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Cat on chair peering over top of table at glass of 
beverage.

SD SD + PF SD SD + PF SD SD + PF

A couch, table, chairs and a tv are featured in a 
den with blue carpeting.

A dining room table with a bottle of wine and wine 
glasses and a pot of carrots

A bathroom with a white toilet sitting next to a 
bathroom sink.

Two donuts, banana, cup and a book on the table.

A man sitting on a bed with a dog while holding 
a cell phone.

Figure 1. Sample images generated by Stable Diffusion v2.1 with and without our particle filtering algorithm (PF). The left two columns
illustrate the missing object errors, and the right column illustrates the unnatural distortions. Missing objects are highlighted in red.

Abstract

Despite diffusion models’ superior capabilities in mod-
eling complex distributions, there are still non-trivial distri-
butional discrepancies between generated and ground-truth
images, which has resulted in several notable problems in
image generation, including missing object errors in text-to-
image generation and low image quality. Existing methods
that attempt to address these problems mostly do not tend
to address the fundamental cause behind these problems,
which is the distributional discrepancies, and hence achieve
sub-optimal results. In this paper, we propose a particle
filtering framework that can effectively address both prob-
lems by explicitly reducing the distributional discrepancies.
Specifically, our method relies on a set of external guid-
ance, including a small set of real images and a pre-trained
object detector, to gauge the distribution gap, and then de-
sign the resampling weight accordingly to correct the gap.
Experiments show that our methods can effectively correct
missing object errors and improve image quality in vari-
ous image generation tasks. Notably, our method outper-

forms the existing strongest baseline by 5% in object oc-
currence and 1.0 in FID on MS-COCO. Our code is pub-
licly available at https://github.com/UCSB-NLP-
Chang/diffusion_resampling.git.

1. Introduction

Diffusion models have achieved impressive success in gen-
erating high-quality images in various image-generation ap-
plications [3, 6, 15, 20, 23, 25, 29, 31, 40, 43–45, 47, 48,
50, 51, 54–57, 61, 66, 67]. Such success can be ascribed to
diffusion models’ superior capability in modeling complex
data distributions and thus low distributional discrepancies
between the real and generated images. However, the dif-
fusion generation process still introduces distributional dis-
crepancies in modeling data distributions, due to the limited
representation power of the denoising network, the errors
introduced in discretizing and numerically solving the con-
tinuous ODE or SDE denoising trajectories [32, 65], etc.

Such distributional discrepancies have led to several no-
table problems in image generation. For example, in text-to-
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image generation, diffusion models suffer from the missing
object errors, i.e., objects that are mentioned in the input
text are sometimes not generated [18, 42, 62]. As shown in
Figure 1 top-left, given the input description ‘Cat on chair
peering over top of table at glass of beverage’, the sta-
ble diffusion model [48], a powerful text-to-image model,
sometimes fails to generate the glass of beverage.

Another well-known problem in diffusion-based image
generation is the low image quality, such as artifacts and
unnatural distortions. In Figure 1 bottom-right, given the
input description ‘A man sitting on a bed with a dog while
holding a cell phone’, a sample image generated by stable
diffusion contains a person with a missing left lower leg.

Since the fundamental cause behind these problems is
the distribution gap between the generated and real images,
an effective remedy to these problems should be to close the
distribution gap. However, the existing research attempts to
address these problems either do not aim to close the gap,
or are not effective in doing so. For example, to address
the missing object errors, some previous works designed
cross-attention mechanism that controls how each token in
the caption should be attended so that no object is ignored
[4, 18, 35, 62], but they do not aim to reduce the distribu-
tional gap, so their effects on generating complete objects
are limited [30], and their over-emphasis on improving ob-
ject occurrence could lead to quality degradation. To ad-
dress the low image quality issue, Kim et al. [32] introduces
a discriminator to rectify the score function in the diffusion
generation process, which is still subject to errors due to
numerically solving the ODE/SDE denoising trajectories.

In this paper, we aim to develop a sampling-based frame-
work that can effectively address both issues above by ex-
plicitly reducing the distributional discrepancies. We first
present some findings of our initial exploration, which
shows that sampling-based methods turn out to be a more
effective way of modifying the output distribution of gen-
erated images and achieving desired generation properties
than the more complicated baselines. Based on these find-
ings, we design a particle-filtering framework [12, 16] that
allows us to approximately sample from the ground-truth
distribution. Specifically, our method relies on a set of ex-
ternal guidance, including a small set of real images and
a pre-trained object detector, to gauge the distribution gap,
and then design the resampling weight accordingly.

We evaluate our approach on text-to-image generation,
unconditional and class-conditioned generation. On exist-
ing text prompt benchmarks [36, 62], our approach outper-
forms all the competitive specialized text-to-image methods
in improving faithfulness to input text and image quality, as
illustrated in Figure 1. Notably, our method outperforms the
existing strongest baseline by 5% in object occurrence and
1.0 in FID on MS-COCO. On ImageNet-64, our method
achieves a state-of-the-art FID of 1.02 for class-conditioned

generation, outperforming the strong baseline that uses dis-
criminator guidance [32].

2. Related Works
Faithful Text-to-image Generation. Recent studies
highlight faithfulness as a key challenge in text-to-image
diffusion models [9–11, 18, 19, 34, 37, 41, 42, 62], includ-
ing missing objects, mistakenly bound attributes, wrong
locations, etc. To address this challenge, existing work
modifies the diffusion generation process to separately
focus on each aspect in the caption and later combine the
outputs of each part [17, 38, 59]. For example, Wu et al.
[62] and Feng et al. [18] modify the cross-attention between
image and text to separately attend to each noun phrase
in the text, and combine attention outputs. Several works
leverage layout information to increase objects’ attention
weights in specified image regions [4, 35, 62]. Karthik
et al. [30] also employs the sample selection idea, but their
selection is only performed at the final step, and does not
aim to approach the true distribution, whereas our method
reduces the distributional gap at each denoising step.
Moreover, our method can extend beyond text-to-image
generation.

Particles in Diffusion Generation. Particle filtering has
been applied in diffusion generation to obtain samples from
a target distribution [2, 58, 60]. However, these works fo-
cus on re-purposing an unconditional diffusion model as a
conditional model, rather than reducing the gap with the
ground-truth distribution. Corso et al. [13] proposes parti-
cle guidance to increase the diversity among generated sam-
ples. Their method modifies the score function with a joint-
particles potential, which is orthogonal to our work.

Diffusion Generation with Discriminator. Discrimina-
tors have been used to improve diffusion generation. Xiao
et al. [63] uses a GAN to approximate multimodal distribu-
tions in the denoising process to reduce the number of de-
noising steps. Kang et al. [27] trains diffusion models with
the additional objective of fooling a discriminator to im-
prove image quality when the number of denoising steps is
small. Kim et al. [32] leverages a discriminator to generate
samples closer to ground-truth distribution. However, their
discriminator is used to modify the model score, whereas
ours is used to resample images, which is less affected by
the discretization errors of the sampling algorithm.

3. Methodology
3.1. Background and Notation

Throughout this section, we use upper-case letters, X, to
denote random vectors, and lower-case letters, x, to denote
deterministic vectors. We use the colon notation, X1:T , to
denote a set of variables ranging from X1 to XT .
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In this work, we will primarily focus on text-to-image
diffusion models, which, given an input text description de-
noted as C, generate images that satisfy the text descrip-
tion via a denoising process that generates a sequence of
noisy images from XT down to X0, where X0 represents
the clean image, and Xt represents the image corrupted
with Gaussian noise. The noise is larger with a greater t,
and with sufficiently large T , XT approaches pure Gaussian
noise. The denoising process can be formulated as follows:

q(X0:T |C) = q(XT )

T−1∏
t=0

q(Xt|Xt+1,C), (1)

where q(XT ) follows the pure Gaussian distribution. Differ-
ent denoising algorithms would induce different transitional
probabilities q(Xt|Xt+1,C). Since our work does not rely
on specific choices of denoising algorithms, we will leave
q(Xt|Xt+1,C) abstract throughout this section.

In the following, we will use p(Xt|C) to denote the
ground-truth distribution, i.e., real images corrupted with
Gaussian noise, and q(Xt|C) as the distribution produced
by the actual denoising network. Due to the learning ca-
pacity of the denoising network and approximation errors,
q(Xt|C) can differ from p(Xt|C).

3.2. Problem Formulation

The general goal of this paper is to reduce the gap between
q(Xt|C) and p(Xt|C), with the help of some external guid-
ance, in order to address the following two prominent diffu-
sion generation errors.
• Missing Object Errors: The generated images some-

times miss the objects mentioned in the text input. For-
mally, we introduce two bag-of-object variables. One is
the object mention variable, denoted as OC , whose i-th
element, OCi, equals one if object i is mentioned in the
input text C and zero otherwise. The other is the object
occurrence variable, denoted as OX , whose i-th element,
OXi, equals one if object i occurs in the image X0 and
zero otherwise. Then the missing object errors refer to
the case where OCi = 1 but OXi = 0.

• Low Image Quality: The generated images can some-
times suffer from unnatural distortion and texture. The
low image quality problem can be ascribed as the general
distribution gap between p(X0) and q(X0).

We consider the following two types of external guidance
to correct the generation errors.
• An object detector which can predict the probability that

a certain object appears in the image, i.e. p̂(OXi = 1|X0),
which provides useful information in correcting the miss-
ing object errors.

• A small set of real images, D, either with or without text
captions, which is useful in gauging the distribution gap.

In the following, we will develop different methods under
different availability of external guidance.

3.3. Initial Exploration: A Naive Approach

As an initial exploration, we first focus on the subproblem
that uses the object detector to correct the missing object
errors. We will start with a naive sample selection approach,
consisting of two steps. First, we use the diffusion model to
generate K samples,

⋃K
k=1{x

(k)
0 }. Second, we simply select

the image with the best object occurrence probability of the
objects that are mentioned in the text, i.e.,

max
x
(k)
0

∏
i:OCi=1

p̂(OXi = 1|X0 = x
(k)
0 ). (2)

We dub the approach as OBJECTSELECT, whose implemen-
tation details are elaborated in Appendix C.

We run OBJECTSELECT on two benchmark datasets
(GPT-Synthetic [62] and MS-COCO [36]) with com-
plex text descriptions, together with four baselines that also
use object detectors or other object occurrence feedback to
improve the object occurrence of the generated images. The
object occurrence ratios of all the methods are shown in
Figure 4. As can be observed, OBJECTSELECT can signif-
icantly outperform the other baselines, some of which are
much more complicated. More details of this experiment
can be found in Section 4.1.

Admittedly, despite the effectiveness of OBJECTSE-
LECT, this algorithm comes with obvious limitations. First,
it only addresses the object occurrence issue and does not
aim to approach the ground-truth conditional distribution
p(X0|C), so the selected images may compromise in qual-
ity. Second, the success of this approach relies on gener-
ating a sufficiently large number of samples to be able to
find a few with good object occurrence, so the sample ef-
ficiency is low. However, this experiment does provide us
with an important insight: Performing sampling on multiple
generation paths of diffusion models turns out to be a direct
and effective way of modifying the generation distribution
of diffusion models. Similar observations are also made in
previous works [30, 46, 52]. If OBJECTSELECT can already
do so well, can we design an even more effective sampling-
based algorithm that overcomes its limitations and can si-
multaneously correct for the missing object errors and im-
prove image quality?

3.4. A Particle Filtering Framework

Particle filtering has long been an effective Monte-Carlo
sampling framework for approximately generating random
samples from a target distribution [12, 16], and has been
successfully applied to diffusion models [58, 60]. Inspired
by this, we will explore how to incorporate the external
guidance into the particle filtering framework, to achieve
a target distribution of p(X0|C).

Our particle filtering framework obtains samples of X0:T

in reverse order. It first generates K samples of XT , denoted
as {x(k)

T }, conditional on which K samples of XT−1 are

3
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(b) Particle filtering framework with the Restart sampler.

Figure 2. Illustration of our particle filtering framework.

derived. This process continues until K samples of X0 are
obtained. Specifically, samples of Xt, {x(k)

t }, are derived
from samples of Xt+1, {x(k)

t+1}, via the following two steps.
Step 1: Proposal. For each sample x

(k)
t+1, propose a sam-

ple of Xt based on a proposal distribution r(Xt|Xt+1 =

x
(k)
t+1,C). This sample is denoted as x̃

(k)
t .

Step 2: Resampling. Given all the sample pairs⋃K
k=1{(x

(k)
t+1, x̃

(k)
t )}, resample from this set K times (with

replacement) with a probability proportional to a weight
function, w(x

(k)
t+1, x̃

(k)
t |C), and then only keep the latter in

each sample pair. The resulting samples become {x(k)
t }.

Therefore, the key to the design of a particle fil-
tering algorithm involves designing 1) the proposal dis-
tribution r(Xt|Xt+1,C), and 2) the resampling weight
w(Xt+1,Xt|C). Consistent with the design principles in
Wu et al. [60], we adopt the following design:

r(Xt|Xt+1,C) = q(Xt|Xt+1,C),

w(Xt+1,Xt|C) =
ϕt(Xt|C)

ϕt+1(Xt+1|C)
.

(3)

The first line essentially means that the proposal step be-
comes the denoising step of the diffusion model. Denote
the distribution that {x(k)

t } follows as v(Xt|C). Then it can
be easily shown that, if we follow the design in Eq. (3),

v(Xt|C) = q(Xt|C)ϕt(Xt|C). (4)

The proof is provided in Appendix A. In other words,
ϕt(Xt|C) can be interpreted as a correction term that mod-
ifies the distribution of Xt. If we could set

ϕt(Xt|C) =
p(Xt|C)

q(Xt|C)
, (5)

then we can ideally achieve v(Xt|C) = p(Xt|C),∀t, which
means the final generated image will follow the real image
distributions. Figure 2a illustrates the overall process.

Now the question is how to compute the conditional like-
lihood ratio in Eq. (5). Sections 3.5 and 3.6 introduce two
methods with different requirements on external guidance.

Conditional 
Discriminator

&!
'

(

Eq.(7) Conditional 
Likelihood 

Ratio
!!

Unconditional 
Discriminator

&!
(

Eq.(7)* Unconditional 
Likelihood 

Ratio
!!

Object 
Detector

)&& = + &!

Object 
Mention 

Ratio

Eq.(10)

Eq.(11)

* with condition on ! removed

(a) Discriminator-based approach.
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(b) Hybrid approach.

Figure 3. Calculation of the correction term ϕt(Xt|C).

3.5. A Discriminator-Based Approach

Our first method, shown in Figure 3a, only utilizes a small
set of real images with captions as the external guidance. It
involves training a discriminator that discriminates between
real and generated examples. Specifically, given a text de-
scription C, real samples of Xt are obtained by corrupting
real images that correspond to C with Gaussian noise; fake
samples of Xt are obtained by first generating images using
the diffusion model with C as the text condition, and then
corrupting the generated images with Gaussian noise.

Given the real and fake samples, we train a conditional
discriminator d(Xt|C; t) by minimizing the canonical dis-
crimination loss

L = EC,t

[
EXt∼p(Xt|C)[− log d(Xt|C; t)]

+EXt∼q(Xt|C)[− log(1− d(Xt|C; t))]
]
.

(6)

It has been shown [21] that the minimizer of (6), denoted as
d∗(Xt|C; t), can be used to compute the conditional likeli-
hood ratio as:

p(Xt|C)

q(Xt|C)
≈ d∗(Xt|C; t)

1− d∗(Xt|C; t)
. (7)

Theoretically, the discriminator-based approach can correct
any distributional discrepancies between real and generated
images. However, due to the limitation in representation
power and optimization schemes, the discriminator may fail
to capture certain errors, such as the missing object errors.
Next, we will introduce an alternative approach with a more
fine-grained correction of different error types.

3.6. A Hybrid Approach

The hybrid approach (in Figure 3b) uses both the object de-
tector and real image set as the external guidance to address
the missing object errors and poor image quality respec-
tively. Formally, according to the Bayes rule, we decom-
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pose the conditional likelihood ratio in Eq. (5) as follows:

p(Xt|C)

q(Xt|C)

①
=

p(Xt|C,OC)

q(Xt|C,OC)

=
q(C,OC)

p(C,OC)
· p(Xt)

q(Xt)
· p(OC |Xt)

q(OC |Xt)
· p(C|OC ,Xt)

q(C|OC ,Xt)
.

(8)
Equality ① is due to the fact that the information in OC ,
by definition, comes entirely from C. The right-hand side
of Eq. (8) consists of four terms. The first term is about
the prior distribution of text conditions, which should equal
one because the text prior is not impacted by the denoising
process. The second term addresses the general distribu-
tional discrepancies in images, which accounts for the low
image quality issue. The third term accounts for the missing
object errors. The fourth term accounts for any other incon-
sistencies between the image and text, such as inconsistent
object characteristics, mispositioned objects, etc. Since our
current focus is on correcting missing object errors and im-
proving image quality, we will focus on estimating the sec-
ond and third terms, which we will refer to as the uncondi-
tional likelihood ratio and object mention ratio respectively.

Estimating the unconditional likelihood ratio. The un-
conditional likelihood ratio can be estimated the same way
as in Section 3.5, except that the discriminator should be re-
placed with an unconditional one without C, hence denoted
as d(Xt; t). Accordingly, we can replace the discrimina-
tor in Eq. (7) with d∗(Xt; t) to compute the unconditional
likelihood ratio. As a result, this hybrid approach does not
require that the image set comes with captions.

Estimating the object mention ratio. Assuming con-
ditional independence of different dimensions of OC , the
object mention ratio can be further factorized as follows:

p(OC |Xt)

q(OC |Xt)
=

∏
i p(OCi|Xt)∏
i q(OCi|Xt)

=

∏
i:OCi=1 p(OCi = 1|Xt)∏
i:OCi=1 q(OCi = 1|Xt)

·
∏

i:OCi=0 p(OCi = 0|Xt)∏
i:OCi=0 q(OCi = 0|Xt)

.

(9)
Essentially, Eq. (9) divides the objects into two groups, ones
that are mentioned in the caption, and ones that are not. So
the first term corrects for the missing object errors and the
second term corrects for the false generation (i.e., generat-
ing objects that are not mentioned in the caption). Since the
main concern of diffusion generation is the former, we will
focus on computing the first term.

The numerator, p(OCi = 1|Xt), measures, pretending
that the noisy image Xt were corrupted from a real image
and that the real image had a caption, what is the probability
that the caption would mention object i. Since the caption
almost always reflects what is in the image, this probability
can be easily approximated by running the object detector
on the predicted clean image from Xt. Formally, denote
f(Xt) as the one-step prediction of the clean image by the

diffusion model, then

p(OCi = 1|Xt) ≈ p̂(OXi = 1|f(Xt)). (10)

A more rigorous derivation is provided in Appendix B.
The denominator, q(OCi = 1|Xt), measures, pretending

that the noisy image Xt were generated by the (imperfect)
diffusion model conditional on an input description C, what
is the probability that the input text had mentioned object
i. Unlike the numerator, if an object i does not appear in
the image, there is still a non-zero chance that the caption
had mentioned the object i, considering the diffusion model
may miss the object. As formally derived in Appendix B,
this probability can be approximated as

q(OCi = 1|Xt) ≈ p̂(OXi = 1|f(Xt))

+ p̂(OXi = 0|f(Xt))
(1− κit)πit

(1− κit)πit + 1− πit
,

(11)
where πit is a hyper-parameter between 0 and 1; and

κit =
EXt,C∼q(Xt,C)[1(ÔXit = 1 ∧OCi = 1)]

EC∼q(C)[1(OCi = 1)]
(12)

denotes the percentage of occurrence of object i in the im-
age predicted from Xt when the text description mentions
object i. ÔXit denotes the (estimated) occurrence of object
i in the clean image predicted from Xt, i.e. f(Xt), which is
computed by passing f(Xt) to the object detector and then
see whether the output exceeds the threshold 0.5. 1(·) de-
notes the indicator function.

To compute κit, we would need to run an initial gener-
ation round, where we feed a set of text descriptions to the
diffusion model (without particle filtering) and generate a
set of images. The numerator of Eq. (12) is computed by
counting how many text-image pairs mention object i in the
text and the corresponding ÔXit equals one; the denomi-
nator is computed by counting how many text descriptions
mention object i. Although the initial generation round in-
troduces extra computation, it only needs to perform once.

Summary. To sum up, in the hybrid approach, ϕt(Xt|C)

is computed as

ϕt(Xt|C) =
p(Xt)

q(Xt)
·
∏

i:OCi=1 p(OCi = 1|Xt)∏
i:OCi=1 q(OCi = 1|Xt)

, (13)

where the first term is computed by training an uncondi-
tional discriminator (similar to Eq. (7)), and the second term
is computed from Eqs. (10) and (11) using the object detec-
tor. Algs. 1 and 2 in Appendix describe the particle filtering
algorithm and the calculation of ϕt(Xt|C) respectively.

3.7. Generalization to Other Generation Settings

The proposed algorithm can be applied beyond text-to-
image generation to generic conditional and unconditional
generations by setting C to other conditions or an empty set
respectively. In this case, the discriminator-based approach
will be used as the hybrid approach is no longer applicable.
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4. Experiments
In this section, we will first demonstrate the effectiveness of
our method on reducing the missing object errors and im-
proving the image quality in text-to-image generation. We
then evaluate our method on standard benchmarks of un-
conditional and class-conditioned generation. Finally, we
will investigate various design choices in our framework.

4.1. Text-to-Image Generation

Datasets. We use two datasets: (1) GPT-Synthetic
was originally introduced in Wu et al. [62] to evaluate text-
to-image models’ ability in generating correct objects and
their associated colors and positions. It contains 500 text
descriptions generated by GPT-3 [7]. Each description con-
tains 2 to 5 objects in MS-COCO [36], and objects are asso-
ciated with random colors and spatial relations with other
objects, e.g., ‘The tie was placed to the right of the red
backpack.’ (2) We also evaluate on the validation set of
MS-COCO. However, we focus on the subset of complex
descriptions that contain at least four objects, which results
in 261 captions (please see details in Appendix C).

Baselines. We compare with seven baselines: ❶ SD,
which is the Stable Diffusion model [48] (v2.1-base) as
is; ❷ D-GUIDANCE [32] that modifies the score function
by adding an additional term ∇ log p(Xt|C)

q(Xt|C)
, where we use

the hybrid approach in Section 3.6 to estimate ϕt(Xt|C) =
p(Xt|C)
q(Xt|C)

; ❸ SPATIAL-TEMPORAL [62] and ❹ ATTEND-
EXCITE [9] that modify each denoising step to ensure each
object in the caption is attended (please refer to Section 2
for details); ❺ OBJECTSELECT described in Section 3.3; ❻
TIFASELECT and ❼ REWARDSELECT, both in [30], which
are similar to ❺ but use TIFA score [26] and ImageReward
[64] as the selection criteria respectively. We use Stable
Diffusion v2.1-base for our method and baselines if possi-
ble (only ❸ does not support it, for which we use v1.5).
For methods that leverage an object detector, we use DETR
[8] with ResNet-50 backbone [22]. For all sample selection
methods (❺-❼ and ours), we select the best image based on
each method’s sampling criterion for evaluation.

Metrics. We evaluate generated images using both objec-
tive and subjective metrics. For objective evaluation, we use
Object Occurrence to measure the percentage of objects
that occur in generated images over all objects mentioned
in the caption. We calculate the percentage for each caption
and take the average over all captions in the dataset. We
use an object detector (DETR with ResNet-101 backbone)
different from the one used during generation. In addition,
we also calculate Fréchet inception distance (FID) [24] as
a measure for image quality. Similar to Xu et al. [65], we
calculate FID on 5,000 captions in the MS-COCO validation
set that contain at least one object. For subjective evalu-
ation, we recruit annotators on Amazon Mechanical Turk

to compare images generated by our method and baselines.
Annotators are asked to evaluate two aspects: (1) (Object)
Given an image, annotators need to identify all objects in it.
(2) (Quality) Given two images for the same caption, anno-
tators need to select the one that looks more real and natu-
ral. We randomly sample 100 captions1 from each dataset
for evaluation, and each image is rated by two annotators.

Diffusion samplers. All the methods are evaluated on the
Restart sampler [65]. The only exceptions are SPATIAL-
TEMPORAL and ATTEND-EXICTE, which use the same
samplers as in their papers. The Restart sampler iterates be-
tween three steps: ❶ Denoise from t+N to t using the ODE
trajectory; ❷ Restart by adding the noise back to the level
t+N . ❸ Denoise from t+N to t again, and either go back
to step ❷ or proceed to the next iteration which denoises to
t − N ′. As shown in Figure 2b, our methods are combined
with the Restart sampler by inserting the resampling mod-
ule right before adding noise. We also experimented with
the SDE sampler in EDM [29], but we found Restart sam-
pler generally dominates EDM on both object occurrence
and image quality. We thus only focus on Restart sampler
in the main paper. EDM results are shown in Appendix C.

Sampling configurations. To have a fair comparison in
terms of the computation cost, we evaluate all sample se-
lection methods (including ours) under a comparable num-
ber of function evaluations (NFE). Specifically, we gener-
ate each image with a fixed NFE and report performance
when K = 5, 10, 15 images are generated for each caption.
This ensures a fair comparison for methods with the same
value of K. For non-selection methods (SD, D-GUIDANCE,
SPATIAL-TEMPORAL, and ATTEND-EXCITE), we use the
original sampling configuration in their papers and thus
only report a single performance on each dataset. Appendix
C details the computation cost for all methods.

Results. Figure 4 shows object occurrence and FID for all
methods. The performance of sample selection methods is
reported for three different values of K, which are indicated
by the sizes of the points in the figure. A competitive algo-
rithm should achieve a high object occurrence rate (right)
and low FID (bottom), so the more the algorithm lies to the
bottom-right corner, the more competitive the algorithm is.

There are two observations from Figure 4. First, the
sampling-based methods (represented by circles) generally
significantly outperform the non-sampling-based ones (rep-
resented by crosses). In particular, although SPACIAL-
TEMPORAL and ATTEND-EXCITE improve object occur-
rence, the improvements are not as large as other sampling-
based methods, and their computational costs (as shown
in Appendix C) are also high compared to the sampling-

163 % of captions in MS-COCO dataset contain “person” as an object.
To evaluate on a more uniform distribution of objects, we randomly sample
25 captions that contain person and 75 captions that do not.
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Figure 4. FID (↓) vs. Object occurrence (↑) for all methods. Ideal
points should scatter at the bottom right corner. Object occurrence
is measured on GPT-Synthetic (left) and MS-COCO (right),
and FID is measured on MS-COCO. K = 5, 10, 15 images are
generated for sample selection methods, and the sizes of points
indicate the value of K (larger K has larger points). The method
that achieves the best combined performance is highlighted in red.

GPT-Synthetic MS-COCO

Object Quality vs. Object Quality vs.
Occur (↑) PF-HYBRID (↑) Occur (↑) PF-HYBRID (↑)

SD [48] 64.48 -6.00 59.87 -3.00
REWARDSELECT [30] 71.97 -3.00 63.25 -3.00
OBJECTSELECT 70.96 -11.00 67.35 -9.00
PF-DISCRIMINATOR 68.87 -8.00 59.98 -2.00
PF-HYBRID 75.79 – 68.13 –

Table 1. Human evaluation on object occurrence and image qual-
ity. ‘Quality’ is the win rate against PF-HYBRID (minus 50). Neg-
ative values indicate the method is worse than PF-HYBRID.

based methods. Second, our PF-HYBRID is the only algo-
rithm that simultaneously achieves high object occurrence
and low FID. OBJECT-SELECT achieves a high object oc-
currence, but the worst FID scores. The other proposed
method, PF-DISCRIMINATOR, achieves a very low FID, but
the object occurrence is significantly compromised, which
verifies our claim that conditional discriminators tend to
overlook object occurrence and focus only on image qual-
ity (Section 3.5). Notably, all three methods proposed in
this paper, OBJECT-SELECT, PF-DISCRIMINATOR and -
HYBRID lie at the frontier of the performance trade-off, sig-
nificantly outperforming the existing baselines.

Table 1 shows the results for subjective evaluations,
where object occurrence is computed the same way as the
objective object occurrence. The quality score is computed
as follows. Since PF-HYBRID is the most competitive al-
gorithm, we perform a pairwise comparison between PF-
HYBRID and each baseline. The baseline gets one point
everytime a subject prefers the baseline over PF-HYBRID.
Each comparison consists of 100 pairs so a score of 50 in-
dicates a tie. We subtract all the scores by 50 so a negative
score in each baseline indicates that PF-HYBRID is better.
As can be observed, PF-HYBRID outperforms all the base-
lines in terms of object occurrence and subjective quality.

Figure 5 visualizes some generated images by our

method and baselines. As can be observed, the restart sam-
pler can generate natural images but tends to miss objects
mentioned in the text. OBJECTSELECT reduces the miss-
ing object errors but could lead to unnatural objects in the
image (e.g., knife and fork). PF-HYBRID generates more
complete objects and also improves image quality.

4.2. Unconditional & Class-conditioned Generation

Experiment setup. In addition to text-to-image, we eval-
uate two other image generation benchmarks, FFHQ [28]
for unconditional generation and ImageNet-64 [14] for
class-conditioned generation. In this case, object occur-
rence is not applicable so we will focus on evaluating im-
age quality as measured by FID. We will only implement
PF-DISCRIMINATOR because PF-HYBRID is not applica-
ble (Sectoin 3.7). We use the pre-trained diffusion models
in Karras et al. [29] and follow Kim et al. [32] to train the
discriminator (details in Appendix D). For evaluation, we
calculate FID on 50,000 generated images.

Baselines and method variants. We consider three base-
lines: ❶ The original Restart sampler; ❷ D-GUIDANCE us-
ing the discriminator to compute the correct term (following
[32]); ❸ D-SELECT, which is similar to OBJECTSELECT
but uses the likelihood ratio p(X0|C)

q(X0|C)
as the selection crite-

rion (effectively an important sampling approach to restore
the ground-truth distribution).

Sampling configurations. Similar to Section 4.1, we
evaluate PF and D-SELECT for different values of K with
a fixed NFE per image. For a fair comparison, we increase
denoising steps for the original sampler and D-GUIDANCE
to match the total NFE of the sampling-based methods.

Results. Figure 6 shows FID as a function of overall NFE.
For PF and D-SELECT, K = 2, 4, 6 images are generated.

There are two observations. First, all the methods gen-
erally improve as NFE increases, showing the effective-
ness of increasing samples (for sampling-based methods) or
increasing denoising steps (for non-sampling-based meth-
ods). Second, D-GUIDANCE generally performs compet-
itively, especially at small NFEs, but our method consis-
tently achieves the lowest FID across two datasets at large
NFEs. Note that for our method, we only vary the num-
ber of particles as the only way to vary the NFE. As shown
in Appendix E, our method would achieve an even larger
performance gain at high NFEs if we vary the number of
denoising steps and the number of particles simultaneously.

4.3. Ablation Study

We now investigate two important aspects of our method in
text-to-image generation setting: the particle filtering algo-
rithm and the resampling weight calculation. For each ab-
lated version, we will evaluate on the object occurrence on
GPT-Synthetic and MS-COCO, and FID on the latter.

7



Shaggy dog gets dinner served on a plate.

GPT-Synthetic MS-COCO
Plain SD Object Select PF-Hybrid

The red couch was situated to the left of the blue toilet in the room.

The black cup is placed to the right of the knife, with a brown fork 
in between them.

Plain SD Object Select PF-Hybrid

A steak dinner with a bowl of steamed broccoli, bread and butter, a 
bottle of beer and a bottle of wine.

Figure 5. Visualization of generated samples. Missing objects are highlighted in red. Unnatural objects are highlighted with underline.
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Figure 6. FID (average of 3 runs) on ImageNet-64 (left) and
FFHQ (right). Error bars indicate standard deviations.

Object Occurrence (%) ↑ FID ↓
GPT-Syn MS-COCO

PF-HYBRID 72.96 83.84 24.03
- PF 67.16 80.49 24.18
- Discriminator 75.67 85.79 25.77

PF-DISCRIMINATOR 56.86 70.96 22.91
- PF 57.09 72.13 23.28
Object only 63.15 77.81 25.31

Table 2. Ablation study on the effects of particle filtering algo-
rithm and particle weights design.

First, we investigate the effects of removing particle
filtering. To do that, we compare PF-HYBRID and PF-
DISCRIMINATOR with two approaches that do not involve
particle filtering but only generate K images via the regu-
lar Restart sampler and select the best one with the largest
value of ϕ0(X0|C), calculated the same way as PF-HYBRID
and PF-DISCRIMINATOR respectively. Table 2 shows the
performance of these two methods (rows ‘−PF’). As can
be observed, removing PF hurts the performance of PF-
HYBRID on all metrics, demonstrating the importance of

the particle filtering process. Removing PF hurts FID for
PF-DISCRIMINATOR but does not affect object occurrence,
which indicates the conditional discriminator focuses on
image quality instead of object occurrence.

Second, we investigate the design choices of the re-
sampling weight. We explore two variants for estimating
ϕt(Xt|C). For PF-HYBRID, we remove its unconditional
discriminator and only include the object mention ratio (Eq.
(13)). For PF-DISCRIMINATOR, since we have observed
that the discriminator tends to ignore missing objects, we
introduce a variant to force the discriminator’s attention on
missing objects by training the discriminator on the object
detector’s output probability as the feature (instead of on
the images). The corresponding results in Table 2 (rows
‘−Discriminator’ and ‘Object only’ respectively) show that
these two variants manage to improve object occurrence,
but at the cost of higher FIDs, which highlights the needs of
balancing the two objectives.

We further study other aspects in class-conditioned gen-
eration, including when the resampling is performed (i.e.,
before or after adding noise), the amount of noise being
added, and the number of denoising steps per image. No-
tably, our PF method with Restart sampler achives the state-
of-the-art FID of 1.02 on ImageNet-64 when 4 images
are generated with 165 NFE. The results of these experi-
ments are presented in Appendix E.

5. Conclusion
In this paper, we proposed a sampling-based approach to
correct the errors in diffusion generation and reduce the dis-
crepancies between model-generated and real data distribu-
tions. Our method utilizes the particle filtering algorithm
to approximately sample from the ground-truth distribution.
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We further leverage a set of external guidance to estimate
the resampling weights. Experiments show that our method
effectively corrects the missing objects and low-quality er-
rors in text-to-image generation. It also improves the image
quality for unconditional and class-conditioned generation.
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A. Correctness of the Particle Filtering Frame-
work

We now prove the correctness of our resampling weight de-
sign in the particle filtering algorithm. Denote the distribu-
tion that {x(k)

t } follows as v(Xt|C), based on the particle
filtering process, it is easy to show the probability satisfies
the following recursive relationship:

v(Xt|C) ∝∫
v(Xt+1|C)r(Xt|Xt+1,C)w(Xt,Xt+1|C) dXt+1,

(14)

where r(Xt|Xt+1,C) is the proposal distribution and
w(Xt,Xt+1|C) is the resampling weight.

Now consider r(Xt|Xt+1,C) = q(Xt|Xt+1,C), i.e., the
diffusion model is used for proposal, and w(Xt,Xt+1|C) =
ϕ(Xt|C)

ϕ(Xt+1|C)
. Suppose v(Xt+1|C) = q(Xt+1|C)ϕ(Xt+1|C),

using the recursive relationship in Eq. (14), it can be shown
that

v(Xt|C) ∝∫
v(Xt+1|C)q(Xt|Xt+1,C)w(Xt,Xt+1|C) dXt+1

=

∫
q(Xt+1|C)ϕ(Xt+1|C)q(Xt|Xt+1,C)

ϕ(Xt|C)

ϕ(Xt+1|C)
dXt+1

=

∫
q(Xt,Xt+1|C)ϕ(Xt|C) dXt+1

= q(Xt|C)ϕ(Xt|C).
(15)

At time step T , let ϕ(XT |C) = 1, and thus v(XT |C) =

q(XT |C)ϕ(XT |C). Therefore, by mathematical induction,
v(Xt|C) = q(Xt|C)ϕ(Xt|C) for all t = 0, . . . , T .

Algorithm 1 describes the overall procedure of our par-
ticle filtering framework.

B. Resampling Weight Calculation
In this section, we provide the detailed process for calcu-
lating resampling weights, and more specifically, the cor-
rection term ϕ(Xt|C). Algorithm 2 describes the overall
procedure. We will mainly focus on the hybrid approach.
For the discriminator-based approach, please refer to Sec-
tion 3.5.

Recall that in the hybrid approach, ϕ(Xt|C) consists of
two terms: unconditional likelihood ratio p(Xt)

q(Xt)
and object

mention ratio p(OC |Xt)
q(OC |Xt)

. The unconditional likelihood ratio
can be estimated with an unconditional discriminator as in
Eq.(7). We will next elaborate on how to estimate the object
mention ratio.

Estimating object mention ratio. As shown in Eq. (9),
the object mention ratio can be decomposed as∏

i:OCi=1 p(OCi = 1|Xt)∏
i:OCi=1 q(OCi = 1|Xt)

·
∏

i:OCi=0 p(OCi = 0|Xt)∏
i:OCi=0 q(OCi = 0|Xt)

,

where we focus on the first term that corresponds to the
missing object errors.

To compute p(OCi = 1|Xt), notice that under p distribu-
tion, OCi = OXi, because, by definition, a text caption is
constructed to mention the objects that appear in the corre-
sponding real image. Therefore,

p(OCi = 1|Xt) = p(OXi = 1|Xt)

①
= EX0∼p(X0|Xt)[p(OXi = 1|X0)]

②
≈ p̂(OXi = 1|f(Xt)),

(16)

where equality ① is by simple chain rule and the fact that
p(OXi|X0,Xt) = p(OXi|X0) because OXi is defined as
the object occurrence in the clean image X0, and hence
is conditionally independent of Xt. For ②, we make two
approximations. First, we replace drawing a sample of
X0 from p(X0|Xt) with the minimum mean squared error
(MMSE) estimate of X0 from Xt, denoted as f(Xt), which
can be conveniently and efficiently predicted by the denois-
ing network via one-step generation of X0 from Xt. Sec-
ond, we approximate the true object occurrence probability
p(OXi|X0) with the one estimated by the object detector
p̂(OXi|X0).

On the other hand, q(OCi = 1|Xt) can be most intu-
itively computed by training a neural network to predict ob-
ject mentions in the input text from the generated samples.
However, this approach is inefficient and would need to re-
train the network everytime the denoising scheme changes.
We would like to derive a more efficient alternative taking
advantage of the object detector. Formally (notice that it is
no longer true that OCi = OXi),

q(OCi = 1|Xt) = EOXit∼q(OXit|Xt)[q(OCi = 1|OXit,Xt)]

= q(OXit = 0|Xt)q(OCi = 1|OXit = 0,Xt)+

q(OXit = 1|Xt)q(OCi = 1|OXit = 1,Xt),
(17)

where OXit denotes the occurrence of object i in the
clean image predicted from Xt, i.e., f(Xt). Similar to
Eq. (16), the probability q(OXit|Xt) can be estimated by
p̂(OXi|f(Xt)).Therefore, what makes Eq. (17) different
is the additional term q(OXit = 0|Xt)q(OCi = 1|OXit =

0,Xt), which corresponds to the case where even if the ob-
ject detector fails to detect the object i, there is still chance
that the caption used to generate the image contains object
i, considering the imperfect diffusion model that may miss
objects mentioned in the caption.

To calculate q(OCi = 1|OXit,Xt), we further make an
assumption that object occurrence OXit is a sufficient statis-
tic to predict the object mention of the same object. Hence
q(OCi = 1|OXit,Xt) = q(OCi = 1|OXit). According to the
Bayes rule,

q(OCi = 1|OXit) =
q(OXit|OCi = 1)q(OCi = 1)∑
OCi∈{0,1} q(OXit|OCi)q(OCi)

. (18)
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Algorithm 1 Particle Filtering Framework for Correcting Diffusion Generation

1: Input:
2: - Diffusion model with denosing distribution q(Xt|Xt+1,C), condition signal c, number of particles K.
3: - Note: operations involving index k are performed for k ∈ {1, . . . ,K}.
4:
5: Initialization:
6: Sample x

(k)
T ∼ q(XT ), set ϕ(x(k)

T |c) = 1

7: for t = T − 1 to 0 do ▷ Iterate over time steps
8: x̃

(k)
t ∼ q(Xt|x(k)

t+1, c) ▷ Proposal
9: ϕ(x̃

(k)
t |c) = CALCCORRECTION

(
x̃

(k)
t , c, t

)
▷ Calculate correction term in Eq. (5)

10: w(x
(k)
t+1, x̃

(k)
t |c) = ϕ(x̃

(k)
t |c)

ϕ(x
(k)
t+1|c)

▷ Calculate resampling weight

11: x
(k)
t ∼ MULTINOMIAL

(
{x̃(k)

t }Kk=1; {w(x
(k)
t+1, x̃

(k)
t |c)}Kk=1

)
▷ Resampling

12: end for
13:
14: Output:
15: {x(k)

0 }Kk=1 that approximately follow the ground-truth distribution p(X0|c).

Algorithm 2 CALCCORRECTION

1: Input:
2: - Sample x̃t, conditional signal c, time step t.
3: - Conditional discriminator d(Xt|C; t), unconditional discriminator d(Xt; t), object detector p̂(OXi = 1|X0), statistics

κit estimated from historically generated images, hyper-parameter πit.
4:
5: if use discriminator-based approach then ▷ Section 3.5

6: ϕ(x̃t|c) =
d(x̃t|c; t)

1− d(x̃t|c; t)
▷ Eq. (7)

7: else if use hybrid approach then ▷ Section 3.6

8:
p(x̃t)

q(x̃t)
=

d(x̃t; t)

1− d(x̃t; t)
▷ Unconditional likelihood ratio

9: p(OCi = 1|x̃t) ≈ p̂(OXi = 1|f(x̃t)) ▷ Eq. (10)
10: q(OCi = 1|x̃t) ≈ p̂(OXi = 1|f(x̃t)) + p̂(OXi = 0|f(x̃t))

(1−κit)πit
(1−κit)πit+1−πit

▷ Eq. (11)

11: ϕt(x̃t|c) =
p(x̃t)

q(x̃t)
·
∏

i:OCi=1 p(OCi = 1|x̃t)∏
i:OCi=1 q(OCi = 1|x̃t)

▷ Eq. (13)

12: end if
13:
14: Output:
15: - Correction term ϕt(x̃t|c).

Both q(OXit|OCi = 1) and q(OXit|OCi = 0) can be esti-
mated from the samples of distribution q(Xt|C). Specif-
ically, consider a different set of H samples {x(h)

t } that
are generated without particle filtering process. For each
sample x

(h)
t , we compute the object occurrence estimate

ÔXit by feeding the predicted clean image, f(x(h)
t ), to the

object detector, and thresholding the output probability of
the object detector with 0.5. Then q(OXit = 1|OCi = 1)

can be estimated by calculating the percentage of sam-
ples whose ÔXit = 1 among the samples whose corre-
sponding input caption mentions object i, as in Eq. (12).
q(OXit = 1|OCi = 0) can be calculated similarly from sam-

ples whose input caption does not mention object i. In
practice, since the diffusion model seldom generates ob-
jects that are not mentioned in the text, we empirically find
that q(OXit = 1|OCi = 0) is very close to zero. Hence,
to reduce computation complexity, we will set this term to
zero, and q(OXit = 0|OCi = 0) to one. Finally, q(OCi = 0)

and q(OCi = 1) controls how much weight we would like
to place on each case, and we will treat them as hyper-
parameters and denote q(OCi = 1) as πit. Note that al-
though πit can be dependent on both i and t, for simplicity,
we set πit to be the same for all i and t.

Denote q(OXit = 1|OCi = 1) as κit, with the above as-
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sumptions,

q(OCi = 1|OXit = 1) = 1

q(OCi = 1|OXit = 0) =
(1− κit)πit

(1− κit)πit + 1− πit
.

(19)

Plug Eq. (19) back to Eq. (17), we can derive Eq. (11) in
the main paper.

C. Experiments on Text-to-image Generation
C.1. Reparameterize Stable Diffusion for Reverse-

time SDE

Following Karras et al. [29] and Xu et al. [65], we use the
reverse-time SDE [1] for generation:

dx = −2σ̇(t)σ(t)∇x log p(x;σ(t)) dt+
√

2σ̇(t)σ(t) dωt,
(20)

where ωt is the standard Wiener process, σ(t) = t is the
noise level at time t, and p(x;σ(t)) is the distribution ob-
tained by adding Gaussian noise of standard deviate σ(t) to
the input data.

To use stable diffusion [48] in Eq. (20), the key
is to reparameterize the model to estimate the score
∇x log p(x;σ(t)). Following Karras et al. [29], we estimate
the score as follows:

∇x log p(x;σ) =
D(x;σ)− x

σ2
,

D(x;σ) = cskip(σ)x+ cout(σ)F (cin(σ)x; cnoise(σ)) ,

(21)

where F (·) is the denoising network trained in stable dif-
fusion, cskip(σ) = 1, cout(σ) = −σ, cin(σ) = 1/

√
σ2 + 1,

cnoise(σ) = 999σ−1
train(σ), σtrain(t) is the noise schedule used

when training the denoising network, and σ−1
train(σ) denotes

the inverse of σtrain(t). In particular, the forward process of
Stable Diffusion v2.1-base can be considered as a discrete
version of the VP SDE [56]:

dx = f(t)x dt+ g(t) dωt, (22)

where
f(t) = −1

2
β(t), g(t) =

√
β(t),

β(t) =
(
(β0.5

max − β0.5
min )t+ β0.5

min
)2

,

(23)

with βmin = 0.85, and βmax = 12. We follow Karras et al.
[29] (Eqs. (152) - (163)) to derive σtrain(t) by plugging in
the scaled linear schedule β(t) =

(
(β0.5

max − β0.5
min )t+ β0.5

min

)2
used in Stable Diffusion v2.1-base, which results in:

σtrain(t) =

√
e

1
3
β2
d
t3+βdβ

0.5
min t2+βmint − 1, (24)

where βd = β0.5
max − β0.5

min .
Finally, although Stable Diffusion is trained with discrete

time steps, we follow Lu et al. [39] to directly feed the con-
tinuous time value cnoise(σ) to the model.

C.2. Implementation Details for Baselines

Identify objects in the caption. For methods that require
the identification of objects in the caption, we use the fol-
lowing two steps:
1. Extract all noun phrases in the caption using spaCy.2 Fil-

ter out noun phrases that are stop words, e.g., “which”
and “who”.

2. Check if extracted noun phrases match one of the object
categories in MS-COCO, and only keep the phrases that
belong to MS-COCO objects. The match is determined
by whether the Levenshtein Distance between the noun
phrase and object category name is smaller than 0.1 of
the length of the noun phrase and object category name.

The same process is also used to filter out 261 captions in
MS-COCO that contain at least four objects (to measure ob-
ject occurrence), and 5,000 captions in MS-COCO that con-
tain at least one object (to measure FID).

Sample selection criteria. For OBJECTSELECT, we use
Eq. (2) to select the best image from generated images.
Specifically, since the object detector outputs multiple pro-
posal regions, where each proposal region comes with a pre-
dicted probability for object i, we take the maximum prob-
ability for object i over all proposal regions as p̂(OXi =

1|x0). For REWARDSELECT and TIFASELECT, we use the
official implementation [30] to select images, except that
we only include object-related questions for TIFASELECT
since our focus is on object occurrence.

For other baselines, we use the official implementation
to generate images. For SPATIAL-TEMPORAL, we only op-
timize for five rounds since we found further optimization
does not improve performance. For D-GUIDANCE, we only
apply guidance when σ(t) < 5 since we found at large noise
levels, the object detector barely detects any object, which
results in a noisy gradient. All methods are evaluated on
both Restart sampler [65] and EDM sampler [29]. The only
exceptions are SPATIAL-TEMPORAL and ATTEND-EXCITE,
which use the original sampler in their papers.

C.3. Discriminator Training

We follow Kim et al. [32] to train both unconditional
and conditional discriminators. Table 3 shows the hyper-
parameters for discriminator training.

Training data and objective. We use LAION Aesthetics
[53] to train discriminators. We randomly sample 1M im-
ages with aesthetics score higher than 6 as real images. For
fake images, we generate 1M images with 49 NFE using
EDM sampler. For conditional discriminator, the captions
used to generate fake images are the same with the captions
of the real images. For unconditional discriminator, we use
a different set of 1M captions to generate fake images.

2https://spacy.io.
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Unconditional Conditional
# real images 1,000,000 1,000,000
# fake images 1,000,000 1,000,000
Same captions for real & fake images? ✘ ✔
# Epochs 2 2
Batch size 128 128
Learning rate 10−4 10−4

Time sampling Uniform Uniform
Total GPU hours 22 22
GPUs A6000 A6000

Table 3. Configurations of discriminator training for text-to-image
generation.

The discriminators are trained with the canonical dis-
crimination loss in Eq. (6). Specifically, given a clean im-
age, we uniformly sample time t ∈ [10−5, 1] and follow Eq.
(22) to get the corresponding noisy image. The discrimina-
tor is then trained to discriminate noisy version of real and
fake images.

Model architecture. We use the hidden representations of
the middle block of the U-Net [49] to predict whether an
image is real or fake, since previous works have found that
these representations capture semantic information in the
input image [5, 33]. Specifically, we initialize the discrimi-
nator with the U-Net in Stable Diffusion v2.1-base and only
keep its down and middle blocks. We add a linear prediction
layer on top the representations of the middle block. Dur-
ing training, we freeze the down block and only fine-tune
the middle block and the prediction layer.

C.4. Sampling Configurations

For all sample selection methods (including ours), we gen-
erate each image with a fixed NFE and report performance
when K = 5, 10, 15 images are generated.

Table 4 shows the sampling configurations for
both samplers. For Restart sampler, Nmain denotes
the number of steps in the main backward process,
NRestart,i,Ki, tmin,i, tmax,i is the number of steps, number
of repetitions, minimal, and maximum time points in the
i-th restart interval, and l is the number of restart intervals.
Following Xu et al. [65], we use Euler method for the
main backward process and Heun method for the restart
backward process. Please refer to the original paper for
detailed explanations. For our PF methods, the resampling
is always performed before adding noise, i.e., at time tmin,i,
thus resampling is perfromed six times in total. For EDM
sampler, N denotes the number of denoising steps, ni

denotes the index of steps when resampling is performed
(for PF methods), and m denotes the number of resampling
steps. Resampling is only performed four times because we
empirically find performing resampling at each denoising
step does not improve performance significantly compared
to resampling only at a subset of steps.

Table 5 shows the comparison of computation cost for all

Restart configuration
Nmain, {(NRestart,i,Ki, tmin,i, tmax,i)}li=1

30, {(4, 1, 1.09, 1.92), (4, 2, 0.59, 1.09), (4, 2, 0.30, 0.59), (4, 1, 0.06, 0.30)}

EDM configuration: N, {ni}mi=1

25, {10, 13, 16, 19}

Table 4. Sampling configurations for text-to-image generation.

Figure 7. FID (↓) vs. Object occurrence (↑) for all meth-
ods evaluated with EDM sampler. Ideal points should scatter
at the bottom right corner. Object occurrence is measured on
GPT-Synthetic (left) and MS-COCO (right), and FID is mea-
sured on MS-COCO. K = 5, 10, 15 images are generated for sam-
ple selection methods, and the sizes of points indicate the value of
K (larger K has larger points). The method that achieves the best
combined performance is highlighted in red.

methods. The reported cost for sample selection methods is
when K = 5 images are generated for each caption, since
their performance already exceeds other baselines at K = 5.
Based on the table, all methods are significantly faster than
SPATIAL-TEMPORAL, and sample selection methods have
similar runtime with ATTEND-EXCITE on EDM sampler
and D-GUIDANCE on Restart sampler. Moreover, the sam-
ple selection methods can be run in parallel much easier
than other methods, so their runtime can potentially be fur-
ther reduced.

C.5. Additional Results

Figure 7 shows the results when EDM is used as the un-
derlying sampler. There are two observations from the fig-
ure. First, the overall trend of all methods aligns with Fig-
ure 4 when Restart is used as the sampler. In particular,
the sampling-based methods generally outperform the non-
sampling-based ones. And the three methods proposed in
this paper, OBJECTSELECT, PF-DISCRIMINATOR, and PF-
HYBRID lie at the frontier of the performance trade-off,
significantly outperform other methods. Furthermore, PF-
HYBRID is the only method that simultaneously achieves
a high object occurrence and a low FID. Second, the per-
formance of EDM sampler is generally worse than that of
Restart sampler on both object occurrence and FID, which
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EDM Sampler Restart Sampler

NFE Require Gradient? Runtime (s) NFE Require Gradient? Runtime (s)

SD [48] 49 ✘ 7 66 ✘ 9
D-GUIDANCE [32] 67 ✔ 20 106 ✔ 41
SPATIAL-TEMPORAL∗ [62] 250 ✔ 110 – – –
ATTEND-EXCITE∗ [9] 50 ✔ 29 – – –
TIFASELECT [30] 245 ✘ 39 330 ✘ 50
REWARDSELECT [30] 245 ✘ 32 330 ✘ 43
OBJECTSELECT 245 ✘ 32 330 ✘ 43
PF-DISCRIMINATOR 245 ✘ 33 330 ✘ 44
PF-HYBRID 265 ✘ 39 360 ✘ 53

Table 5. Computation cost for all methods. Runtime is measured on a single NVIDIA V100 GPU. ∗: the two baselines use the original
samplers in their papers.

ImageNet-64 FFHQ

Training Configurations

# real images 1,200,000 60,000
# fake images 1,200,000 60,000
# Epochs 50 50
Batch size 1024 256
Learning rate 5× 10−4 3× 10−4

Time sampling Importance Uniform
Total GPU hours 70 4
GPUs A6000 A6000

Shallow U-Net Architecture

Input shape (B, 8, 8, 512) (B, 8, 8, 512)

Class condition ✔ ✘
# Resnet blocks 4 4
# Attention blocks 3 3

Table 6. Configurations of discriminator training for class-
conditioned (ImageNet-64) and unconditional (FFHQ) gener-
ation.

shows the superiority of the restart process.

D. Experiments on Unconditional and Class-
conditioned Generation

D.1. Discriminator Training

We follow the official implementation [32] to train discrim-
inators on ImageNet-64 and FFHQ since the original pa-
per did not experiment on the dataset or did not release the
trained discriminator. Table 6 shows the training configura-
tions. Following Kim et al. [32], the discriminators use fea-
tures extracted by the frozen pre-trained classifier in Dhari-
wal and Nichol [15], and a shallow U-Net is added to dis-
criminate images. During training, the pre-trained classifier
is frozen and only the shallow U-Net is trained. Please refer
to Kim et al. [32] for more details.

D.2. Sampling Configurations

In order to have a fair comparison in terms of computation
cost, we compare all methods under the same total NFE. For
PF and D-SELECT, we generate each image with a fixed
NFE and vary the number of particles in generation, i.e.,
choose value of K from {2, 4, 6}. For the original sam-
pler and D-GUIDANCE, we increase the number of steps or
restart iterations to match the total NFE of sampling-based
methods. All methods are evaluated on both Restart and
EDM samplers. Table 7 and 8 show the sampling configu-
rations for each sampler.

For EDM sampler, we use the same hyper-parameters
as the original paper, except the Schurn (which controls the
amount of noise added in each denoising step) on FFHQ,
since we find adding small amount of noise (Schurn > 0)
outperforms the original setting where no noise is added
(Schurn = 0). Additionally, for time steps after resampling
is performed, we increase Schurn to (

√
2 − 1)N (N is the

number of denoising steps), which is the maximum allowed
value in Karras et al. [29]. Since we find a large added noise
after resampling can improve performance (please see Sec-
tion E). For Restart sampler, we use the same configurations
as the original paper on ImageNet-64 and slightly mod-
ify them to adapt to FFHQ since the original paper did not
experiment on FFHQ.

D.3. Additional Results

Figure 8 shows FID as a function of total NFE when EDM
is used as the sampler. Additionally, we also plot PF
with Restart sampler for reference. There are three obser-
vations from the figure. First, FIDs of all methods gen-
erally decrease as NFE increases, and D-GUIDANCE, D-
SELECT, and PF all outperform the original sampler. Sec-
ond, our PF with Restart sampler achieves the lowest FID
on both datasets. Third, the performance gain of our method
when combined with EDM sampler is not as large as that
when combined with Restart sampler. The difference can
be ascribed to the fact that resampling is performed at
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NFE per Image Resampling Steps: {ni}mi=1 Schurn

ImageNet-64

127 {31, 35, 39, 43, 47, 51} 10
255 – 20
511 – 40
767 – 60

FFHQ

63 {15, 19, 23, 27} 1.25
127 – 2.5
255 – 5.0
399 – 7.8125

Table 7. Sampling configurations for EDM sampler on standard
benchmarks. Two highlighted rows are used in PF and D-SELECT

to generate one image. The resampling steps are only applicable
to our PF methods. Schurn controls the amount of noise added in
each denoising step (please refer to Karras et al. [29] for details).
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Figure 8. FID (average of 3 runs) on ImageNet-64 (left) and
FFHQ (right) when evaluated with EDM sampler. The PF with
Restart sampler (dashed line) is added for reference. Error bars
indicate standard deviations.

smaller time steps for Restart sampler, which better selects
a promising population among the particles since the dis-
criminator can better distinguish real and model-generated
images at smaller time steps. Additionally, the added noise
after resampling is larger for Restart, which also benefits
the exploration around the promising particles (see Section
E for the impact of amount of added noise).

E. Additional Ablation Study

In this section, we present additional ablation studies that
investigate three design choices in our particle filtering
framework. Particularly, we will study the impacts of
when the resampling is inserted (i.e., before or after adding
noise), the amount of noise added, and the NFE used to
generate a single image. We will study their impacts in
class-conditioned generation on ImageNet-64 and when
Restart sampler is used.

We start by studying when is a proper time to insert
resampling during the generation. Particularly, we com-
pare two time points to insert resampling. ❶ Resample be-
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Figure 9. FID on ImageNet-64 when D-SELECT and our PF
method are applied to different NFEs per image.

fore adding noise; ❷ Resample after adding noise. Table
9 shows the FID for both cases. It can be observed that
resampling before adding noise significantly outperforms
the counterpart. There could be two potential reasons for
the performance difference. First, resampling after adding
noise means resampling weights are estimated at higher
noise scales, which is less accurate. Second, compared to
❷ that adopts a selection-after-exploration procedure, ❶ se-
lects particles before exploration, which allows more parti-
cles to be sampled around the promising particles with large
weights.

Following the above intuition, we further explore the im-
pact of the amount of noise added. Specifically, we change
the restart configuration such that the variance of the added
noise at time t is reduced to t2, while keeping all other con-
figurations the same. Table 10 shows the FID when the
original and reduced noise is added. The results indicate
the importance of a large added noise.

Finally, we explore the impact of the NFE for each im-
age. Instead of fixing an NFE and only varying the num-
ber of particles, we now evaluate our method when it is
applied to different NFEs. Figure 9 shows the FID when
each image is generated with NFE = 67, 99, 165. For each
NFE, we further report the performance when K = 2, 4, 6

images are generated (except for NFE = 165 due to the
large cost). There are two observations from the figure.
First, PF consistently outperforms D-SELECT across all
NFEs, again demonstrating its advantages. Second, differ-
ent NFEs present varying performance trends. When the
number of denoising steps is small (NFE = 67), FID reaches
a plateau at K = 4 particles, and further increasing the value
of K does not improve performance due to the large dis-
cretization error. On the contrary, FID continues decreas-
ing as K increases when the discretization error is small
(NFE = 99, 165). Particularly, generating K = 4 particles
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NFE per Image Restart Configuration
Nmain, {(NRestart,i,Ki, tmin,i, tmax,i)}li=1

ImageNet-64

67 18, {(5, 1, 19.35, 40.79), (5, 1, 1.09, 1.92), (5, 1, 0.59, 1.09), (5, 1, 0.06, 0.30)}
99 18, {(3, 1, 19.35, 40.79), (4, 1, 1.09, 1.92), (4, 4, 0.59, 1.09), (4, 1, 0.30, 0.59), (4, 4, 0.06, 0.30)}

165 18, {(3, 1, 19.35, 40.79), (4, 1, 1.09, 1.92), (4, 5, 0.59, 1.09), (4, 5, 0.30, 0.59), (4, 10, 0.06, 0.30)}
203 36, {(4, 1, 19.35, 40.79), (4, 1, 1.09, 1.92), (4, 5, 0.59, 1.09), (4, 5, 0.30, 0.59), (6, 6, 0.06, 0.30)}
385 36, {(3, 1, 19.35, 40.79), (6, 1, 1.09, 1.92), (6, 5, 0.59, 1.09), (6, 5, 0.30, 0.59), (6, 20, 0.06, 0.30)}
535 36, {(6, 1, 19.35, 40.79), (6, 1, 1.09, 1.92), (7, 6, 0.59, 1.09), (7, 6, 0.30, 0.59), (7, 25, 0.06, 0.30)}

FFHQ

67 18, {(5, 1, 1.09, 1.92), (5, 2, 0.59, 1.09), (5, 1, 0.06, 0.30)}
119 18, {(8, 1, 19.35, 40.79), (8, 2, 1.09, 1.92), (8, 2, 0.59, 1.09), (8, 1, 0.06, 0.30)}
251 36, {(11, 1, 19.35, 40.79), (11, 3, 1.09, 1.92), (11, 3, 0.59, 1.09), (11, 2, 0.06, 0.30)}
401 48, {(18, 1, 19.35, 40.79), (18, 3, 1.09, 1.92), (18, 3, 0.59, 1.09), (18, 2, 0.06, 0.30)}

Table 8. Sampling configurations for Restart sampler on standard benchmarks. Two highlighted rows are used in PF and D-SELECT to
generate one image.

Before After
K = 2 1.37 1.53
K = 4 1.11 1.31
K = 6 1.07 1.23

Table 9. FID on ImageNet-64 when resampling is inserted be-
fore or after adding noise.

Original noise Reduced noise
K = 2 1.37 1.54
K = 4 1.11 1.37
K = 6 1.07 1.31

Table 10. FID on ImageNet-64with original and reduced noise.

when NFE = 165 achieves the state-of-the-art FID of 1.02
on ImageNet-64.

F. Generated Samples
In this section, we present more generated samples for our
method and baselines. Figures 10 and 11 show the uncu-
rated samples on ImageNet-64 and FFHQ respectively.
As can be observed, both D-GUIDANCE and PF generate
images with higher quality than the original sampler. Com-
pared to D-GUIDANCE, our method generates images with
closer and more detailed views (e.g., class “mongoose”).

G. Details of Subjective Evaluation
We recruit human annotators to evaluate both object occur-
rence and image quality of generated images. For object
occurrence, annotators are provided with an image and a
list of objects, and they are asked to identify whether each
object occurs in the image or not. For image quality, an-
notators are given two images generated based on the same

caption, where one image is generated by PF-HYBRID and
the other image by a baseline. The caption is not revealed
to annotators in order to make the evaluation focus more on
image quality instead of image and text alignment. The an-
notation interfaces for object occurrence and image quality
are shown in Tables 11 and 12 respectively.
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gyromitra toaster mongoose file cabinet
mountain 

tent bubble eft collie
rhinoceros 

beetle patio

gyromitra toaster mongoose file cabinet
mountain 

tent bubble eft collie
rhinoceros 

beetle patio

gyromitra toaster mongoose file cabinet
mountain 

tent bubble eft collie
rhinoceros 

beetle patio

Particle filtering    NFE: 594    FID: 1.07 

D-guidance    NFE: 535    FID: 1.16 

Original sampler    NFE: 535    FID: 1.39

Figure 10. Uncurated samples on ImageNet-64 for our method and baselines. All methods use Restart sampler.
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Particle filtering    NFE: 268    FID: 2.02 

D-guidance    NFE: 251    FID: 2.08 

Original sampler    NFE: 251    FID: 2.47

Figure 11. Uncurated samples on FFHQ for our method and baselines. All methods use Restart sampler.
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Instructions:

You will be given an image generated by some AI algorithm, your task is to identify all objects that appear in the image.
Notes:

• You should ignore the characteristics of the object such as color and count when deciding whether it appears or not.
E.g., if the object is “a red apple,” you should still select it even if the image shows a green apple.

• Only select objects that you are confident about. E.g., the “knife” in the image below is not clear, so you should not
select it.

Example:

Do the following objects appear in the image?
• A black blender: Yes • bottle: No • glass: Yes • cutting board: Yes • knife: No

Task:

Please identify all objects appear in the image

□ white kitchen sink □ white coffee cups □ wine glasses □ knives □ None of the above

Table 11. Instructions and an example task for the subjective evaluation on object occurrence.
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Instructions:

In this task, you will see two images that are generated based on a text caption by different AI algorithms. You will be asked
to evaluate which image looks more real and natural.

Example:

(A) (B)

Image (B) generates a natural cat and laptop, whereas the laptop in image (A) is distorted, and the human body is also
unnatural. Therefore, image (B) is better.

Task:

Which image looks more natural and like a real photo?

(A) (B)

□ (A) is better □ (B) is better

Table 12. Instructions and an example task for the subjective evaluation on image quality.
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