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Abstract

In this work, we propose FastDPM, a unified
framework for fast sampling in diffusion prob-
abilistic models. FastDPM generalizes previous
methods and gives rise to new algorithms with
improved sample quality. We systematically in-
vestigate the fast sampling methods under this
framework across different domains, on different
datasets, and with different amount of conditional
information provided for generation. We find the
performance of a particular method depends on
data domains (e.g., image or audio), the trade-off
between sampling speed and sample quality, and
the amount of conditional information. We fur-
ther provide insights and recipes on the choice of
methods for practitioners.

1. Introduction

Diffusion probabilistic models are a class of deep genera-
tive models that use Markov chains to gradually transform
between a simple distribution (e.g., isotropic Gaussian) and
the complex data distribution (Sohl-Dickstein et al., 2015;
Ho et al., 2020). Most recently, these models have obtained
the state-of-the-art results in several important domains, in-
cluding image synthesis (Ho et al., 2020; Song et al., 2020b;
Dhariwal & Nichol, 2021), audio synthesis (Kong et al.,
2020b; Chen et al., 2020), and 3-D point cloud genera-
tion (Luo & Hu, 2021; Zhou et al., 2021). We will use
“diffusion models” as shorthand to refer to these models.

Diffusion models usually comprise: i) a parameter-free 7-
step Markov chain named the diffusion process, which grad-
ually adds random noise into the data, and ii) a parameter-
ized T-step Markov chain called the reverse or denoising
process, which removes the added noise as a denoising func-
tion. The likelihood in diffusion models is intractable, but
they can be efficiently trained by optimizing a variant of
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the variational lower bound. In particular, Ho et al. (2020)
propose a certain parameterization called the denoising dif-
fusion probabilistic model (DDPM) and show its connection
with denoising score matching (Song & Ermon, 2019), so
the reverse process can be viewed as sampling from a score-
based model using Langevin dynamics. DDPM can produce
high-fidelity samples reliably with large model capacity and
outperforms the state-of-the-art models in image and audio
domains (Dhariwal & Nichol, 2021; Kong et al., 2020b).
However, a noticeable limitation of diffusion models is their
expensive denoising or sampling process. For example,
DDPM requires a Markov chain with 7" = 1000 steps to
generate high quality image samples (Ho et al., 2020), and
DiffWave requires 7" = 200 to obtain high-fidelity audio
synthesis (Kong et al., 2020b). In other words, one has to
run the forward-pass of the neural network 7" times to gener-
ate a sample, which is much slower than the state-of-the-art
GANSs or flow-based models for image and audio synthe-
sis (e.g., Karras et al., 2020; Kingma & Dhariwal, 2018;
Kong et al., 2020a; Ping et al., 2020).

To deal with this limitation, several methods have been pro-
posed to reduce the length of the reverse process to S < T
steps. One class of methods compute continuous noise
levels based on discrete diffusion steps and retrain a new
model conditioned on these continuous noise levels (Song &
Ermon, 2019; Chen et al., 2020; Okamoto et al., 2021; San-
Roman et al., 2021). Then, a shorter reverse process can be
obtained by carefully choosing a small set (size S) of noise
levels. However, these methods cannot reuse the pretrained
diffusion models, because the state-of-the-art DDPM mod-
els are conditioned on discrete diffusion steps (Ho et al.,
2020; Dhariwal & Nichol, 2021). It is also unclear the dif-
fusion models conditioned on continuous noise levels can
achieve comparable sample quality as the state-of-the-art
DDPMs on challenging unconditional image and audio syn-
thesis tasks (Dhariwal & Nichol, 2021; Kong et al., 2020b).
Another class of methods directly approximate the orig-
inal reverse process of DDPM models with shorter ones
(of length S), which are conditioned on discrete diffusion
steps (Song et al., 2020a; Kong et al., 2020b). Although
both classes of methods have shown the trade-off between
sampling speed and sample quality (i.e., larger .S lead to
higher sample quality), the fast sampling methods without
retraining are more advantageous for fast iteration and de-
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ployment, while still keeping high-fidelity synthesis with
small number of steps in the reverse process (e.g., S = 6 in
Kong et al. (2020b)).

In this work, we propose FastDPM, a unified framework of
fast sampling methods for diffusion models without retrain-
ing. The core idea of FastDPM is to i) generalize discrete
diffusion steps to continuous diffusion steps, and ii) design
a bijective mapping between continuous diffusion steps and
continuous noise levels. Then, we use this bijection to con-
struct an approximate diffusion process and an approximate
reverse process, both of which have length S < T

FastDPM includes and generalizes the fast sampling
algorithms from denoising diffusion implicit mod-
els (DDIM) (Song et al., 2020a) and DiffWave (Kong et al.,
2020b). In detail, FastDPM offers two ways to construct
the approximate diffusion process: selecting S steps in the
original diffusion process, or more flexibly, choosing S vari-
ances. FastDPM also offers ways to construct the approxi-
mate reverse process: using the stochastic DDPM reverse
process (DDPM-rev), or using the implicit (deterministic)
DDIM reverse process (DDIM-rev). We can control the
amount of stochasticity in the reverse process of FastDPM
as in Song et al. (2020a).

FastDPM gives rise to new algorithms with improved sam-
ple quality than previous methods when the length of the
approximate reverse process .S is small. We then extensively
evaluate the family of FastDPM methods across image and
audio domains. We find the deterministic DDIM-rev sig-
nificantly outperforms the stochastic DDPM-rev in image
generation tasks, but DDPM-rev significantly outperforms
DDIM-rev in audio synthesis tasks. Finally, we investigate
the performance of different methods by varying the amount
of conditional information. We find with different amount
of conditional information, we need different amount of
stochasticity in the reverse process of FastDPM.

We discuss related work in Appendix A.

2. Diffusion Models

Let d be the data dimension. Let pgata be the data distri-
bution and piatent = N(0, Iy 4) be the latent distribution.
Then, the denoising diffusion probabilistic model (DDPM,
Sohl-Dickstein et al., 2015; Ho et al., 2020) is a deep gener-
ative model consisting two Markov chains called diffusion
and reverse processes, respectively. The length of each
Markov chain is 7", which is called the number of diffusion
or reverse steps. The diffusion process gradually adds Gaus-
sian noise to the data distribution until the noisy data distri-
bution is close to the latent distribution. Formally, the diffu-
sion process from data xg ~ pdata@ the latent variable x1
is defined as ¢(z1,- -+ , 2T |0) = tT=1 q(zt|ze 1), where

each of q(zt|ze 1) = N(wt; 1 — Bexe 1, Bed) for some

small constant 5¢ > 0. The hyperparameters 1, - , 51
are called the variance schedule.

The reverse process aims to eliminate the noise added in
each diffusion step. Formally, the reverse process from
6— ~ Platent 10 xo is defined as p (g, -+ ,xT 1]zT) =

-trzlp (¢ 1]2t), where each of p (2t 1]z¢) is defined
as N(z¢ 151 (we,t),021); the mean p (w¢,t) is param-
eterized through a neural network and the variance ot is
time-step dependent constant. Based on the reverse process,
the sampling process is to first draw z1 ~ A(0, ), then
draw z¢ 1 ~ p (¢ 1|ze) fort = 7,7 —1,---,1, and
finally outputs xg.

The training objective of DDPM is based on the variational
evidence lower bound (ELBO). Under a certain parame-
terization introduced by Ho et al. (2020), the objective
can be largely simrtbﬁed. One ma%/ first define constants
Oétzl—ﬁt,@t: leai,ﬁt: 1 ‘tlﬁtfort>1and

B1 = f31. Then, a noticeable property of diffusion model is
q(wt|lzo) = N (zt; Varzo, (1 — ax)l), ()

thus one can directly sample z¢ given xg (see Appendix
B.1 for derivation). Furthermore, one may parameterize

w (z,t) = pl:t Tt — Pi=e (zt,t) ,wheree isaneu-
ral network taking z and the diffusion-step ¢ as inputs. In

~1
addition, oy is simply parameterized as 5¢. Ho et al. (2020)
show that minimizing the following unweighted variant of
the ELBO leads to higher generation quality:

min Lunweighted(a) = EXo; it ”5 —€ (xta t)||§7 2

where € ~ N (0,1), o ~ qdata, t is uniformly taken from
1,--+,T,and x¢ = /&yt - To + /1 — a¢ - € from Eq. (1).

3. FastDPM: A Unified Framework for Fast
Sampling in Diffusion Models

In order to achieve high-fidelity synthesis, the number of
diffusion steps 7" in DDPM is set to be very large so that
q(z1|z0) is close to piatent.- For example, T = 1000 in
image synthesis (Ho et al., 2020) and 7" = 200 in audio
synthesis (Kong et al., 2020b). Then, sampling from DDPM
needs running through the network ¢ for as many as T'
times, which can be very slow. In this section, we pro-
pose FastDPM, which approximates the pretrained DDPM
via much shorter diffusion and reverse processes of length
S <« T, thus it can generate a sample by only running the
network S times. The core idea of FastDPM is to: i) general-
ize discrete diffusion steps to continuous diffusion steps and,
then ii) design a bijective mapping between continuous dif-
fusion steps and continuous noise levels, where these noise
levels indicate the amount of noise in data. Finally, we use
this bijective mapping to construct an approximate diffusion
process and an approximate reverse process, respectively.
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3.1. Bijective mapping between Continuous Diffusion P "~ t. We then propose the following two ways to schedule
Steps and Noise Levels the noise level§rsgs., .

In this section, we generalize discrete (integer) diffusionNoise levels from variances (VAR)We start from the vari-
steps to continuous (real-valued) diffusion steps. Then, wance 6chedulfa s05-; . Next, we computes = g) s and
introduce a bijective mappinB andT = R ! between s= iz i-Thenoise level atstepisrs =" .

continuous diffusion stefisand noise levels. Noise levels from steps (STEP)We start from a subset

De ne R. We start with an integer diffusiorbste:pFrom of diffusion stepd <g$ ; in fjp' ; Tg. Then, the noise
Eq. (1), one can observg = = | Xo+ 1 level at stesisrs = R( g) =

where N (0;1), thus sampling; givenxg is equivalent
to adding a Gaussian noisexg. Based on this oBserva-
tion, we de ne the noise level at steapasR(t) = = ¢,
which mean; is composed oR (t) fraction of the data
Xo and (1 R (t)) fraction of white noise. For exam-
ple, R(t) = 0 means no noise anR(t) = 1 means
pure white noise. Next, we extend the domainfofto  Given the same sequence of noise levels in Section 3.2,
real values. Assume that the variance scheflulgy_;  we aim to approximate the reverse process in the original
is linear: j = .+ (i 1) ,where = —4—* DDPM. To achieve this goal, we regard the modebhs

(Ho et al., 2020). We further de ne an auxiliary constant being trained on variancéssgS., instead of the original

"= 11 whichis T assumingthatr 1:0.%Then, f gT,. Then, the transition probability in the approximate

wehave ( = ( ) "+1 = " t+1 (seeAp- [EVerseprocessis

pendix B.2). Because the Gamma functiois well-de ned
on(0;1 ), it gives rise to a natural extension of for con-

When s =1 .= . .»wehaves= . Therefore,

noise levels from steps can be regarded as a special case of
noise levels from variances.

3.3. Approximate the Reverse Process

tinuous diffusion steps. As a result, fort 2 [0; "), we P (Rs 1jRs) = N (&s 1:"(Rs;8): =) ®)
de ne the noise level at as:
1 1
t 2 2
RO=( )F "+1 Tl (B) whereM&i9) = bl R pri— (RaiT(1S) L=

1 s 1
De ne T. For any noise leval 2 (0; 1), its corresponding 1 s

— 2
(continuous) diffusion stef; (r), is de ned by invertingR : t = {term. There are two ways to sample from the
T(r)= R (r). Given a noise leval = R(t), we numeri- approximate reverse process in Eq. (5). Let evgrige i.i.d.

cally solvet = T (r) by applying a binary srt;arch tbased on Standard Gaussians for s S.
Eq. (3). We have (r) 2 [t;t +1] forr 2 [ w1 11, DDPM reverse process (DDPM-rev).The sampling pro-
and this prOVideS a gOOd initialization to the binary Searcrbedure based on the DDPM reverse process is based on

algorithm. Experimentally, we nd the binary search algo-gq. (5): that is, to bst sampl®s  Puaent and then sample

rithm converges in no more than 20 iterations. Rs 1= MRsi9)+ =N,

sfors> land~ = ;. ~ corresponds to the

DDIM reverse process (DDIM-rev). Let 2 [0;1] be a
hyperparametef. Then, the sampling procedure based on
LetRo Ppgata - Given a sequence of noise levéls r ; > DDIM (Song et al., 2020a) is to rst sampRs  Patent

rz>  >rs> 0, we aimto construct each step in the ap-ang then samples 1 = pi Rs pﬁi(&s:T(rs)) +
proximate diffusion process&s N (Rs;rs®o;(1 r2)l). p

To achieve this goal, we de nes = r2=r2 ;, compute the
corresponding variances as = 1 s=1 r2=r2 |
and then de ne the transition probability in the approximate

3.2. Approximate the Diffusion Process

T o1 2% BT+ "=~ When =1,
it is exactly DDPM-rev (see Appendix B.3 for derivation).

diffusion process as 3.4. Connections with Previous Methods
a(RsjRs 1) = N (Rs: P 1 Rs 15 sl) The DDIM (Song et al., 2020a) method is equi.valent to
. (2 STEP + DDIM-rev in FastDPM. The fast sampling algo-
=N Rs;—2Rs 1; 1 >— | 1 (4)  rithm by DiffWave (Kong et al., 2020b) is related to VAR
fs 1 s 1 + DDPM:-rev in FastDPM. Compared with DiffWave, Fast-

One can see this by rewriting Eq. (1)s corresponds to DPM offers an automatic way to select variances in different
t=1 t, s corresponds to;, andrs corresponds to settings and a more natural way to compute noise levels.

'E.g., T =0:02in Ho et al. (2020); Kong et al. (2020b). 2 is inSong et al. (2020a).
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4. Experiments signi cantly outperforms DDIM-rev. When wéncrease
from 0:0 to 1:0 (see Table 4), the quality of generated

][n this section, we aimhtlo:nswerthe foIIO\:jv_ifnfg tWO QUESIONSg 4 1 hjes consistently improves. This can also be observed
or FastDPM. (1) Which approximate diffusion process.gqy rigure 8: DDIM produces very noisy utterances while
VAR or STEP, is better? And (2) which approximate reversenppp produces very clean utterances

process, DDPM-rev or DDIM-reyv, is better? We investigate o _ _ _
these questions by conducting extensive experiments in bothhe results indicate that in the image domain, DDIM-
image and audio domains. rev produces better quality whereas in the audio domain,

DDPM-rev produces better quality. We speculate the reason

We conduct uncpr;]ditiol?al im;’;\ge generatlion experimelnt%ehind the difference is that in the audio domain, waveforms
on CIFAR-10 (Krizhevsky et al., 2009), CelebA (Liu etal., 44 rally exhibit signi cant amount of stochasticity. The

2015), and LSU_N_-bedroom_ (Yuet aI.,_2015), L!nconditionaIDDPM reverse process offers much stochasticity because
and class-conditional audio synthesis experiments on thgt each reverse step # ; is sampled from a Gaussian
Speech Commands 0'9 (SC09) dat_aset (WarQen, 20_12_3)' alfistribution. However, the DDIM reverse process<{0:0)
neural vocoding experiments (audio synthesis conditione a deterministic mapping from latents to data, so it leads to
on mel spectrogram) on the LISpeech dataset (lto, 2017)'degrade quality in the audio domain. This hypothesis is also

We use pretrained models in all experiments (Ho et al., 2020aligned with previous result that the ow-based model with
Esser, 2020; Song et al., 2020a; Kong et al., 2020b). Weéeterministic mapping was unable to generate intelligible
use Fréchet Inception Distance (FID) (Heusel et al., 20173peech unconditionally on SC09 (Ping, 2021).

Lang, 2020), Inception Score (IS) (Salimans et al., 2016)rpe amount of conditional information affects the
and the crowdMOS tookit (Ribeiro et al., 2011) to evaluate(,’hoiCe of reverse processesin audio synthesis experi-

generated samples. Details of experimental setup can IE?ﬁents, we nd the amount of conditional information af-

found in Appendix C. Results can be found in AppendiX¢o s the generation quality of FastDPM with different re-
D. Generated samples can be found in Appendix E and thg, s nrocesses. In the unconditional generation experiment

ita3
demo website: on SCO09, DDPM-rev (i.e. = 1:0) has the best results.

) ) When there is slightly more conditional information in the
4.1. Observations and Insights class-conditional generation experiment on SC09, DDIM-
We have the following observations and insights according{ev with = 0:5 has the best results and slightly outper-
to the above experimental results. orms DDPM-rev. In both experiments DDIM-rev with

= 0:0 has much worse results. When there is much more
VAR marginally outperforms STEP for small S. Inthe  conditional information (mel spectrogram) in the neural
above experiments, the two approximate diffusion processagocoding experiments on LISpeech, DDPM-rev is still bet-
(STEP and VAR) generally match performances of eacher than DDIM-rev, but the difference between these two
other. On CIFAR-10, VAR outperforms STEP wh8r= 10, methods is reduced. We speculate that adding conditional
and STEP slightly outperforms VAR whe  20. On  jpformation reduces the amount of stochasticity required.
CelebA, VAR slightly outperforms STEP whe® 20,  \when there is no conditional information, we need maxi-
and they have similar results whé&  50. On LSUN-  mym stochasticity ( = 1:0); with weak class information,
bedroom, VAR slightly outperforms STEP whé&n 50,  \ye need moderate stochasticity£ 0:5); and with strong

and STEP slightly outperforms VAR whe®i= 100. On  mel-spectrogram information, even having no stochasticity
SCOg, VAR Sl|ght|y Outperforms STEP in most cases. Oﬂ( =0 O) is able to generate reasonable Samp'es_

LJSpeech, VAR slightly outperforms STEP wh8n= 5.
Based on these results, we conclude that VAR marginall
outperforms STEP for sma8.

Different reverse processes dominate in different do- Diffusion models are a class of powerful deep generative
mains. In the above experiments, the difference betweernodels _that produce superior quallt_y samples on various
DDPM and DDIM reverse processes is very clear. In im-9éneration tasks. In this paper, we introduce FastbPM, a
age generation tasks, DDIM-rev signi cantly outperforms Uni €d framework for fast sampling in diffusion models
DDPM-rev except for theS = 100 case in the LSUN- without retraining. FastDPM generalizes prior methods and
bedroom experiment. When weduce from 1:0 to 0:0 provides more exibility. We extensively evaluate and an-
(see Table 1), the quality of generated samples consistentflyze FastbPM in image and audio generation tasks. One

improves. In contrast, in audio synthesis tasks, DDPM-reJimitation of FastbPM is that whes is small, there is
still quality degradation compared to the original DDPM.

*Demo websitehttps:/fastdpm.github.io . Code:  \We plan to study algorithms offering higher quality for ex-
https://github.com/FengNiMa/FastDPM_pytorch tremely smallS in future.

%. Conclusion
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A. Related Work

Diffusion models are a class of powerful deep generative models (Sohl-Dickstein et al., 2015; Ho et al., 2020; Goyal et al.,
2017), which have received a lot of attention recently. These models have been applied to various domains, including image
generation (Ho et al., 2020; Dhariwal & Nichol, 2021), audio synthesis (Kong et al., 2020b; Chen et al., 2020; Okamoto
et al., 2021), image or audio super-resolution (Li et al., 2021; Lee & Han, 2021), text-to-speech (Jeong et al., 2021; Popov
et al., 2021), music synthesis (Liu et al., 2021; Mittal et al., 2021), 3-D point cloud generation (Luo & Hu, 2021; Zhou et al.,
2021), and language models (Hoogeboom et al., 2021). Diffusion models are connected with scored-based models (Song
& Ermon, 2019; 2020; Song et al., 2020b), and there have been a series of research extending and improving diffusion
models (Song et al., 2020b; Gao et al., 2020; Dhariwal & Nichol, 2021; San-Roman et al., 2021; Meng et al., 2021).

There are two families of methods aiming for accelerating diffusion models at synthesis, which reduce the length of the
reverse process frofi to a much smalle6. One family of methods tackle this problem at training. They retrain the
network conditioned on continuous noise levels instead of discrete diffusion steps (Song & Ermon, 2019; Chen et al., 2020;
Okamoto et al., 2021; San-Roman et al., 2021). Assuming that the corresponding network is able to predict added noise
at any noise level, we can carefully choose ddly T noise levels and construct a short reverse process just based on
them. San-Roman et al. (2021) present a learning scheme that can step-by-step adjust those noise level parameters, for any
given number of stepS. Another family of methods aim to directly approximate the original reverse process within the
pretrained DDPM conditioned on discrete steps. In other words, no retraining is needed. Song et al. (2020a) introduce
denoising diffusion implicit models (DDIM), which contain non-Markovian processes that lead to an equivalent training
objective as DDPM. These non-Markovian processes naturally permit "jumping steps", or formally, using a subset of steps
to form a short reverse process. However, compared to using continuous noise levels, selecting discrete steps offers less
exibility. Kong et al. (2020b) introduce a fast sampling algorithm by interpolating steps according to corresponding noise
levels. This can be seen as an attempt to map continuous noise levels to discrete diffusion steps. However, it lacks both
theoretical justi cation for the interpolation and extensive empirical studies.

In this paper, we propose FastDPM, a method that approximates the original DDPM model. FastDPM constructs a bijective
mapping between (continuous) diffusion steps and continuous noise levels. This allows us to take advantage of the exibility
of using these continuous noise levels. FastDPM generalizes Kong et al. (2020b) by using Gamma functions to compute
noise levels, which naturally extends from discrete domain to continuous domain. FastDPM generalizes Song et al. (2020a)
by providing a special set of noise levels that exactly correspond to integer steps.
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B. Derivations

B.1. Derivation of q(x¢jXo)

According to the de nition of diffusion process, we have

Xt=p7tXt 1+ tts (6)

where each; is an i.i.d. standard Gaussian. Then, by recursion, we have

N « QN P p—
Xt = t t Xy 2F tpt 1t 1t tt p
= tt 1t 12Xt 3t tt1t2¢t2%t tt1t 1t tt
(7)
P P p p—
= tXo + tto1 2 11%t + tt 1t 1t tot

As a resultg(x;jxo) is still Gaussian. Its mean vectorﬁ)s*txo, and its covariance matrix{s¢ ¢ 1 2 1+ +
tt 1+ gl =(Q1 1) . Formally, we have

axiixe) = N(xi; © Toxos (@ 0)1): ®
B.2. Derivation of
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B.3. Derivation of DDIM ( =1)

When =1, the coef cient of the term in the DDIM reverse process is

r p
i O S S PSP
—P— s 7 s - PV P
S 1 S ]S_(l S) 3(1 S)
= p S+ p= S (10)
A S B R
= 975 N

@ Q)



On Fast Sampling of Diffusion Probabilistic Models

C. Detailed Experimental Setup

Image datasetsWe conduct unconditional image generation experiments on three datasets: CIFAR-10 (50k object images
of resolution32 32 (Krizhevsky et al., 2009)), CelebA (163k face images of resolutid@ 64 (Liu et al., 2015)), and
LSUN-bedroom ( 3M bedroom images of resoluti@b6 256(Yu et al., 2015)).

Audio datasets.We conduct unconditional and class-conditional audio synthesis experiments on the Speech Commands
0-9 (SC09) dataset, the spoken digit subset of the full Speech Commands dataset (Warden, 2018). SC09 8tktains
one-second long utterances of ten classes (0 through 9) with a sampling rate of 16kHz. We conduct neural vocoding
experiments (audio synthesis conditioned on mel spectrogram) on the LISpeech dataset (Ito, 2017). It @hteinss of

audio ( 13k utterances from a female speaker) recorded in home environment with a sampling rate of 22.05kHz.

Models. In all experiments, we use pretrained checkpoints in prior works. In detail, the pretrained models for CIFAR-10
and LSUN-bedroom are taken from DDPM (Ho et al., 2020; Esser, 2020), the pretrained model for CelebA is taken from
DDIM (Song et al., 2020a). In these modelsjs 100Q The pretrained models for SC09 and LISpeech are taken from
Diffwave (Kong et al., 2020b). In these modelsjs 200. In all models, ; =10 #, 1 =2 10 2, and all 's are

linearly interpolated between, and +.

Noise level scheduled-or each of the approximate diffusion process in Section 3.2, we examine two schedules: linear and
quadratic. For noise levefs sg5_; from variances, the two schedules are:

e Linear (VAR): ¢ =(1+ cs) o.

 Quadratic (VAR): s = (1+ cs)? o.

Welet ¢ = ¢ andthe constarusatisny le (1 )= 1. Thenoise level at stepisrg = P s
For noise level$§ sgS_; from steps, they are computed from selected stepgs_; amongf1;  ;Tg(Song et al., 2020a).
The two schedules are:

* Linear (STEP): s = besc, wherec = L.

* Quadratic (STEP):s = bcs?c, wherec= ¢ J.

Then, the noise level at stegsrs = R( §) = P

In image generation experiments, we follow the same noise level schedules as in Song et al. (2020a): quadratic schedules
for CIFAR-10 and linear schedules for CelebA and LSUN-bedroom. We use linear schedules in SC09 experiments and
guadratic schedules in LISpeech experiments; we nd these schedules have better quality.

Evaluations. In all unconditional generation experiments, we use the Fréchet Inception Distance (FID) (Heusel et al., 2017;
Lang, 2020) to evaluate generated samples. For the training; sitd the set of generated sampleg the FID between
these two sets is de ned as p___

FID=k { gk?®+tr ¢+ ¢ 2 ¢ g ; (11)

where ¢; gand ; 4 arethe means and covariances(@f X after a feature transformation. In each image generation
experimentX 4 is 50K generated images. The transformed feature is the 2048-dimensional vector output of the last layer of
Inception-V3 (Szegedy et al., 2015). In each audio synthesis experiKigig,5K generated utterances. The transformed
feature is the 1024-dimensional vector output of the last layer of a ResNeXT classi er (Xu & Tuguldur, 2017), which
achieve®99:06%accuracy on the training set a@8:76%accuracy on the test set. The FID is the smaller the better.

In the class-conditional generation experiment on SC09, we evaluate with accuracy and the Inception SEoFagl1S).
accuracy is computed by matching the predictions of the ResNeXT classi er and the pre-speci ed labels in the dataset. The
IS of generated samples is de ned as

IS=exp Ex x,KL(P(Xx)kExo x,P(x%) i (12)
wherep(x) is the logit vector of the ResNeXT classi er. The IS and accuracy are the larger the better.

“Note that FID is not an appropriate metric for conditional generation.
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In the neural vocoding experiment on LISpeech, we evaluate the speech quality with the crowdMOS tookit (Ribeiro et al.,
2011), where the test utterances from all models were presented to Mechanical Turk workers. We report the 5-scale Mean
Opinion Scores (MOS), and it is the larger the better.
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D. Evaluation Results in Experiments

We report image generation results under different approximate diffusion processes, approximate reverse pro&sses and
the length of FastDPM. Evaluation results on CIFAR-10, CelebA, and LSUN-bedroom measured in FID are shown in Table

1, Table 2, and Table 3, respectively.

Table 1.CIFAR-10 image generation measured in FID. STEP means noise levels from steps and VAR means noise levels from variances.
Both use quadratic schedule&sis the length of FastDPM. The standard DDPM+£ 1000) hasFID = 3 :03.

Approx. Approx. FID (#)

Diffusion Reverse S=10 S=20 S=50 S=100
STEP DDIM-rev ( =0:0) | 11.01 5.05 3.20 2.86
VAR DDIM-rev ( =0:0) 9.90 5.22 3.41 3.01
STEP DDIM-rev( =0:2) | 11.32 5.16 3.27 2.87
VAR DDIM-rev( =0:2) | 10.18 5.32 3.50 3.04
STEP DDIM-rev ( =0:5) | 13.53 6.14 3.61 3.05
VAR DDIM-rev( =0:5) | 12.22 6.55 3.86 3.15
STEP DDPM-rev 36.70 14.82 5.79 4.03
VAR DDPM-rev 29.43 15.27 6.74 4.58

Table 2.CelebA image generation measured in FID. STEP means noise levels from steps and VAR means noise levels from variances.
Both use linear scheduleS.is the length of FastDPM. The standard DDPM#£ 1000) hasFID = 7 :00.

Approx. Approx. FID (#)

Diffusion Reverse S=10 S=20 S=50 S=100
STEP DDIM-rev( =0:0) | 15.72 10.77 831 7.85
VAR DDIM-rev( =0:0) | 1531  10.69 8.41 7.95
STEP DDPM-rev 29.52 19.38 12.83 10.35
VAR DDPM-rev 28.98 18.89 12.83 10.39

Table 3.LSUN-bedroom image generation measured in FID. STEP means noise levels from steps and VAR means noise levels from
variances. Both use linear schedul8ss the length of FastDPM.

Approx. Approx. FID (#)

Diffusion Reverse S=10 S=20 S=50 S=100
STEP DDIM-rev ( =0:0) | 19.07 9.95 8.43 9.94
VAR DDIM-rev( =0:0) | 19.98 9.86 8.37 10.27
STEP DDPM-rev 42.69 20.97 10.24  7.98
VAR DDPM-rev 41.00 20.12 10.12 8.13
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We report audio synthesis results under different approximate diffusion processes, approximate reverse pro&sbes and
length of FastDPM. Evaluation results of unconditional generation on SC09 measured in FID and IS are shown in Table 4.
Evaluation results of class-conditional generation on SC09 measured in accuracy and IS are shown in Table 5. Evaluation
results of neural vocoding on LISpeech measured in MOS are shown in Table 6.

Table 4.SC09 unconditional audio synthesis measured in FID and IS. STEP means noise levels from steps and VAR means noise levels
from variances. Both use linear schedul8ss the length of FastDPM. The original DiffWavé (= 200) hasFID = 1 :29and 1S= 5:30.

Approx. Approx. FID (#) IS (")

Diffusion Reverse S=10 S=20 S=50|S=10 S=20 S=50
STEP DDIM-rev ( =0:0) 4.72 5.31 5.54 2.46 2.27 2.23
VAR DDIM-rev ( =0:0) 4.74 4.88 5.58 2.49 2.42 2.21
STEP DDIM-rev ( =0:5) 2.60 2.52 2.46 3.94 4.17 4.19
VAR DDIM-rev ( =0:5) 2.67 2.49 2.47 3.94 4.20 4.20
STEP DDPM-rev 1.75 1.40 1.33 4.03 457 5.16
VAR DDPM-rev 1.69 1.38 1.34 4.06 4.63 5.18

Table 5.SC09 class-conditional audio synthesis. The results are measured by accuracy and IS. STEP means noise levels from steps and
VAR means noise levels from variances. Both use linear schedsilieghe length of FastDPM. The DiffWavé (= 200) has accuracy
=91:2%andIS = 6:63.
Approx. Approx. Accuracy () IS (")
Diffusion Reverse S=10 S=20 S=50|S=10 S=20 S=50
STEP DDIM-rev( =0:0) | 665% 683% 661% 3:21 318 287
VAR DDIM-rev( =0:0) | 666% 685% 661% 3:26 322 288
STEP DDIM-rev( =0:5) | 858% 88:4% 87.8% 5:79 6:23 600
VAR DDIM-rev( =0:5) | 86:0% 882% 88:0% 5:74 6:24 6:03
STEP DDPM-rev 799% 827%  868% 471 510 583
VAR DDPM-rev 81.0% 828% 870% 4:93 516 586

Table 6.LJSpeech audio synthesis conditioned on mel spectrogram measured. The results are measured by 5-scale MOS with 95%
con dence intervals. STEP means noise levels from steps and VAR means noise levels from variances. Both use quadraticSébedules.
the length of FastDPM.

Approx. Diffusion Approx. Reverse S MOS (")
STEP DDIM-rev( =0:0) 5 372 011
VAR DDIM-rev( =0:00 5 375 0:10
STEP DDPM-rev 5| 428 0:.08
VAR DDPM-rev 5 | 431 0:07
DiffWave (T = 200) 200 | 442 010
Ground truth - | 451 0:.07
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E. Generated Samples in Experiments
In this section, we display generated samples of FastDPM, including image samples and mel-spectrogram of audio samples.

E.1. Unconditional Generation on CIFAR-10

STEP VAR
S =100
S=50
S=20
S=10

Figure 1.Comparison of generated samples of FastDPM on CIFAR-10 among differamd approximate diffusion processes. The
approximate reverse process is DDIM-rev< 0 :0).

S=10 S=20

DDPM-rev

=05

=0:2

=00

S=50 S =100

DDPM-rev

=05

=0:2

=0:0

Figure 2.Comparison of generated samples of FastDPM on CIFAR-10 among différantd approximate reverse processes. The
approximate diffusion process is VAR.
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E.2. Unconditional Generation on CelebA

VAR
S =100

STEP

VAR
S=50

STEP

VAR
S=20

STEP

VAR
S=10

STEP

Figure 3.Comparison of generated samples of FastDPM on CelebA among différant approximate diffusion processes. The
approximate reverse process is DDIM-rev< 0 :0).
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E.3. Unconditional Generation on LSUN-bedroom

VAR

STEP

Figure 4.Comparison of generated samples of FastDPM on LSUN bedroom among different approximate diffusion processes. The
approximate reverse process is DDIM-rev<£ 0:0) andS = 100.



On Fast Sampling of Diffusion Probabilistic Models

VAR

STEP

Figure 5.Comparison of generated samples of FastDPM on LSUN bedroom among different approximate diffusion processes. The
approximate reverse process is DDIM-rev<£ 0:0) andS = 50.
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VAR

STEP

Figure 6.Comparison of generated samples of FastDPM on LSUN bedroom among different approximate diffusion processes. The
approximate reverse process is DDIM-rev<£ 0:0) andS = 20.
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VAR

STEP

Figure 7.Comparison of generated samples of FastDPM on LSUN bedroom among different approximate diffusion processes. The
approximate reverse process is DDIM-rev<£ 0:0) andS = 10.
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E.4. Unconditional Generation on SC09

(a) STEP + DDIM-rev ( = 0:0) (top) / DDIM-rev (= 0:5) (middle) / DDPM-rev (bottom)

(b) VAR + DDIM-rev ( = 0:0) (top) / DDIM-rev ( = 0:5) (middle) / DDPM-rev (bottom)

Figure 8.Mel-spectrogram of 16 synthesized utteranc&s(50). We use linear noise level schedules from steps in (a) and variances in
(b). In each subplot, the top row shows results of DDIM-re=(0 :0), the middle row shows results of DDIM-rev & 0:5), and the
bottom row shows results of DDPM-rev. DDPM-rev produces the clearest utterances in these approximate reverse processes.



