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ABSTRACT

Diffusion models have demonstrated impressive generative capabilities, but their
exposure bias problem, described as the input mismatch between training and
sampling, lacks in-depth exploration. In this paper, we investigate the exposure
bias problem in diffusion models by first analytically modelling the sampling dis-
tribution, based on which we then attribute the prediction error at each sampling
step as the root cause of the exposure bias issue. Furthermore, we discuss potential
solutions to this issue and propose an intuitive metric for it. Along with the eluci-
dation of exposure bias, we propose a simple, yet effective, training-free method
called Epsilon Scaling to alleviate the exposure bias. We show that Epsilon Scal-
ing explicitly moves the sampling trajectory closer to the vector field learned in
the training phase by scaling down the network output, mitigating the input mis-
match between training and sampling. Experiments on various diffusion frame-
works (ADM, DDIM, EDM, LDM, DiT, PEFGM++) verify the effectiveness of our
method. Remarkably, our ADM-ES, as a state-of-the-art stochastic sampler, ob-
tains 2.17 FID on CIFAR-10 under 100-step unconditional generation. The code
isathttps://github.com/forever208/ADM-ES

1 INTRODUCTION

Due to the outstanding generation quality and diversity, diffusion models (Sohl-Dickstein et al.,
2015; Ho et al., 2020; Song & Ermon, 2019) have achieved unprecedented success in image gen-
eration (Dhariwal & Nichol, 2021; Nichol et al., 2022; Rombach et al., 2022; Saharia et al., 2022),
audio synthesis (Kong et al., 2021; Chen et al., 2021) and video generation (Ho et al., 2022). Unlike
generative adversarial networks (GANs) (Goodfellow et al., 2014), variational autoencoders (VAEs)
(Kingma & Welling, 2014) and flow-based models (Dinh et al., 2014; 2017), diffusion models sta-
bly learn the data distribution through a noise/score prediction objective and progressively removes
noise from random initial vectors in the iterative sampling stage.

A key feature of diffusion models is that good sample quality requires a long iterative sampling
chain since the Gaussian assumption of reverse diffusion only holds for small step sizes (Xiao et al.,
2022). However, Ning et al. (2023) claim that the iterative sampling chain also leads to the exposure
bias problem (Ranzato et al., 2016; Schmidt, 2019). Concretely, given the noise prediction network
€o(+), exposure bias refers to the input mismatch between training and inference, where the former
is always exposed to the ground truth training sample x; while the latter depends on the previously
generated sample ;. The difference between x; and &; causes the discrepancy between eg(z;) and
€9 (&), which leads to the error accumulation and the sampling drift (Li et al., 2023a).

We point out that the exposure bias problem in diffusion models lacks in-depth exploration. For ex-
ample, there is no proper metric to quantify the exposure bias and no explicit error analysis for it. To
shed light on exposure bias, we conduct a systematical investigation by first modelling the sampling
distribution with prediction error. Based on our analysis, we find that the practical sampling distri-
bution has a larger variance than the ground truth distribution at every single step, demonstrating the
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analytic difference between z; in training and Z; in sampling. Along with the sampling distribution
analysis, we propose a metric J; to evaluate exposure bias by comparing the variance difference be-
tween training and sampling. Finally, we discuss potential solutions to exposure bias, and propose a
simple yet effective training-free and plug-in method called Epsilon Scaling to alleviate this issue.

We test our approach on extensive diffusion frameworks using deterministic and stochastic sampling,
and on conditional and unconditional generation tasks. Without affecting the recall and precision
(Kynkdanniemi et al., 2019), our method yields dramatic Fréchet Inception Distance (FID) (Heusel
etal,, 2017) improvements. Also, we illustrate that Epsilon Scaling effectively reduces the exposure
bias by moving the sampling trajectory towards the training trajectory. Overall, our contributions to
diffusion models are:

* We investigate the exposure bias problem in depth and propose a metric for it.

* We suggest potential solutions to the exposure bias issue and propose a training-free, plug-
in method (Epsilon Scaling) which significantly improves the sample quality.

* QOur extensive experiments demonstrate the generality of Epsilon Scaling and its wide ap-
plicability to different diffusion architectures.

2 RELATED WORK

Diffusion models were introduced by Sohl-Dickstein et al. (2015) and later improved by Song &
Ermon (2019), Ho et al. (2020) and Nichol & Dhariwal (2021). Song et al. (2021b) unify score-
based models and Denoising Diffusion Probabilistic Models (DDPMs) via stochastic differential
equations. Furthermore, Karras et al. (2022) disentangle the design space of diffusion models and
introduce the EDM model to further boost the performance in image generation. With the advances
in diffusion theory, conditional generation (Ho & Salimans, 2022; Choi et al., 2021) also flourishes
in various scenarios, including text-to-image generation (Nichol et al., 2022; Ramesh et al., 2022;
Rombach et al., 2022; Saharia et al., 2022), controllable image synthesis (Zhang & Agrawala, 2023;
Lietal., 2023b; Zheng et al., 2023), as well as generating other modalities, for instance, audio (Chen
etal., 2021; Kong et al., 2021), object shape (Zhou et al., 2021) and time series (Rasul et al., 2021).
In the meantime, accelerating the time-consuming reverse diffusion sampling has been extensively
investigated in many works (Song et al., 2021a; Lu et al,, 2022; Liu et al., 2022). For example,
distillation (Salimans & Ho, 2022), Restart sampler (Xu et al., 2023a) and fast ODE samplers (Zhao
et al., 2023) have been proposed to speed up the sampling.

The exposure bias in diffusion models was first identified by Ning et al. (2023). They introduced a
training regularisation term to simulate the sampling prediction errors from the Lipschitz continuity
perspective. Additionally, Li et al. (20232) alleviated exposure bias without retraining and their
method involved the manipulation of the time step during the backward generation process. More
recently, i & van der Schaar (2023) estimated the upper bound of cumulative error and optimized
it during training. However, the exposure bias in diffusion models still lacks illuminating research
in terms of the explicit sampling distribution, metric and root cause, which is the objective of this
paper. Besides, our solution to exposure bias is training-free and outperforms previous methods.

3 EXPOSURE BIAS IN DIFFUSION MODELS

3.1 SAMPLING DISTRIBUTION WITH PREDICTION ERROR

Given a sample z from the data distribution g(z() and a noise schedule 3;, DDPM (Ho et al., 2020)
defines the forward perturbation as q(z¢|z;—1) = N (zs; /1 — Bixs—1, BI). The Gaussian forward
process allows us to directly sample z; conditioned on the input z:

q(@i|@o) = N (x4 Vo, (1 — ap)I), z, = Vauxo + V1 — aye, (D

The reverse diffusion is approximated by a neural network pg(z:_1|z:) = N(21_1; po (x4, t), 00l )
and the optimisation objective is Dgr (q(2i—1|®s, @o) || po(®s—1]z:))) in which the posterior
q(zi—1]xs,20) is tractable when conditioned on z( using Bayes theorem:

q(@i1|ze,20) = N (@4 1; fi(2s, T0), Be]) (2)
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Regarding the parametrization of g (¢, t), Ho et al. (2020) found that using a neural network to
predict € (Eq. 6) worked better than predicting ¢ (Eq. 5) in practice:

_ \/@tfiﬂt Var(l —ag—1)

tig (¢, 1) T a -’179(-”51:715) A p (5)
1
= \/Et( ﬁ — €0 (1)), ©)

where zg(z+,t) denotes the denoising model which predicts = given z;. For simplicity, we use
x}y as the short notation of xg(x,,t) in the rest of this paper. Comparing Eq. 3 with Eq. 5,
Song et al. (2021a) emphasise that the sampling distribution pg(2;_1|2;) is in fact parameterised
as q(x,—1|x;,z}) where zj, means the predicted o given z,. Therefore, the practical sampling
paradigm is that we first predict € using €g(z;,t). Then we derive the estimation z}, for 2, using
Eq. 1. Finally, based on the posterior q(2¢—1|&¢, o), £;—1 is generated using g(x;—1|x;,z)) by
replacing o with .

However, ¢(2;—1 |z, z})) = q(x—1]2¢, o) holds only if z, = x, this requires the network to make
no predlctlon error about & to ensure q(x;—1 |, :1;9) share the same variance with ¢(z;_1 |z, Zo).
However, &§ —  is practically non-zero and we claim that the prediction error of &, needs to be
considered to derive the real sampling distribution. Following Analytic-DPM (Bao et al., 2022), we
model z), as pg(Zo|z;) and approximate it by a Gaussian distribution:

po(xo|z) = N(zh;x0,€71),  xh =m0+ e (60 ~N(0,1)) (7)

Taking the prediction error into account, we now compute q(&;|Z¢11, a:é,“), which shares the same
function format as ¢(z;_ 1|2, z})), by substituting with the index t+1 and using &, to highlight that it
is generated in the sampling stage. Based on Eq. 2, we know q(&¢|T¢+1,zy") = N (&4; pto(Te 41, t+
1), BtHI ). Its mean and variance can be further derived according to Eq. 5 and Eq. 4, respectively.

Thus, a sample from the distribution is &; = pg(Tiy1,t+ 1) + 4/ Bt+161, namely:

NG 2t Vo1 (1 —ay)

3 8
1—ay,, o T agy ot +\/ Bes1€1 (8)

Ty =

Plugging Eq. 7 and Eq. 1 (using index ¢ + 1 ) into Eq. 8, we derive the final analytical form of z;
(see Appendix A.1 for the full derivation):

&, = /auxo + \/1 —a + (\ﬁﬁtﬂ er+1)%€s &)

+

where, €1, €3 ~ N(0,I). From Eq. 9, we can obtain the mean and variance of ¢(%;|z:+1, 25 "). For
simplicity, we denote q(&¢|@s+1,Ty"") as go(&¢|Z411) from now on. In Table 1, g(z;|z() shows the
x; seen by the network during training while gg(Z:|x:+1) indicates the Z; exposed to the network
during sampling. The method of solving gg(Z;|Z:11) can be generalised to multi-step sampling
(detailed in Appendix A.2). In the same spirit of modelling x}, as a Gaussian, we also derived the
sampling distribution gg (Z+|z+1) for DDIM (Song et al., 2021a) in Appendix A.3. Note that, one
can also model :1:3 as a Gaussian distribution whose mean is not x, but it does not affect the variance
gap presented in Table 1 and the explosion of variance error (Section 3.2).

Table 1: The distribution ¢(x;|Zo) during training and gg(Z:|2++1) during DDPM sampling.

Mean Variance

g(@ilzo)  Vamo (1—al
Go(E|Ti1) Vamo (1—ay+ (Y2Llie, )T

1—aiqa
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3.2 EXPOSURE BIAS DUE TO PREDICTION ERROR

It is clear from Table 1 that the variance of the sampling distribution gg(Z|z;+1) is always larger

than the variance of the training distribution ¢(2;|2() by the magnitude (%etﬂ)? Note that,
this variance gap between training and sampling is produced just in a single reverse diffusion step,
given that the network eg(+) can get access to the ground truth input ;1. What makes the situation
worse is that the error of single-step sampling accumulates in the multi-step sampling, resulting in
an explosion of sampling variance error. On CIFAR-10 (Krizhevsky et al., 2009), we designed an
experiment to statistically measure both the single-step variance error of g (& |%+1) and multi-step
variance error of gg (Z:|z7) using 20-step sampling (see Appendix A.4). The experimental results in
Fig. 1 indicate that the closer to t = 1 (the end of sampling), the larger the variance error of multi-
step sampling. The explosion of sampling variance error results in the sampling drift (exposure
bias) problem and we attribute the prediction error ), — x as the root cause of the exposure bias in
diffusion models.

Intuitively, a possible solution to exposure bias is us- b, !
K X K . . . ~ )\ —— multi-step
ing a sampling noise variance which is smaller than /3, 04 S —— single-step
to counteract the extra variance term ( %ﬁ:r:@t 41)? . \\

- : £0.3
caused by the prediction error xj, — zo. Unfortunately, ¢ \\
B¢ is the lower bound of the sampling noise schedule o2 N
B¢ € [Bt, Bt], where the lower bound and upper bound are > \\
the sampling variances given by ¢(z() being a delta func- 01 \\
tion and isotropic Gaussian function, respectively (Nichol 00 I
& Dhariwal, 2021). Therefore, we can conclude that the 2 4 6 8 10 12 14 16 18
exposure bias problem can not be alleviated by manipu- timestep
lating the sampling noise schedule §;. Figure 1: Variance error in single-step

d multi-st lings.
Interestingly, Bao et al. (2022) analytically provide the anc Mutti-siep Sampines

optimal sampling noise schedule 8; which is larger than
the lower bound Bt. Based on what we discussed earlier, 37 would cause a more severe exposure
bias issue than ;. A strange phenomenon, but not explained by Bao et al. (2022) is that 8} leads
to a worse FID than using 3, under 1000 sampling steps. We believe the exposure bias is in the
position to account for this phenomenon: under the long sampling, the negative impact of exposure
bias exceeds the positive gain of the optimal variance 3;.

3.3 METRIC FOR EXPOSURE BIAS

Although some literature has already discussed the exposure bias problem in diffusion models (Ning
etal., 2023; Lietal.,, 2023a), we still lack a well-defined and straightforward metric for this concept.
We propose to use the variance error of gg(Z:|z7) to quantify the exposure bias at timestep ¢ under

multi-step sampling. Specifically, our metric d; for exposure bias is defined as §; = (1/3; — v/ ),
where 3; = 1 — @, denotes the variance of q(z¢|zo) during training and 5; presents the variance of
g (&¢|x7) in the regular sampling process. The metric d; is inspired by the Fréchet distance (Dowson
& Landau, 1982) between q(z¢|zo) and go (Z¢|27), which is d> = N(\/8; — \/B¢)? where N is the
dimensions of ;. In Appendix A.6, we empirically find that J; exhibits a strong correlation with
FID given a trained model. Our method of measuring J; is described in Algorithm 3 (see Appendix
A.5). The key step of Algorithm 3 is that we subtract the mean /&;_1x( and the remaining term
;1 — \/Qz_12o corresponds to the stochastic term of g (&;—1|2Z7).

3.4 SOLUTION DISCUSSION

We now discuss possible solutions to the exposure bias issue of diffusion models based on the
analysis throughout Section 3. Recall that the prediction error of &, — is the root cause of exposure
bias. Thus, the most straightforward way of reducing exposure bias is learning an accurate € or
score function (Song & Ermon, 2019) prediction network. For example, by delicately designing the
network and hyper-parameters, EDM (Karras et al., 2022) significantly improves the FID from 3.01
to 2.51 on CIFAR-10. Secondly, we believe that data augmentation can reduce the risk of learning
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inaccurate € or score function for Z; by learning a denser vector field than vanilla diffusion models.
For instance, Karras et al. (2022) has shown that the geometric augmentation (Karras et al., 2020)
benefits the network training and sample quality. In the same spirit, Ning et al. (2023) augments each
training sample x; by a Gaussian term and achieves substantial improvements in FID. Additionally,
Xu et al. (2022) claim that the Poisson Flow framework is more resistant to prediction errors because
high mass is allocated across a wide spectrum of the training sample. Our experiments verify the
robustness of PGFM++ (Xu et al., 2023b) and show that our solution to exposure bias could further
improve the generation quality of PGFM++ (more details in Appendix A.7).

It is worth pointing out that the above-mentioned methods require retraining the network and ex-
pensive parameter searching during the training. This naturally drives us to the question: Can we
alleviate the exposure bias in the sampling stage, without any retraining?

4 METHOD

4.1 EPSILON SCALING

In Section 3.2, we have concluded that the exposure bias issue can not be solved by reducing the
sampling noise variance, thus another direction to be explored in the sampling phase is the prediction
of the network €g(-). Since we already know from Table 1 that z; inputted to the network €g(-) in
training differs from &; fed into the network €g(-) in sampling, we are interested in understanding
the difference in the output of €g(-) between training and inference.

For simplicity, we denote the output of €g(-) as €}, in train-
ing and as €y in sampling. Although the ground truth of
€, is not accessible during inference, we are still able to
speculate the behaviour of €, from the L2-norm perspec-
tive. In Fig. 2, we plot the L2-norm of €} and € at
each timestep. In detail, given a trained, frozen model
and ground truth z,, €} is collected by €}, = € (2, ). In

sampling direction

424 R

this way, we simulate the training stage and analyse its € 391~ training

prediction. In contrast, €, is gathered in the real sampling 364 —— sampling

process, namely €; = € (Z;, ). Itis clear from Fig. 2 that S a6 8 1o 1 12 16 18 70
the L2-norm of €} is always larger than that of €}. Since timestep

& lies around x; with a larger variance (Section 3.1), we Figure 2: Expectation of g ()], dur-
can know the network learns an inaccurate vector field ing training and 20-step sampling on
€o(2+,t) for each Z; in the vicinity of z; with the vector CIFAR-10. We report the L2-norm us-
length longer than that of € (¢, ). ing 50k samples at each timestep.

One can infer that the prediction €j could be improved if we can move the input (Z;,) from the
inaccurate vector field (green curve in Fig. 2) towards the reliable vector field (red curve in Fig. 2).
To this end, we propose to scale down € by a factor A(t) at sampling timestep ¢. Our solution is
based on the observation: €}, and €} share the same input 27 ~ A0, I) at timestep ¢ = T, but from
timestep I' — 1, &; (input of €p) starts to diverge from x; (input of eﬁ,) due to the €y (-) error made at
previous timestep. This iterative process continues along the sampling chain and results in exposure
bias. Therefore, we can push Z; closer to x; by scaling down the over-predicted magnitude of €.

Compared with the regular sampling (Eq. 6), our sampling method only differs in the \; term and
is expressed as pg(x+,t) = \/}Tt(a:t - %%) Note that, our Epsilon Scaling serving as a

plug-in method adds no computational load to the original sampling of diffusion models.

4.2 THE DESIGN OF SCALING SCHEDULE

Similar to the cumulative error analysed in Li & van der Schaar (2023), we emphasise that the L2-
norm quotient Hez H2 / Heé H2, denoted as AN (t), reflects the accumulated effect of the prediction

errors made at ancestral steps 7,7 — 1, ..., t + 1. Suppose the L2-norm of €}, to be scaled at timestep
t is A\¢, we have:

T T-1 t+1
AN(t) — 1= / ()\T — l)dt —|—/ (>\T—1 — l)dt + ... +/ ()\t+1 — 1)dt (10)
t t t
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given that the error propagates linearly over the sampling chain. The first term on the right side of
Eq. 10 corresponds to the error made at timestep 1" (the start of sampling) and propagated from T’
to t. Thus, after measuring AN (t), one can derive the scaling schedule A(t) by solving Eq. 10.

As shown by Nichol & Dhariwal (2021) and Benny & 120 b
Wolf (2022), the €g(-) predictions near t = 0 are very 118 —— 50 steps
bad, with the loss larger than other timesteps by several iij
orders of magnitude. Thereby, we can ignore the area . -

closetot = 0 to fit AN(t), because scaling a problematic 7€l , ,,

€9(-) does not lead to a better prediction. We plot the 1.08

AN (t) curve in the cases of 20-step and 50-step sampling 1.06

on CIFAR-10 in Fig. 3 where AN (¢) can be fitted by a 1.04

quadratic function in the interval ¢ ~ (5,7"). Thus, the 1.02

solution to Eq. 10 is a linear function A(¢t) = kt + b L0015 20 25 30 35 40 45 50
where k, b are constants. Ideally, one should always first timestep

do simulations to measure ||E§H , and HEEH ,» then solve Figure 3: AN (t) at each timestep.

out \(¢) based on AN (t). However, we propose to search

for k, b because we find that the parameters do not change significantly in different networks. An
added benefit of this proposal is that our approach becomes simulation-free. Moreover, in Section
5.1, we will see that £ would decay to 0 around 50-step sampling. Given this fact, we decide a
uniform A(¢) = b for most experiments because of its effortless parameter searching and near-
optimal performance.

5 RESULTS

In this section, we evaluate the performance of Epsilon Scaling using FID (Heusel et al., 2017).
To demonstrate that Epsilon Scaling is a generic solution to exposure bias, we test the approach
on various diffusion frameworks, samplers and conditional settings. Following the fast sampling
paradigm (Karras et al., 2022) in the diffusion community, we focus on 7" < 100 sampling steps
in this section and leave the FID results of 7/ > 100 in Appendix A.8. Our FID computation is
consistent with (Dhariwal & Nichol, 2021) for equal comparison. All FIDs are reported using 50k
generated samples and the full training set as the reference batch. Lastly, Epsilon Scaling does not
affect the precision and recall, and we report these results in Appendix A.9.

5.1 MAIN RESULTS ON ADM

Since Epsilon Scaling is a training-free method, we utilise the pre-trained ADM model as the
baseline and compare it against our ADM-ES (ADM with Epsilon Scaling) on datasets CIFAR-
10 (Krizhevsky et al., 2009), LSUN tower (Yu et al., 2015) and FFHQ (Karras et al., 2019) for
unconditional generation and on datasets ImageNet 64 x64 and ImageNet 128x 128 (Chrabaszcz
et al., 2017) for class-conditional generation. We employ the respacing sampling technique (Nichol
& Dhariwal, 2021) to enable fast stochastic sampling.

Table 2: FID on ADM baseline. We compare ADM
with our ADM-ES (uniform \(¢)) and ADM-ES* (lin-
ear A(t)). ImageNet 64 x64 results are reported without
classifier guidance and ImageNet 128 x 128 is under clas-
sifier guidance with scale=0.5

Table 3: We compare ADM-ES with
recent stochastic diffusion (SDE) sam-
plers regarding FID. We report their best
FID achieved under T” sampling steps.

, Unconditional Conditional Model v Unconditional
77 Model CIFAR-10
CIFAR-10 LSUN FFHQ ImageNet ImageNet 32%32
32x32 64x64 128x128 64x64 128 x 128
EDM (VP) (Karras et al., 2022) s11 227
100 ADM 3.37 359 14.52 271 3.55 EDM (VE) (Karras et al, 2022) 2047 223
ADM-ES  2.17 291 677 2.39 3.37 Improved SDE (Karras et al, 2022) 1023 2.35
50 ADM 4.43 7.28 26.15 3.75 5.15 Restart (VP) (Xuetal, 1(),?3‘1) 115 221
ADM-ES 2.49 3.68 9.50 3.07 433 SA-Solver (Xue et al., 2023) 95 2.63
ADM-IP (Ning et al., 2023) 100 2.38
ADM 10.36 23.92 59.35 10.96 12.48 ADM-ES (ours) 50 2.49
20 ADM-ES 5.15 8.22 26.14 7.52 9.95 ADM-ES (ours) 100 217
ADM-ES* 4.31 7.60 24.83 7.37 9.86
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Table 2 shows that independent of datasets and the number of sampling steps 7", our ADM-ES
outperforms ADM by a large margin in terms of FID. For instance, on FFHQ 128 x 128, ADM-ES
exhibits less than half the FID of ADM, with 7.75, 16.65 and 34.52 FID improvement under 100,
50 and 20 sampling steps, respectively. Moreover, when compared with the previous best stochastic
samplers, ADM-ES outperforms EDM (Karras et al., 2022), Improved SDE (Karras et al., 2022),
Restart Sampler (Xu et al., 2023a) and SA-Solver (Xue et al., 2023), exhibiting state-of-the-art
stochastic sampler (SDE solver). For example, ADM-ES not only achieves a better FID (2.17) than
EDM and Improved SDE, but also accelerates the sampling speed by 5-fold to 20-fold (see Table
3). Even under 50-step sampling, Epsilon Scaling surpasses SA-Solver and obtains competitive FID
against other samplers.

Note that, ADM-ES uses uniform schedule A\(t) = b and ADM-ES* applies the linear schedule
A(t) = kt+0bin Table 2. We find that the slope k is approaching 0 as the sampling step 7" increases.
Therefore, we suggest a uniform schedule A(¢) for practical consideration. We present the complete
parameters k,b used in all experiments and the details on the search of k,b in Appendix A.10.
Overall, searching for the optimal uniform A(t) is effortless and takes 6 to 10 trials. In Appendix
A.11, we also demonstrate that the FID gain can be achieved within a wide range of A(t), which
indicates the insensitivity of A(¢).

5.2 EPSILON SCALING ALLEVIATES EXPOSURE BIAS

Apart from the FID improvements, we now show the exposure bias alleviated by our method using
the proposed metric J; and we also demonstrate the sampling trajectory corrected by Epsilon Scal-
ing. Using Algorithm 3, we measure J; on the dataset CIFAR-10 under 20-step sampling for ADM
and ADM-ES models. Fig. 4 shows that ADM-ES obtains a lower d; at the end of sampling ¢t = 1
than the baseline ADM, exhibiting a smaller variance error and sampling drift (see Appendix A.12
for results on other datasets).

Based on Fig. 2, we apply the same method to measure the L2-norm of €g(-) in the sampling phase
with Epsilon Scaling. Fig. 5 indicates that our method explicitly moves the original sampling trajec-
tory closer to the vector field learned in the training phase given the condition that the ||eg(z)]|, is
locally monotonic around z;. This condition is satisfied in denoising networks (Goodfellow et al.,
2016; Song & Ermon, 2019) because of the monotonic score vectors around the local maximal prob-
ability density. We emphasise that Epsilon Scaling corrects the magnitude error of €g(+), but not the
direction error. Thus we can not completely eliminate the exposure bias to achieve §; = 0 or push
the sampling trajectory to the exact training vector field.

—— ADM
—o— ADM-ES 108+

0.7
0.6

0.5

sampling direction

5:0.41 =
L 96
0.3 -
0.21 92+
—— training
0.11 881 —— sampling
0.01 84 1 —— sampling after Epsilon Scaling
2 4 6 8 10 12 14 16 18 0 3 6 9 12 15 18 21
timestep timestep

Figure 4: Exposure pias mea§ured by d¢ on Figure 5: |l€g(-)||, on LSUN 64x64. After apply-
LSUN 64x64.  Epsilon Scaling achieves a jng Epsilon Scaling, the sampling ||eg ||, (blue) gets
smaller 0, at the end of sampling (¢ = 1) closer to the training ||€g||,, (red).

5.3 RESULTS oN DDIM/DDPM

To show the generality of our proposed method, we conduct experiments on DDIM/DDPM frame-
work across CIFAR-10 and CelebA 64 x 64 datasets (Liu ct al., 2015). The results are detailed in
Table 4, wherein the designations = 0 and n = 1 correspond to DDIM and DDPM samplers,
respectively. The findings in Table 3 illustrate that our method can further boost the performance
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of both DDIM and DDPM samplers on the CIFAR-10 and CelebA datasets. Specifically, our pro-
posed Epsilon Scaling technique improves the performance of DDPM sampler on CelebA dataset
by 47.7%, 63.1%, 60.7% with 20, 50, and 100 sampling steps, respectively. Similar performance
improvement can also be observed on CIFAR-10 dataset. We also notice that our method brings less
performance improvement for DDIM sampler. This could arise from the FID advantage of deter-
ministic sampling under a short sampling chain and the noise term in DDPM sampler can actively
correct for errors made in earlier sampling steps Karras et al. (2022).

Table 4: FID on DDIM baseline for unconditional .p16 5. FID on EDM baseline and CIFAR-10
generations. dateset (FID of EDM is reproduced).

CIFAR-10 CelebA

e Model 30%32 64564 T Model Unconditional Conditional

n=0 n=1 n=0 n=1 Heun Euler Heun Euler

100 DDIM 406 673 567 1133 35 ggm ES (ours) ig; 33}, i'g(z) ;;3
DDIM-ES (ours)  3.38 4.01 5.05 4.45 ~ lours : - - -
o  DDIM 482 1029 688 1500 an M N m a
DDIM-ES 4.17 4.57 6.20 5.57 - - - i .
0  DDIM 821 2015 1043 2261 ERE Lo ey oo 1066
DDIM-ES 654 778 1038 1183 - - i -

5.4 RESULTS ON EDM

We test the effectiveness of Epsilon Scaling on EDM (Karras et al., 2022) because it achieves state-
of-the-art image generation under a few sampling steps and provides a unified framework for diffu-
sion models. Since the main advantage of EDM is its Ordinary Differential Equation (ODE) solver,
we evaluate our Epsilon Scaling using their Heun 2"¢ order ODE solver (Ascher & Petzold, 1998)
and Euler 1%¢ order ODE solver, respectively. Although the network output of EDM is not €, we still
can extract the signal € at each sampling step and then apply Epsilon Scaling on €.

The experiments are implemented on CIFAR-10 dataset and we report the FID results in Table 5
using VP framework. The sampling step 7" in Table 5 is equivalent to the Neural Function Evalua-
tions (NFE) used in EDM paper. Similar to the results on ADM and DDIM, Epsilon Scaling gains
consistent FID improvement on EDM baseline regardless of the conditional settings and the ODE
solver types. For instance, EDM-ES improves the FID from 3.81 to 2.80 and from 3.74 to 2.59 in
the unconditional and conditional groups using the 35-step Euler sampler.

An interesting phenomenon in Table 5 is that the FID gain of Epsilon Scaling in the Euler sampler
group is larger than that in the Heun sampler group. We believe there are two factors accounting for
this phenomenon. On the one hand, higher-order ODE solvers (for example, Heun solvers) introduce
less truncation error than Euler 15 order solvers. On the other hand, the correction steps in the Heun
solver reduce the exposure bias by pulling the drifted sampling trajectory back to the accurate vector
field. We illustrate these two factors through Fig. 6 which is plotted using the same method of Fig. 2.
It is apparent from Fig. 6 that the Heun sampler exhibits a smaller gap between the training trajectory
and sampling trajectory when compared with the Euler sampler. This corresponds to the truncation
error factor in these two ODE solvers. Furthermore, in the Heun 2% ODE sampler, the prediction
error (cause of exposure bias) made in each Euler step is corrected in the subsequent Correction
step (Fig. 6(b)), resulting in a reduced exposure bias. This exposure bias perspective explains the
superiority of the Heun solver in diffusion models beyond the truncation error viewpoint.

5.5 RESULTS ON LDM

To further verify the generality of Epsilon Scaling, we adopt Latent Diffusion Model (LDM) as
the base model which introduces an Autoeoconder and performs the diffusion process in the latent
space (Rombach et al., 2022). We test the performance of Epsilon Scaling (LDM-ES) on FFHQ
256x256 and CelebA-HQ 256 x256 datasets using T” steps DDPM sampler. It is clear from Ta-
ble 6 that Epsilon Scaling gains substantial FID improvements on the two high-resolution datasets,
where LDM-ES achieves 15.68 FID under 77 = 20 on CelebA-HQ, almost half that of LDM.
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(a) EDM: Euler 1°* order sampler (b) EDM: Heun 2"¢ order sampler

Figure 6: ||€(+)||, during training and sampling on CIFAR-10. We use 21-step sampling and report
the L2-norm using 50k samples at each timestep. The sampling is from right to left in the figures.

Epsilon Scaling also yields better FID under 50 and 100 Table 6: FID on LDM baseline using
sampling steps on CelebA-HQ with 7.36 FID at 7/ = DDPM unconditional sampling.

100. Similar FID improvements are obtained on FFHQ , FFHQ CelebA-HQ
dataset over different 7”. " Model 256x256  256%256
Finally, Epsilon Scaling is also effective on DiT (Peebles 100 igﬁ_Es (ours) ;2;'_2,0 3;(1;
& Xie, 2023) which applies the ViT (Dosovitskiy et al., DM 7N 13.95
2020) diffusion backbone in LDM. Please refer to Ap- 0 [ pmEs 1157 9.16
pendix A.13 for the FID results on DiT baseline. LDM 3313 2062

20 I DMES 20.91 15.68

5.6 QUALITATIVE COMPARISON

In order to visually show the effect of Epsilon Scal-
ing on image synthesis, we set the same random seed
for the base model and our Epsilon Scaling model
in the sampling phase to ensure a similar trajectory
for both models. Fig. 7 displays the generated sam-
ples using 100 steps on FFHQ 128 x 128 dataset. It
is clear that ADM-ES effectively refines the sample L b \
issues of ADM, including overexposure, underexpo- . . ‘\q~ A
sure, coarse background and detail defects from left Fjgure 7: Qualitative comparison between
to right in Fig. 7 (see Appendix A.14 for more qual-  ADM (first row) and ADM-ES (second row).
itative comparisons). Besides, the qualitative com-

parison also empirically confirms that Epsilon Scaling guides the sampling trajectory of the base
model to an adjacent but better probability path because both models reach the same or similar
modes given the common starting point 7 and the same random seed at each sampling step.

6 CONCLUSIONS

In this paper, we elucidate the exposure bias issue in diffusion models by analytically showing the
difference between the training distribution and sampling distribution. Moreover, we propose a
training-free method to refine the deficient sampling trajectory by explicitly scaling the prediction
vector. Through extensive experiments, we demonstrate that Epsilon Scaling is a generic solution to
exposure bias and its simplicity enables a wide range of diffusion applications.
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A APPENDIX

A.l DERIVATION OF ¢g(&¢|2:+1) FOR DDPM

We show the full derivation of Eq. 3 below. From Eq. 11 to Eq. 12, we plug in .'z:tJrl =To + et41€0
(Eq. 7)and 211 = /s 120 + /1 — azr1€ (Eq. 1), thus a sample from g (:r:t|:1:t+1) is:

= pg(®p1,t+1) + Bt-{-lfl

_ VBt e N Vo (1 — o)

T 3 11

1.6 1= s t+1 1+ \/ Brr1€1 (11)

Va3 Vait1(l — o) o
= %(;H(-’L'o +ei11€60) + ﬁ(\/awlmo + /1 — ay1€) + £/ Bryi€ (12)

— Q41 — Q41
Y Ja 1—a JVa Ja 11—« ~
Bt+1 o+ t+1(_ t) \/7:”0 + 5t+1 et €0 + t+1(_ t) me + Bt+1€1
1 at+1 1— 1—au
_ Vo afip1 + o (1 — at)\/at+1 \/ B Vo (1 —ay) _ -
e+ Y T — a6+ /B
1— 1 - t+1 1— a4

Va1 = o) + g (1 - af)\/oét+1 L Va ﬂt+1 V(1 —ay)

= 1€0 + 1—api1€e+ Bf+1€1
1 — Oét+1 1 — 1 — at+1

Y 1— 1— JVa a1(l—a
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- — Qpq

where, €g, €, €1 ~ N(0, I). From Eq. 13, we know that the mean of gg(Z;|Z¢11) is v/ xo. We now

focus on the variance by looking at ‘Cffll et11€0 + 7%(:1@\/1 — Q1€+ \/Bipi€

Lo o1 (1 — oy — ~
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A.2 DERIVATION OF ¢g(&;—1|2:+1) AND MORE FOR DDPM

Since gg(£;—1|2++1) contains two consecutive samphng steps: qg(&¢|x¢11) and g (T1—1|Z+), we can
solve out gg(Z¢—1|T+41) by iterative plugging-in. According to gg (a:t|xt+1) N (&4; pg(xpy1,t +
1), Bi1I) and Eq. 11, we know that o (& 1|&¢) = N (&¢_1; e (&+, 1), BI) and a sample from

qa((it_1|.’i't) is:
. Vai—1Bt o Vor(l — 1)

x = 16
t—1 = 1—a Tg + 1—a T+ 5 (16)

From Table 1, we know that gg (&, |T1) = N (&, /auzo, (1 — ay + (Y2L%2 e, 1)2)T), so plug in

1—0tt+1

T, = \/ouxo + \/1 —ay + (@€t+1)263 into Eq. 16, we know a sample from qg(&;—1|2Z:+1)

1—aty1
1S:

Ty =

Vlo_“‘lﬂtzt + Vel = ai1) (\/5tho+\/1 —ay+ (\ﬁﬂt“ err1)2€3)+ 1/ Brer. (17)

—a; P 1—ay

Vai B

1—aiqa

By denoting ( er1)? as f(t) and plugging in § = z + er€o (Eq. 7), we have:

a(l —a
&1 = mﬁt(mo—i—eteo)—i—u \/>zo+m€3 )+ 1/ Brex (18)

1— oy
T 1 —oay_ ~
~ ftiiﬁt(ﬂ?o + er€0) + \/Ojt(—_atl)(\ﬁxo + V1 — ayes + ——f(t)e3) + 1/ Bre1
— Oy 1—ay 11—
(19)
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2L

Taylor’s theorem is used from Eq. 18 to Eq. 19. The process from Eq. 20 to Eq. 21 is similar to
the simplification from Eq. 12 to Eq. 13. From Eq. 21, we know that the mean of gg(Z;_1|Z++1) is
v/ _1xo. We now focus on the variance:

)= (W ey (L= S) ey 4 g,

Var(mt ! 1-— Oét 1-— (jét
\/7(1 —Oét_l) 1 2
= 1 LL) @
4~ Var_1Be o, ae(l—a_1)?
=1—a1+( —a, et)’ + 10 —ay)? f(@) (23)

The above derivation is similar to the progress from Eq. 14 to Eq. 15. Now we write the mean and
variance of gg(&;_1|Z+11) in Table 7. In the same spirit of iterative plugging-in, we could derive
(&¢|zr) which has the mean /& and variance larger than (1 — a;)1.

A.3 DERIVATION OF ¢g(Z;|Z;+1) FOR DDIM

We first review the derivation of the reverse diffusion pg(z;_1|z:) for DDIM. To keep the symbols
consistent in this paper, we continue to use the notations of DDPM in the derivation of DDIM.
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Table 7: The distribution ¢(z:—1|xo) during training and g (&;_1|Z++1) during DDPM sampling.

Mean Variance

q(zi—1]x0) Var_ixe (1 —ap_1)I o
Go(Z1—1|Te1)  A—1mo (1 — @y + (S altﬁ’ )2+ %f(tf)l

Recall that DDIM and DDPM have the same loss function because they share the same marginal
distribution g(z:|zo) = N (x¢; /Ao, (1 — a;)I). But the posterior q(x:—1|x:, zo) of DDIM is
obtained under Non-Markovian diffusion process and is given by Song et al. (2021a):

q(zt,l\zt,zo) = N(\/O_lt,1$0 + 1-— Qi1 — G’t \/QO I) (24)

Similar to DDPM, the reverse distribution of DDIM is parameterized as pg(xi—1|z:) =
q(mt,1|xt,x3), where xf, means the predicted xy given z;. Based on Eq. 24, the reverse diffu-
sion q(x—1 |z, )) is:

Vo (II
q($t_1|$t,$§) = N(\/@t_lil:g 1-— Oét 1 — Ut \/ﬁe 21) (25)
- g

Again, we point out that ¢(z;_1|2;,z)) = q(x,—1]2¢, o) holds only if £j = =z, this requires the
network to make no prediction error about zy. Theoretically, we need to consider the uncertainty
of the prediction “”9 and model it as a probabilistic distribution pg(zo|x:). Following Analytical-
DPM (Bao et al., 2022), we approximate it by a Gaussian distribution pg (:L‘o|:l:t) N(zh;zo, e71),
namely x}, = & + e;€o. Thus, the practical reverse diffusion ¢ (2,1 |z, :1:3) is

fza) = N(VaT 1—ay - —Vadao t k) gy g
q(ze—1lze, Tg) = N(Vau—1(2o + er€) + &1 — 0} - JT—a, ,o.I). (26)

Note that o, = 0 for DDIM sampler, so a sample ;1 from q(2;—1 |z, z}) is:

— Vau(zo + er€o)
VI—a

Ty — /4o - Vaet€q
= /1o + VOr_1€1€0 + /1 — & 1l—aqp 1 —— 27
= /0 _1To + \/Ot_1€4€0 + 1/ -1 m -/ tlm()

_ _ - NG
= /0 _1To + /ar_1et€0 + /1 — Qy_165 — /1 — ay_1 - \/% (28)
—

= \/Q;_1Zo + / 1-— Qy_1€5 + (\/dt,let \/ 1-— Qi1 - \/\/l (29)

Ti1 = /ou_1(To + er€g) + /1 — a1 — 0} - + o€y

From Eq. 27 to Eq. 28, we plug in z; = «/* a:o + /1 — ayes where €5 ~ N(0,I). We now
compute the sampling distribution q(xt|xt+1 ) xo ') which is the same distribution as q(z;_1|z;, z})
by replacing the index ¢ with ¢ + 1 and using &; to highlight it is a generated sample. According to

Eq. 29, a sample Z; from q(.’it\ztﬂ,mzﬂ) is:

Vi1l
Ty = Vauxg + V1 — ages + (Vage V1i—a 30)
t — 0 t€5 ( t+1 — t m)
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From Eq. 30, we know the mean of q(:i:t|mt+17:1:§+1) is v/azxg. We now calculate the variance by

looking at /1 — ae5 + (Vaer1 — V1 —ay - 7m\/176’“)60:

1—aty1

AN ——\2 = B 7_.\/T+1€t+12
VCLT(ﬁt) = (\/1 Oét) + (\/OTtet-&-l m 7@)

_ _ — Vi1 2 9
=1-a+ (Vo - Vl_at.i/l—at_;’_l) €it1
\/1 — C_Yt\/O_[tﬁ/OétA,l )262

TGt t+1

V19— /a1 5 o
- ﬁ)) €1

=1-a+ (Vay —
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_ _ V1 — Q1.9 o
=1-+a(l — —F——)"¢
t t( m ) t+1
=l—a+(1- M)theal (31)
1 -

As a result, we can write the mean and variance of the sampling distribution ¢(Z; \mtﬂ,xéﬂ), ie.

g (Zt|zt+1), and compare it with the training distribution g(z|z¢) in Table 8.

Table 8: The mean and variance of g(z|z() during training and gg (Z+|+41) during DDIM sampling.

Mean Variance
q(z¢|zo) Voo (1—a)l
Go(Ee|zer1) Vaumo (1—ay+(1—/FEIEE) anef )T

Since agp1 < 1, /42225 < Tand (1 — 4/ #§22241) > 0 hold for any ¢ in Eq. 31. Similar

to DDPM sampler, the variance of q(&;|2:41,2,"") is always larger than that of g(z:|zo) by the
magnitude (1 — 4/ %)th e?, ,, indicating the exposure bias issue in DDIM sampler.

A.4 PRACTICAL VARIANCE ERROR OF qg(Z¢|Z;+1) AND gg(Z¢|ZT)

We measure the single-step variance error of g (Z¢|2+41) and multi-step variance error of g (Z¢|z1)
using Algorithm 1 and Algorithm 2, respectively. Note that, the multi-step variance error measure-
ment is similar to the exposure bias J; evaluation and we denote the single-step variance error as Ay
and represent the multi-step variance error as A}. The experiments are implemented on CIFAR-10
(Krizhevsky et al., 2009) dataset and ADM model (Dhariwal & Nichol, 2021). The key difference
between A; and A} measurement is that the former can get access to the ground truth input z; at
each sampling step ¢, while the latter is only exposed to the predicted &; in the iterative sampling
process.
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Algorithm 1 Variance error under single-step

Algorithm 2 Variance error under multi-step

sampling sampling
I: Initialize A, = 0, n, = list() vt € V ?{Hlltlah? 5t1})= 0, oy = list() (Vt €
1,....7T—1 v
2: f{oﬁt —T ...})1 do 2: repeat
3:  repeat Y 3 %o~ q(Zo). € ~ N(0.1)
4: xo ~ q(zg), € ~ N(0,1) 4 xp =./arxo+1— are
0~ ¢\To), = 5: fort:=1T,..,1do
5: Ty = /g + V 1—- € 6: if t ——’T t,hen T, =2
6 B = (@ — —ep(xi, 1)) + ' 5 — Lp ;
t Va T TG, 0\ 7 Ty = \/Tj(xt - Jlf—dtfo(xnt)) +
Vhiz (2~ N(O.I) Bz (z~N(@©.I)
7: ni—1.append(Li—1 — /A—12o) . o e
8:  until 50k iterations g: en:lzti%;.append(xt_l Gi-120)
9: end for ) . . .
10 fort =T, ...1do 10: until 50k iterations

1: B = numpy.var(ng)

11: fort:=1T,...,1do

Y 122 B = numpy.var(n;)
122 Ay =06 — Bt 13: A ZﬁAt—Bt
13: end for 14: end E‘or

A.5 METRIC FOR EXPOSURE BIAS

The key step of Algorithm 3 is that we subtract the mean /&;_1Z¢ and the remaining term &; 1 —
/@y 1z corresponds to the stochastic term of q(:i:t,1|:1:t,:1:§). In our experiments, we use N =

50, 000 samples to compute the variance ;.

Algorithm 3 Measurement of Exposure Bias ¢;

Initialize 6, = 0, ny = list() (Vt € {1,....,T —1})
repeat
20 ~ q(z0). € ~ N'(0,1)
compute 7 using Eq. 1
fort:=1T,...,1do
ift == T thenZ; = z1

A A A

ni—1.append(Li_1 — /A—_12o)
end for
until [V iterations
cfort:=1T,..,1do
Bt = numpy.var(ng)
5 = (v e — VBo)?

: end for

_ =
m e

,_
N

—_
W

i1 = o= (& — —eq(@1,1)) +1/ Bz (2~ N(0,1))

A.6 CORRELATION BETWEEN EXPOSURE BIAS METRIC AND FID

We define the exposure bias at timestep ¢ as &; = (\/f3; —
v/ Bt)?, where B, 1 — &y denotes the variance of

q(z¢|zo) during training and ,8; presents the variance of
go(Z¢|x7) in the regular sampling process. Although d;
measures the discrepancy between network inputs and
FID to evaluate the difference between training data and
network outputs, we empirically find a strong correlation
between d; and FID, which could arise from the benefit of
defining d; from the Fréchet distance Dowson & Landau
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(1982) perspective. In Fig. 8, we present the FID-¢; relationships on CIFAR-10 and use 20-step
sampling, wherein J; represents the exposure bias in the last sampling step ¢ = 1. Additionally, J;
has the advantage of indicating the network input quality at any intermediate timestep ¢. Taking Fig.
4 as an example, we can see that the input quality decreases dramatically near the end of sampling
(t = 1) as §; increases significantly.

A.7 FID RESULTS ON PFGM++ BASELINE

In PFGM, Xu et al. (2022) claim that the strong norm-t correlation causes the sensitivity of prediction
errors in diffusion frameworks, and PFGM is more resistant to prediction errors due to the greater
range of training sample norms. Our experiments verify the robustness of Poisson Flow frameworks
by observing that Epsilon Scaling enjoys a wider range of A(¢f) on PEGM++ baseline (Xu et al.,
2023b) than on EDM baseline. The rationale is simple: an inappropriate A((¢)) introduces errors
that require the network to be robust to counteract. However, we observe that the exposure bias issue
still exists in Poisson Flow frameworks even though they are less sensitive to prediction errors than
diffusion frameworks. Therefore, Epsilon Scaling is applicable in Poisson Flow models. Table 9
and Table 10 show the significant improvements made by Epsilon Scaling (A(¢) = b) on PEGM++.

Table 9: FID on CIFAR-10 using PEFEGM++ baseline (D=128, uncond).

/
Model T
9 13 21 35
PFGM++ 37.82 7.55 2.34 1.92
PEGM-t+ with ES 17.91 4.51 2.31 1.91

(b=1.008) (b=1.016) (b=0.970) (b=1.00045)

Table 10: FID on CIFAR-10 using PEFEGM++ baseline (D=2048, uncond).

7]
Model T
9 13 21 35
PEGM++ 37.16 7.34 2.31 1.91
PEGM++ with ES 17.27 4.88 2.20 1.90

(b=1.007) (b=1.015) (b=0.996) (b=1.0007)

A.8 FID RESULTS UNDER 77 > 100

Although using sampling step 7/ = 100 often achieves the near-optimal FID in diffusion models,
we still report the performance of our Epsilon Scaling in the large T” regions. We show the FID
results on Analytic-DDPM (Bao et al., 2022) baseline (Table 11) and ADM baseline (Table 12),
where we apply A(t) = b for Epsilon Scaling.

Table 11: FID on CIFAR-10 using Analytic-DDPM baseline Table 12: FID on CIFAR-10
(linear noise schedule). using ADM baseline.
T T

20 50 100 200 400 1000 200 300 1000

Analytic-DDPM 1461 725 540 401 3.62 4.03 ADM 3.04 295 3.01

Analytic-DDPM with ES  11.02 5.03 4.09 339 314 342 ADM-ES 215 214 221
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A.9 RECALL AND PRECISION RESULTS

Our method Epsilon Scaling does not affect the recall and precision of the base model. We present
the complete recall and precision (Kynkidnniemi et al., 2019) results in Table 13 using the code
provided by ADM (Dhariwal & Nichol, 2021). ADM-ES achieve higher recalls and slightly lower
previsions across the five datasets. But the overall differences are minor.

Table 13: Recall and precision of ADM and ADM-ES using 100-step sampling.

CIFAR-10 LSUN tower FFHQ ImageNet ImageNet
Model 32x32 64 %64 128x128 64 %64 128128

recall precision recall precision recall precision recall precision recall precision

ADM 0.591 0.691 0.605 0.645 0.497 0.696 0.621 0.738 0.586 0.771
ADM-ES 0.613 0.684 0.606 0.641 0.545 0.683 0.632 0.726 0.592 0.771

A.10 EPSILON SCALING PARAMETERS: k, b

We present the parameters k, b of Epsilon Scaling we used in all of our experiments in Table 14,
Table 15 and Table 16 for reproducibility. Apart from that, we provide suggestions on finding the
optimal parameters even though they are dependent on the dataset and how well the base model is
trained. Our suggestions are:

* Search for the optimal uniform schedule A(¢t) = b in a coarse-to-fine manner: use stride
0.001, 0.0005, 0.0001 progressively.

* In general, the optimal b will decrease as the sampling step 7" increases.

* After getting the optimal uniform schedule A\(¢)* = b*, we search for k of the linear sched-
ule A(t) = kt+bby keeping XA (t) = XA(¢)*, thereby, b in the linear schedule is calculated
rather than being searched.

* Instead of generating 50k samples, using 10k samples to compute FID for searching A(¢).

Table 14: Epsilon Scaling schedule \(t) = kt + b we used on ADM baseline. We keep the FID
results in the table for comparisons and remark k, b underneath FIDs

T Model Unconditional Conditional
CIFAR-1032x32 LSUN tower 64x64  FFHQ 128x 128 ImageNet 64 X 64 ImageNet 128 x 128
100 ADM 3.37 3.59 14.52 2.71 3.55
2.17 291 6.77 2.39 3.37
ADM-ES (b=1.017) (b=1.006) (b=1.005) (b=1.006) (b=1.004)
50 ADM 443 7.28 26.15 3,75 5.15
ADM-ES 2.49 3.68 9.50 3.07 433
B (b=1.017) (b=1.007) (b=1.007) (b=1.006) (b=1.004)
ADM 10.36 23.92 59.35 10.96 12.48
20 5.15 8.22 26.14 7.52 9.95
ADM-ES (b=1.017) (b=1.011) (b=1.008) (b=1.006) (b=1.005)
ADMLES* 4.31 7.60 24.83 7.37 9.86

(k=0.0025, b=1.0) (k=0.0008, b=1.0034) (k=0.0004, b=1.0042) (k=0.0002, b=1.0041) (k=0.00022, b=1.00291)

A.11 INSENSITIVITY OF \(t)

We empirically show that the FID gain can be achieved within a wide range of A(t). Table 17 and
Table 18 demonstrate the insensitivity of our hyperparameters, which ease the search of A(¢).

19



Published as a conference paper at ICLR 2024

Table 15: Epsilon Scaling schedule A\(¢t) = kt + b, (k = 0) we used on DDIM/DDPM and LDM
baseline. We keep the FID results in the table for comparisons and remark b underneath FIDs

T Model CIFAR-10 3232 CelebA 64x64 T Model FFHQ 256%256  CelebA-HQ 256 % 256
n=20 n=1 n=0 n=1
o DDIM 4.06 6.73 5.67 11.33 o LDM 10.90 931
338 401 5.05 445 0.83 736
DDIM-ES 1 0014) (b=1.03) (b=1.003) (b=1.04) LDM-ES 1 00015) (b=1.0009)
5, DDIM 482 1029 6.88 15.00 o LM 1434 13.95
417 457 6.20 5.57 11.57 9.16
DDIM-ES  (1,_1.0030)  (b=1.04) (b=1.004)  (b=1.05) LDM-ES  h-1.0016) (b=1.003)
5  DDIM 821 20.15 10.43 261 Y 33.13 20.62
6.54 7.78 10.38 11.83 2091 15.68
DDIM-ES  _1.00s2)  (b=1.05)  (b=1.001)  (b=1.06) EDMES - (h=1.007) (b=1.010)

Table 16: Epsilon Scaling schedule A(t) = kt + b, (k = 0) we used on EDM baseline. We keep the
FID results in the table for comparisons and remark b underneath FIDs

T Model Unconditional Conditional

Heun Euler Heun Euler
;s EDM 1.97 3.81 1.82 3.74
N 2.80 1.80 2.59

‘ES  p=1.000s  b=1.0034 b=1.0006 b=1.0035
,, EDM 233 6.29 2.17 5.91
224 432 2.08 3.74

EDM-ES | 09985 b=1.0043 b=0.9983 b=1.0045
3 EDM 7.16 12.28 6.69 10.66
6.54 8.39 6.16 6.59

EDM-ES 110060 b=1.0048 b=1.0070 b=1.0051

Table 17: FID of ADM-ES achieved on CIFAR-10 under different A(¢) (A(¢) = b) and unconditional
sampling, b=1 represents ADM.

b 1 (baseline) 1.015 1.016 1.017 1.018 1.019
T'=100 3.37 220 218 217 221 231
b 1 (baseline) 1.015 1.016 1.017 1.018 1.019
T =50 443 253 251 249 253 255

Table 18: FID of EDM-ES achieved on CIFAR-10 under different A(¢) (A(t) = b) and unconditional
Heun sampler, b=1 represents EDM.

b 1 (baseline) 1.0005 1.0006 1.0007 1.0008
T =35 197 1.948 1947 1949 1.953
b 1 (baseline) 1.004 1.005 1.006 1.007
T'=13 7.16 6.60 6.55 6.54 6.55
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A.12 EPSILON SCALING ALLEVIATES EXPOSURE BIAS

In Section 5.2, we have explicitly shown that Epsilon Scaling reduces the exposure bias of diffusion
models via refining the sampling trajectory and achieves a lower §; on CIFAR-10 dataset.

We now replicate these experiments on other datasets using the same base model ADM and 20-step
sampling. Fig. 9 and Fig. 10 display the corresponding results on CIFAR-10 and FFHQ 128 x 128
datasets. Similar to the phenomenon on LSUN tower 64x64 (Fig. 5 and Fig. 4), Epsilon Scaling
consistently obtains a smaller exposure bias d; and pushes the sampling trajectory to the vector field
learned in the training stage.

—+— ADM

04l —— ADM-ES 541

511
0.31 484

] =

421

0.1 391 —_— trainin.g
—— sampling
0.01 361 —— sampling after Epsilon Scaling
2 4 6 8 10 12 14 16 18 o 3 6 9 12 15 18 21
timestep timestep

(a) Exposure bias measured by ¢; on CIFAR-10 (b) L2-norm of €g(-) on CIFAR-10

Figure 9: Left: Epsilon Scaling achieves a smaller ¢; at the end of sampling (¢t = 1). Right: after
applying Epsilon Scaling, the sampling ||€g]|,, (blue) gets closer to the training ||€g]|, (red)

0.81
5 225
0.71 —— ADM-ES 210
0.61
195
0.51
6t0.4 = 180
v
0.3 165
0.2 150 —— training
0.11 135 —— sampling
—— sampling after Epsilon Scaling
oo e 120 ‘ | | i i i |
2 4 6 8 10 12 14 16 18 o 3 6 9 12 15 18 21
timestep timestep
(a) Exposure bias measured by §; on FFHQ 128 x 128 (b) L2-norm of € (-) on FFHQ 128x128

Figure 10: Left: Epsilon Scaling achieves a smaller d; at the end of sampling (¢ = 1). Right: after
applying Epsilon Scaling, the sampling ||€g]|,, (blue) gets closer to the training ||€g||,, (red).

A.13 FID RESULTS ON DIT BASELINE

In addition to UNet (Ronneberger et al., 2015) backbone, we also test Epsilon Scaling on diffusion
models using Vision Transformers (Dosovitskiy et al., 2020). Table 19 presents the FID of DiT (Pee-
bles & Xie, 2023) and our DiT-ES on ImageNet 256256 under uniform A(¢) = b. Again, Epsilon
Scaling achieves consistent sample quality improvement over different sampling steps, indicating
that the exposure bias exists in both UNet and Transformer backbones.
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Table 19: FID on ImageNet 256 %256 using DiT baseline

/
Model T
20 50 100
DiT 12.95 3.71 2.57
DIT-ES 10.00 3.30 2.52

(b=0.965) (b=0.989) (b=0.995)

A.14 QUALITATIVE COMPARISON

In Section 5.6, we have presented the sample quality comparison between the base model sampling
and Epsilon Scaling sampling on FFHQ 128 x 128 dataset. Applying the same experimental settings,
we show more qualitative contrasts between ADM and ADM-ES on the dataset CIFAR-10 32x32
(Fig. 11), LSUN tower 64 x64 (Fig. 12), ImageNet 64x64 (Fig. 13) and ImageNet 128x 128
(Fig. 14). Also, we provide the qualitative comparison between LDM and LDM-ES on the dataset
CelebA-HQ 256256 (Fig. 15). These sample comparisons clearly state that Epsilon Scaling effec-
tively improves the sample quality from various perspectives, including illumination, colour, object
coherence, background details and so on.

T TR 0
T ISR 10

Figure 11: Qualitative comparison between ADM (first row) and ADM-ES (second row) on CIFAR-
10 3232 using 100-step sampling.

AW
L

Figure 12: Qualitative comparison between ADM (first row) and ADM-ES (second row) on LSUN
tower 64 x64 using 100-step sampling.
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Figure 13: Qualitative comparison between ADM (first row) and ADM-ES (second row) on Ima-
geNet 64 x 64 using 100-step sampling.

Figure 14: Qualitative comparison between ADM (first row) and ADM-ES (second row) on Ima-
geNet 128 x 128 using 100-step sampling.

Figure 15: Qualitative comparison between LDM (first row) and LDM-ES (second row) on CelebA-
HQ 256 %256 using 100-step sampling.
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