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ABSTRACT

Diffusion Probabilistic Models (DPM) have shown remarkable efficacy in the
synthesis of high-quality images. However, their inference process characteris-
tically requires numerous, potentially hundreds, of iterative steps, which could
exaggerate the problem of exposure bias due to the training and inference dis-
crepancy. Previous work has attempted to mitigate this issue by perturbing in-
puts during training, which consequently mandates the retraining of the DPM.
In this work, we conduct a systematic study of exposure bias in DPM and, in-
triguingly, we find that the exposure bias could be alleviated with a novel sam-
pling method that we propose, without retraining the model. We empirically and
theoretically show that, during inference, for each backward time step t and cor-
responding state x̂t, there might exist another time step ts which exhibits supe-
rior coupling with x̂t. Based on this finding, we introduce a sampling method
named Time-Shift Sampler. Our framework can be seamlessly integrated to ex-
isting sampling algorithms, such as DDPM, DDIM and other high-order solvers,
inducing merely minimal additional computations. Experimental results show our
method brings significant and consistent improvements in FID scores on differ-
ent datasets and sampling methods. For example, integrating Time-Shift Sam-
pler to F-PNDM yields a FID=3.88, achieving 44.49% improvements as com-
pared to F-PNDM, on CIFAR-10 with 10 sampling steps, which is more perfor-
mant than the vanilla DDIM with 100 sampling steps. Our code is available at
https://github.com/Mingxiao-Li/TS-DPM.

1 INTRODUCTION

Diffusion Probabilistic Models (DPMs) (Ho et al., 2020; Sohl-Dickstein et al., 2015) are a class
of generative models that has shown great potential in generating high-quality images. (Dhariwal
& Nichol, 2021; Ramesh et al., 2022; Rombach et al., 2022a; Nichol et al., 2022). DPM consists
of a forward and a backward process. In the forward process, images are progressively corrupted
with Gaussian noise in a series of time steps. Conversely, during the backward process, the trained
diffusion model generates images by sequentially denoising the white noise.

Despite its success in generating high-quality images, DPMs suffer from the drawbacks of pro-
longed inference time. Considerable interest has been expressed in minimizing the number of in-
ference steps during the sampling process to speed up generation, while preserving the quality of
generated images. Such works include generalizing DDPM (Ho et al., 2020) to non-Markovian
processes (Song et al., 2021), deriving optimal variance during sampling (Bao et al., 2022b), thresh-
olding the pixel values as additional regularization (Saharia et al., 2022a), or developing pseudo
numerical methods for solving differential equations on manifolds (Liu et al., 2022a).

Though showing promising performance, none of them have theoretically and empirically examined
the discrepancy between the training and sampling process of DPM. If we take a closer look at
the training of DPM, at each time step t, ground truth samples x0 are given to produce corrupted
samples xt with noise ϵt. The DPM takes both xt and t as input to predict the noise ϵt. During
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Figure 1: The comparison ofTS-DDPM (ours) and DDPM. The orange and blue arrows denote the
time-state coupling at each denoising step ofTS-DDPM and DDPM, respectively. InTS-DDPM, we
search for coupled time step within the[t � w=2; t + w=2] window, until the cutoff time steptc.

sampling, one is required to synthesize data samples from white noise without the knowledge of the
ground truth distributions. Coupled with the prediction errors of the network, this training-sampling
discrepancy produces errors that could progressively accumulate during inference. This error arising
from the difference between training and inference resembles the exposure bias problem as identi�ed
in autoregressive generative models (Ranzato et al., 2016; Schmidt, 2019), given that the network is
solely trained with the corrupted ground truth samples, rather than the network predicted samples.

In this work, we focus on the exposure bias problem during sampling. Ning et al. (2023) propose
to add perturbation to training samples to alleviate the exposure bias problem, which is sub-optimal
since the retraining of DPM is computationally expensive. Given that the time stept is directly
linked to the corruption level of the data samples, we theoretically and empirically show that by
adjusting the next time stept � 1 during sampling according to the approximated variance of the
current generated samples, one can effectively alleviate the exposure bias. We search for such a
time step within a windowtw surrounding the current time step to restrict the denoising progress.
Furthermore, based on the error patterns that the network makes on the training samples, we propose
the use of a cutoff time steptc. For time steps larger thantc, we search for the suitable time step
within tw . While for time steps smaller thantc, we keep the original time step. Intuitively, it also
suits the nature of a DPM, since the corruption level is smaller for small time steps. We refer to
our sampling method as Time-Shift Sampler. Figure 1 presents the comparison between DDPM,
the stochastic sampling method, and its time-shift variantTS-DDPM. In summary, our contributions
are:

• We theoretically and empirically study the exposure bias problem of diffusion models,
which is often neglected by previous works.

• We propose a new sampling method called Time-Shift Sampler to alleviate the exposure
bias problem, which avoids retraining the models. Our method can be seamlessly integrated
into existing sampling methods by only introducing minimal computational cost.

• Our Time-Shift Sampler shows consistent and signi�cant improvements over various sam-
pling methods on commonly used image generation benchmarks, indicating the effective-
ness of our framework. Notably, our method improves the FID score on CIFAR-10 from
F-PNDM (Liu et al., 2022a) by 44.49% to 3.88 with only 10 sampling steps.

2 INVESTIGATING EXPOSUREBIAS IN DIFFUSION PROBABILISTIC MODELS

In this section, we �rst give a brief introduction of the training and inference procedure for Diffusion
Probabilistic Models (DPMs). Then we empirically study the exposure bias problem in DPM by
diving deep into the training and inference processes.

2.1 BACKGROUND: DIFFUSION PROBABILISTIC MODELS

DPM encompasses a forward process which induces corruption in a data sample (e.g., an image)
via Gaussian noise, and a corresponding inverse process aiming to revert this process in order to
generate an image from standard Gaussian noise. Given a data distributionq(x0) and a forward
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noise schedule� t 2 (0; 1); t = 1 � � � T , the forward process is structured as a Markov process,
which can be expressed as:

q(x1��� T jx0) =
TY

t =1

q(x t jx t � 1) (1)

with the transition kernelq(x t jx t � 1) = N (x t j
p

� t x t � 1; � t I ), whereI denotes the identity matrix,
� t and� t are scalars and� t = 1 � � t . With the reparameterization trick, the noisy intermediate
statex t can be computed by the equation below:

x t =
p

� t x0 +
p

1 � � t � t (2)

where� t =
Q t

i =1 � t and� t � N (0; I ). According to the conditional Gaussian distribution, we
have the transition kernel of backward process as:

p(x t � 1jx t ; x0) = N (~� t (x t ; x0); ~� t ) (3)

where~� t = 1� � t � 1

1� � t
� t and~� t =

p
� t � 1 � t

1� � t
x0 +

p
� t (1 � � t � 1 )

1� � t
x t . Considering Equation 2,~� t can be

further reformulated as~� t = 1p
� t

(x t � 1� � tp
1� � t

� t ). During training, a time-dependent neural network
is optimized by either learning~� t or � t . Empirically, Ho et al. (2020) observe that predicting� t works
better. The learning target is to optimize the variational lower bound of the negative log-likelihood,
which could also be interpreted as minimizing the KL divergence between the forward and backward
process. In practice, Ho et al. (2020) further simplify the loss function as:

L simple = Et;x 0 ;� t �N (0;I ) [k� � (x t ; t) � � t k2
2] (4)

We present the training and sampling algorithms of the original Denoising Diffusion Probabilistic
Models (DDPM) (Ho et al., 2020) in Algorithm 1 and 2, respectively.

Algorithm 1 Training

1: repeat
2: x0 � q(x0)
3: t � Uniform(1; � � � ; T)
4: � � N (0; I ) Computex t using Eq 2
5: Take gradient descent step on
6: rjj � � � � (x t ; t)jj2

7: until converged

Algorithm 2 Sampling

1: xT � N (0; I )
2: for t = T; � � � ; 1 do
3: z � N (0; I ) if t > 1, elsez = 0
4: x t � 1 = 1p

� t
(x t � 1� � tp

1� � t
� � (x t ; t))+ � t z

5: end for
6: return x0

2.2 THE EXPOSUREBIAS IN DIFFUSION PROBABILISTIC MODELS

Figure 2: The density distribution of the vari-
ance of 5000 samples from CIFAR-10 by dif-
ferent time steps.

In this section, we empirically demonstrate the phe-
nomenon related to the exposure bias problem in
DPM using CIFAR-10 dataset (Krizhevsky, 2009).
We �rst present the variance distribution of the cor-
rupted samples by different time steps in the forward
process during training. Models exposed to a wider
range of inputs during training tend to exhibit greater
robustness to noise and are consequently less suscep-
tible to exposure bias. To further study the behavior
of the network during the backward sampling pro-
cess, we also examine the evolution of prediction er-
rors during sampling. We use DDIM (Song et al.,
2021) sampler to conduct this experiment, as it gives
a deterministic sampling process.

Figure 2 presents the changes in variance of sample
distributions for different time steps. At each step,
we estimate the corrupted image samples with the network predicted noise using Equation 2. We
present the details of the �gure in Appendix B. At time step 0, ground truth images serve as the
current samples. The distribution of the variance of the ground truth samples spans an approximate
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range of(0; 0:8), showing the diversity of the sample distributions. As the noise is gradually added
to the ground truth samples, the span of the variance becomes narrower and narrower. Following
400 steps, the changes in the span range of the variance become stable, and gradually shift towards a
narrow range surrounding the variance of white noise. The evolution of the sample variance across
different time steps indicates that the network exhibits a lower sensitivity to the early steps of the
forward process of DPM, as the variance of the samples can be distributed more sparsely within a
broader range. Conversely, the network can be more sensitive to the later steps (e.g., after 400 steps),
as we progressively approach white noise. The constricted variance range during the later stages
implies that minor prediction errors during sampling can signi�cantly impact overall performance.

(a) 10 steps (b) 20 steps (c) 50 steps (d) 100 steps

Figure 3: CIFAR-10 prediction errors of training samples for different numbers of sampling steps.

In the second experiment, given a speci�c number of sampling steps, we compute the mean squared
errors between the predicted samples and the ground truth samples at each step, as presented in Fig-
ure 3. Details for plotting this �gure are presented in Appendix B. It can be seen that the evolution
of prediction errors adheres to a consistent pattern: initially decreasing before incrementally accu-
mulating as the sampling process progresses. This phenomenon may be attributed to two possible
factors: (1) The sampling process originates from white noise, which does not contain any informa-
tion about the resultant sample distributions. In early stages, with fewer sampling steps, the error
accumulation is less serious, thus the network gradually shapes the predicted distribution into the
target distribution. (2) In the later stages, the network is more robust to the noisy inputs as discussed
above. However, due to the exposure bias, the network inevitably makes errors at each step and these
errors accumulate along the sequence, resulting in a slow but steady progress in error accumulation
and larger errors in the end.

In conclusion, the above two experiments together show that during the backward sampling process,
the accumulated prediction error, which arises from the exposure bias and the capability of the
network, could strongly impact the �nal results. This demonstrates the importance of alleviating
exposure bias in DPM, which could potentially lead to improved results.

3 ALLEVIATING EXPOSUREBIAS VIA TIME STEP SHIFTING

In the backward process of Diffusion Probabilistic Models (DPM), the transition kernel is assumed
to adhere to a Gaussian distribution. To maintain this assumption, the difference between two suc-
cessive steps must be suf�ciently small, thereby necessitating the extensive training of DPM with
hundreds of steps. As previously discussed, the network prediction error coupled with discrepancy
between training and inference phases inevitably results in the problem of exposure bias in DPM. We
introduceC(~x t ; t)–referred to as the input couple for a trained DPM–to describe this discrepancy,
which can be expressed as:

C(~x t ; t) = e� dis (~x t ;x t ) (5)

where~x t andx t represent the network input and ground truth states at time stept, respectively, and
dis(�; �) denotes the Euclidean distance. Consequently, during the training phase, the relationship
C(~x t ; t) = 1 holds true for all time steps, as the network always takes ground truthx t as input.
Moreover, a better coupling expressed byC(~x t ; ts) reduces the discrepancy between training and
inference, thereby alleviating exposure bias. Previous works (Zhang et al., 2023a; Ning et al., 2023)
have empirically and statistically af�rmed that the network prediction error of DPM follows a nor-
mal distribution. In conjunction with Equation 2, during the backward process at time stept, the
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predicted next state denoted asx̂ t � 1 could be represented as:
x̂ t � 1 = x t � 1 + � t � 1et � 1

=
p

� t � 1x0 +
p

1 � � t � 1� t � 1 + � t � 1et � 1

=
p

� t � 1x0 + � t � 1~� t � 1

(6)

In this equation,� 2
t � 1 = � 2

t � 1 + (1 � � t � 1), x t � 1 denotes the ground truth at time stept � 1,
� t � 1et � 1 represents the network prediction errors, andet � 1, � t � 1 and~� t � 1 conform to a normal
distribution. Upon observing that Equation 6 and Equation 2 share a similar structure which is the
ground truthx0 plus Gaussian noise with variable variance, we propose the subsequent assumption.

Assumption 3.1 During inference at time stept, the next statêx t � 1 predicted by the network, may
not optimally align with time stept � 1 within the context of the pretrained diffusion model. In other
words, there might be an alternate time stepts, that potentially couples better witĥx t � 1:

9ts 2 f 1 � � � Tg; s:t: C(x̂ t � 1; ts) � C (x̂ t � 1; t � 1) (7)

Figure 4: The training and inference discrepancy of DDIM with 10 sampling steps on CIFAR-10.
The dashed line in each column denotes the couple of predictedx̂ t andt. Points on the right side of
the dashed line mean that the corresponding time steps couple better withx̂ t than time stept.

To verify our assumption, we initially conduct a statistical examination of the discrepancy between
training and inference in a pretrained diffusion model. A sample size of5000instances was ran-
domly selected from the CIFAR-10 training set and Equation 2 was utilized to generate ground truth
statesx t for a sequence of time steps. Subsequently, we compare theC(x̂ t ; t) with C(x̂ t ; ts). Details
of plotting this �gure are presented in Appendix B. Here we show the results of10inference steps in
the backward process and only consider time stepts within the range oft � 6 to t +4 . As depicted in
Figure 4, for certain backward steps, there are alternate time stepsts that display a stronger correla-
tion with the predicted next statêx t compared to time stept. We also observe that when approaching
the zero time step, all nearby time steps converge to the same distribution. Similar �ndings were
observed for other pretrained DPMs on different datasets including CelebA with varying settings,
such as different numbers of inference steps and ranges ofts. See Appendix E for details.

Our empirical �ndings lend substantial support to Assumption 3.1. This naturally prompts the ques-
tion: How can we identify the time step that best couples with the predictedx̂ t � 1? By optimizing
the KL divergence between the predictedx̂ t � 1 andx t s at time stepts, we arrive at the following
Theorem 3.1, with the complete derivation provided in Appendix J.1.

Theorem 3.1 Let x̂ t represent a given state and̂x t � 1 represent the predicted subsequent state. We
assumet � 1 is suf�ciently large such that the distribution of̂x t � 1 is still close to the initialized
normal distribution with a diagonal covariance matrix. In addition, the selected time stepts to
couple withx̂ t � 1 is among those time steps closely surroundingt � 1. 1 Then the optimalts should
have the following variance:

� t s � � t � 1 �
jjejj2

d(d � 1)
(8)

whered is the dimension of the input,e represents the network prediction error, and� t � 1 is the
variance of the predicted̂x t � 1.

1If ts is close tot � 1, then
p

�� t � 1 �
p

�� t s � 0. See details in Appendix J.1
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The derivation of Theorem 3.1 mainly follows two steps: Firstly, we optimize the KL divergence
betweenx t s andx̂ t � 1 to obtain the variance ofx t s . Secondly, we establish the relationship between
the variance within a single sample ofx̂ t � 1 and the variance of̂x t � 1. 2 The results articulated in
Theorem 3.1 could be further simpli�ed to� t s � � t � 1, whent is large and given the assumption
that the network prediction error at the current time step is minimal. This assumption has been found
to hold well in practice.

Algorithm 3 Time-Shift Sampler

1: Input : Trained diffusion model� � ; Win-
dow sizew; Reverse Time seriesf T; T �
1; � � � ; 0g; Cutoff thresholdtc

2: Initialize: xT � N (0; I ) ; ts = � 1
3: for t = T; T � 1; ::; 0 do
4: If ts 6= � 1 thentnext = ts elsetnext = t
5: � t = � � (x t ; tnext ))
6: take a sampling step withtnext to getx t � 1
7: if t > t c then
8: Get variance for time steps within

the window: � = f 1 � � t � w=2; 1 �
� t � w=2+1 ; � � � ; 1 � � t + w=2g

9: ts = arg min � jj var(x t � 1) � � � jj , for
� � 2 � and� 2 [t � w=2; t + w=2]

10: else
11: ts = � 1
12: end if
13: end for
14: return x0

Based on the �ndings of Theorem 3.1, we pro-
pose the Time-Shift Sampler, a method that
can be seamlessly incorporated into existing
sampling algorithms, such as Denoising Dif-
fusion Implicit Models (DDIM) (Song et al.,
2021), Denoising Diffusion Probabilistic Mod-
els (DDPM) (Ho et al., 2020) or sampling meth-
ods based on high-order numerical solvers (Liu
et al., 2022a). Moreover, in light of the ear-
lier discussion that the model's predictions of
nearby time steps tend to converge to the same
distribution during the later stage of the in-
ference process and the condition of larget
in the derivation in Appendix J.1, we remove
the time-shift operation when the time step is
smaller then a prede�ned cutoff time step.3 Our
algorithm is detailed in Algorithm 3. Speci�-
cally, given a trained DPM� � , we sample for
x t ; t = 1 ; 2; : : : ; T using arbitrarily any sam-
pling method. For each time stept > t c, where
tc is the cutoff threshold, we replace the next
time steptnext with the time stepts that best
couples with the variance ofx t � 1 within a win-
dow of sizew. In the search of suchts, we �rst take a sampling step with the currenttnext to get
x t � 1, which is used to compute the variance ofx t � 1 asvar(x t � 1). Then we get the variance� of
the time steps within the window. The optimalts can be obtained viaarg min� jj var(x t � 1); � � jj ,
for � � 2 � . Finally, the obtainedts is passed to the next sampling iteration astnext . We repeat
this process untilt < t c, after which we perform the conventional sampling steps from the sampling
method of choice.

4 EXPERIMENTAL SETUP

We integrate our Time-Shift Samplers to various sampling methods includingDDPM (Ho et al.,
2020): the stochastic sampling method;DDIM (Song et al., 2021): the deterministic version of
DDPM; S-PNDM (Liu et al., 2022a): the sampling method based on second-order ODE solver; and
F-PNDM (Liu et al., 2022a): the sampling method based on fourth-order ODE solver. We term our
Time-Shift Sampler asTS-f �g with respect to the baseline sampling methods. For example, the time
shift variant of DDIM is referred to asTS-DDIM. Following DDIM, we consider two types of time
step selection procedures during sampling, namelyuniformandquadratic. Fort i < T : (1) uniform:
we select time steps such thatt i = bcic, for a constant valuec. (2) quadratic: we select time steps
such thatt i = bci2c, for a constant valuec.

We report main results using pre-trained DDPM on CIFAR-10 (Krizhevsky, 2009) and CelebA
64� 64 (Liu et al., 2015). Moreover, based on DDIM sampler, a comparison to ADM-IP (Ning
et al., 2023) is made, which uses ADM (Dhariwal & Nichol, 2021) as the backbone model. More
experiments can be found in the appendix. We conduct experiments for varying sampling time steps,
namely 5, 10, 20, 50, and 100. We use the Frechet Inception Distance (FID) (Heusel et al., 2017)
for evaluating the quality of the generated images. We further discuss the in�uence of window sizes
and cutoff values in Sec. 5.4. More details can be found in Appendix C.

2The latter refers to the variance computed by considering corresponding elements across samples ofx̂ t � 1 .
3We discuss the in�uence of the window size and the cutoff value in Sec. 5.4.
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5 RESULTS

5.1 MAIN RESULTS

Dataset Sampling Method 5 steps 10 steps 20 steps 50 steps 100 steps

CIFAR-10

DDIM (quadratic) 41.57 13.70 6.91 4.71 4.23
TS-DDIM(quadratic) 38.09 (+8.37%) 11.93 (+12.92%) 6.12 (+11.43%) 4.16 (+11.68%) 3.81 (+9.93%)
DDIM(uniform) 44.60 18.71 11.05 7.09 5.66
TS-DDIM(uniform) 35.13 (+21.23%) 12.21 (+34.74%) 8.03 (+27.33%) 5.56 (+21.58%) 4.56 (+19.43%)
DDPM (uniform) 83.90 42.04 24.60 14.76 10.66
TS-DDPM (uniform) 67.06 (+20.07%) 33.36 (+20.65%) 22.21 (+9.72%) 13.64 (+7.59%) 9.69 (+9.10%)
S-PNDM (uniform) 22.53 9.49 5.37 3.74 3.71
TS-S-PNDM (uniform) 18.81(+16.40%) 5.14 (+45.84%) 4.42 (+17.69%) 3.71 (+0.80%) 3.60 (+2.96%)
F-PNDM (uniform) 31.30 6.99 4.34 3.71 4.03
TS-F-PNDM (uniform) 31.11 (+4.07%) 3.88 (+44.49%) 3.60 (+17.05%) 3.56 (+4.04%) 3.86 (+4.22%)

CelebA

DDIM (quadratic) 27.28 10.93 6.54 5.20 4.96
TS-DDIM (quadratic) 24.24 (+11.14%) 9.36 (+14.36%) 5.08 (+22.32%) 4.20 (+19.23%) 4.18 (+15.73%)
DDIM (uniform) 24.69 17.18 13.56 9.12 6.60
TS-DDIM (uniform) 21.32 (+13.65%) 10.61 (+38.24%) 7.01 (+48.30%) 5.29 (+42.00%) 6.50 (+1.52%)
DDPM (uniform) 42.83 34.12 26.02 18.49 13.90
TS-DDPM (uniform) 33.87 (+20.92%) 27.17 (+20.37%) 20.42 (+21.52%) 13.54 (+26.77%) 12.83 (+7.70%)
S-PNDM (uniform) 38.67 11.36 7.51 5.24 4.74
TS-S-PNDM (uniform) 29.77 (+23.02%) 10.50 (+7.57%) 7.34 (+2.26%) 5.03 (+4.01%) 4.40 (+7.17%)
F-PNDM (uniform) 94.94 9.23 5.91 4.61 4.62
TS-F-PNDM (uniform) 94.26 (+0.72%) 6.96 (+24.59%) 5.84 (+1.18%) 4.50 (+2.39%) 4.42 (+4.33%)

Table 1: Quality of the image generation measured with FID# on CIFAR-10 (32� 32) and CelebA
(64� 64) with varying time steps for different sampling algorithms.

In Table 1, we compare four sampling methods, namely DDIM, DDPM, S-PNDM and F-PNDM, and
their Time-Shift variants on two datasets, where we vary the time steps and the time step selection
procedures. We take larger window sizes for fewer sampling steps. The cutoff value is within
the range of[200; 400], and is dependent to the number of time steps we take. As expected, our
Timer-Shift Sampler consistently improves the quality of the generated images with respect to that
of the baseline sampling methods. We observe that for time steps less than 20 withuniform time
step selection, the performance improvements are extremely signi�cant as compared to the original
sampling methods. To our surprise, even for very strong high-order sampling methods, our Time-
Shift Sampler can still bring signi�cant improvements. Notably, we obtain FID=3.88 withTS-F-
PNDM on CIFAR-10 using 10 sampling steps, which is better than DDIM on CIFAR-10 for 100
sampling steps. Our method also manages to improve the performance of the baseline sampling
methods for bothuniformandquadratictime selection, showing the versatility of our method.

5.2 DISCUSSION ONEFFICIENCY AND PERFORMANCE

Figure 5: Sampling time VS FID on CIFAR-10
using DDPM as backbone with various sampling
methods. We report the results off 5,10,20,50g
sampling steps from left to right for each sampler,
denoted with ”� ” symbol.

Our Time-Shift Sampler involves searching for
suitable time steps using computed variance
of the generated samples, which inevitably
brings additional computation during sampling.
To compare the ef�ciency of different sam-
pling methods, we present the average sampling
time4 in Figure 5 by running each sampling
method 300 times on CIFAR-10 using DDPM
as backbone model. For all three sampling
methods, the additional computation time dur-
ing sampling with 5,10 and 20 sampling steps
is negligible. The additional computation time
is visually larger for 50 sampling steps. Yet, the
actual additional computation time remains ac-
ceptable for a small backbone like DDPM. For
example, TS-S-PNDM requires 9.71% more
sampling time on average than S-PNDM for
5,10 and 20 steps. For 50 steps,TS-S-PNDM

4Test conducted on an AMD EPYC7502 CPU and a RTX 3090 GPU using Pytorch time estimation API.
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requires 9.86% more sampling time than S-PNDM. We report the detailed sampling time in Ap-
pendix F. The additional computation time is also dependant to the choice of the backbone, which
we further elaborate in Sec. 5.3.

5.3 COMPARISON WITH TRAINING-REQUIRED METHOD ADM-IP

Model Sampling Method 5 steps 10 steps 20 steps 50 steps
ADM DDIM 28.98 12.11 7.14 4.45
ADM-IP DDIM 50.58 (-74.53%) 20.95 (-73.00%) 7.01 (+1.82%) 2.86 (+35.73%)
ADM TS-DDIM 26.94 (+7.04%) 10.73 (+11.40%) 5.35 (+25.07%)3.52 (+20.90%)

Table 2: Performance comparison on CIFAR-10 with ADM and ADM-IP as backbone models.

Figure 6: Sampling time VS FID on CIFAR-
10 with ADM as backbone using DDIM and
TS-DDIM for sampling.

Our method is also proven to be effective on al-
ternative model architectures than DDPM. In this
section we present the results on ADM (Dhariwal
& Nichol, 2021), and the variant of ADM named
ADM-IP (Ning et al., 2023), which tries to allevi-
ate exposure bias in DPM by retraining ADM with
added input perturbation. We conduct our Time-
Shift Sampler using ADM as backbone model to
show the merits of our method as compared to
ADM-IP. We present the comparison on FID scores
in Table 2 and the comparison on sampling time in
Figure 6. The results indicate that when employ-
ing a small sampling step, which is favored in prac-
tice, ADM-IP performs much worse than the original
ADM. As the number of sampling steps increases,
the performance of ADM-IP improves. We manage
to improve the performance of the ADM model with our method by a large margin. Note that we
achieve these signi�cant improvements without retraining the model as is required by ADM-IP. We
also obtain roughly the same sampling time for DDIM andTS-DDIM with ADM as the backbone
model. It makes our method more favorable in practice given merely zero additional cost for com-
putation and signi�cant performance improvements.

5.4 INFLUENCE OFWINDOW SIZES AND CUTOFF VALUES

Figure 7: FID of generated CIFAR-10 images usingTS-DDIM (uniform) with (a) various win-
dow sizes using cutoff value=300; (b) various cutoff values using window size=f 40;30;8;2g for
f 10;20;50;100g steps.

We �rst conduct a study on the effect of window sizes. The results are presented in Figure 7 (a),
where we �x the cutoff value=300, and vary the window sizes for different numbers of sampling
steps. In the assessment of 10 and 20 sampling steps, larger window sizes are evaluated to ensure an
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adequate search space for a suitable time step. And we adopt smaller window sizes for more sam-
pling steps, given the limitation of step sizes. Figure 7 (a) illustrates that the Time-Shift algorithm
is not sensitive to the selection of window size when using10; 20 and50 sampling steps. While
when the number of sampling step is increased, such as100steps, the algorithm become more sen-
sitive to the window size, which could be attributed to the enhanced accuracy of per-step predictions
achievable with smaller step sizes.

The in�uence of different cutoff values on the image generation performance on CIFAR-10 are
presented in Figure 7 (b). From the density distribution plot of the sample variance as discussed in
Sec. 2.2, we can have a good estimation of the range of the cutoff values to be within[200; 400].
While sampling with 10 steps, a smaller cutoff value (200) is preferred as compared to the scenarios
with more sampling steps. One possible reason is that fewer sampling steps lead to larger step size,
which makes more time-shift operations bene�cial.

6 RELATED WORK

Denoising Diffusion Probabilistic Model. The denoising diffusion probabilistic model (DDPM)
was �rst introduced by Sohl-Dickstein et al. (2015) and further advanced by Nichol & Dhariwal
(2021), where they include variance learning in the model and optimize it with a new weighted vari-
ational bound. Song et al. (2020) further connect DDPMs with stochastic differential equations by
considering DDPMs with in�nitesimal timesteps. They also �nd that both score-based generative
models (Song & Ermon, 2019) and that DDPMs can be formulated by stochastic differential equa-
tions with different discretization. Some variants of DDPMs are recently introduced, including the
variational diffusion model (VDM) Kingma et al. (2021) that also learns the forward process, and
consistency model (Song et al., 2023) and recti�ed �ow model (Liu et al., 2022b), both of which
aim to learn to generate natural images in one inference step.

DDPMs are initially applied in the pixel space achieving impressive success in generating images of
high quality, however, they suffer from the signi�cant drawbacks such as prolonged inference time
and substantial training cost. Rombach et al. (2022b) propose to use a diffusion model in the latent
image space, which drastically reduces the computational time and training cost. DDPMs have been
widely used in different �elds, for example controllable image generation (Rombach et al., 2022b;
Choi et al., 2021; Zhang & Agrawala, 2023; Mou et al., 2023), language generation (Zhang et al.,
2023b; Ye et al., 2023; Lin et al., 2022), image super-resolution (Saharia et al., 2022b) and video
generation (Hu et al., 2023; Karras et al., 2023; He et al., 2022).

DDPM Accelerator. Though diffusion models have shown powerful generation performance, it
normally takes hundreds of steps to generate high-quality images (Ho et al., 2020). To accelerate the
generation speed, Song et al. (2021) propose the denoising diffusion implicit model (DDIM) which
derives ordinary differential equations for the diffusion model showing the possibility of generating
high-quality images in much less steps. Liu et al. (2022a) introduce numerical solvers to further
reduce the number of generation steps. Bao et al. (2022b) �nd that the variance in the backward
process can be analytically computed and improve the quality of the generated images. Bao et al.
(2022a) further remove the diagonal variance matrix assumption and boost the image generation
performance. Lu et al. (2022) leverage a high-order ordinary differential equations solver to reduce
the generation steps of a diffusion model to 10, while maintaining the image quality. We follow this
line of research and propose a method to better select time steps.

7 CONCLUSION

In this paper, we have proposed a novel method to alleviate the exposure bias problem in diffusion
probabilistic models. Different from previous work, which tries to reduce exposure bias by retrain-
ing the diffusion model with extra noisy inputs, we demonstrate that this bias can be mitigated by
identifying the timestep that most aligns with the subsequent predicted step. Furthermore, we theo-
retically derive the variance of this optimal next timestep. Leveraging these insights, we introduce a
novel and training-free inference algorithm, the Time-Shifted Sampler, to alleviate exposure bias in
diffusion models. Our algorithm can be seamlessly incorporated into existing sampling algorithms
for diffusion models including DDPM, DDIM, S-PNDM and F-PNDM. Extensive experimental re-
sults prove the effectiveness of our method.

9



Published as a conference paper at ICLR 2024

8 ACKNOWLEDGEMENTS

This work is funded by the CALCULUS project (European Research Council Advanced Grant
H2020-ERC-2017-ADG 788506) the Flanders AI Research Program, and the China Scholarship
Council.

REFERENCES

Fan Bao, Chongxuan Li, Jiacheng Sun, Jun Zhu, and Bo Zhang. Estimating the optimal covariance
with imperfect mean in diffusion probabilistic models.arXiv preprint arXiv:2206.07309, 2022a.

Fan Bao, Chongxuan Li, Jun Zhu, and Bo Zhang. Analytic-DPM: an analytic estimate of the opti-
mal reverse variance in diffusion probabilistic models. InInternational Conference on Learning
Representations, 2022b. URLhttps://openreview.net/forum?id=0xiJLKH-ufZ .

Jooyoung Choi, Sungwon Kim, Yonghyun Jeong, Youngjune Gwon, and Sungroh Yoon. Ilvr: Con-
ditioning method for denoising diffusion probabilistic models.arXiv preprint arXiv:2108.02938,
2021.

Prafulla Dhariwal and Alexander Nichol. Diffusion models beat gans on image synthesis.
In M. Ranzato, A. Beygelzimer, Y. Dauphin, P.S. Liang, and J. Wortman Vaughan (eds.),
Advances in Neural Information Processing Systems, volume 34, pp. 8780–8794. Curran
Associates, Inc., 2021. URLhttps://proceedings.neurips.cc/paper_files/
paper/2021/file/49ad23d1ec9fa4bd8d77d02681df5cfa-Paper.pdf .

Yingqing He, Tianyu Yang, Yong Zhang, Ying Shan, and Qifeng Chen. Latent video diffusion mod-
els for high-�delity video generation with arbitrary lengths.arXiv preprint arXiv:2211.13221,
2022.

Martin Heusel, Hubert Ramsauer, Thomas Unterthiner, Bernhard Nessler, and Sepp Hochre-
iter. Gans trained by a two time-scale update rule converge to a local nash equilibrium.
In I. Guyon, U. Von Luxburg, S. Bengio, H. Wallach, R. Fergus, S. Vishwanathan, and
R. Garnett (eds.),Advances in Neural Information Processing Systems, volume 30. Curran
Associates, Inc., 2017. URLhttps://proceedings.neurips.cc/paper_files/
paper/2017/file/8a1d694707eb0fefe65871369074926d-Paper.pdf .

Jonathan Ho, Ajay Jain, and Pieter Abbeel. Denoising diffusion probabilistic models.Advances in
Neural Information Processing Systems, 33:6840–6851, 2020.

Yaosi Hu, Zhenzhong Chen, and Chong Luo. Lamd: Latent motion diffusion for video generation.
arXiv preprint arXiv:2304.11603, 2023.

Johanna Karras, Aleksander Holynski, Ting-Chun Wang, and Ira Kemelmacher-Shlizerman. Dream-
pose: Fashion image-to-video synthesis via stable diffusion.arXiv preprint arXiv:2304.06025,
2023.

Diederik Kingma, Tim Salimans, Ben Poole, and Jonathan Ho. Variational diffusion models.Ad-
vances in neural information processing systems, 34:21696–21707, 2021.

Alex Krizhevsky. Learning multiple layers of features from tiny images. Technical re-
port, University of Toronto, 2009. URLhttps://www.cs.toronto.edu/ ˜ kriz/
learning-features-2009-TR.pdf .

Zhenghao Lin, Yeyun Gong, Yelong Shen, Tong Wu, Zhihao Fan, Chen Lin, Weizhu Chen, and Nan
Duan. Genie: Large scale pre-training for text generation with diffusion model.arXiv preprint
arXiv:2212.11685, 2022.

Luping Liu, Yi Ren, Zhijie Lin, and Zhou Zhao. Pseudo numerical methods for diffusion models
on manifolds. InInternational Conference on Learning Representations, 2022a. URLhttps:
//openreview.net/forum?id=PlKWVd2yBkY .

Xingchao Liu, Chengyue Gong, and Qiang Liu. Flow straight and fast: Learning to generate and
transfer data with recti�ed �ow.arXiv preprint arXiv:2209.03003, 2022b.

10



Published as a conference paper at ICLR 2024

Ziwei Liu, Ping Luo, Xiaogang Wang, and Xiaoou Tang. Deep learning face attributes in the wild. In
Proceedings of the IEEE International Conference on Computer Vision (ICCV), December 2015.

Cheng Lu, Yuhao Zhou, Fan Bao, Jianfei Chen, Chongxuan Li, and Jun Zhu. Dpm-solver: A
fast ode solver for diffusion probabilistic model sampling in around 10 steps.arXiv preprint
arXiv:2206.00927, 2022.

Chong Mou, Xintao Wang, Liangbin Xie, Jian Zhang, Zhongang Qi, Ying Shan, and Xiaohu Qie.
T2i-adapter: Learning adapters to dig out more controllable ability for text-to-image diffusion
models.arXiv preprint arXiv:2302.08453, 2023.

Alexander Quinn Nichol and Prafulla Dhariwal. Improved denoising diffusion probabilistic models.
In International Conference on Machine Learning, pp. 8162–8171. PMLR, 2021.

Alexander Quinn Nichol, Prafulla Dhariwal, Aditya Ramesh, Pranav Shyam, Pamela Mishkin, Bob
Mcgrew, Ilya Sutskever, and Mark Chen. GLIDE: Towards photorealistic image generation and
editing with text-guided diffusion models. In Kamalika Chaudhuri, Stefanie Jegelka, Le Song,
Csaba Szepesvari, Gang Niu, and Sivan Sabato (eds.),Proceedings of the 39th International
Conference on Machine Learning, volume 162 ofProceedings of Machine Learning Research,
pp. 16784–16804. PMLR, 17–23 Jul 2022. URLhttps://proceedings.mlr.press/
v162/nichol22a.html .

Mang Ning, Enver Sangineto, Angelo Porrello, Simone Calderara, and Rita Cucchiara. Input per-
turbation reduces exposure bias in diffusion models.arXiv preprint arXiv:2301.11706, 2023.

Aditya Ramesh, Prafulla Dhariwal, Alex Nichol, Casey Chu, and Mark Chen. Hierarchical text-
conditional image generation with clip latents, 2022.

Marc'Aurelio Ranzato, Sumit Chopra, Michael Auli, and Wojciech Zaremba. Sequence level train-
ing with recurrent neural networks. In Yoshua Bengio and Yann LeCun (eds.),4th International
Conference on Learning Representations, ICLR 2016, San Juan, Puerto Rico, May 2-4, 2016,
Conference Track Proceedings, 2016. URLhttp://arxiv.org/abs/1511.06732 .

Robin Rombach, Andreas Blattmann, Dominik Lorenz, Patrick Esser, and Björn Ommer. High-
resolution image synthesis with latent diffusion models. InProceedings of the IEEE/CVF Con-
ference on Computer Vision and Pattern Recognition (CVPR), pp. 10684–10695, June 2022a.

Robin Rombach, Andreas Blattmann, Dominik Lorenz, Patrick Esser, and Björn Ommer. High-
resolution image synthesis with latent diffusion models. InProceedings of the IEEE/CVF Con-
ference on Computer Vision and Pattern Recognition, pp. 10684–10695, 2022b.

Chitwan Saharia, William Chan, Saurabh Saxena, Lala Li, Jay Whang, Emily Denton, Seyed Kam-
yar Seyed Ghasemipour, Raphael Gontijo-Lopes, Burcu Karagol Ayan, Tim Salimans, Jonathan
Ho, David J. Fleet, and Mohammad Norouzi. Photorealistic text-to-image diffusion models
with deep language understanding. In Alice H. Oh, Alekh Agarwal, Danielle Belgrave, and
Kyunghyun Cho (eds.),Advances in Neural Information Processing Systems, 2022a. URL
https://openreview.net/forum?id=08Yk-n5l2Al .

Chitwan Saharia, Jonathan Ho, William Chan, Tim Salimans, David J Fleet, and Mohammad
Norouzi. Image super-resolution via iterative re�nement.IEEE Transactions on Pattern Analysis
and Machine Intelligence, 2022b.

Florian Schmidt. Generalization in generation: A closer look at exposure bias. InProceedings of
the 3rd Workshop on Neural Generation and Translation, pp. 157–167, Hong Kong, November
2019. Association for Computational Linguistics. doi: 10.18653/v1/D19-5616. URLhttps:
//aclanthology.org/D19-5616 .

Jascha Sohl-Dickstein, Eric Weiss, Niru Maheswaranathan, and Surya Ganguli. Deep unsupervised
learning using nonequilibrium thermodynamics. InInternational Conference on Machine Learn-
ing, pp. 2256–2265. PMLR, 2015.

Jiaming Song, Chenlin Meng, and Stefano Ermon. Denoising diffusion implicit models. InInterna-
tional Conference on Learning Representations, 2021. URLhttps://openreview.net/
forum?id=St1giarCHLP .

11



Published as a conference paper at ICLR 2024

Yang Song and Stefano Ermon. Generative modeling by estimating gradients of the data distribution.
Advances in neural information processing systems, 32, 2019.

Yang Song, Jascha Sohl-Dickstein, Diederik P Kingma, Abhishek Kumar, Stefano Ermon, and Ben
Poole. Score-based generative modeling through stochastic differential equations.arXiv preprint
arXiv:2011.13456, 2020.

Yang Song, Prafulla Dhariwal, Mark Chen, and Ilya Sutskever. Consistency models.arXiv preprint
arXiv:2303.01469, 2023.

Zhisheng Xiao, Karsten Kreis, and Arash Vahdat. Tackling the generative learning trilemma with
denoising diffusion GANs. InInternational Conference on Learning Representations, 2022. URL
https://openreview.net/forum?id=JprM0p-q0Co .

Jiasheng Ye, Zaixiang Zheng, Yu Bao, Lihua Qian, and Mingxuan Wang. Dinoiser: Diffused condi-
tional sequence learning by manipulating noises, 2023.

Fisher Yu, Ari Seff, Yinda Zhang, Shuran Song, Thomas Funkhouser, and Jianxiong Xiao. Lsun:
Construction of a large-scale image dataset using deep learning with humans in the loop, 2016.

Guoqiang Zhang, Niwa Kenta, and W Bastiaan Kleijn. Lookahead diffusion probabilistic models
for re�ning mean estimation.arXiv preprint arXiv:2304.11312, 2023a.

Haopeng Zhang, Xiao Liu, and Jiawei Zhang. Diffusum: Generation enhanced extractive summa-
rization with diffusion.arXiv preprint arXiv:2305.01735, 2023b.

Lvmin Zhang and Maneesh Agrawala. Adding conditional control to text-to-image diffusion models.
arXiv preprint arXiv:2302.05543, 2023.

Qinsheng Zhang and Yongxin Chen. Fast sampling of diffusion models with exponential integrator.
In The Eleventh International Conference on Learning Representations, 2023 .

12



Published as a conference paper at ICLR 2024

A L IMITATION AND FUTURE WORK

In this work, we introduce the Time-Shift Sampler, a training-free mechanism devised to mitigate
the exposure bias problem inherent to the diffusion model, thereby enhancing the quality of gen-
erated images. Despite its ef�cacy, our sampler suffers from the limitation that it introduces two
parameters, i.e., window size and cutoff value. We estimate their values based on the statistical anal-
ysis of training data. However, more advanced methods to analytically derive the optimal value of
these two parameters might be possible since both the cutoff value and the window size are related
to the noise level of each step. We leave this further exploration to future work. We also foresee
possibilities to use the concept of the Time-Shift Sampler in other Markovian processes where a
reduction in processing steps is desired.

B FIGURE DETAILS

In this section, we present the detailed procedures to plot Figures 2, 3, and 4.

To plot Figure 2, we compute the variance at the instance level so that we can measure how much
the variance of each sample varies as time progresses. Speci�cally, suppose we obtain a samplex

of size3 � 32 � 32, we �rst �atten it to 3072. Then we compute the variance ofx as
P n

i (x i � �x )2

n � 1 ,
where�x is the mean ofx. Thus, for each sample we obtain a variance of its own, which leads to the
density plot in Figure 2.

Figure 3 shows the mean square error (MSE) between the prediction and ground truth at each step
in the backward process. Given an image denoted asx0, by applying Equation 2 we could obtain a
sequence ofx t ; t = 1 ; 2; � � � ; T � 1. Taking eachx t and the paired time stept to run the backward
process, we would obtain a sequence of predictedx̂ t

0; t = 1 ; 2; � � � ; T � 1. Ideally, we would expect
all these predicted̂x t

0; t = 1 ; 2; � � � ; T � 1, to be exactly equal to the ground truthx0, as they are
generated using the givenx0. However, this is not the case in practice. In our experiments, we
found that only whent < t s (around 650 steps in our experiment using DDIM) we could obtain the
originalx0 by running the backward process with paired(x t ; t). Fort > t s, the image created using
(x t ; t) differs from the originalx0. This observation also reveals that the image generation process
of diffusion models basically contains two stages. In the �rst stage, the model moves the Gaussian
distribution towards the image distribution and no modes are presented at this stage, which means
we can not know which images will be generated. In the second stage, the prediction shows that
clear patterns and modes are presented. We can predict which images will be generated following
the backward process. This observation led us to divide the error computation into two stages. The
full explanation, including the equations, is shown in Figure 8

To plot Figure 4, we follow the method used in plotting Figure 3 to generate the ground truth example
for each step and compute the MSE between predictedx̂ t and the ground truthx t andx t s .

C ADDITIONAL EXPERIMENTAL SETUP

Instead of generating many samples ofx t � 1 to estimatevar(x t � 1), which brings additional compu-
tational workload, we �nd that under some assumption (see derivation of Theorem 3.1 in Section J.1)
thevar(x t � 1) could be estimated using the inter variance of a singlex t � 1, Thus during sampling,
we compute the variance within eachx t � 1.

Following DDIM (Song et al., 2021), we use two types of time step selection procedures, namely
uniformandquadratic. For comparing different sampling methods, the architecture of our models
follows the one of DDPM (Ho et al., 2020). For all datasets, we use the same pretrained models for
evaluating the sampling methods. For CIFAR-10 and LSUN-bedroom, we obtain the checkpoints
from the original DDPM implementation; for CelebA, we adopt the DDIM checkpoints. To carry
out the comparison between ADM (Dhariwal & Nichol, 2021), ADM-IP (Ning et al., 2023) and our
method, we choose the ADM architecture and the checkpoints from ADM-IP.
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Figure 8: The detailed procedure for computing the MSE.

D ERRORANALYSIS

We provide here more examples of prediction errors on training samples for different sampling steps
for the different datasets. Figure 9 presents the prediction errors obtained in the CelebA dataset,
which show similar patterns as those of the CIFAR-10 dataset as dipicted in Figure 3.

(a) 10 steps (b) 20 steps (c) 50 steps (d) 100 steps

Figure 9: CelebA prediction errors of training samples for different numbers of sampling steps.

E TRAINING-INFERENCEDISCREPANCY

We provide more examples on the training-inference discrepancy for the different datasets in Figure
10, 19 and 20. For varying numbers of time steps, the same training-inference discrepancy pattern
can be observed as in Figure 4. Speci�cally, for a certain backward stept, given a time step window
[t � w; t + w] surroundingt, there exists a time stepts that might couple better with the predicted
next statêx t � 1. And as sampling progresses, the coupling effects forx̂ t � 1 become identical for
surrounding time steps.
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Figure 10: The training and inference discrepancy of DDIM with 10 sampling steps for window
size=20: Left: CelebA dataset; Right: CIFAR-10 dataset.

F SAMPLING TIME COMPARISON

We report a detailed comparison of sampling time using different sampling methods in Table 3 and
4.

Sampling Method 5 steps 10 steps 20 steps 50 steps
DDIM 19.57 ms 43.46 ms 90.90 ms 232.47 ms
TS-DDIM 22.30 ms (+13.9%) 47.53 ms (+9.4%) 101.01 ms (+11.1%) 271.25 ms (+16.7%)
S-PNDM 24.35 ms 48.32 ms 93.69 ms 235.93 ms
TS-S-PNDM 26.44 ms (+8.5%) 52.08 ms (+7.78%) 105.72 ms (+12.84%) 259.19 ms (+9.86%)
F-PNDM 63.93 ms 86.23 ms 132.03 ms 268.65 ms
TS-F-PNDM 64.39 ms (+0.7%) 92.61 ms (+7.39%) 141.38 ms (+7.08%) 302.88 (+12.74%)

Table 3: Sampling time comparison for different sampling methods on CIFAR-10 using DDPM as
backbone.

Sampling Method 5 steps 10 steps 20 steps 50 steps
ADM w/ DDIM 39.26 ms 79.30 ms 157.43 ms 393.77 ms
ADM w/ TS-DDIM 40.09 ms (+2.10%) 82.26 ms (+3.70%) 160.45 ms (+1.92%) 394.95 ms (+0.29%)

Table 4: Sampling time comparison for DDIM andTS-DDIM on CIFAR-10 with ADM as backbone.

G CASE STUDY

Figure 11: Example of generation process ofTS-DDIM and DDIM on CIFAR-10. We use the
horizontal black arrow to represent the time line, with the DDIM generation chain above it,TS-
DDIM generation chain underneath it. We sample 10 steps with window[t � 20; t + 20] and cutoff
value=200.
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The proposed novel sampling method is motivated by the theoretical and empirical analysis of the
exposure bias problem in DDPM. Experimental results show that our sampling method can effec-
tively improve the quality of the generated images compared to images generated with the original
DDIM/DDPM models quantatively measured with the FID score. We present the comparison of the
generation chain ofTS-DDIM (our method) and DDIM in Figure 11. It can be seen thatTS-DDIM
shifted most of the time steps before reaching the cutoff value, which yields a much better generation
quality of the image of a horse. Additional qualitative examples will be presented in the Appendix I.

We also visualize the selected timestep trajectory in Figure 12. Before the cutoff value 200, time
shift happens to all the timesteps. This is especially visible for the time steps within the range of
(300, 600), where more time shifts happen, and time steps can shift to both larger or smaller time
steps within the window. Figure 12 demonstrates that most of the time shifting happens in the
intermediate range of the backward process. This phenomenon might be due to the fact that at the
initial stage (whent is large), the samples are predominantly in�uenced by the initialized normal
distribution, leading to minimal variance change. Conversely, in the later stage (whent is small),
the samples are predominantly composed of image data, containing most of the image information.
This makes it easier for the model to make accurate predictions.

Figure 12: Comparison of timestep trajectory forTS-DDIM and DDIM on CIFAR-10 with DDPM
as backbone using 10 sampling steps and uniform time selection. We use the red dashed line and
blue line to present the time step trajectories for the original DDIM and our TS-DDIM, respectively.
To improve visibility, we also zoom in for the time steps between 300 to 600.

H QUALITATIVE EXAMPLES

In this section we present the example images generated using different sampling methods with
uniformtime selection procedure for varying sampling time steps. Generated examples can be found
in Figure 13, 14, 15, 16, 17 and 18. It can be seen that we can generate images with good quality
for less than 10 sampling steps.

I A DDITIONAL RESULTS

We present more results obtained with the LSUN-bedroom dataset (Yu et al., 2016) in Table 5.
Limited by computational resources, we do not properly tune the parameters, i.e., window size and
cutoff values, for the LSUN-bedroom. We leave the exploration of a more ef�cient tuning strategy
on high-resolution images for future work.

In Table 6 we compare our method with Analytic-DPM (Bao et al., 2022b). The results of Analytic-
DPM are directly taken from the paper.
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Figure 13: CIFAR-10 samples for varying time steps using TS-DDPM.

Figure 14: CIFAR-10 samples for varying time steps using TS-DDIM.

Figure 15: CelebA samples for varying time steps using TS-DDPM.
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