Student Teacher
function model model

Song et al. Consistency Models. ICML 2023

0-

Data Noise
_ \
~ ol t) GLT)
Y To(xe =75 1 — ?)

ol Jo(x7,T) /

Algorithm 1 Multistep Consistency Sampling

Input: Consistency model fy(-,-), sequence of time
points 7, > T > --- > Ty_1, initial noise X
X f9 ()A(Ta T)
)”] forn=1to N —1do
Sample z ~ N (0, I)
Xy, — X+ /T2 — €2z
X f@ (),\(Tn y T )
= EMA(6) end for "
Output: x




Consistency Distillation: 7558

8.0 PD (£,) 15 PD (£2)
mmm PD (LPIPS) mmm PD (LPIPS)
6.0 CD (L5) 10 CD (£2)
a mmm CD(LPIPS) A = CD (LPIPS) .
I 4.0 s — 4 & K #ISOTA FID:
20 ° * 3.55 on CIFAR-10
N A | I I * 6.20 on ImageNet 64
1 Number of sampling steps Number of samplir?g steps )
(a) CIFAR-10 (b) ImageNet 64 x 64

B B B i

(a) Left: The gray-scale image. Middle: Colorized images. Right: The ground-truth i 1mag

AT ERAR

(c) Left: A stroke input provided by users. Right: Stroke-guided image generation.

Song et al. Consistency Models. ICML 2023



Consistency Distillation: F7DALL-E 3

. 4 \ B R ——=— A
— RN A illustration from a graphic novel. A bustling city street under the shine of a full moon. The sidewalks bustling with
In a fantastical setting, a highly detailed furry humanoid skunk with piercing eyes confidently poses in a medium shot, pedestrians enjoying the nightlife. At the corner stall, a young woman with fiery red hair, dressed in a signature velvet
wearing an animal hide jacket. The artist has masterfully rendered the character in digital art, capturing the intricate details cloak, is haggling with the grumpy old vendor. the grumpy vendor, a tall, sophisticated man is wearing a sharp suit, sports a
of fur and clothing texture. noteworthy moustache is animatedly conversing on his steampunk telephone.

https://cdn.openai.com/papers/dall-e-3.pdf



f22S[BJHYConsistency Distillation

>

ﬁ)ﬂ %%%SD i‘%('f’lﬁ fo(z,c,t) = cuip(t)z + cout(t) (z — 9iéo(2, t)) ,  (e-Prediction)

Qi

Algorithm 1 Latent Consistency Distillation (LCD)

Input: dataset D, initial model parameter 0, learning rate 1, ODE solver W(-, -, -, -), distance metric d(-, -),
EMA rate u, noise schedule «(t), o(t), guidance scale [wmin, Wmax|, [skipping interval k| and encoder E(-)
Encoding training data into latent space: D, = {(z, ¢)|z = E(x), (z,¢) € D \ ‘
QEC:)_Hég raining data into latent space {(z,0)|z (x), (x,c) € D} 2| \Bk¥ %, /HODE solver& — %
repeat

Sample z¢,,,, ~ N (Q(tntk)2;0° (tnsi)I)

2;1;"” — Ztptk + (1 + w)\Il(ztn+k,tn+k,tn, C) — w\I!(ztn+k,tn+k, tn, @) %l )\CFG

£(07 0_; \Ij) A d(f9 (ztn+k y W, C, tn+k¢)7 fe— (21‘}::“)7 w, C, tn)) iﬁ)\ﬁii % 72‘%%(

90— 1VeLl(6,07)

0~ <« stopgrad(u@— + (1 — u)0)
until convergence

Luo et al. Latent Consistency Models: Synthesizing High-Resolution Images with Few-Step Inference.



f2=S|8JAYConsistency Distillation

/ R

M TR - SD K 18 :

« 4,000 N% P
(£413241A100
GPU hour)

- AREREN
768 X 7684 3 &
A &

W im g =B ;
L o

. 41
RE 2 il - L H
daa sl ) 5

s>
=: 3

f

2-Steps Inference - o IStep Inference

4-Steps Inference

Luo et al. Latent Consistency Models: Synthesizing High-Resolution Images with Few-Step Inference.
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¥ @E/\ ¥ ;]4 |
\ o 8 € Ttudent = {7-1, e Tn}
y v; S HeE
RESS t € Treacher = {1,...1000}
e, e ~ N(0,[I])

d(z,y) distance metric e.g. || — Yl[2

BB AE R
Xy e

adversarial loss

; real ¥ 3 Stylegan-t, %1t

Ttake | B 5 # B Al A0 R &

Discriminator

distillation loss ’fJC ffsﬁ E #9D-3D
Kx\é c(t)d(2e,2y) 7 1EHISDS loss
HEAR—H

stop grad

- _| FIZ4SDE
Tgs = o9 + o€’ DM-teacher NOHY S B

Sauer et al. Adversarial Diffusion Distillation.
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Image Quality
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(1 step)
OpenMUSE
(16 steps)
IF-XL
(150 steps)
LCM-XL
(4 steps)

SDXL 1.0 Base
(50 steps)

ADD-XL
(4 steps)

0 20 40 60 80 100

Preference [%]
OpenMUSE
(16 steps)
IF-XL
(150 steps)
SDXL 1.0 Base
(50 steps)

0 20 40 60 80 100
Preference [%]

Image Quality
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Sauer et al. Adversarial Diffusion Distillation.

Prompt Alignment

ADD-XL StyleGAN-T++
(1 step) (1 step)
ADD-XL OpenMUSE
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ADD-XL LCM-XL
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ELRAFPRmEER:
1-435 ¥ 41, F StyleGAN-
T++. LCM-XL,
SDXL

EAFWEILT, ADD-
XL 3 2 A 3 i &
SDXL-Base
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Sauer et al. Adversarial Diffusion Distillation.
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XITUIEY BCRIEA: 2-45ERER

“A brain riding a rocketship heading “A bald eagle made of chocolate powder,
towards the moon.” mango, and whipped cream” “A blue colored dog.”

RfR: TaEditdd

Sauer et al. Adversarial Diffusion Distillation.



SwiftBrush: VSDEMASDS., AEENHIRS

‘A DS(R phots of dog

wearing red cunglossec —
at the beach”

0

Algorithm 1 SwiftBrush Distillation

1:

2:
3:
4:

N A

10:
11:
12:
13:
14:
15:
16:

Require: a pretrained text-to-image teacher ey, a
LoRA teacher €4, a student model fg, two learning rates 9
m and 7, a weighting function w, a prompts dataset M Etc.elles(me, t,y,¢) — €ll3
Y, the maximum number of time steps 7" and the noise
schedule {(ay, 04)}._; of the teacher model i Lo
Initialize: ¢ < v, 0 < 9 =l
while not converged do % 7 T W teacher Y i
Sample input noise z ~ N (0, I)
Sample text caption input y ~ Y ~ Lysp
Compute student output Zy = fy(z,y) !
Sample timestep ¢ ~ U(0.027°,0.987) s = Bt c.clw(t)(ey(zs, t,7)
Sample added noise € ~ N (0, I) 996, ¢)
Compute noisy sample Z; = a;Zg + o€ ) — e(z4, 1, Y, C))g—,]
06—y [w(t) (ep(r ) — oldr t,9) B8] o
Sample timestep t' ~ U(0,T)
Sample added noise ¢ ~ N (0, 1)
Compute noisy sample £y = oy Zg + op €
¢ ¢ —mVglley(@e,t',y) — €7
end while
return trained student model fy

Nguyen & Tran. SwiftBrush : One-Step Text-to-Image Diffusion Model with Variational Score Distillation.



SwiftBrush: Z5ER

Metrics
Accuracy m Ours
Bl Tie
_ _ EEl InstaFlow
Fidelity
0 20 40 60 80 100
Percentage

RAXRETEAIWADD, MEHRKBRT HHWEEMS

N ]

Method Steps | FID-30K | | CLIP-30K 1
Guided Distillation' 1 37.3 0.27
LCMT 1 35.56 0.24
Instaflow 1 13.10° 0.288
BOOTH 1 48.20 0.26
Ours 1 16.67 0.29
SD 2.1* 25 13.45 0.23
SD 2.1* 1 202.14 0.06
COCO 2014+ E 347

Nguyen & Tran. SwiftBrush : One-Step Text-to-Image Diffusion Model with Variational Score Distillation.



SwiftBrush: 1:54EREE

Nguyen & Tran. SwiftBrush : One-Step Text-to-Image Diffusion Model with Variational Score Distillation.
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