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Profiling Mutation Refinement

Figure 1. Why do diffusion models generate artifacts? We discover that a diffusion generative process necessarily undergoes three
phases, we call them: (2) “Profiling” which recovers holistic mean templates, (2) “Mutation” which introduces local divergence, and (3)
“Refinement” which rationalizes pixel-wise generation in spatial context. Four visual examples are shown: The first two rows are two
examples of rational local mutations (in green boxes) either naturally integrated (Row 1) or reasonably eliminated (Row 2). The bottom
two rows show two failure cases when mutations were trapped unreasonably (in red boxes), resisting refinement and resulting in artifacts.
Phases are visualized in equal intervals for clarity; please zoom in for more details.

Abstract with a trajectory-aware on-the-fly mitigation strategy that
appropriate generation of noise in the detected areas. Un-

Visual artifacts remain a persistent challenge in diffusion like most existing methods that apply post hoc corrections,
models, even with training on massive datasets. Current so- e.g., by applying a noising-denoising scheme after genera-
lutions primarily rely on supervised detectors, yet lack un- tion, our mitigation strategy operates seamlessly within the
derstanding of why these artifacts occur in the first place. existing diffusion process. Extensive experiments demon-
In our analysis, we identify three distinct phases in the strate that our proposed approach effectively reduces arti-
diffusion generative process: Profiling, Mutation, and Re- facts across diverse domains, matching or surpassing exist-
finement. Artifacts typically emerge during the Mutation ing supervised methods without additional training. Project
phase, where certain regions exhibit anomalous score dy- page: YuCaol6.github.io/ASCED.
namics over time, causing abrupt disruptions in the normal 1. Introduction
evolution pattern. This temporal nature explains why exist-
ing methods focusing only on spatial uncertainty of the final Diffusion models have emerged as powerful foundation
output fail at effective artifact localization. Based on these models in computer vision [5], achieving remarkable suc-
insights, we propose ASCED (Abnormal Score Correction cess in image generation [7, 15—17, 32], image inpainting
for Enhancing Diffusion), that detects artifacts by monitor- [24, 27, 35], and text-to-image task [30-32]. However, even
ing abnormal score dynamics during the diffusion process, trained on large-scale datasets, diffusion generative images
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Figure 2. Diagram of our framework. Denoising and Noising are using Eq. (5) and Eq. (1), respectively.

still exhibit two significant flaws: visual artifacts and hal-
lucinations [43, 47]. Visual artifacts appear as local irregu-
larities in texture or structure, while hallucinations involve
semantically incoherent content, e.g., extra limbs or mis-
placed objects. In this work, we focus on addressing dif-
fusion artifacts, which present a fundamental challenge to
achieving reliable and high-quality image generation.

Existing methods primarily treat visual artifact detec-
tion as a classification problem, i.e., identifying problem-
atic generations for filtering or reconstruction. These meth-
ods typically rely on a specialized classifier, either trained
on manually annotated artifact datasets [43] or leveraging a
pre-trained Large Multi-Modal Model (LMM) [22]. How-
ever, such post hoc interventions fail to address a funda-
mental problem: Why and when do artifacts emerge in
diffusion models? To bridge this gap, we begin by exam-
ining the diffusion generation process itself.

We discover that while diffusion process is guided by
the same fundamental equation across time (i.e. diffusion
steps), in practice, the model exhibits different behavior
that can be roughly categorized in three different tempo-
ral phases that we name Profiling, Mutation, and Refine-
ment. In the “Profiling” phase, the model sketches the ba-
sic semantic global layout; in the “Mutation” phase it ex-
plores potential local pixel-wise variations to create local
structure; in the “Refinement” phase it attempts to resolve
these local pixel-wise variations into coherent visual de-
tails in context (see Fig. 1 for visual examples and Sec. 3.2
for a detailed analysis). This understanding of the genera-
tion process reveals that while visual artifacts may appear
randomly, they follow systematic and identifiable temporal
patterns during image formation. Recent uncertainty-based
approaches try to identify artifacts by converting diffusion
models into Bayesian networks and employ techniques such
as Last Layer Laplace Approximation [9] to generate pixel-
level variance matrices [20]. However, these uncertainty
quantification analyses only capture spatial variations in the
final output, ie., Var(zp), missing crucial temporal dy-
namics during the generation process. Our study shows that
diffusion artifacts emerge when certain image regions ex-
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hibit abnormal evolution patterns over time, primarily dur-
ing the Mutation phase of the generation process. Specif-
ically, their pixel values stop updating properly while the
surrounding areas continue to evolve. This phenomenon,
which we formally define as “score traps” in Sec. 3.2, ex-
plains why examining only the final output is insufficient
and misplaced for effective diffusion artifact detection.

Building on these insights, we propose ASCED: Abnor-
mal Score Correction for Enhancing Diffusion, as shown
in Fig. 2. At the heart of the method is the estimation
of a score, in this context the direction and magnitude
of pixel-wise evolution at each diffusion generative step,
and a scheme that analyses its temporal dynamics and de-
tects abnormalities. We show both theoretically and exper-
imentally that these abnormalities strongly correlate with
artifact formation, making early detection possible at a
stage where intervention is still feasible, before artifacts
become irreversibly embedded in the generation process.
We leverage this early detection capability by implement-
ing a novel trajectory-aware correction mechanism that dis-
rupts the evolution of artifact regions while preserving over-
all generation diversity. Importantly, ASCED operates in a
fully unsupervised manner without requiring manual anno-
tations or domain-specific training, making it readily appli-
cable across various domains, , particularly valuable when
training data may be limited or protected.

Our contributions are: (1) We provide new insights into
the formation of visual artifacts in the diffusion generative
process, advancing the understanding of diffusion model
internal mechanisms. (2) We introduce a novel method
that detects potential artifact regions by monitoring abnor-
mal score dynamics temporally, without any manually la-
beled training required. (3) We further develop a on-the-fly
trajectory-aware correction mechanism that effectively mit-
igates artifacts while preserving image diversity.

2. Related Works

Visual Artifact Detection initially targeted super-
resolution artifacts, where upsampling operations are the



main source [45]. These methods analyze either spatial do-
main characteristics to capture texture differences between
real and generated images [23, 41], or frequency domain
patterns to study artifact characteristics in high-frequency
components [12, 13]. More recent work has shifted focus to
detecting artifacts in general image generation, developing
specialized classifiers trained on manually annotated
datasets [43] or utilizing pre-trained large vision models
[22]. However, these supervised approaches require exten-
sive manual labeling and may not generalize well across
different domains. A parallel direction explores uncertainty
quantification methods to understand visual artifacts. While
various approaches including variational inference [4, 18],
Laplace approximation [26, 29], and Markov Chain Monte
Carlo [38, 44] have been developed, their application to
diffusion models remains limited [20]. BayesDiff [20]
pioneers pixel-level uncertainty quantification in diffusion
models using Last-layer Laplace approximation [9], yet the
connection between spatial uncertainty and visual artifacts
remains unclear.

Generation Quality Enhancement Various approaches
have been proposed to enhance generation quality. The
truncation trick in BigGAN [6] demonstrated that restrict-
ing the sampling space can significantly improve genera-
tion fidelity, suggesting similar principles might apply to
diffusion models. For diffusion-based generation, classi-
fier guidance [11] has been introduced to steer the gener-
ation process. SARGD [49] extends this idea by utilizing
a pre-trained artifact detector to guide the generation to-
wards artifact-free regions. Latent diffusion models [30]
take a different approach by applying diffusion in a learned
latent space, demonstrating that controlled evolution in a
constrained space can lead to higher-quality output.
Diffusion Model for Representation Learning has
evolved toward latent space disentanglement and control-
lable editing. The former aims to uncover interpretable fac-
tors in the generative process. Recent studies [28, 42, 48]
observed stage-wise attribute emergence during generation,
but focus differently than our analysis of artifact forma-
tion mechanisms. Controllable editing techniques [27, 31,
37, 46] can be applied for artifact removal, yet require
per-sample manipulation and address symptoms rather than
causes. Our approach instead corrects abnormal score dy-
namics during the generation process itself.

3. Methodology

Our approach consists two steps: Detection (Sec. 3.2) and
Correction (Sec. 3.3). Specifically, we localize artifact
pixel regions by identifying abnormal score dynamics dur-
ing the diffusion inference process (Detection) and develop
a novel artifact correction algorithm without delaying infer-
ence (Correction). We give a theoretical analysis of our key
concepts on score trap and temporal weighting (Sec. 3.4).
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Figure 3. Artifact generation through denoising (top) and brush
stroke noising via SDEdit [27] (bottom), demonstrating the
model’s inability to distinguish artifacts during generation.

3.1. Preliminaries

Diffusion Model Let 2y € R®*"*% be an image. The
forward process of a diffusion model gradually diffuses the
data distribution ¢(z) towards g¢:(x¢), V¢t € [0,T], with
qr(z7) = N(0,I) as a trivial Gaussian distribution. From
a score viewpoint, it can be described by the Stochastic Dif-
ferential Equation (SDE):

dXt Zf(Xt,t) dt+g(Xt,t) th, te [O,T] (1)
where w is the standard Wiener process, f(-) and g(-) are
scalar drift and diffusion coefficients, respectively. Ander-
son [2] states that the reverse process of Eq. (1) is also a
diffusion process as:

s = [ (%, ) — 9(rar5)75 (0, 5)] s + g, 8)dw,
2
where xg := x7_; and s (74, s) := Vy, logps (xs) is the

score function of the marginal distribution over zs. Song
et al. [35] leverage this property to generate samples by first
drawing x7 ~ A (0,I) and then solving the reverse SDE
using a learned score network sg (¢, ).

By using Tweddie’s formula [36], DDPM (Denoising
Diffusion Probabilistic Model) [16] can be shown as an
equivalent interpretation of Eq. (2) [25]:

1
Seo (mh t) 1 a €9 (scta t) (3)
— 0y
where a; = Hizl «, with mean coefficient oy, and
€g (x4, 1) is the noise network of DDPM.

Definition of Visual Artifacts Generation flaws can be dis-
tinguished into two categories: Visual Artifacts and Hallu-
cinations. Visual artifacts manifest as local irregularities or
distortions in a generated image, such as blurred patches,
unnatural textures, broken structures. In contrast, halluci-
nations refer to semantically generating incoherent content,
such as extra limbs, misplaced objects or counterfactuals. In
this paper, we focus specifically on detecting and correcting
visual artifacts generated by diffusion models.

3.2. Detection by Anomalous Score Dynamic

To understand how visual artifacts emerge during gener-
ations, we examine diffusion model behavior through the
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Figure 4. Visualization of score dynamics and visual artifact detection. (a) Generated images with detected visual artifact regions
highlighted (red). (b) Visualization of score dynamics (normalized) between adjacent time steps as activation maps. Brighter regions
(green to yellow) indicate areas of higher score variation, while darker regions (blue to black) show areas of lower score change. (c¢). Score
acceleration curves (representing the rate of change in score dynamics between consecutive timesteps) comparing artifact regions (red)
with non-artifact regions (blue). The artifact regions exhibit characteristic rapid acceleration followed by deceleration, while non-artifact
regions maintain stable score dynamics over time throughout a generative (inference) process.

lens of image editing. SDEdit [27] demonstrates that diffu-
sion models can transform irregularities, e.g., brush strokes,
into semantically meaningful content through a noise-then-
denoise process, revealing the inherent Refinement capa-
bility of diffusion models. We observe that such irregu-
larities after noising become structurally indistinguishable
from states containing artifacts during generation, as shown
in Fig. 3. While diffusion models can successfully refine
noised brush strokes, they fail to correct the corresponding
artifacts during generation. This contrast reveals that diffu-
sion models lack the ability to identify artifacts as patterns
requiring refinement during the generation process.

To better understand this, we examine the generation
process from a score perspective, as it directly represents
the evolution of pixel values [35]. We define score dynam-
ics as the difference between temporally adjacent score val-
ues: Asg(zi?,t) = sg(ay?,t) — se(xy?;,t — 1). Analysis
reveals that image generation begins with establishing ba-
sic structures, followed by a phase of stochastic exploration
where irregular patterns may emerge; we call these phases
Profiling and Mutation, respectively. As shown in Fig. 4,
regions containing visual artifacts exhibit characteristic pat-
terns during mutation: They appear as localized regions of
intense score variations (Fig. 4 (b)) and display dramatic
acceleration followed by sudden deceleration in their score
trajectories (Fig. 4 (c)). In contrast, normal regions main-
tain a stable evolution throughout generation.

Based on these observations, we propose a novel ap-
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proach to detecting and localizing potential artifact regions
over time in a diffusion inference process. Specifically,
let Q& C R? denote the spatial domain of the image,
and 2 C (Q represent regions where abnormal evolution
patterns emerge at timestep t. For each spatial location
(1,7) € Q, we track the score dynamics through consecu-
tive timesteps. To account for the varying score magnitudes
across different images and timesteps, we maintain a score
bank S = {sg(zx,k)}’_, and apply a temporal weight-
ing function w(t) that addresses the inherent decay of score
magnitudes. Formally, we define artifact regions as:

= {(5.4) € Q| |Aw(®) - so@}? )] > 7} @

where w(t) % (see Sec. 3.4 for theoretical analysis)
and 7 is adaptively determined as the maximum between the
Median Absolute Deviation (MAD) of the weighted score
dynamics and the mean of score bank S. The final artifact
regions 2 are accumulated across the score bank, with de-
tailed procedures provided in Algorithm 1.

3.3. Real-Time Correction

After detecting artifacts, we need a correction strategy to ef-
fectively refine the artifact region. Two natural approaches
emerge: either to revert to the states before the artifacts
emerge through state replacement or to limit directly ab-
normal score changes through score clipping. For state re-
placement, we first predict the clean image from an earlier
timestep ¢ using [16]:



Algorithm 1 Pseudo Code for Proposed ASCED Method

1: Input: Score network sy(-) which requires T steps to generate, detection starting step T, and correction step 7.
2: Inmitialize x7 ~ N(0,I), Score Bank S <+ {}, Visual Artifact Mask Q% < {}

3: fort =T, t--, while t >= 0 do

4: Ti_1 = Jar_129 — /1 — ar—1V/1 — ausp (w4, t), where &g =
5: if T, <t <=1T, then

6: S.append(sg (x4, t))

7: else if t == T, then

8: for k =0, k++, while k < (T. — T,) do

0 Q* =2 U{(0.) € | [A@wk) - sola}?, 1))

10: Ty = Tt - ]1511 + (\/ @t.’fbo(t) + 1 - (jét€) : ’y(t)f]lga

11: return x

T+ (1—a)sg(xy,t)

L > Original Diffusion Process
Qg

> Store score value into Score Bank
> Anomalous Score Dynamics Detection Step
> Determine 2 by accumulation

))); mean(S)}

> Trajectory-aware Targeted Correction Step

> T} > 7 = max{MAD(A (w(k) - sp(zk7 K

1
Zo(xe,t) = NG (¢ + (1 —a¢)Velogp(xs)), (5)

Then replacing the artifact regions with corresponding
states from this predicted clean image after re-noising to
the current timestep. Score clipping directly limits the mag-
nitude of score changes during inference. However, both
state replacement and score clipping fundamentally dis-
rupt the mutation process, leading to reduced generation di-
versity. To address this problem, we propose Trajectory-
aware Targeted Correction (TTC), which introduces con-
trolled perturbations specifically in artifact regions at cor-
rection timestep 7.:

xr, = 7, - Ige + (Var,zo+

where ), = &o(z1,,T.), €, € S N(0,1), 1 is indicator
function for artifact regions and perturbation intensity -y.

TTC builds upon the understanding of score traps: Re-
gions where pixels become locked in persistent score pat-
terns after experiencing dramatic score changes. Through
controlled perturbations, TTC disrupts these fixed patterns
and allows pixels to resume normal evolution with sur-
rounding regions. Sec. 3.4 provides a detailed analysis of
these score trap mechanisms and their relationship to vi-
sual artifacts. Generation quality and diversity comparison
across correction strategies is shown in Fig. 5.

1 —ag.e)-y§lge (6)

3.4. Theoretical Analysis

We provide a theoretical analysis for the score trap and the
choice of the temporal weighting function in Eq. (4).

Theoretical Analysis of Score Traps For normal genera-
tion, the score evolution of each pixel is coupled with its
neighborhood through the learned neural score function [8]:

so(ay? 1) = V05 logpo(xy?|CG, 4),t) (D)

where C(i,j) represents the contextual information from
neighboring pixels. This coupling ensures coordinated evo-
lution toward the data manifold. When regions experi-
ence abnormal score dynamics, they can enter score traps
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where local patterns persist despite significant score val-
ues, disrupting the natural coupled evolution process. These
trapped regions evolve based primarily on their local pat-
terns, losing the contextual relationships necessary for co-
herent image generation.

This reveals how our perturbation-based correction
re-establishes contextual relationships. For a trapped pixel
(1, ), the perturbation ~ - £ introduces stochastic variations
that disrupt the isolated score patterns, creating opportuni-
ties for these regions to re-couple with their surroundings
through the natural score evolution process. Meanwhile,
in areas without abnormal patterns, these modest pertur-
bations preserve the original coupled evolution, ensuring
the method remains harmless to non-artifact regions; see
Sec. 7.2 for further mathematical derivations and proofs.

Score Normalization The score function learned by diffu-
sion models can be interpreted as a vector field guiding the
denoising trajectory, inducing a probability flow [34]:

dx

I (®)
The temporal evolution of this probability flow can be char-
acterized by its divergence in the probability density field.
Theoretically, we can model this through a flow operator G:

Q(t)zv-(a t

ot J.—o

where P(x., 7) denotes the local probability density at po-
sition ., and time 7. This formulation allows us to mon-
itor the accumulation of probability density changes over
time. We observe that the clean image prediction (Eq. (5))
reflects these changes in the probability flow. Under the as-
sumption of smooth probability density evolution between
adjacent time steps [19, 33, 34], score dynamics are cap-
tured through 2 & (¢). Consequently, a normalization fac-
tor w(t) = % is derived from the coefficient of the score
term in Eq. (5), helping to equalize the scale of score varia-
tions throughout the denoising process.

1
= —EJEV log pt ()

P(x,, T)dT) 9)



Table 1. Quantitative Comparisons on five datasets. The methods compared include BayesDiff [20] and SARGD [49], and three baseline
methods: State Replacement Score Clipping and PAL [43] + TTC. All methods use DDIM sampling with identical noise seeds to generate
10,000 images per dataset, ensuring each approach modifies the same deterministic trajectories for fair comparison. The best scores are in
bold and second best in underline with bold

. Sup and UnS denote supervised and unsupervised methods, respectively.

Methods Type FFHQ[17] ImageNet[10] LSUN-Cat[40] LSUN-Horse[40] LSUN-Bedroom[40]
P FID| Pre.t Rec.t | FID| Pre.? Rec.t | FID] Pre.t Rec.t | FID| Pre.t Rec.? | FID| Pre.t Rec.?

Original [34] UnS | 36.69 0.629 0.493 | 14.68 0.739 0.734 | 22.17 0.513 0.586 | 29.36 0.510 0.642 | 1296 0.627 0.583
State Replace UnS | 37.09 0.635 0.495 | 1461 0.743 0.733 | 22.79 0.510 0.587 | 30.36 0.502 0.642 | 1295 0.628 0.574
Score Clipping UnS | 36.36 0.630 0.498 | 14.58 0.742 0.736 | 22.12 0.515 0.585 | 29.26 0.511 0.642 | 1292 0.627 0.585
BayesDiff [20] UnS | 36.99 0.632 0491 | 1453 0.743 0.730 | 2250 0.513 0.585 | 28.70 0.518 0.634 | 12.88 0.625 0.569
SARGD [49] Sup | 38.37 0.637 0464 | 1534 0.731 0.727 | 22.65 0.523 0.570 | 30.02 0.510 0.621 | 13.82 0.639 0.554
PAL [43]+ TTC | Sup | 36.35 0.624 0.500 | 14.01 0.731 0.747 | 21.83 0.514 0.588 | 28.68 0.519 0.646 | 12.71 0.629 0.579
ASCED (Ours) UnS | 36.28 0.637 0.503 | 1441 0.750 0.735 | 21.91 0.515 0.593 | 27.66 0.521 0.652 | 12.53 0.628 0.590

4. Experiments

Basic setups We conducted experiments on five datasets:
FFHQ [17], ImageNet [10], LSUN-Bedroom [40], LSUN-
Cat [40], and LSUN-Horse [40]. We employed the Guided
Diffusion model framework and pre-trained weights from
OpenAl [11] and Segmentation-DDPM [3]. Quantitative
evaluations were performed using FID [14], which mea-
sures the Fréchet distance between real and generated image
distributions, along with Precision and Recall [21], which
evaluate sample fidelity and diversity, respectively.
Implementation details For detecting diffusion artifacts,
our approach was compared with LLaVA-v1.5-13B [22]
and PAL [43], while artifact removal comparisons were
made with BayesDiff [20] and the adapted SARGD [49].
All experiments were performed on NVIDIA A100 / H100
GPUs. We used DDIM [34] to improve inference efficiency
with a Number of Function Evaluations (NFE) set to 25.
Remark: We demonstrate in Sec. 7.1 that there is no sig-
nificant correlation between NFE and the generation of ar-
tifacts. Full implementation details are provided in Sec. 6.

4.1. Quantitative Comparisons to Existing Methods

We first evaluate the effectiveness of ASCED in improv-
ing generative quality through comparisons with both un-
supervised (BayesDiff [20]) and supervised (SARGD [49])
SOTA methods, along with the original diffusion model
[11] and two baselines from Sec. 3.3 (state replacement
and score clipping). To isolate the effectiveness of our cor-
rection method, we also evaluate a hybrid approach com-
bining artifact detector PAL (used in SARGD) with our
Trajectory-aware Targeted Correction (TTC). Quantitative
results are shown in Tab. I. Among unsupervised meth-
ods, our ASCED demonstrates superior performance across
all datasets, consistently achieving better FID and Precision
scores while maintaining higher Recall values than BayesD-
iff and baselines, indicating both improved generation qual-
ity and better preservation of diversity.

Compared to the supervised methods, our proposed
ASCED method shows leading performance across most
experiments, achieving superior results on FFHQ, LSUN-
Horse, and LSUN-Bedroom, while maintaining competitive

performance on ImageNet and LSUN-Cat. The better per-
formances of PAL and SARGD on these two datasets are
due to that they are supervised artifact detectors specifically
trained on these datasets [43]. Their advantages are not
generalizable to other datasets FFHQ, LSUN-(Horse, Bed-
room). In contrast, ASCED as an unsupervised method has
generalisable advantages in all domains without dataset spe-
cific training, making it more practical and scalable. Addi-
tionally, our method demonstrates significant computational
efficiency advantages. In our experiments, ASCED detects
and corrects artifacts in approximately 0.09s per image,
which is 8.8 x faster than PAL (0.79 s).

The effectiveness of the correction mechanism (TTC)
becomes particularly evident when comparing SARGD
with PAL(used in SARGD) + TTC, where the trajectory-
aware correction demonstrates significant advantages in
preserving generation diversity across all datasets, reflected
in consistently higher Recall scores.

Table 2. Visual Artifact Detection Accuracy Comparison be-
tween PAL (Supervised, Sup) [43], LLaVA (Zero-Shot, ZS) [22],
and our method (Unsupervised, UnS) on FFHQ [17], ImageNet
[10], and LSUN-(Bedroom, Cat, Horse) [40].

Method | Type | FFHQ ImageNet  Bedroom Cat Horse
PAL Sup 51.4% 69.2% 52.4% 69.8% 60.9%
LLaVA A 63.1% 91.1% 75.9% 59.5% 72.2%
Ours UnS | 56.7% 64) 67.7% (-15) 65.0% (-109) 68.3% (-1.5) 70.3% (-1.9

4.2. Artifact Detection Performance Analysis

To validate the accuracy of our method in identifying visual
artifacts, we manually selected 200 images for each dataset
from the diffusion model outputs, consisting of 100 images
with visual artifacts and 100 without. We then evaluated
ASCED against zero-shot large multi-modal model LLaVA-
v1.5-13B [22] and supervised artifact detector PAL [43].
For LLaVA evaluation, we produced 50 different prompts
and reported the results for the most effective prompt. De-
tails on prompt generation are provided in Sec. 6.2. The
accuracy for both methods is presented in Tab. 2.

As an unsupervised method, ASCED achieves promising
detection performance, maintaining close accuracy to su-
pervised approaches LLaVA and PAL across most datasets.
Notably, these methods analyze final generated images,
whereas our approach detects artifacts during the generation
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Figure 5. Qualitative Comparison of different correction methods. For each example, we show the original output with visual artifacts
(left) and zoomed-in views of the artifact regions corrected by different methods (right): SARGD [49], state replacement (Replace), and our
trajectory-aware targeted correction (Ours). Rows from top to bottom: FFHQ[17], ImageNet[10], and LSUN-(Cat, Horse, Bedroom)[40].

process through score dynamics, enabling early interven-
tion before artifacts fully manifest. However, our method
does show limitations in specific cases, such as low-contrast
images where subtle abnormalities are difficult to distin-
guish from normal variations (leading to False Negatives),
and instances where the diffusion model successfully ratio-
nalizes initially abnormal patterns during refinement (caus-
ing False Positives). Representative examples of these cases
are illustrated in Fig. 6.

4.3. Qualitative Analysis of Correction Methods

To better illustrate the advantage of Trajectory-aware Tar-
geted Correction (TTC) over baselines, Fig. 5 shows qual-
itative comparisons consisting of the original outputs with
artifacts, results from state replacement (Sec. 3.3), SARGD
[49], and TTC (ours). While all methods can remove ar-
tifacts, TTC demonstrates superior detail preservation in
corrected regions. Specifically, both state replacement and
SARGD tend to converge to similar expressions and lo-
cal details, constraining natural variations, as they directly
modify the generation states. SARGD faces further lim-
itations from its artifact detector being trained on a spe-
cific domain [43], affecting its generalization ability. More
importantly, by preserving mutation phase operations, our
trajectory-aware correction enables diverse yet coherent
generations even when correcting the same region. Addi-
tional comparison results are provided in Sec. 8.2.

Do corrections at Non-Artifact Regions harm? As with
any detection method, our proposed scheme will inevitably
encounter false positives, leading to add perturbations in
non-artifact areas. Our experiments demonstrate that ap-
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Figure 6. Top: Applied our correction method to clean regions
(yellow box). Bottom: Typical failure cases.

plying the correction mechanism to regions without visual
artifacts, as shown in Fig. 6, introduces modest variations
while preserving semantic coherence with the surrounding
context and not generating new artifacts. Extended visual
results and detection performance analysis can be found in
Sec. 7.2 and Sec. 4.2, respectively.

4.4. Further Analysis

Distribution of Abnormal Score Dynamics In Fig. 7,
we plot the frequency of abnormal scores at each time
step (normalized by total diffusion time step 7"). The
score dynamics demonstrate distinct patterns across dif-
ferent stages: remaining stable in early steps where basic
structures emerge, experiencing significant variations in
the middle stage, and gradually stabilizing again in the
later steps during details’ refinement. The presence of
the long tail indicates that some variations persist into
later steps, suggesting an extended period of details’
adjustment. This behavioral pattern naturally aligns with
our hypothesis that the generation undergoes three phases:
profiling, mutation, and rationalization. This temporal
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Figure 7. Temporal Analysis of abnormal score dynamics across
FFHQ [17], ImageNet [10], LSUN-(Bedroom, Cat, Horse) [40].

pattern suggests that, while early intervention might be
possible, determining the latest effective correction point
is crucial for maximizing the detection of potential artifacts.

Impact of Correction Timing We investigate how the
choice of correction timestep 7. affects artifact removal ef-
fectiveness. Through extensive experiments, we identify a
threshold at approximately T /T = 0.48 across different
diffusion processes, representing the latest viable correc-
tion point before the model lacks sufficient steps for refine-
ment. As shown in Fig. 8, both Precision and Recall metrics
achieve optimal performance as 1. approaches 7. This op-
timal timing allows for maximum artifact detection while
ensuring adequate refinement steps. Most datasets show
stable performance before 7" followed by a sharp decline,
while FFHQ exhibits more fluctuation before 77 and de-
creases gradually afterward. Individual dataset curves with
analysis are provided in Sec. 7.4.
10 " —— FFHQ
ImageNet
LSUN-Bedroom

—— LSUN-Horse
—— LSUN-Cat

o

Normalized Precision
Normalized Recall

00 —— LSUN-Cat
0

035 040

045 080 056
Correction Step

060 068 026 030

Correction Step
Figure 8. Impact of correction timestep 7. on artifact removal per-
formance evaluated by Precision (fidelity, 1) and Recall (diversity,
7). The dashed lines indicate the baseline precision / recall of the
original diffusion model on each dataset.

Latent Code Improvement To evaluate how our correc-
tion method influences latent representations, we conduct a
linear probe experiment [39] using a classifier-guided diffu-
sion model [11] on ImageNet [10]. Specifically, we gener-
ate samples following two paths: the original diffusion pro-
cess and our corrected process. At an intermediate timestep
t, we obtain the original state x; and apply our correction
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method to get the corrected state £;. We then continue the
diffusion process for & steps to obtain z;_j and Z;_j from
the original and corrected states, respectively. We generate
N labeled samples using both paths, with 3* denoting the
class label, resulting in two sets:

Dorig = {(xifkvyi)}gv:h Dcorr = {(izltfk’yl)}zjil (10)

We train two separate classifiers on Dye and Do TESpPEC-
tively, with results shown in Fig. 9. The higher accuracy
achieved by improved latent codes throughout the remain-
ing steps demonstrates that our method enhances the se-
mantic quality of latent representations, and this improve-
ment affects overall accuracy rather than individual preci-
sion or recall metrics. Notably, we observe that the clas-
sification accuracy reaches its peak earlier in the genera-
tion process with our method and remains stable through
the refinement phase, while the original process exhibits a
decrease-increase pattern during refinement.
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Figure 9. Linear probe classification results comparing latent

representations from original and corrected diffusion trajectories
across Accuracy, Precision and Recall metrics.

0.80 0.90 1.00

5. Conclusion

We present a novel analysis of the diffusion generation pro-
cess, decomposing it into profiling, mutation, and refine-
ment phases, which provides fundamental insights into ar-
tifact formation mechanisms. Based on these insights, we
develop ASCED, an unsupervised framework that success-
fully detects and corrects artifacts while preserving gen-
eration diversity. Extensive experiments demonstrate that
ASCED achieves competitive performance with state-of-
the-art supervised methods across multiple datasets. The
training-free nature of our approach enables immediate ap-
plication to any diffusion model, making it a practical solu-
tion for improving generation quality.

Future Work While our approach effectively detects ar-
tifacts through temporal pattern analysis, promising direc-
tions include improving detection in low-contrast regions,
developing more robust discrimination between transient
and persistent abnormalities, and extending these insights
to other generative frameworks.
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