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Abstract

Artifact detection algorithms are crucial to correcting and im-
proving the quality of data generated by diffusion models.
However, because of the variety of artifact forms, these algo-
rithms require substantial annotated data for training, which
restricts their scalability and efficiency. This paper discovers
a relationship between the similarity of denoised images dur-
ing the sampling process and the severity of artifacts in im-
ages generated by diffusion models. Building on this obser-
vation, we introduce the concept of Similarity Trajectory to
characterize the sampling process and its correlation with the
image artifacts presented. Using a data set with over 1,000
times fewer samples than the prior model, we trained a classi-
fier on these trajectories to predict the presence of artifacts in
images. In our human evaluation test, the classifier’s choices
matched those of the participants 72.8% of the time, high-
lighting the connection between the Similarity Trajectory and
the occurrence of artifacts. This approach enables differentia-
tion between high-quality and low-quality images using lim-
ited training data.

Introductions

Image generation models have recently garnered significant
attention for their diverse applications in image inpainting,
super-resolution, style transfer, image deblurring, etc. (Rom-
bach et al. 2022; Chung et al. 2023; Li et al. 2022; Lugmayr
et al. 2022; Kawar et al. 2022). These technologies have had
a profound impact across various industries, including ad-
vertising, entertainment, and design. Despite their ability to
produce impressive results, these models often suffer from a
critical drawback: the generation of images with noticeable
artifacts. Common problems include distorted object shapes,
merging of distinct objects (Liang et al. 2024).

The presence of artifacts in the generated images high-
lights the critical need to detect these imperfections. Effec-
tive detection can be used to enhance the output of image
generation models (Xu et al. 2023; Liang et al. 2024). Rec-
ognizing the importance of this task, recent research has
focused on collecting large annotated data sets to predict
human ratings (Kirstain et al. 2023; Xu et al. 2023; Wu
et al. 2023). A particularly noteworthy study by Liang et al.
(2024) focused on developing a data set with annotated heat
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maps that precisely identify where and how the image gener-
ation process fails. This line of work has proven valuable for
artifact detection and provides explainable results. However,
creating such a data set requires a vast amount of labeled
data and meticulously curated annotations that pinpoint the
specific area causing image generation to fail. This process
requires considerable effort, which in turn limits the broader
application of these methods.

In this paper, we adopt a different approach that focuses
on the final image generated. Instead, we show that analyz-
ing the similarity of denoised images throughout the sam-
pling process provides valuable insight into the severity of
artifacts in the final image. We believe this is because each
iteration in the sampling process progressively improves the
denoised image by building upon the results of the previ-
ous step. If these consecutive denoised images are highly
dissimilar, this process is similar to adding two different im-
ages. This can lead to merged objects, eventually resulting in
artifacts in the final image. Hence, by monitoring the simi-
larity between denoised images during the sampling process,
we can assess the severity of artifacts originating from this
source.

To capture the behavior of the sampling process, we intro-
duce the concept of a Similarity Trajectory. This trajectory
represents the similarity between denoised images in con-
secutive time steps throughout the entire sampling process.
Therefore, a sudden drop in similarity between denoised im-
ages likely signals the presence of artifacts in the generated
image. Figure 1 illustrates this with an example: on the left,
an image with pronounced artifacts, where the girl’s face
blends unnaturally with her hair, and on the right, a more
natural-looking image. Both images are generated from the
same prompt "A student walking in front of the UT tower,
with one hand holding a calculus book”. We emphasize that
a significant advantage of detecting artifacts based on the
Similarity Trajectory is that it allows the use of a very small
data set to train detection algorithms, as the trajectory pro-
vides a much more condensed representation compared to
raw images. In contrast, previous methods cannot achieve
this efficiency because they rely on processing raw images,
which require much larger data sets.

The main contributions of our paper are summarized be-
low:

* We discovered that the similarity of denoised images



Figure 1: Comparison of images exhibiting strong artifacts
(left) versus a more natural appearance, alongside their cor-
responding Similarity Trajectories. The image on the left
displays pronounced artifacts, particularly in the circled area
where the subject’s face blends unnaturally with her hair.
This is reflected in the Similarity Trajectory, which is more
erratic and shows a significant drop. In contrast, the right
image appears more natural, with a smoother Similarity Tra-
Jectory that exhibits consistency.

throughout the sampling process is correlated with the
presence of artifacts in generated images.

* We introduce the concept of the Similarity Trajectory to
characterize the sampling process’s behavior and demon-
strate its correlation with artifacts in images. This finding
allows us detect image artifacts utilizing only a minimal
number of training samples.

* We show that the average Similarity Trajectory is related
to the model’s performance in generating images.

In the rest of the paper, we will first review related work
in artifact detection. We then explain how the Similarity Tra-
Jjectory is obtained and why it is linked to the presence of
image artifacts. Next, we describe our detailed experimental
setup used to verify that the Similarity Trajectory is statisti-
cally different for images with and without artifacts. And we
demonstrate how to train a classifier to select images based
on the trajectory. Finally, we present experimental results
that support our claim that the Similarity Trajectory is re-
lated to the presence of image artifacts.

Related Works

Over the years, image generation technology has undergone
significant advancements (Kingma and Welling 2022; Good-
fellow et al. 2014; Ho, Jain, and Abbeel 2020; Rombach
et al. 2022). One of the first foundational approaches is the
Variational Autoencoder (VAE), which learns to map images
to and from a latent space (Rombach et al. 2022). This ca-
pability enables VAEs to generate images by randomly sam-
pling the latent space.

In recent years, Diffusion Models have achieved state-
of-the-art performance in generative tasks (Dhariwal and
Nichol 2021). In this framework, images are generated by
multiple iterations of the denoising step (Ho, Jain, and
Abbeel 2020). The iterative nature of the diffusion model

enables it to produce high-quality data, but at the same time
requires substantial computational demands (Ho, Jain, and
Abbeel 2020). To address this, the concept of Latent Diffu-
sion Models (LDM) was introduced Rombach et al. (2022).
This approach, combined with Auto Encoder, generates im-
ages in a lower-dimension latent space, thereby significantly
reducing computational costs. Consequently, this develop-
ment has made the concept of large-scale text-to-image
models feasible in reality (Rombach et al. 2022; Podell et al.
2024).

Despite their astonishing performance, the images gener-
ated by diffusion models still suffer from artifacts. To ad-
dress this issue, recent research has focused on detecting
these flawed images and fixing the artifacts (Wu et al. 2023;
Kirstain et al. 2023; Liang et al. 2024; Xu et al. 2023). A
common approach involves labeling the generated images
according to human preference and training a model to pre-
dict the human preference (Wu et al. 2023; Xu et al. 2023;
Kirstain et al. 2023). For example, the "Pick-a-Pic” paper
creates a data set of more than 500,000 pairs of images, each
pair consisting of two images with a human preferred choice
(Kirstain et al. 2023). This data set is then used to fine-tune
a CLIP-H model to predict human preferences. Similarly,
“ImageReward” collects a data set by ranking and rating im-
ages on the basis of their quality. This data set is then used
to train a model, which is subsequently used to fine-tune the
diffusion model, enhancing the image quality generated (Xu
et al. 2023).

Another approach involves providing more detailed infor-
mation to the model beyond just human preference scores.
This is done by annotating specific areas of the image where
artifacts occur (Zhang et al. 2023a; Liang et al. 2024). In
Liang et al. (2024), the author extends this method by label-
ing not only artifact regions but also areas with misaligned
keywords. This additional information helps the model learn
more effectively by offering a deeper understanding of the
malformed part.

Our work differs from previous studies that judge the
quality on the basis of the final generated images. We dis-
cover that the sampling process itself provides fruitful in-
formation on whether an image contains artifacts. To our
knowledge, this is the first work to reveal this relationship. A
direct benefit of uncovering this relationship is that the train-
ing data required for classification is reduced by orders of
magnitude compared to previous methods. This significant
reduction is achieved because characterizing the sampling
process is considerably easier than explaining the entire im-
ages, as we will elaborate on shortly.

Similarity Trajectory

At a high level, the Similarity Trajectory represents the sim-
ilarity between denoised images in consecutive time steps
during the sampling process of a diffusion model. In the fol-
lowing, we will present the mathematical definition of the
Similarity Trajectory and then explain the intuition behind
its importance.

We first define a similarity metric d(-,-) that quantifies
how similar two images are: the more similar the images, the



higher the value of d. In this paper, we define d as one mi-
nus the output score of the DreamSim model (Fu et al. 2023)
when given two images. This subtraction is applied to make
sure that our similarity metric increases as the similarity be-
tween two images increases, matching our expectations, and
keeping its value within the range of [0,1]. We define the
Similarity Trajectory as a time series {2; }+_1_;, as follows:

{2 }t1=T—1a where z; = d (xét), asét_l)> . (1)

z; represents the similarity score between the denoised
images z( predicted in consecutive time steps ¢ and ¢ — 1.
The time index ¢ adheres to the convention used in previ-
ous research, where it indicates the sequential steps of the
forward diffusion process.

The Similarity Trajectory can be computed for differ-
ent diffusion model training frameworks, provided that the
model is trained to predict denoised images from noise cor-
ruption. This is because the Similarity Trajectory essen-
tially consists of a sequence of denoised images at varying

noise levels during the sampling process. However, the ex-

act mathematical form of :v(()t) may vary depending on the

training approach used. In the following, we provide the spe-

cific mathematical formulas for z(()t) in the context of Stable
Diffusion 2 (SD2) using the DDIM sampler and the EDM2
framework (Karras et al. 2024).

Denoised Image from SD2 with DDIM Sampler In
Equation 2, x; represents the noisy image, i.e., input to the

diffusion model. eét)(~) denotes the predicted noise of the
U-net in Stable Diffusion 2 at the time step ¢. The term oy
denotes the cumulative product of (1 — ;) corresponding to
the time step ¢. Finally, x(()t_l)
next iteration.

is the denoised image in the

L= _ Tt V1I—ay- ﬁét) (74)
0 o

Note that we adopt the notation from (Song, Meng, and
Ermon 2021) for Equation 2.

@

Denoised Image from EDM2 with Heun Sampler In
Equation 3, xét_l) represents the denoised image at time
step t — 1, where x; is the current noisy image at time step
t. oy is the predetermined noise level at the time step ¢. The
terms n; and n; are the predicted noise, normalized to a stan-
dard deviation of 1, during the first and second orders of the
Heun method, respectively.

_ 1
xét n_ Xy — §Ut (g + n;) (3)

Linking Similarity Trajectories to Image Artifacts

We observe that a sharp decline in the Similarity Trajectory
suggests the presence of artifacts in the generated image.
This decline reflects a misalignment between the denoised
images in consecutive time steps. We believe that such
misalignment can lead to artifacts because, during the
sampling process, each iteration involves subtracting a
small amount of predicted noise from the noisy image

Time step =11 Time step=15 Time step=49

Human body Horse

Figure 2: Artifact formation in the sampling process. The de-
noised images x( at various time steps illustrate that changes
in the diffusion model’s predictions between consecutive
steps can cause different objects to overlap. This overlap
may distort the original shapes, leading to the appearance
of artifacts.

(latent). This process essentially removes a section of the
noisy image (latent) and reintroduces the denoised image
(latent). When the denoised images differ significantly
between steps, the noise subtraction blends two different
denoised images (latent) together. As the diffusion model
forms the contours of the objects, this blending can merge
the contours of objects predicted in the two different time
steps, distorting the original shapes. Consequently, incorrect
contours may cause the diffusion model to generate odd
shapes and merged objects in the final image. Figure 2
illustrates an example of how artifacts can form. The images
shown are the denoised images x( at various time steps
T — t. At time step 11, two men are standing together.
However, in the subsequent time step, a different prediction
leads to the overlapping of distinct objects, such as a horse
and one of the men’s bodies, which eventually result in
artifacts in the final time step. It is important to note that
artifacts can originate from multiple sources. Apart from
the merging of different objects, artifacts may also occur
when the prediction of the same object changes shape
across consecutive time steps. Moreover, the formation of
artifacts is frequently unclear and elusive, likely because the
denoising occurs within the latent space instead of the direct
image space, coupled with the artifacts arising at earlier
time steps in the sampling process.

For model evaluation, we aim to investigate whether a
stronger model generates fewer images with artifacts. Con-
sequently, a stronger model is expected to exhibit fewer
drops in similarity scores, resulting in a higher average Sim-
ilarity Trajectory compared to a weaker model.

Experimental Setup

In the following, we will introduce the experimental setting
on how to detect artifacts based on Similarity Trajectories.

Artifacts Detection Based on Trajectory

A straightforward method to determine if there is a statistical
difference in the Similarity Trajectory between images with
and without artifacts involves compiling a data set of gener-
ated images classified by the presence of artifacts. Then we
investigate the statistical property of the Similarity Trajec-



tory for each group. This data set can then be used to train a
classifier. The classifier’s ability to generalize to unseen data
and classify whether the images contain artifacts could serve
as evidence of the existence of such a relationship.

Data set Creation

Labeling Data We randomly select 250 prompts from the
2014 MS COCO data set (Lin et al. 2014). By using SD2
with the DDIM 50 time step sampler (Rombach et al. 2022),
we generate 9 images per prompt, resulting in a total of
2,250 images. To ensure the quality of our data set, we man-
ually review these images, selecting only those with obvious
artifacts or those that appears natural-looking (without or
mostly without artifacts). Images that fall between these cat-
egories are discarded, resulting in 425 natural-looking and
255 artifact-exhibiting images, for a total of 680 images. We
emphasize that the selection process focused solely on the
quality of the final generated image.

Creating Similarity Trajectories Given a similarity met-
ric d(-,-), we calculate the trajectory for each image as
{z}E,, where 2, = d(x(()t),xét_l)). Here, :v(()t) represents
the denoised latents from the U-net (Ronneberger, Fischer,
and Brox 2015) of SD2, which are then decoded into pixel
space via the VAE. The chosen similarity metric, DreamSim,
operates in the pixel space and provides similarity scores
that align closely with human perception. Note that to make
DreamSim align with the sense of similarity, we document
the value of one minus its output score. We select DreamSim
because humans are sensitive to abrupt changes of denoised
images, making a human-aligned metric beneficial for this
task.

Training Classifier We select a Random Forest model as
our classifier due to its strong performance, especially when
the amount of training data is scarce. Before inputting the
Similarity Trajectory into the model, we apply feature engi-
neering, as detailed below, to better capture the information
in the data.

First, we apply a Haar transformation to the entire tra-
jectory because of its ability to detect sudden changes in
time-series data (Stankovi¢ and Falkowski 2003). From the
transformation, we obtain a set of coefficients correspond-
ing to each basis function. Additionally, we divide the entire
trajectory into three equal segments based on time steps, as
well as considering the entire trajectory as a single segment.

For all the segments obtained—whether from the Haar
transform coefficients or in the time domain—we calculate
10 statistical features for each segment. These statistical fea-
tures are chosen to describe the statistical property of the
segment of data. They include entropy, 5th percentile, 25th
percentile, median, 75th percentile, 95th percentile, mean,
standard deviation, number of mean crossings, and number
of zero crossings. All of these features serve as inputs for the
Random Forest model. Additionally, we trained a K-Nearest
Neighbor (k-NN) model using only the last 18 dimensions
of the trajectory, and the prediction probabilities from this
k-NN model are also used as a feature in the Random Forest
classifier.

Experimental Settings for Model Evaluation

In this experiment, our objective is to examine whether there
is a connection between the trajectory of average similarity
and the performance of the model. We use models provided
by the EDM2 research group for the experiment (Karras
et al. 2024). These models are trained and evaluated within
a consistent framework, ensuring that differences between
them are limited to factors of the number of model parame-
ters and the number of training steps. This controlled envi-
ronment allows us to assess models performance with more
precision. Consequently, allowing us to establish the rela-
tionship between Similarity Trajectories and model perfor-
mance. We conducted two types of comparison in the ex-
periment: one controlling for model size and the other for
training steps.

To obtain the averaged similarity trajectory, we first gen-
erate 5,000 images for each model using the Heun sam-
pler (Karras et al. 2024) with 32 inference steps and set the
Schurn parameter at 40. The guidance scale is configured to
1.5, which helps align the generated images more closely
with the real data distribution when utilizing classifier-
free guidance. In particular, the unconditional model for
classifier-free guidance is selected to be identical to the con-
ditional model but does not receive any prompt. This ap-
proach ensures that our evaluation is focused solely on the
performance of the model being tested.

Next, we directly averaged the 5,000 Similarity Trajecto-
ries without decoding them into pixel space. The similarity
metric used is the Root Mean Square Error (RMSE) between
adjacent time steps. We intentionally avoid decoding the la-
tent representations into pixel space to eliminate the influ-
ence of decoder sensitivity. This is because we aim to estab-
lish a more robust metric for evaluating the diffusion model,
independent of decoder-induced variations.

Experimental Results

To assess whether there is a statistical difference between
the trajectories of artifact-exhibiting and natural-looking im-
ages, we perform experiments using the labeled data set. It
is important to note that, to ensure a fair assessment, we do
not examine the trajectories during the labeling process.

Statistical Properties for Similarity Trajectories

We evaluate the statistical properties of Similarity Trajecto-
ries from two perspectives. First, we analyze the maximum
decline within individual trajectories, which follows directly
from our assumption. Second, we assess the standard devia-
tion of similarity scores across different trajectories.

Calculating Maximum Decline Within Similarity Trajec-
tory We begin by investigating whether there are statisti-
cal differences between the trajectories of artifact-exhibiting
and natural-looking images. Our comparison focuses in time
steps 13 to 34 of the sampling process because, as indicated
by a significant decrease in impurities in the random forest
classifier (see Figure 4), this region offers more critical in-
formation about the presence of artifacts. We will provide
more details on this region in the subsequent section.



A straightforward way to examine our assumption is to
compare the maximum decline in the Similarity Trajec-
tory for the two groups of images. The maximum decline
is defined as the largest cumulative decrease in similarity
scores over any continuous decline within the trajectory. We
then average these maximum decline values separately for
artifact-exhibiting and natural-looking images. We expect
artifact-exhibiting images to have a more severe decline be-
cause artifacts often accompany a more severe drop in the
similarity score.

Our findings support this expectation. For natural-looking
images, the average drop is 0.017 4= 0.0011. In comparison,
the images artifacts-exhibiting images show an average drop
of 0.027 £0.0015, reflecting a 1.6-fold difference compared
to the natural-looking images. To estimate the precision of
the average drop, we report the standard error of the mean.
These results indicate that the drop for artifact-exhibiting
images is indeed larger than that for images without artifacts,
thereby providing statistical support for our observations.

Calculating Standard Deviation Across Similarity Tra-
Jectories To better understand the statistical properties of
Similarity Trajectories with respect to time steps, we cal-
culate the standard deviation of similarity scores in differ-
ent trajectories at the same time step. The underlying intu-
ition is that a drop in similarity scores increases the scat-
ter of the scores, thereby enlarging the overall standard de-
viation at each time step. As a result, we expect artifacts-
exhibiting images to have a larger standard deviation of sim-
ilarity scores compared with natural-looking images at the
same time steps.

In Figure 3, we present the standard deviation of similarity
scores at each time step, calculated across all trajectories for
two groups of images. It is evident that the standard devia-
tion for artifact-exhibiting images is consistently higher than
that for images without artifacts between time steps 13 and
34. In particular, the area under the curve for the standard de-
viation of Similarity Trajectories is 0.24 for images natural-
looking images and 0.34 for artifact-exhibiting images, indi-
cating a 1.4-fold difference. This observation reaffirms our
hypothesis that images with artifacts are more likely to expe-
rience sudden drops in similarity, leading to a larger standard
deviation.

Image Quality Classification Based on Similarity
Trajectory

To explore whether the statistical differences between trajec-
tories can serve as predictors of image quality, we develop a
Random Forest classifier comprising 1,000 trees and apply
feature engineering to the trajectory discussed in the previ-
ous section. We then train the classifier on the balanced data
set of 255 natural-looking images and 255 artifact-exhibiting
images. The 255 natural-looking images are selected as the
first 255 images from that of the original training data set.
Given this balanced set-up, random guessing would result in
an accuracy of only 50%.

By performing a 10-fold validation test, we obtained an
accuracy of 72.35% with a standard error of the mean of
2.1%. This is significantly higher than random guessing, in-
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Figure 3: Standard deviation of the Similarity Trajectories
across 255 artifacts and normal images at each time step.
Artifact images consistently exhibit a higher standard devi-
ation compared to images without artifacts, indicating more
varied trajectories.
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Figure 4: Average Gini impurity reduction at each time step
from the random forest classifier. We input raw Similarity
Trajectory, without any transformations, into the random
forest classifier and analyze the average Gini impurity re-
duction.

dicating a notable correlation between the Similarity Trajec-
tory and image quality.

To determine which segments of the trajectory are signif-
icant for evaluating image quality, we feed the unprocessed
trajectory directly into the random forest classifier and ex-
amine the average decrease in Gini impurity. A decrease in
Gini impurity indicates that specific segments of the trajec-
tory are important for classifying the data. The results are
shown in Figure 4. We observe an obvious drop in impurity
between time steps 13 and 34, indicating that this range is
most indicative of image quality. This critical middle sec-
tion aligns with the findings in Zhang et al. (2023b), which
demonstrated that the middle phase of the sampling process
has the greatest influence on the final image.

Intuitively, artifacts are generated during this middle sec-
tion of the sampling process. At the beginning, the noise
level is extremely high, making the image too chaotic for the
denoiser to produce meaningful results. Conversely, when
the noise level is too low toward the end of the process, the
image is too certain to introduce any artifacts or additional
objects. Therefore, it stands to reason that the middle sec-
tion, where the noise level is moderate, is most critical for
artifact detection.



Classifing Image Quality in a Realistic Scenario

To determine whether the trained random forest can effec-
tively classify image with and without artifacts in real-world
scenarios, we adapted the testing criteria from prior work
(Kirstain et al. 2023), with some modifications.

First, we randomly select 100 prompts from the Pick-a-
Pic data set. For each prompt, we generate 100 images us-
ing SD2, each with a unique random seed. We then eval-
uate the quality of these images using the trained random
forest classifier, which assesses the image artifacts based
on their trajectories. For each prompt, we identify the im-
ages with the highest and lowest predicted quality and paired
them together. After randomly shuffling images within these
pairs, we create 100 test pairs, each containing one high-
quality and one low-quality image corresponding to the
same prompt.

To assess the alignment between our classifier’s predic-
tions and human perception of image artifacts, we recruite
10 human participants and divide the 100 test pairs into
two equal-sized groups. Five participants review each group.
Each participant is asked to carefully examine the image
pairs and select one that exhibited more severe artifacts, de-
fined as significant structural or shape deviations from re-
alistic images. If participants are unable to decide which
image is worse, they are allowed to declare a tie, reducing
random guessing and improving the accuracy of the evalua-
tion. We then evaluate whether the participants consistently
identified the images our random forest classifier had pre-
dicted as low quality as having more severe artifacts com-
pared to those predicted as high quality. This experiment
demonstrates whether the classifier’s selections can gener-
alize to unseen data and align with human perception.

In the human evaluation test, we find that, on average, the
selections of human participants matched those of the clas-
sifier 72.8% of the time and differed 27.2% of the time, as
shown in Table 1. In 20.2% of all image pairs, participants
are unable to select between the quality of the images, re-
sulting in a tie; these instances are excluded from the calcu-
lation. The experimental results demonstrate that the random
forest classifier can distinguish image quality in a real-world
setting and therefore confirm that the Similarity Trajectory is
indeed linked with artifacts in images.

Outcome Percentage (%)
Selections Matched 72.8
Selections Differed 27.2

Table 1: Results of Human Evaluation Test (excluding dis-
carded images due to ties). Human participants’ selections
matched that of the classifier in 72.8% of cases and differed
in 27.2%.

As a point of reference, the prior work (Kirstain et al.
2023) reported that human participants preferred their
model’s image selections over random choices 71.4% of the
time, underscoring the challenge inherent in the task. Al-
though our evaluation setting is different — our image pairs
are formed by pairing the best and worst images from the

model’s selection instead of random choices, and we al-
lowed participants to declare a draw. It is important to note
that our method uses fewer than one thousand labeled im-
ages compared with the prior work. This further underscores
the valuable insights provided by the Similarity Trajectory in
artifacts detection.

Averaging Trajectories for Model Assessment

In this section, we present the results of experiments de-
signed to explore the relationship between model perfor-
mance and Similarity Trajectory. The first experiment ex-
amined how the averaged Similarity Trajectory evolves as
a model is trained. The second experiment investigated how
the averaged Similarity Trajectory changes as the model size
increases.

Our assumption is that a more capable model should
achieve higher similarity scores, as it is less likely to gen-
erate images with artifacts that cause drops in similarity.
As training progresses, the model becomes a more effective
generator, producing images with fewer artifacts. Addition-
ally, as the model size increases, the model is expected to
become stronger. Consequently, we anticipate that the sim-
ilarity between adjacent denoised latents will be higher in
larger models.

For the first experiment, we utilized the snapshots of the
large model with a fixed exponential moving average length
parameter o] = 0.05, as provided by the EDM?2 repository.
The snapshots begin with the model trained on 67 million
images, which is represented as T1. As training progress, we
used snapshots taken after the model was trained on an extra
128 million images and represented as T2, T3, T4, and so on,
resulting in a total of 7 models at different stages of training.
For the second experiment, we used the fully trained mod-
eled of size XS, S, M, L, XL, XXL.

In FiguresSa and 5b, we present the average Root Mean
Square Error (RMSE) between denoised latents from con-
secutive time steps during the sampling process, along with
the standard error of the mean. The y-axis represents this
average RMSE, where larger values indicate more dissimi-
lar latents. The x-axis represents the Signal-to-Noise Ratio
(SNR) of the noisy latents, calculated based on the noise
level at each time step during training. The latents are nor-
malized by the EDM framework to have a mean of 0 and a
standard deviation of 0.5.

We chose to use SNR for the x-axis instead of time steps
because the time step arrangement differs between the SD2
and EDM frameworks. Reporting SNR directly avoids con-
fusion and provides a clearer assessment of the noise level.
We display only the portion of the averaged trajectory where
the noisy latents’ SNR ranges from 5 x 1072 to 10*. We ex-
cluded SNR values below 5 x 10~2 because, at such low lev-
els, the sampling process cannot extract meaningful infor-
mation from the noisy latents, which falls outside the scope
of our discussion.

Within the region marked by the two red lines (SNR be-
tween 8 x 107! and 7 x 10?) in Figure 5a, a clear trend
emerges: as training progresses, the RMSE score between
adjacent denoised latents gradually decreases compared to
earlier training models. This matches our initial assumption
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(a) Averaged trajectory at different training stages.
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(b) Averaged trajectory for fully trained models of varying sizes.

Figure 5: Comparison of averaged trajectories under differ-
ent conditions. (a) Effect of training progress on the same
model, showing increased latent consistency over time. (b)
Influence of model size on fully trained models, with larger
models exhibiting greater adjacent latent similarity.

that as the model becomes stronger, fewer artifact-exhibiting
images are generated, and hence a higher average similar-
ity is expected between adjacent denoised latents. Although
the trajectory order is correct, we want to note that the dif-
ferences in RMSE scores across different training stages are
small. However, the results are statistically significant, as the
standard error of the mean is even smaller, as shown in the
graph.

In Figure 5b, we observe a similar trend: as model ca-
pacity increases, the similarity between denoised latents at
adjacent time steps also increases. The only exception is a
change in the order between the XL and XXL models, which
we attribute to the possibility that the XXL and XL models
may have similar performance.

Overall, we demonstrate a correlation between the sim-
ilarity of adjacent denoised latents and both training time
and model capacity. This suggests that stronger mod-
els—whether due to extended training or increased capac-
ity—are associated with higher similarity scores.

Conclusion and Limitations

In this paper, we introduce the concept of the Similarity Tra-
Jectory and demonstrate its relationship with the artifacts
presented in images generated by diffusion models. Our
findings suggest that even with limited training data—680
labeled images—a classifier can still utilize Similarity Tra-
Jjectory to aid in the selection of artifact-exhibiting images.
Although the results are promising, there are several limita-
tions to our work.

While inconsistency in the Similarity Trajectory can indi-
cate potential image artifacts, it is not a definitive measure.
This limitation has been validated through experimental re-
sults. On the other hand, the evaluating of artifacts based
on the final image although offers a more direct approach,
the wide variety of possible image malformations makes this
approach challenging and data-intensive. Future work could
explore integrating both methods to leverage their comple-
mentary strengths and enhance detection accuracy.

Furthermore, in terms of model evaluation, our results
suggest that a more capable model is associated with a
higher similarity between adjacent latents in the EDM
framework. However, it would be intriguing to investigate
whether diffusion models trained under different settings ex-
hibit similar behavior. We hope our study sparks further ex-
ploration into the connection between the sampling process
and image quality and generator performance.
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