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Abstract

Denoising Diffusion Probabilistic Models have
shown an impressive generation quality although
their long sampling chain leads to high compu-
tational costs. In this paper, we observe that a
long sampling chain also leads to an error accu-
mulation phenomenon, which is similar to the
exposure bias problem in autoregressive text gen-
eration. Specifically, we note that there is a dis-
crepancy between training and testing, since the
former is conditioned on the ground truth samples,
while the latter is conditioned on the previously
generated results. To alleviate this problem, we
propose a very simple but effective training reg-
ularization, consisting in perturbing the ground
truth samples to simulate the inference time pre-
diction errors. We empirically show that, without
affecting the recall and precision, the proposed
input perturbation leads to a significant improve-
ment in the sample quality while reducing both
the training and the inference times. For instance,
on CelebA 64 x 64, we achieve a new state-of-the-
art FID score of 1.27, while saving 37.5% of the
training time. The code is available at https:
//github.com/forever208/DDPM-1IP.

1. Introduction

Denoising Diffusion Probabilistic Models (DDPMs) (Sohl-
Dickstein et al., 2015; Ho et al., 2020) are a new generative
paradigm which is attracting a growing interest due to its
very high-quality sample generation capabilities (Dhariwal
& Nichol, 2021; Nichol et al., 2022; Ramesh et al., 2022).
Differently from most existing generative methods which
synthesize a new sample in a single step, DDPMs resemble
the Langevin dynamics (Welling & Teh, 2011) and the gen-
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eration process is based on a sequence of denoising steps, in
which a synthetic sample is created starting from pure noise
and autoregressively reducing the noise component. In more
detail, during training, a real sample x is progressively de-
stroyed in 1" steps adding Gaussian noise (forward process).
The sequence g, ..., Z;, ..., L7 so obtained, is used to train
a deep denoising autoencoder (u(+)) to invert the forward
process: ;1 = u(xs,t). At inference time, the gener-
ation process is autoregressive because it depends on the
previously generated samples: Z;_1 = u(&,t) (Sec. 3).

Despite the large success of DDPMs in different generative
fields (Sec. 2), one of the main drawbacks of these models
is their very long computational time, which depends on the
large number of steps 7" required at both the training and
the inference stage. As recently emphasised in (Xiao et al.,
2022), the fundamental reason why 7" needs to be large is
that each denoising step is assumed to be Gaussian, and
this assumption holds only for small step sizes. Conversely,
with larger step sizes, the prediction network (u(-)) needs
to solve a harder problem and it becomes progressively less
accurate (Xiao et al., 2022). However, in this paper, we
observe that there is a second phenomenon, related to the
sampling chain, but partially in contrast with the first, which
is the accumulation of these errors over the 7' inference
sampling steps. This is basically due to the discrepancy
between the training and the inference stage, in which the
latter generates a sequence of samples based on the results
of the previous steps, hence possibly accumulating errors.
In fact, at training time, p(-) is trained with a ground truth
pair (z:,x:—1) and, given x, it learns to reconstruct z;_;
(u(z¢,t)). However, at inference time, y(-) has no access
to the “real” x;, and its prediction depends on the previ-
ously generated &; (1 (&, t)). This input mismatch between
w(x,t), used during training, and u(&4, t), used during test-
ing, is similar to the exposure bias problem (Ranzato et al.,
2016; Schmidt, 2019) shared by other autoregressive gener-
ative methods. For example, Rennie et al. (2017) argue that
training a network to maximize the likelihood of the next
ground-truth word given the previous ground-truth word
(called “Teacher-Forcing” (Bengio et al., 2015)) results in
error accumulation at inference time, since the model has
never been exposed to its own predictions.

In this paper, we first empirically analyze this accumulation
error phenomenon. For instance, we show that a standard
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DDPM (Dhariwal & Nichol, 2021), trained witi steps, on the CIFAR10 (Krizhevsky et al., 2009), the ImageNet
can generatbetter results using a number of inference 32 32 (Chrabaszcz et al., 2017), the LSUN @4 (Yu
stepsT?< T (Sec. 6.2). A similar phenomenon was alsoet al., 2015) and the FFHQ 12828 (Karras et al., 2019)
observed by Nichol & Dhariwal (2021), but the authors did datasets, DDPM-IP, with only 80 sampling steps, generates
not provide an explanation for that. We believe that thelower FID scores than the state-of-the-art ADM (Dhariwal
reason for this apparently contrasting result is that while, or& Nichol, 2021) with 1,000 steps, corresponding to a more
the one hand, longer chains can better satisfy the Gaussidhan125 sampling acceleration.

assumption in the reverse diffusion process, on the othei

r I
) n summary, our contributions are:
hand, they lead to a larger accumulation of errors.

Second, in order to alleviate the exposure bias problem, we « We show that there is an exposure bias problem in
propose a surprisingly simple yet very effective method, = DDPMs which has not been investigated so far.
which consists in explicitly modelling the prediction error

during training. Speci cally, at training time, we perturb ¢ To alleviate this problem, we propose different regular-
x; and we feed () with a noisy version ok;, this way ization methods whose common goal is to smooth the
simulating the training-inference discrepancy, and forcing ~ Prediction function, and we speci cally suggest input
the learned network to take into account possible inference- ~ Perturbation (DDPM-IP) as the best and the simplest
time prediction errors. Note that our perturbation is different ~ Of such solutions.

from the content-destroying forward process, because the
new noise inotused in the ground truth predictidarget
(Sec. 5.2). The proposed method is a training regularization
which forces the network to smooth its prediction function:
to solve the proposed task, two spatially close pomtand

x, should lead to similar predictiongx,:t) and (x,;t). 2- Related Work

This regularization approach is similar to Mixup (Zhang Diffusion models were introduced by Sohl-Dickstein et al.

et.al.., 2018) and the Vicinal Risk Minimizatiqn (VRM) 2015) and later improved in (Song & Ermon, 2019; Ho
principle (Chapelle et al., 2000), where a neighborhoody 5 "5020: Song et al., 2021b; Nichol & Dhariwal, 2021).
around each sample in the training data is de ned and the'ﬂ/lore recently, Dhariwal & Nichol (2021) have shown that

used to perturb that sample keeping xed its target clasgyyppps can yield higher-quality images than Generative
label. Adversarial Networks (GANs) (Goodfellow et al., 2014;

Third, we propose alternative solutions to the exposure biaBrock et al., 2018). Similarly to GANs, the generation
problem for diffusion models, in which, rather than using process in DDPMs can be both unconditional and condi-
input perturbation, we obtain a smoother prediction functiontioned. For instance, GLIDE (Nichol et al., 2022) learns to
() by explicitly encouraging () to be Lipschitz continu- generate images according to an input textual sentence. Dif-
ous (Sec. 5.4). The rationale behind this is that a LipschitZerently from GLIDE, where the diffusion model is de ned
continuous function ( ) generates small prediction differ- on the image space, DALE-2 (Ramesh et al. (2022)) uses
ences between neighbouring points in its domain, leading t& DDPM to learn a prior distribution on the CLIP (Radford

a DDPM which is more robust to the inference-time errorsét al., 2021) space. Text-to-image generation is explored
also in Stable Diffusion (Rombach et al., 2021) and Imagen

Finally, we empirically e-malys.e all the pro.posed. SOIme,)"]S(Saharia et al., 2022). Apart from images, DDPMs can also
and we show that, despite being all effective for improving be used with categorical distributions (Hoogeboom et al.,

the nal generation quality, input perturbation is both more 2021; Gu et al., 2021), in an audio domain (Mittal et al.,
ef cient and more effective than the explicit minimization 2021; Chen et al., 2021), in time series forecasting (Ra-
of the Lipschitz constant in DDPMSs (Sec. 6.1). Moreover,g | ot a1 2021) and in other generative tasks (Yang et al.,
directly perturbing the network input at training time fras 2022; Croitoru et al., 2022). Differently from previous work,

additional training overheadnd this solution is very easy to our goal is not to propose an application-speci ¢ prediction

be reproduced and plugged into existing DDPM frameworkspoyork hut rather to investigate the training-testing discrep-

it can be obtained with just two lines of code without a”yancy of the DDPMs and propose a solution which can be

change in the network architecture or the loss function. We,se in different application elds and jointly with different
call our methodenoising Diffusion Probabilistic Models denoising architectures

with Input Perturbation (DDPM-IPjand we show that it can _ o _
signi cantly improve the generation quality of state-of-the-Accelerating the DDPM training or reducing the number
art DDPMs (Dhariwal & Nichol, 2021; Song et al., 2021a) of sampling step3 (Sec. 1) have been thoroughly inves-

and speed up the inference-time sampling. For instancéigated due to their practical implications. For instance,
Song et al. (2021a) propose Denoising Diffusion Implicit

¢ Using common benchmarks, we show that DDPM-IP
can signi cantly improve the generation quality and
drastically speed up both training and inference.
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Models (DDIMs), based on a non-Markovian diffusion pro-where = 11 L1, with = Qit:1 jand =1 i

cess, which can use a number of inference sampling stefsivenxg, Xt can be obtained (Ho et al., 2020) by:
smaller than those used at training time, without retraining
the network. Salimans & Ho (2022) propose to distil the
prediction network into new networks which progressively
reduce the number of sa_m_pllng stgps. However, the dlsagv'here is a noise vector ( N (0:1)). Instead of pre-
vantage is the need of training multiple networks. Rombach,. A
) - . dicting the mean of the forward process posterior (i.e.,
et al. (2021) speed up sampling by splitting the process int = (xi:1)), Ho etal. (2020) propose to use a network
a compression stage and a generation stage, and applyin ;which p;r,edi,cts the nbise vecto(Using () and a
the DDPM on the compressed (latent) space. Hoogeboorgllm leL, loss function, the training objective becomes:
et al. (2022) present an order-agnostic DDPM, inspired by plet2 ' gob '
XLNet (Yang et al., 2019), in which the sequengg :::; X1
is randomly permuted at training time, leading to a partially
parallelized sampling process. Chen et al. (2021) found thak( ) = Ex, qxo): N @1)it u(f 157 gyl (X3 1)ji%]:
instead of conditioning the prediction networl(()) on a (5)

discret_e diﬁusion_ step itis be_ne; cial to conditioq ()Jon  Note that, in Eq. 5%, and are ground-truth terms, while
a continuous noise level. Similarly, Kong & Ping (2021) (x¢: 1) is the network prediction. Using Eq. 5, the train-

introduce continuous diffu.sion steps, resulting in a uni gd ing and the sampling algorithms are described in Alg. 1-2,
framework for fast sampling. In order to use larger Siz€regpectively.

sampling steps and a non-Gaussian reverse process (Sec. 1)

Xiao et al. (2022) include an adversarial loss in DDPMs andAIgorithm 1 DDPM Standard Training
propose Denoising Diffusion GANs. Karras et al. (2022) 1. repeat

suggest using Heun's second-order deterministic samplingz Xo qXo),t UL ::Tg) N (0:1)
method, leading to high quality results and fast sampling. 5. ’ o ’
Xu et al. (2022) accelerate the generation process of cona:
tinuous normalizing ow using a Poisson ow generative
model. Our approach is orthogonal to these previous works,
and it can potentially be used jointly with most of them.

p— P ——
Xt = tXo+ 1 ts 4)

computex; using Eq. 4
. take a gradient descent stepronjj (X¢; 0jj?
5: until converged

Algorithm 2 DDPM Standard Sampling
3. Background 1: ®t N (0;1)
2: fort:=T;::;1do
3: ift> 1thenz N (0;1),elsez=®
Re 1= p=(Re F’llitt R+ z
5: end for
6: return Ro

Without loss of generality, we assume an image domain and
we focus on DDPMs which de ne a diffusion process on the
input space. Following (Nichol & Dhariwal, 2021; Dhariwal

& Nichol, 2021), we assume that each pixel value is linearly
scaled intd 1;1]. Given a sampl&, from the data dis-
tribution q(xo) and a pre xed noise scheduley( ::;; 1),

a DDPM de nes the forward process as a Markov chain i i i )
which starts from a real image,  q(Xo) and iteratively 4- Exposure Bias Problem in Diffusion Models

adds Gaussian noise fordiffusion steps:

Comparing line 4 of Alg. 1 with line 4 of Alg. 2, we note
that the inputs of the prediction network( ) are different
qxejX; 1) = N (xt;p T o 1 ) 1) betwgep thg training and the inference phase. Concretely,
at training time, standard DDPMs usgX;;t), wherex,
is aground truthsample (Eg. 4). In contrast, at inference
time, they use (%;;t)), whereR; is computed based on
the output of () at the previous sampling stept. As
mentioned in Sec. 1, this leads to a training-inference dis-
crepancy, which is similar to the exposure bias problem
until obtaining a completely noisyimage N (0;1). On observed, e.g., in text generation models, in which the train-

the other hand, theeverse procesis de ned by transition ing generation is conditioned on a ground-truth sentence,
probabilities parameterized by while the testing generation is conditioned on the previously

generated words (Ranzato et al., 2016; Schmidt, 2019; Ren-
nie et al., 2017; Bengio et al., 2015). In order to quantify the
p (Xt 1jXt) = N(X¢ 1; (X;0); «0); (3)  erroraccumulatiorwith respect to the number of inference

v
q(X1:7jXo) = a(XtjX¢ 1); ()

t=1
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sampling steps, we use a simple experiment in which w&ec. 5.3). This is simulated using a second, dedicated ran-
start from a (randomly selected) real imagg we compute  dom noise vector N (0;1), using which, we create a
X; using Eq. 4, and then apply the reverse process (Alg. erturbed versionyg) of X;:
starting fromx; instead of a random+. This way, when
t is small enough, the network should be able to “recover” p__ p
the path taX, (the denoising task is easier). We quantify Y= iXot+t 1 ((+ () (6)
the total error accumulated trreverse diffusion steps by
comparing the difference between the ground truth distriFor simplicity, we use a uniform noise schedule fdy
butionq(xo) and the predicted distributiag{®o) using the  setting o = ::: = 1 = . Infact, although selecting the
FID scores in Tab. 1. The experiment was done using ADMpest noise scheduleq;:::; 1)in DDPMs is usually very
(Dhariwal & Nichol, 2021) (trained witd™ = 1;000 and  important to get high-quality results (Ho et al., 2020; Chen
ImageNet 32 32, and we compute the FID scores using 50ket al., 2021), it is nevertheless an expensive hyperparameter
samples. Tab. 1 ( rst row) shows thtite longer the reverse tuning operation (Chen et al., 2021). Therefore, to avoid
process, the higher the FID scorasdicating the existence adding a second noise schedulg;(::; ) to the training
of an error accumulation which is larger with larger valuesprocedure, we opted for a simpler (although most likely sub-
of t. In Appendix 5, we repeat this experiment using deteroptimal) solution, in which ; does not vary depending @n
ministic sampling, which quanti es the error accumulation (more details in Sec. 5.3). In Alg. 3 we show the proposed
removing the randomness from the sampling process.  training algorithm, in whiclx; is replaced by;. In contrast,

at inference time, we use Alg. 2 without any change.

Table 1. An empirical estimate of the exposure bias on ImageNet

32 32 Algorithm 3 DDPM-IP: Training with input perturbation
—— 1: repeat
Model Number of reverse diffusion steps 2. Xo q(Xo),t UFL:u:Tg)
100 300 500 700 1,000 N (©:1), N (0l)

3
4: computey; using Eq. 6

5. take a gradient descent stepronjj (Yr; 1)ji?
6: until converged

ADM 0.983 1808 2.587 3.105 3.544
ADM-IP (ours) 0.972 1594 2198 2539 2.742

Finally, in Tab. 3 we will report the FID scores of ADM ] .
on different datasets, which show that most of the best re2-2- Discussion

sults are obtained in the range from 100 to 300 samplingy, this section, we analyze the difference between Alg. 3
steps, despite all the models have been trained with 1,008,q Alg. 1. Speci cally, in line 5 of Alg. 3, we usg as the

diffusion steps. These results con rm previous similar Obinput of the prediction network ( ) but we keep using as
servations (Nichol & Dhariwal, 2021), and we believe thathe regression target. In other words, the new noise tejm (
the reason for this apparently counterintuitive phenomenoRye introduce is usedsymmetricallybecause it is applied to
in which fewer sampling steps lead to a better generatioghe input bumotto the prediction target ). For this reason,
quality, is due to the exposure bias problem. Indeed, Whilwg_ 3 is notequivalent to choose a different value df
more sampling steps correspond to a reverse process whigng_ 1, where is instead usedymmetricallyboth in the

can be more easily approximated with a Gaussian distribisnyard process (Eq. 4) and as the target of the prediction
tion (Sec. 1), longer sampling trajectories produce a largegetwork (line 4 of Alg. 1).

accumulation of the prediction errors. Hence, the range ) ) ) o
[100,300] leads to a better generation quality because it his difference is schematically illustrated in Fig. 1, where,

presumably trades off these two opposing aspects. for both Alg. 1 (i.e., DDPM) and Alg. 3 (DDPM-IP), we
show the corresponding pairs of input and target vectors of

hod the prediction network (respectivelx; ) and(y:; )). In

>. Metho the same gure, we also show a second version of Alg. 1

5.1. Regularization with Input Perturbation (called DDPMy), where we use the standard training proto-
col (Alg. 1) but change the noise variance in order to adhere

The solution we propose to alleviate the exposure bias prolg the same distribution generatiyig In fact, it can be easy

lem is very simple: we explicitly model the prediction er- shown thaty; in Alg. 3 is generated using the following

ror using a Gaussian input perturbation at training timegistribution (see Appendix A.2 for a proof):
More speci cally, we assume that the error of the prediction

network in the reverse process at tine 1 is normally D
distributed with respect to the ground-truth inpat(see alyigxo) = N (Y, Xo;(I @+ ) (7)
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Hence, we can obtaithe same input noise distributiari  close to each other. In principle, we could use this empirical
Alg. 3in Alg. 1using ® N (0;1) and: analysis and set; = { in Eg. 6. In this way, when we per-
turb the inputto (), we empirically imitate its actual pre-
diction error which is the base of the exposure bias problem.
However, this choice would require a two-step training: rst,

We call DDPMy the version of Alg. 1 with this new noise using A_Ig. 1totrainthe ba_se model angl empirica_lly estimate

distribution. DDPMy is obtained from Alg. 1 using Eq. 8 t for differentt. Then, using Alg. 3 with the estimated

in line 3 and replacing, with y; and with ®in line 4. schedule to retrain the modelfro_m scratch. To.av0|d th|s_ and
However, note that, for a given, if 6®, then 6 ©(see make the whole proce.dure as simple as p0§5|ble, we simply
Fig. 1), thus, DDPM-IP and DDPN-share the same input US€ giconstant vglue mdependently of. This value was

to (), but they use different targets. In Appendix A.3, empirically set using a grid search on both CIFAR10 and Im-

we empirically show that DDPM-is even worse than the ageNet 32 32 on a small range of values covering the last
standard DDPM. half of the sampling trajectory. Speci cally, we investigated

therange; 2 [0; E¢[ ¢]] =[0; 0:2] (see Fig. 2), which was
Intuitively, the proposed training protocol, DDPM-IP, de- chosen following Karras et al. (2022), who showed that the
couples the noise vectotactually generating: fromthe  |ast part of the inference trajectory has usually the largest
ground truth target vectorwhich is asked to be prediCted impact on the Diffusion Model performance_ We na”y
by (). In order to solve this problem, () needs to set =0:1and, in the rest of this paper, vadwaysuse a
smoothits prediction function, reducing the difference be-constant = 0:1, regardless of the dataset and the baseline
tween (x¢;t) and (y:;t), and this leads to a training pppPM. Although a DDPM-speci ¢ value would most
regularization which is similar to VRM (Sec. 1). likely lead to better quality results, we prefer to emphasise

the ease of use of our proposuahich does not depend on

any other hyperparameter

_ __p
Yt:p tXO"'pl ¢ 1+ 2@ 8)

Figure 1.The inputs and the prediction targets are different in
vanilla DDPM, DDPM-IP and DDPM.

5.3. Estimating the Prediction Error Figure 2.The inference time standard deviatiqnof the prediction

. . - rror of a pre-trained network with respect to the sampling ste

In this section, we f’:malyze t.he actual prediction efror Off. The meF;n of the blue and the orange curve is 0.20pan?j 0.1%,
() and we use this analysis to choose the value iof respeciively,

Eg. 6. Analogously to Sec. 4, we use ADMained using
the standard algorithm Alg. &nd two datasets: CIFAR10
and ImageNet 3232. At testing time, for a giveh and
A= (R¢;1), we replace with”in Eqg. 4 and we compute
the predictedy. Finally, the prediction error at timeis  5.4. Regularization based on Lipschitz Continuous
e = Ry Xg. Note that usin@y andx, to estimate the Functions
error instead of comparing; andx;, has thepadvantage that
the former is independent of scaling factorsl( ) and,
thus, it makes the statistical analysis easier. Using different
values oft, uniformly selected iri 1;:::; T g, we empirically
veri ed that, for a givert, e is normally distributede;
N (0; 21), with standard deviation, (see Appendix A.5).

In this section, we propose two alternative solutions to the
Xposure bias problem which can help to better investigate
e phenomenon. The goal is the same as in Sec. 5.1, i.e.,
we want to smooth the prediction function(x;;t) to make

it more robust with respect to local variationsxgfwhich

are due to the inference-time prediction errors. To do so,
In Fig. 2 we plot the value of; with respect td. The two instead of using input perturbation, we explicitly encourage
curves corresponding to the two datasets are surprisingly () to be Lipschitz continuous, i.e. to satisfy:

5
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& Nichol, 2021) (without classi er guidance) as the base-
i () (y;0ji  Kiix yii; 8xy) (9) line,andwe call: (1) “ADM-IP” the version of ADM trained

using Alg. 3, (2) “ADM-GP” the version of ADM trained us-
for a small constar . We implement this idea using two ing the gradient penalty, and (3) “ADM-WD" for the weight
standard Lipschitz constant minimization methagisdient  decay (Sec. 5.4). Weusgp =1e 6and wp = 0:03as
penalty(Rifai et al., 2011, Gulrajani et al., 2017) amgtight  the loss weights for ADM-GP and ADM-WD, respectively.
decay(Krogh & Hertz, 1991; Miyato et al., 2018). In both
cases we doot perturb the input of (), and we use the
original training algorithm (Alg. 1), with the only difference
being the loss function used in line 4, where theloss is
used jointly with a regularization term described below.

For this experiment, we use CIFAR10 because ADM-GP
is too time-consuming to be trained on larger datasets. The
results in Tab. 2 show that all three models outperform the
baseline in image quality, demonstrating the effectiveness
of smoothing the prediction function using the proposed
Gradient penalty. In this case, the regularization is based regularization methods. However, training ADM-GP is too
on the Frobenius norm of the Jacobian matrix (Rifai et al.slow and cannot be scaled to larger datasets, thus we do not
2011; Goodfellow et al., 2016), and the nal loss is: recommend this solution. Moreover, ADM-IP gets the best

FID and sFID scores, thus, in the rest of this paper, we use

the input perturbation approach described in Sec. 5.1 as our
@ (xit) 2 basic solution.

Ler () =i XD’ + ep @ F; (10)

. . . Table 2.Comparison of different regularization methods. All the
where cp is the weight of the gradient penalty term. HOW- o qels are tested usifig= 1 : 000 sampling steps.

ever, a gradient penalty regularization is very slow (Yoshida

& Miyato, 2017) because it involves one forward and two Model CIFAR1032 32

backward passes for each training step. FID sFID

Weight decay. As shown in (Liu et al., 2022), Lipschitz ADM (baseline) 2.99 4.76

continuity can also be encouraged using a weight decay ADM-GP 280 4.41

regularization (see Appendix A.6 for more details). In this ADM-WD 282 461

case, the nal loss is: ADM-IP 276 4.05

Lwo ()=ji  (xoOi?+ woli j% Q1) , o

Finally, we use ADM-IP to quantify the reduction in the

where wp is the weight of the regularization term. exposure bias following the protocol described in Sec. 4.
The results reported in Tab. 1 show that ADM-IP leads to

6. Results a signi cantly lower exposure bias than ADM, and this

difference is larger with longer sampling sequences.
In this section, we evaluate the generation quality of the pro-
posed solutions and we compare them with state-of-the-ag.2. Main results

DDPMs. We use unconditional image generation tasks on ) ) )
different datasets and standard metrics: treehet Incep- COmPparison with DDPMs. We compare ADM-IP with

tion Distance (FID) (Heusel et al., 2017) and the Spatiaf"PM using CIFAR10, ImageNet 3232, LSUN tower
Frechet Inception Distance (sFID) (Nash et al., 2021). As 4 64, CelebA 64 64 (Liu et al, 2015) and FFHQ
variant of FID, sFID uses spatial features rather than the stary28 128. Following prior work (Ho et al., 2020; Nichol &
dard pooled features to better capture spatial relationshipgarwal, 2021), we generate 50K samples for each trained

rewarding image distributions with a coherent high-levelM0del and we use the full training set to compute the refer-
structure. As mentioned in Sec. 5.3l our experiments  €1Ce distribution statistics, except for LSUN tower where

we use = 0:1 without any dataset or baseline speci ¢ (again foIIowing_(I-_|o etal., 2020; Nichol & Dhariwal, 2021))
tuning of our only hyperparameter we use 50K training samples as the reference data. When
training, we always us@ = 1;000steps for all the mod-
els. At inference time, the results reported with< T
sampling steps have been obtained usingekspacingtech-

In this section, we empirically compare to each other thenique (Nichol & Dhariwal, 2021). As previously mentioned
three regularization methods proposed in Sec. 5 to alleviatésee Sec. 5.3) we keep xed= 0:1in all the experiments

the exposure bias problem. For all three approaches, wand the datasets. We refer to Appendix A.7 for the complete
use the state-of-the-art diffusion model ADM (Dhariwal list of hyperparameters (e.g. the learning rate, the batch size,

6.1. Evaluation of the Different Proposed Solutions

6
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Table 3.Comparison between ADM and ADM-IP using models trained Witk 1 ; 000 sampling steps and tested Wit T steps.

Sampling steps Model CIFAR10 ImageNet 32 LSUN tower 64 CelebA 64 FFHQ 128
(T FID sFID FID sFID FID sFID FID sFID FID sFID
1.000 ADM (baseline) 299 476 3.60 330 3.39 7.96 1.60 380 9.65 1253
' ADM-IP (ours) 2.76 4.05 287 239 2.68 6.04 131 338 298 559
300 ADM 295 495 358 348 331 8.39 182 425 955 126
ADM-IP 267 414 274 258 260 5.98 143 336 374 597
100 ADM 3.37 566 426 448 350 11.10 3.02 576 1452 16.02
ADM-IP 270 451 324 313 279 6.56 221 433 594 790
80 ADM 3.63 597 461 476 417 12.60 3.75 6.80 17.00 18.02
ADM-IP 293 469 357 333 295 6.93 267 469 6.89 879

etc.) and network architecture settings, which are the samthe results of ADM-IP with different values (Sec. 5.3).

for both ADM and ADM-IP. The training iterations until convergence for each model are

The results reported in Tab. 3 show that, independently ofummarized in Tab. 4. The much faster convergence of our
the dataset and the number of sampling stdds ( T), method is most likely due to the regularization effect of the
ADM-IP is alwaysbetter than ADM in terms of both the input perturbation. In fact, as commonly happens with regu-
FID and sFID metrics, sometimes drastically better. Fodarization techniques (Zhang et al., 2018; Liu et al., 2021,
instance, on LSUN, witiT°= 80, we have a more than 5 Balestriero et al., 2022), the proposed input perturbation
sFID score improvement with respect to ADM. On FFHQ also introduces an inductive bias in training. In our case,
128 128, withT?% = 1;000 we have almost 7 points of itis: close points in the domain of the prediction function
improvement compared to both the FID and the sFID scoreshould lead to similar outcomes. Our empirical results show
In addition to the experiments shown in Tab. 3, we usedhat this bias helps the DDPM training.

TO = 900 sampling steps and our ADM-IP on CelebA .
64 64, achieving a result of 1.27 FID, which is the new.Tab' 4 also shows that ADM-IP can drastically accelerate the

. . inference process, i.e. obtaining better results than the base-
state-of-the-art performance for unconditional generatlor?. . . . : .
on this dataset. ine with shorter sampling trajectories. For example, with

only 60 or 80 steps, ADM-IP gets a better or an equivalent
Note that, for most datasets, both the baseline (ADM) andrID than ADM (tested with the standard 1,000 sampling
ADM-IP reach the best results with® < T (speci cally,  steps) on all datasets, except for CelebA, where ADM-IP
with T®2 [100, 300). As mentioned in Sec. 4, this is most needs 200 sampling steps to reach the same result. This
likely a con rmation of the exposure bias problem: a shortercomparison shows a remarkable 5x to 16.7x speed-up of
sampling trajectory accumulates a smaller prediction errotthe inference stage, which is particularly signi cant for the

Besides generating signi cantly better images, ADM-IP larger resolution FFHQ dataset.

converges much faster than the baseline during training irinally, we measure the recall and precision for the gen-
all the ve datasets (see Fig. 3 and 4). For instance, orerated samples using the method in Kg@kniemi et al.
LSUN tower and CelebA, ADM-IP converges at 220K and (2019). The results show that the recall and precision
300K training iterations while ADM saturates around 300K achieved by ADM and ADM-IP have no signi cant dif-
and 480K iterations, respectively. Fig. 3 shows also thaference, which indicates that our input perturbation does not
even before convergence, ADM-IP quickly beats the ADM affect the sample diversity (see Appendix A.4).

results obtained when the latter has converged. For instan
on CelebA, ADM-IP gets FID 1.51 at 120K training iter-

ations, whereas ADM gets FID 1.6 at convergence (480 mplicit Models (DDIMs) proposed by Song et al. (2021a)

iterations), exhibiting a 4x training speed-up. On the larger, . :
resolution FFHQ dataset, ADM receives FID 14.52 at congsec' 2). We train both the baseline (DDIM) and our method

vergence (420K iterations), while ADM-IP achieves a FID (DDIM-IP) on CIFAR10 using the public code provided by

score of 8.81 with only 60K iterations: an improvement of Song et al. (2021a). Since training W'Fh DDIM IS particu-

: . o . . _larly slow, we use only CIFAR1O0 for this comparison. We
5.71 points with a 7x training speed-up. Fig. 4 shows a SImlhse the default hyperparameters settings (E.g.1 : 000)
lar trend for the CIFAR10 dataset. In this gure, we also plot yperp gsE8-L,

C8bmparison with DDIMs. In order to show the generality
f our proposal, we use Alg. 3 with the Denoising Diffusion

7
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(a) ImageNet 32 32 (b) LSUN tower 64 64

(c) CelebA 64 64 (d) FFHQ 128 128

Figure 3.FID scores with respect to the number of training iterations. Each FID value is computedsinty; 000inference sampling
steps, except for the FFHQ dataset, for which we usd 100.

any ne-tuning

We report the results in Tab. 5, which show that DDIM-IP
consistently obtains better FID scores than DDIMihcon-
ditions (i.e., independently of the number of sampling steps
and the value of ). Importantly, the fewer the sampling
steps, the more the FID gain which is obtained with input
perturbation. For instance, with= 0:5, the FID gain of
DDIM-IP is 7.16 with 10 sampling steps versus 0.89 with
1,000 sampling steps. Analogously, with= 0 and 10
sampling steps, DDIM-IP drastically improves DDIM with
a 3.67 FID margin. Since the main advantage of DDIMs
with respect to DDPMs is their reduced number of sam-
pling steps (Song et al., 2021a), and they indeed are mainly
Figure 4.CIFARL0: FID scores with respect to the number of used for accelerating the inference stage, input perturbation
training iterations with different values. Each FID score is greatly matches this goal, and it signi cantly improves the
computed using ° = 100 inference sampling steps. sample quality of the implicit models in a short sampling
seguence regime.

in their code and train both models for 1,600K iterations/- Conclusions
with batch size 128. We test the performance of the tw
models with both = 0 and = 0:5, where is the co-
ef cient of stochasticity sampling in DDIMs. Also in this
case, for our method (DDIM-IP) we use= 0:1 without

%n this paper, we proposed DDPM-IP, a regularization
method for DDPM training which is based on input pertur-
bation to explicitly model the prediction errors and alleviate
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A. Appendix
A.1l. Exposure Bias Analysis

In this section, we repeat the experiment in Sec. 4 by removing the randomness component of the sampling process in
order to isolate the error of the reverse process which is due only to the prediction network. Speci cally, we use again
ADM (Dhariwal & Nichol, 2021) (trained withT = 1 ;000 and ImageNet 3232, and we directly measure the difference
between a ground truth real imagg and the predictefly using adeterministic samplingdescribed in Alg. 4. In more

detall, given a real imagey, we rst computex; by Eq. 4, then we use thge-trainednetwork  (trained with the standard
algorithm Alg. 1) to run the reverse diffusion fosteps. Note that we adopt the equation in line 4 of Alg. 2 but we remove

the stochastic term;z. Differently from the analogous experiment presented in Sec. 4, this deterministic reverse diffusion
process allows the model to target the modgpinstead of favouring diversity (Luo, 2022). Finally, we use the average
pixel-wiseL ; distance betweexy and®y to estimate the cumulative error computed in the whole trajectoryste#ps. Note

that, since each pixel is normalized[inl; 1] (Sec. 3), then this distance is upper bounded by 2.

Algorithm 4 Deterministic measurement of exposure bias
1: Initialize { =0,n, =0 (8t 2f1;:::;TQ)
2: repeat

3 Xo q(Xo),t U(L::;Tg), N (©l)

4: computex; using Eq. 4

5 for =1t 1do

6 % 1=l @® P— (&)

7 end for

8 t = t+]jjXo Rojj1=M, whereM is the number of pixels iXg

9: nf=ng+1
10: until N iterations
11: if n 60, then ¢ = ;- (8t 21 1;::;TQ)

In Tab. 6, we report the exposure bias measured usingth respect to different trajectory length3.(This table shows

that the error accumulates greatly as the number of reverse diffusion steps increases. In Fig. 5 we visualize a few pairs of
images(Xo; o) with the corresponding length of the diffusion trajectary These images clearly show how large the error

is accumulated with the diffusion chain getting longer.

Table 6.A deterministic estimate of the exposure biag (vith respect to different lengths of the reverse diffusion trajectory. The error is
upper bounded by 2.

Number of reverse diffusion steps
100 300 600 1,000
ADM 0.0539 0.1074 0.1821 0.8165

Model

A.2. Distribution of the Perturbed Input

In this section, we prove thgt is Gaussian distributed as described in Eq. 7. Generally speakig,Nf ( a; %) and
B N ( g; 3)aretwoindependent Gaussian distributed random variables, then its linear combhatiaA + bB
(with a; btwo scalars) is also Gaussian distributed:

S N (@aa+bg;a® i+ 3): (12)

In our case, we have that, for a givep, y; is a linear combination of, and , which are two independent, Gaussian
distributed random variables:
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Figure 5.Visualization of the exposure bias problem with different diffusion chain lengths.

. p—
a(Xijxo) = N (X¢;"  Xoi (1 OI); 13)
pN ©:1); (14)
ye =X+ 1 t - (15)
Hence, if in EqQ. 12 we replac® with y;, A with x;, B with , and we us@ =1 andb= P 1 ¢ ,weget
. p—
alyiixo) = Ny, Xoi(L ol + (1 l)= (16)
= N(yi;  Xo; (1 )@+ ) (17)

A.3. Ablation Study: Input Perturbation is not Equivalent to Using a Different Noise Variance

The goal of this section is to empirically show that DDPM-IP is not equivalent to using a standard DDPM algorithm with a
different noise distribution. Following the discussion in Sec. 5.2, and adopting the same terminology, we compare DDPM-IP
with DDPM-y, where the latter is trained using the standard algorithm (Alg. 1) but adopting the noise distribtion of
Tab. 7 shows that DDPM-is even worse than DDPM.

Table 7.CIFAR10: comparing DDPM, DDPM-and DDPM-IP using different numbers of revers diffusion steps.

Model Input  Target 80 steps 100 steps 300 steps 1000 steps
FID sFID FID sFID FID sFID FID sFID
DDPM Xt 3.63 597 337 566 295 495 299 476
DDPM-y vy, 0 424 651 390 6.23 321 539 325 504
DDPM-IP vy, 293 469 270 451 267 414 276 4.05

A.4. Recall and Precision

We compare Recall and Precision for ADM and ADM-IP using the improved metrics @ymkemi et al., 2019) and the

code of Dhariwal & Nichol (2021). For each dataset and model, we generate 50,000 samples with 1,000 sampling steps. The
results in Tab. 8 indicate that the Recall and Precision values achieved by ADM and ADM-IP have no signi cant difference,
while ADM-IP gets slightly better results on CIFAR10 332 and FFHQ 128128. Note that, due to the limited memory

of our NVIDIA V100 16G GPU, we experienced an out-of-memory issue when computing Recall and Precision on the
ImageNet 32 32 dataset, thus this result is not reported in Tab. 8.

13



Input Perturbation for Diffusion Models

Table 8.Comparing Recall and Precision for ADM and ADM-IP on the four datasets using 1,000 sampling steps.
CIFAR10 32 32 LSUN tower 64 64 CelebA 64 64 FFHQ 128 128
Recall Precision Recall Precision Recall Precision Recall Precision

ADM 0.600 0.690 0.618 0.631 0.592 0.703 0.583 0.690
ADM-IP  0.606 0.696 0.612 0.640 0.601 0.700 0.585 0.703

Model

A.5. Gaussian Prediction Error

In this section, we use ImageNet 332 to empirically show thag, N (0; ?21) (Sec. 5.3), i.e., that the prediction error
is nearly isotropic Gaussian distributed. To do so, we need to prove that, fot aadheach input dimension (i.e., for
each pixel and color channelp f 1;:::;; M g, the pixel-wise errord}) followse, N (0; ?). To test this hypothesis, we
uniformly select a subset of 1Q@0values inf 1;:::; Tg using a stride of 10. Then, for eatjwe use 10K images and all the
pixels to compute the pixel independent mearand variance 2 of the error, which we use to standardize the error values

for all the pixelsg, (i.e.,e = e"—z‘). Then, for each, we use 50 randomly selectedvalues and the Shapiro-Wilk test

(Shapiro & Wilk, 1965) to verif1y that they follow a standard normal distribution. The con dence level is set at 95% and
we reject the null hypothesis if the p-value is less than 0.05. The null hypothesis was rejected only in a small minority of
cases, con rming that the errey is almost isotropic Gaussian distributed. Fig. 6 shows a few histogram exampés for
computed at different pixels.

A.6. Relation between the Lipschitz Constant Minimization and the Weight Decay Minimization

By de nition, in Lipschitz continuos functions, the relation between the output differkhgéx1) f (X2)k and the input
differencekx; X2k of two points is governed by a constdfitas follows:

kfw(x1) fw(x2)k K kx; xk: (18)

Since a neural network is usually a stack of layers, without loss of generality we consider a single layer neural network,
f (X) = ReLU (WX + b), thus we have:

Kf (Wxi+b) f(Wxo+ bk K kxi  xok: (19)

Using the rst order term of Tylor Series to approximate the left side of the above equation, we get:

@f W(x1 X2) K kxi; xok; (20)

@y
where the details of Tylor Series approximation are:
e Lety = Wx + b, we approximaté (y) at the pointy = 0.
* Hencef(y) f(0)+ fA0)(y O)(y) f()+ fY0)(y O0).
« Substitutey with y; andy,, wherey; = Wx; + b;y, = Wx, + b
« Thusf(yr) f(y2) fO+fA0)y: f(O) fA0)y2=fA0)(yr y2)=fAO)W(x1 x2).

i of
Smce@y

is bounded by 1 wheh = ReLU, we can ignore it, and we have:
KW(x1 X2)k K kx; Xxok: (22)

, , o kW xk
We now introduce the Spectral NorkiwV k,. According to the de nitiorkWk, = max — 1~ we have:
X
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(a) € witht =300;i =1 (b) & witht = 300;i = 1025 (c) € witht = 300;i = 2049
(d) e witht = 600;i = 528 (e) & witht = 600;i = 1552 (f) e witht = 600;i = 2576
(9) & with t = 900;i = 1024 (h) & with t = 900;i = 2048 (i) & with t = 900;i = 3072

Figure 6.The empirical distribution o with different random values dfandi.

KW(x1 x2)k k Wk, kxi Xok: (22)

Comparing Eq. 21 with Eq. 22, we can Us#'k, as the Lipschitz constait. We can use the Frobenius NokW k. to
approximate the Spectral NorkW k, because, using the Cauchy inequality, we have:

KWxk k Wke kxk; (23)

iy _ _ a9p—0F-
where the de nition of the Frobenius Norm kW k. = i wE .
Thus, we can use the Frobenius Ndcilt k. to approximate the constalit. Minimizing this constant during training is
often implemented by adding a loss terkW k2 to the loss function. This loss term is exactly the Weight Decay according
" R
to the de nition ofkWk, = i Wh
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A.7. Hyperparameters

For both ADM and ADM-IP, we use the hyperparameters speci ed in (Dhariwal & Nichol, 2021), except for LSUN tower,
for which we used a resolution of 6464. The hyperparameter values are reported in Tab. 9. We train all the models using
the AdamW optimizer (Loshchilov & Hutter, 2019). Furthermore, we use 16-bit precision and loss-scaling (Micikevicius
et al., 2017) for mixed precision training, but keeping 32-bit weights, EMA, and the optimizer state. We use an EMA rate of
0.9999 for all the experiments. These settings are the same as in (Dhariwal & Nichol, 2021).

We use Pytorch 1.8 (Paszke et al., 2019) and trained all the models on different NVIDIA Tesla V100s (16G memory). In
more detail, we use 2 GPUs to train the models on CIFAR10 for 2 days, and 4 GPUs to train the models on Imag@Rlet 32
for 34 days. For LSUN tower 6464, CelebA 64 64 and FFHQ 128128, we used 16 GPUs to train the models for 3 days,

5 days and 4 days, respectively.

Table 9.ADM and ADM-IP hyperparameter values
CIFAR10 ImageNet LSUN tower CelebA FFHQ

32 32 32 32 64 64 64 64 128 128
Diffusion steps 1,000 1,000 1,000 1,000 1,000
Noise schedule cosine cosine cosine cosine cosine
Model size 57M 57M 295M 295M 543M
Channels 128 128 192 192 256
Residual blocks 3 3 3 3 3
Channels multiple 1,2,2,2 1,2,2,2 1,2,3,4 1,2,3,4 1,1,2,3,4
Heads channels 32 32 64 64 64
Attention resolution 16,8 16, 8 32,16,8 32,16,8 32,16,8
BigGAN up/downsample  True True True True True
Dropout 0.3 0.3 0.1 0.1 0.1
Batch size 128 512 256 256 128
Training iterations 540K 5000K 340K 540K 480K
Training images 50K 1281K 708K 203K 70K
Learning rate le-4 le-4 le-4 le-4 le-4

Regarding the DDIM and DDIM-IP experiments, we use the default hyperparameters speci ed in the public code of Song
et al. (2021a). We train both DDIM and DDIM-IP on CIFAR10 from scratch for 1600K iterations with batch size 128. The
complete list of hyperparameters is shown in Tab. 10. We train DDPM/DDPM-IP with a single NVIDIA Tesla V100s (16G
memory) for 8 days on a Pytorch 1.8 platform.

Table 10.DDIM and DDIM-IP hyperparameter values on CIFAR10 dataset

Diffusion Steps 1000 | Variance type xed large
Noise schedule linear| Ema rate 0.9999
Channels 128 Batch size 128
Channels multiple 1,2,2,2 Iterations 1600K
Residual blocks 2 Training images 50K
Attention resolution 16 Optimizer Adam
Dropout 0.1 Learning rate 2e-4

A.8. Qualitative Comparison between ADM and ADM-IP

In this section, we qualitatively compare ADM with ADM-IP. For a fair comparison, we start sampling thexsafoe

both models. Fig. 7, 8, 9, 10, 11 show that the images generated by ADM-IP are usually comparable or better than those
produced by ADM. For example, in Fig. 7, ADM fails to run into the bird, the boat and the dog modes in the rst, the third
and the sixth image on the second row. Similarly, in Fig. 9, ADM fails to complete the building in the fourth image on the
second row. Moreover, the details and colors of the towers generated by ADM-IP are more visually realistic and appealing.
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Finally, on the FFHQ 128128 dataset, the ADM generated samples suffer from overexposure and loss of background
detail, whereas the ADM-IP samples do not (see Fig. 11).

(a) Samples generated by ADM trained on CIFAR10 (FID 2.99)

(b) Samples generated by ADM-IP trained on CIFAR10 (FID 2.76)

Figure 7.CIFAR10, qualitative results. The samples are generated using 1,000 sampling steps.

(a) Samples generated by ADM trained on ImageNet32 (FID 3.53)

(b) Samples generated by ADM-IP trained on ImageNet32 (FID 2.72)
Figure 8.ImageNet 32 32, qualitative results. The samples are generated using 1,000 sampling steps.

A.9. Additional Qualitative Results for ADM-IP

We show additional images generated by our ADM-IP models trained on CIFAR10 (Fig. 12), ImageNs& @2g. 13),

LSUN tower 64 64 (Fig. 14), CelebA 6464 (Fig. 15) and FFHQ 128128 (Fig. 16). For each dataset, we used the best
number of sampling steps as indicated in Tab. 3.
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(a) Samples generated by ADM trained on LSUN tower 64 (FID 3.39)

(b) Samples generated by ADM-IP trained on LSUN tower 64 (FID
2.68)

Figure 9.LSUN tower 64 64, qualitative results. The samples are generated using 1,000 sampling steps.

(a) Samples generated by ADM trained on CelebA 64 (FID 1.60)

(b) Samples generated by ADM-IP trained on CelebA 64 (FID 1.31)

Figure 10.CelebA 64 64, qualitative results. The samples are generated using 1,000 sampling steps.
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