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Introduction

I Generative Learning Trilemma
« High-quality sampling: 2 20| £2 &2|E|Q| O|0|X|E MM
« Mode coverage / Diversity: Lol O|0|X|E MM

 Fast sampling: O|0|X|E HIZ2H| MM
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https://developer.nvidia.com/blog/improving-diffusion-models-as-an-alternative-to-gans-part-1/




Diffusion Models

I Denoising Diffusion Probabilistic Models (DDPM)

« Forward Process: Data (x,) — Noise (x7) / Fixed

- Reverse Process: Noise (x;) — Data (x;) / Learning

o L O|=E M|HSt= reverse processE o5 — HE LO|=E2EH [O|H dd 7ts

—

Forward Process q(x:|x;—1) =N (x¢;v/1 — Bexi—1, BeI)

XT

(Noise) r~NO1)

Reverse Process po(xi—1|x¢) =N (x¢—1; po(xe, 1), 071)

—

https://developer.nvidia.com/blog/improving-diffusion-models-as-an-alternative-to-gans-part-1/




Diffusion Models

I Denoising Diffusion Probabilistic Models (DDPM)
« Training: Zf A|HOIAM HAHE =O|=0f Cisf st&
« Sampling: 2 A|& OCF =0|= XA StH O|O[H “4-d

Algorithm 1 Training Algorithm 2 Sampling
l: repeat I: x7 ~ N(0,1)
2t Xo ~ q(xo) | 2 fort=T,..., 1 do
i: - L.L]fl{lémﬁi({l’ T 3 z~N(0I)ift > l.elsez=0
e ~ N (D, .
5: Take gradient descent step on & X1 = = (Kf - ;1——.:-”‘5’-"'(]{1'”) + 012
. end for

= — NTE
Ve |E — ea(arXo + /1 — ae, tj”
6: until converged

5
6: return xp




Algorithm 1 Training

Diffusion Models

2: X0 q(Xo)

3: t~ Uniform({1,...,7})
4: e~ N(0,1)

5: Take gradient descent step on

I Denoising Diffusion Probabilistic Models (DDPM) 6. until coolel ISVEREVIS e |

« Training: 28 A|[EO|M XMAHE O|=0 CH3l st&

« Forward processt= E& A|EE AKX @5 - 28522

[ x; = \J@xo ++J1— a.e J [ e~N(0,1) }

A

T
» » €o (xt’ t) Exo,e[”(f — €9 (X, t)”z]
Model output
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Algorithm 2 Sampling

Diffusion Models VO

2: fort=1T,...,1do
30 z~N(0,1)ift > 1,elsez =10

. _ 1 A=y
4: x4 = o \ Xt /—17at-€9(xtat)

I Denoising Diffusion Probabilistic Models (DDPM) > endfor

+ 02

« Sampling: Zf A|E OfCt =0[= M| AHSHH G|O|E d-d

 Reverse process= 2= timestep= A& — sampling speed =&

V-

Xt—1

Jd BB - B




Diffusion Models

Score-based Generative Models and Diffusion Models

[ Score-based Generative Models and Diffusion Models.pdf

INFORMATION 2022922112 [ 2= 1A~ €3 222 H|C|2 AH (YouTube)
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TOPIC Score-based Generative Models and Diffusion Models
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Improving Sampling Speed of Diffusion Models

I Simple Idea

+ Sampling step S7tE O EA} (Respacing)

« 7|&:1000 — 999 — 998 — ... - 1 — 0 (T=1000)
 Speedt: 1000 — 998 — 996 — ... = 2 — 0 (T=500)
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Improving Sampling Speed of Diffusion Models

I Simple Idea
DDPMZ forward®2} reverse process= Markov chain2 = 2| &
Markov chain: O A|E 2| #4=0{2t &= Z= random process
» P(Xnt1lXn) = P(Xn41|Xn, Xn-1, -, Xo)

Random process: 2t& HE==2| LIS

Latent Variable Data

DDPM
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Improving Sampling Speed of Diffusion Models

I Simple Idea

« 7|&:1000 - 999 — 998 — ... = 1 — 0 (T=1000) / Markov chain O
 Speedt: 1000 — 998 — 996 — ... = 2 — 0 (T=500) / Markov chain X

Latent Variable Data

"j 4 ,

DDPM <T=1000> <T=500>
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Improving Sampling Speed of Diffusion Models

I Denoising Diffusion Implicit Models (DDIM)

« ICLR 2021
« 20234 028 10 7|=: 3253 o1&

Published as a conference paper at ICLR 2021

DENOISING DIFFUSION IMPLICIT MODELS

Jiaming Song, Chenlin Meng & Stefano Ermon
Stanford University
{tsong, chenlin,ermon}@cs.stanford.edu

ABSTRACT

Denoising diffusion probabilistic models (DDPMs) have achieved high qual-
ity image generation without adversarial training, yet they require simulating a
Markov chain for many steps in order to produce a sample. To accelerate sam-
pling, we present denoising diffusion implicit models (DDIMs), a more efficient
class of iterative implicit probabilistic models with the same training procedure as
DDPMs. In DDPMs, the generative process is defined as the reverse of a particular
Markovian diffusion process. We generalize DDPMs via a class of non-Markovian
diffusion processes that lead to the same training objective. These non-Markovian
processes can correspond to generative processes that are deterministic, giving rise
to implicit models that produce high quality samples much faster. We empirically
demonstrate that DDIMs can produce high quality samples 10x to 50x faster in
terms of wall-clock time compared to DDPMs, allow us to trade off computation
for sample quality, perform semantically meaningful image interpolation directly
in the latent space, and reconstruct observations with very low error.
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Improving Sampling Speed of Diffusion Models

I Denoising Diffusion Implicit Models (DDIM)

« Non-Markovian2 £ forward, reverse process 32

Qo (Xt—11%t,X0)q 5 (X¢|Xx0)
Ao(Xt-11Xt,X0)

Forward: q,(x¢|xi—q1,%0) =

Reverse: qq(x:—1|xe, fo (x1))

xo2t fi(xy) 7t ZH2E F0{E — Non-Markovian

225l loss functionS 3= (DDIM Appendix B.)
> DDPMZ2] loss functionit &

> DDPML=Z st&El o =8 715

MEAH G2l reverse process

i

-

> Non-Markovian reverse processE &3l sampling S 2F4
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Improving Sampling Speed of Diffusion Models

I Denoising Diffusion Implicit Models (DDIM)

* Reverse: qq(x¢_1|xe, £ (xp))
© fi(xp): £O|= O|0|X|x, & 7|8t 2 RSt O|O|X| x,0lF
o x%t x, B VIBICE x,_ 2 OF

— non-MarkovianO| 7| 20| sampling &= 4

- 0,5 022 A2 EMN deterministic®t sampling 23

= t
— Xe =y 1—ap-€g(xe) _
Reverse Process x;_; =./@;_4 ( + |1 — a4 — 02 e(xp) + ore;

fo(xe) ix = xo OIS
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Improving Sampling Speed of Diffusion Models

I Denoising Diffusion Implicit Models (DDIM)
+ Speed t: 1000 — 990 — 980 — ... — 10 — 0 (T=100)

« DDIMEZ step/t E0E0T 2 d5 74

DDPM
(1000 step)

DDIM
(1000 step)

DDIM
(100 step)




Improving Sampling Speed of Diffusion Models

I Tackling the Generative Learning Trilemma with Denoising Diffusion GANs
+ ICLR 2022

« 20234 022 10¥ 7|ZF: 823 218

Published as a conference paper at ICLR 2022

TACKLING THE GENERATIVE LEARNING TRILEMMA
WITH DENOISING DIFFUSION GANS

Zhisheng Xiao*® Karsten Kreis Arash Vahdat

The University of Chicago NVIDIA NVIDIA

zxiac@uchicago.edu kkreis@nvidia.com avahdat@nvidia.com
ABSTRACT

A wide variety of deep generative models has been developed in the past decade.
Yet, these models often struggle with simultaneously addressing three key require-
ments including: high sample quality, mode coverage, and fast sampling. We call
the challenge imposed by these requirements rhe generarive learning trilemma, as
the existing models often trade some of them for others. Particularly, denoising
diffusion models have shown impressive sample quality and diversity, but their ex-
pensive sampling does not yet allow them to be applied in many real-world appli-
cations. In this paper, we argue that slow sampling in these models is fundamen-
tally attributed to the Gaussian assumption in the denoising step which is justified
only for small step sizes. To enable denoising with large steps, and hence, to re-
duce the total number of denoising steps, we propose to model the denoising distri-
bution using a complex multimodal distribution. We introduce denoising diffusion
generative adversarial networks (denoising diffusion GANs) that model each de-
noising step using a multimodal conditional GAN. Through extensive evaluations,
we show that denoising diffusion GANs obtain sample quality and diversity com-
petitive with original diffusion models while being 2000 faster on the CIFAR-10
dataset. Compared to traditional GANs, our model exhibits better mode coverage
and sample diversity. To the best of our knowledge, denoising diffusion GAN is
the first model that reduces sampling cost in diffusion models to an extent that al-
lows them to be applied to real-world applications inexpensively. Project page and
code: https://nvlabs.github.io/denoising-diffusion-gan.
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Improving Sampling Speed of Diffusion Models

I Denoising Diffusion GAN (DDGAN)

- DDPMZY] reverse process= Gaussian2 2 9|
+ Reverse process2| stepO| HX|2{™ reverse process= non-Gaussian multimodal
 GaussianO|2f= 7’3 0| & Of StCt

a(za) q(:1) qlxz) a(xy)
Marginal Diffused
Data Distributions
L —
. T -:,._::' oy --.f:::‘: -------- 1- :-—:.,'...-.'-'-
True Denoising o
Distributions -
[ [

q(wolxs=X) g(@:|w5=X) g(zo|s=X) g(ws|Ts=X) g(24|H5=X)
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Improving Sampling Speed of Diffusion Models

I Denoising Diffusion GAN (DDGAN)
« DDPM: Markov chain, Gaussian

« DDIM: Non-Markovian, Gaussian

1
DDPM po(x¢_1|xr) = N(ug(x¢, t),0¢1) where pg(x;,t) = \/_T (xt — \/'B—;_ € (x¢, t))

at 1_at

DDIM  poic-sbx) = 0o oca e £§e0) =WV f§e + 1= s = 0 e,
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Improving Sampling Speed of Diffusion Models

I Denoising Diffusion GAN (DDGAN)
- DDGAN<® GeneratorE E3lM x, & 0=

QU HHOIE ME [IE x 2 0|SSIEE D0 HEA S0

O_I_
. EUBHy,

=
=

« DDIM : x, = x, 0l Z0| deterministic / reverse process 11°d — Gaussian

« DDGAN : x, — x, 65 0| stochastic / reverse process 18X — Non-Gaussian

DDIM

DDGAN

po(xp_q1lxt) = qJ(xt—1|xt»f0t(xt)) =N (\/ &t—lfet(xt) + \/1 —Qp1— Utz ) Eg?(xt): Ut’)

Po(xe—1lx¢) = qo(xe—1lxy)

Go(xs, 2z, t) = N <\/

(Go(x¢, 2, t)

) + \/1 — Ap_q — 02 - €5 (xp), 0t1>
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Improving Sampling Speed of Diffusion Models

I Denoising Diffusion GAN (DDGAN)

= step size
— non-Gaussian reverse process
— GeneratorE S8l x, — x, stochasticStH 0= F x,_, HEE

(o) qlx:) qlx2) q:r:f]

Marginal Diffused
Data Distributions

True Denoising "
Distributions -
[ [

glxoTs=X) qlz:|T5=X) q(xo|T5—X) glTslTs—X) glT4T5-X)

Po(xe—1lxt) = qo(xe—1lx, Go(xt, 2, 1)) = N <\/ Ar_1Go(xt, 2, t) + Jl —Qpq — Utz ' Eg (xt), Ut1>
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Improving Sampling Speed of Diffusion Models

I Denoising Diffusion GAN (DDGAN)
* x—1: HO[HO|AM ROl O|= O|O|X|
: GeneratorZt 4ot L 0|= O|0O|X]
tels

« Discriminator &t 7t L& — GeneratorZt x, — x,_; = 7} reverse process =XZ &

rl>

Suruonipuo))
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Improving Sampling Speed of Diffusion Models

I Denoising Diffusion GAN (DDGAN)

Experiments
sgp —W— Denoizsing Diffusion GAN (ours)
—— FastDDPM (Bong & Ping)
—— DDIM (Song et al)
25 —4— DDPM(Ho etal)
—— LSGM (Vahdat et al.}
—8— Probability Flow (Song ot al.)
2 Score SDE, PC (Song et al.)
SNGAN+DG flow (Ansari et al.) ".I
E ) StyleGAN wio ADA (Karras et al.) |
" StyleGAN w/ ADA (Kamas gt al.)
10
5
*—e
a - -
' 0 10" 10 0’ 10’

Sampling Time (s)

Figure 4: Sample quality vs sampling time trade-off,

Table 1: Results for unconditional generation on CIFAR-10.

Model ISt  FID] Recallt NFE] Time(s) .
Denoising Diffusion GAN (ours), T=4 0.63 3.75 0.57 4 I 0.21 I
DDPM (Ho et al., 2020) 046 3.21 0.57 1000 80.5
NCSN (Song & Ermon, 2019) 8.87 253 - 1000 107.9
Adversarial DSM (Jolicoeur-Martineau et al., 2021b) - 6.10 - 1000 -
Likelihood SDE (Song et al., 2021b) - 2.87 - - -
Score SDE (VE) (Song et al., 2021¢) 0.80 2.20 0.59 2000 423.2
Score SDE (VP) (Song et al., 2021c) 0.68 241 0.59 2000 421.5
Probability Flow (VP) (Song et al., 2021c¢) 0.83 3.08 0.57 140 50.9
LSGM (Vahdat et al., 2021) 9.87 2.10 0.61 147 44.5
DDIM, T=530 (Song et al., 2021a) 878 467 0.53 50 4.01
FastDDPM, T=50 (Kong & Ping, 2021) 898 341 0.56 50 4.01
Recovery EBM (Gao et al., 2021) 8.30 9.58 - 180 -
Improved DDPM (Nichol & Dhariwal, 2021) - 2.90 - 4000 -
VDM (Kingma et al., 2021) - 4.00 - 1000 -
UDM (Kim et al., 2021) 10.1 2.33 - 2000 -
D3PMs (Austin et al., 2021) 856 7.34 - 1000 -
Gotta Go Fast (Jolicoeur-Martineau et al., 2021a) - 2.44 - 180 -
DDPM Distillation (Luhman & Luhman, 2021) 8.36 936 0.51 1 -
SNGAN (Miyato et al., 2018) 822 217 0.44 1
SNGAN+DGflow (Ansari et al., 2021) 9.35 9.62 0.48 25

AutoGAN (Gong et al.. 2019) 8.60 124 0.46 1

TransGAN (Jiang et al., 2021) 0.02 926 - 1

StyleGAN2 wfo ADA (Karras et al., 2020a) Q.18 8.32 0.41 1

StyleGAN2 w/ ADA (Karras et al., 2020a) 0.83 292 0.49 1

StyleGAN2 w/ Diffaug (Zhao et al., 2020) 9.40 5.79 0.42 1

Glow (Kingma & Dhariwal, 2018) 392 489 - 1 -
PixelCNN (Oord et al., 2016b) 4.60 659 - 1024 -
NVAE (Vahdat & Kautz, 2020) 7.18 235 0.51 1 0.36
IGEBM (Du & Mordatch, 2019) 6.02 406 - 60 -
VAEBM (Xiao et al., 2021) 8.43 12.2 0.53 16 8.79
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Improving Sampling Speed of Diffusion Models

I Denoising Diffusion GAN (DDGAN)

* Experiments

Eeal samples GAN WGAN-GP Ours, T=4 DDPM. T=500 DDPM. T=100

. & ™ e sl GmEmE a @ & 1.-._._ — ey - - N [ L w L J i L 1] ¥ | H .,,.1: ' il
1 & R -‘. 14 ?# :.1:'“’ gJ-‘E;d.-
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S 1 o I I -t
- ] L ] [ : - . - !!- o +' { [ ] - L] I_i -; - - : L ] - +.:;:u :f:;‘ﬁ :‘1}' %f:::
1 " 11.1.4- A Fag i B .
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Figure 6: Qualitative results on the 25-Gaussians dataset.
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Improving Sampling Speed of Diffusion Models

I Progressive Distillation for Fast Sampling of Diffusion Models
+ ICLR 2022

« 20234 02€ 10¥ 7|ZF: 873 218

Published as a conference paper at ICLR 2022

PROGRESSIVE DISTILLATION FOR FAST SAMPLING
OF DIFFUSION MODELS

Tim Salimans & Jonathan Ho
Google Research, Brain team
{salimans, jonathanho}@google. com

ABSTRACT

Diffusion models have recently shown great promise for generative modeling, out-
performing GANs on perceptual quality and autoregressive models at density es-
timation. A remaining downside is their slow sampling time: generating high
quality samples takes many hundreds or thousands of model evaluations. Here
we make two contributions to help eliminate this downside: First, we present new
parameterizations of diffusion models that provide increased stability when using
few sampling steps. Second, we present a method to distill a trained deterministic
diffusion sampler, using many steps, into a new diffusion model that takes half as
many sampling steps. We then keep progressively applying this distillation proce-
dure to our model, halving the number of required sampling steps each time. On
standard image generation benchmarks like CIFAR-10, ImageNet, and LSUN, we
start out with state-of-the-art samplers taking as many as 8192 steps, and are able
to distill down to models taking as few as 4 steps without losing much perceptual
quality: achieving, for example, a FID of 3.0 on CIFAR-10 in 4 steps. Finally,
we show that the full progressive distillation procedure does not take more time
than it takes to train the original model. thus representing an efficient solution for
generative modeling using diffusion at both train and test time.
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Improving Sampling Speed of Diffusion Models

I Progressive Distillation for Fast Sampling of Diffusion Models
« Teacher model: L2t0|E =7t B0 taskOf| CioiM =2 de= W= 2&
« Student model: Lr2t0|E =7} M1 teacher modell| X|A & M= ZE

« Student model2| Z30| teacher model2| EZH 1} FASHA|HA taskE T=HSIEE otg T

I
e LA S 12VEr L. softmax(T=t) —— softlabels ]
I
————————————————— distillation
———————————————— soft
I/ Student (distilled) model \! Softmax (T=t) — predictions —]
ag. ] Layer K| Layer X Layer
| 1 > i .
~~~~~~~~~~~~~~~~~ hard

Softmax(T=1) — prediction ‘1

H . LossFn

hard
label y

(ground truth)

https://intellabs.github.io/distiller/knowledge_distillation.html

27



Improving Sampling Speed of Diffusion Models

I Progressive Distillation for Fast Sampling of Diffusion Models

Teacher model: & &l diffusion model

Student model: Teacher 22 2 2F ZES|A S&5E= 2 E
_l

I

Teacher model2| 2step reverse process& student Z&O| O

Teacher Teacher
Model Model

(freeze) (freeze)

Student
Model
(Train)
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Improving Sampling Speed of Diffusion Models

I Progressive Distillation for Fast Sampling of Diffusion Models
- oHHO| distillation= &5l reverse process?| timestep BRI =2 ZtA

{2 O distillation2 &3l ASt= timestepZtX| H4 7ts
P

€ € €
4 4

\ 4
X X X
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Improving Sampling Speed of Diffusion Models

I Progressive Distillation for Fast Sampling of Diffusion Models

2 timestep2 2 £2 sample quality 74Xl

=

L J "."’.f ' ¢'x | 3
: 2 ¢§;‘ ?"\‘ !
L O B “9

Vi
o 'x
8 .
s < ‘-"’ R,
W BN
g =

(a) 256 sampling steps (b) 4 sampling steps (c) 1 sampling step
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Improving Sampling Speed of Diffusion Models

I On Distillation of Guided Diffusion Models
* NeurlPS 2022 Workshop

e 20234 02€ 10¥ 7|&: 89 218

« Progressive distillation + Classifier-free guidance

On Distillation of Guided Diffusion Models

Chenlin Meng* Robin Rombach Ruigi Gao
Stanford University Stability Al & LMU Munich Google Research, Brain Team
chenlinfics.stanford.edu robinfistability. ai ruigigigoogle .com
Diederik P Kingma Stefano Ermon Jonathan Ho
Google Research, Brain Team Stanford University Google Research, Brain Team
durkfigoogle. com ermonfcs. stanford. edu jonathanhofgoogle . com

Tim Salimans
Google Research, Brain Team
salimansfgoogle. com
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Improving Sampling Speed of Diffusion Models

I Score-based Generative Models through SDE

DDPM2| timestep= continuous S}A 2%t
« 55l unconditional diffusion modellt classifier’t 2 2™ conditional generation 7ts

x(0) dx = f(x,t)dt + g(t)dw )@
g ; I pt(¥)

o : logp:(x|y) = logp:(y1x) + logp.(x) — logp.(y)
gcore ftunction
dx = [£(x,) — ()7 g (x) dt + g(t)s @ V. logp:(xly) =|Vxlogp:(y|x) +

Vilogpe(x)
Reverse SDE (noise — data) Classi.fier Unconditional
gradient Model

output
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Improving Sampling Speed of Diffusion Models

I Classifier Guidance

Classifier guidance: 4 &= O|0|X| 9| diversitylt sample quality AtO| trade-off ZtAE =X (truncation trick in GANs)

Condition &0 & 7ISX|E = £2 Z2|E|Q| sample &d 7I5

Vilogp:(x|y) = Vylogp:(x) + Vylogp:(y|x)
Vilogp:(x|y) = V. logp.(x) - Vilogp:(y|x)

High fidelity;

P = / Low diversity
b - e

Figure 3: Samples from an unconditional diffusion model with classifier guidance to condition
on the class "Pembroke Welsh corgi". Using classifier scale 1.0 (left; FID: 33.0) does not produce
convincing samples in this class, whereas classifier scale 10.0 (right; FID: 12.0) produces much more
class-consistent images.

Low fidelity;
High diversity
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Improving Sampling Speed of Diffusion Models

I Classifier-free Guidance

- Classifier-free guidance: Classifier 210| guidance® X -&3&}X}

- Conditional 221} unconditional &2 283} classifier guidance At
© Vilogpi(xly) = (1 + w)V,logp (x|y) — w - Vylogp:(x|d)

W=0 — conditional model

« W1 — diversity|, fidelity?

« W/ — diversityt, fidelity|

Algorithm 1 Joint training a diffusion model with classifier-free guidance

Require: pypcong: probability of unconditional training

1: repeat )
2 (x.c) ~ p(x.c) > Sample data with conditioning from the dataset o
3. |c + @ with probability puncona = Randomly discard conditioning to train unconditionally|
4: A~ p(A) > Sample log SNR value
e~ N(0.) ‘
6: Z), = ()X + O)\€ > Corrupt data to the sampled log SNR value
. 2 .. . . s Figure 3: Classifier-free guidance on 128x128 ImageNet. Left: non-guided samples, right: classifier-
7 Take g]'adlen[ step on V.g ||E.9(Z)” C) — E” [ Opt][]]]za[lﬂ[] of dE]]OlSl]]g model free guided samples with w = 3.0. lnteresllnﬂly strongly guided samples such as these display
8- until convereed saluruled colors. See Fig. @for more.
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Improving Sampling Speed of Diffusion Models

I On Distillation of Guided Diffusion Models
Classifier-free guidanceE H-873}7|
— Conditional modelZ} unconditional model 250 CHSH A forward 28
— Sampling time*2

Progressive distillation2 & -&df classifier-free guidance?| sampling speed 7§
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Improving Sampling Speed of Diffusion Models

I On Distillation of Guided Diffusion Models
- Stepl: Classifier-free guidance2| output®l CH$t distillation &3

— otLte| B2 classifier-free guidance output 0| &

Algorithm 1 Step-one distillation

Require: Trained classifier-free guidance teacher model [X. g.Xg]
Require: Data set D
Require: Loss weight function w()

while not converged do

x ~ D > Sample data
t ~U[0,1] > Sample time
w ~ Ulwpins Winax] > Sample guidance
e~ N(0,T) > Sample noise
Z; = X + Ot€ > Add noise to data
- . A\t = logla?/o?] > log-SNR
Classifier-free 9U|dance Xy (2¢) = (1 +w)X. 9(2¢) — wXe(2Z) > Compute target
(teacher) Ly = w(‘)\t)‘g};%t) X, (z¢, w)]||3 on .DLQSS
M < M — YV, L, > Optimization
end while Student
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Improving Sampling Speed of Diffusion Models

I On Distillation of Guided Diffusion Models

- Step2: Progressive distillation £1¥ — sampling step =07

Algorithm 2 Step-two distillation for deterministic sampler

Require: Trained teacher model X, (2, w)
Require: Data set D
Require: Loss weight function w()
Require: Student sampling steps IV

for K iterations do

T +— N i+ Init student from teacher
while not converged do
x D
t=1i/N, i~ Cat[l,2,...,N]
w e U [0 mins Wina | t- Sample guidance
e~ N0, 1)

Ty = X 1 TiE
# 2 st f DDIM with t h
Step1 student model [e=i 05w, - yx
z:? = atrin{zh ‘I.I!.f} + L;—a:(zt — ﬂtin{zhw}}
(teacher) 2, = QR (2, W) + (28 — apiy (28, w))

A z“:,—l{ﬂ'artfﬂ't }Iit

X = o e fonar & Teacher x target
A = loglag /o] .
Ly = w(A)||x™ —| X (2 )] 3
Mz 12 — '?vn.‘ang
end while
12 Stu d ent t= Student becomes next teacher
N+ N/2 t= Halve number of sampling steps
end for
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Improving Sampling Speed of Diffusion Models

I On Distillation of Guided Diffusion Models

Samples

Native Text-to-Image samples (4 steps)
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Improving Sampling Speed of Diffusion Models

I On Distillation of Guided Diffusion Models

« Samples

Input Mask Result 1 Result 2

Input Output (different styles) ;
Image to image translation (3 steps)
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Conclusion

I Improving Sampling Speed of Diffusion Models
. DDIM

DDPMZ2| reverse processt= Markovian — step sizeE 7| 27| 0|2

Non-Markovian forward, reverse processE &5l sampling &&= 7§

- DDGAN
Reverse processO| A step AO|=7F HX|7| 2|3 M= non-Gaussian 225 [IH2fOF BHCE

GAN2 &8} x, — x,_1= 7= non-Gaussian reverse process =% 2t&

* Progressive Distillation
Teacher model: &f& &l diffusion model
Student model: timestepO| ARt = ZtASH diffusion model

X[EH Q1 distillation= S0l timestep &4 7t
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