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Abstract

Despite recent advances in diffusion models, AI generated
images still often contain visual artifacts that compromise
realism. Although more thorough pre-training and bigger
models might reduce artifacts, there is no assurance that
they can be completely eliminated, which makes artifact
mitigation a highly crucial area of study. Previous artifact-
aware methodologies depend on human-labeled artifact
datasets, which are costly and difficult to scale, underscor-
ing the need for an automated approach to reliably acquire
artifact-annotated datasets. In this paper, we propose Ar-
tiAgent, which efficiently creates pairs of real and artifact-
injected images. It comprises three agents: a perception
agent that recognizes and grounds entities and subentities
from real images, a synthesis agent that introduces artifacts
via artifact injection tools through novel patch-wise embed-
ding manipulation within a diffusion transformer, and a cu-
ration agent that filters the synthesized artifacts and gener-
ates both local and global explanations for each instance.
Using ArtiAgent, we synthesize 100K images with rich ar-
tifact annotations and demonstrate both efficacy and versa-
tility across diverse applications. Code is available at link.

1. Introduction
Recent advances in diffusion models have led to remarkable

success in generating highly photorealistic images [45, 53].

While these models have demonstrated striking achieve-

ments in text-to-image alignment and aesthetic quality, they

still suffer from producing visual artifacts, unintended dis-

tortions or anomalies in generated outputs. For example,

in Figure 1(a), even state-of-the-art models such as Nano-

Banana [13] produce artifacts, e.g., six-fingered hands and

fused entities, reducing user satisfaction, e.g., uncanny val-

ley. Furthermore, mitigating such artifacts is especially crit-

ical in high-stakes diffusion applications where reliability

is paramount, including image generation in medicine [23],

robotics [17], autonomous driving [19], and so on.

* Equal contribution; work done during an internship at KRAFTON.
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Meanwhile, in image understanding, vision-language

models (VLMs) have made substantial progress, showing

strong capabilities in visual question answering and scene

description [54]. These advances have allowed VLMs to

serve as automatic systems for many vision tasks, including

medical analysis [16] and robotics control [24]. However,

we find that VLMs face challenges when confronted with

visual artifacts. As shown in Figure 1(a), even state-of-the-

art VLMs, such as GPT-5 [34] and Gemini-2.5-pro [8], ex-

hibit limited ability to detect, localize, or explain artifacts

in AI-generated images, nearly indistinguishable from ran-

dom guessing (see § 6 for details). Consequently, VLMs

cannot yet serve as reliable systems for artifact comprehen-

sion, which constrains their utility.

Recently, several approaches have been proposed to

tackle visual artifacts in VLMs and diffusions[20, 48, 55].

However, existing efforts exhibit two major limitations: (1)

they mainly target simple artifact types (e.g., Gaussian noise

or blur), which were prevalent in early diffusion models

such as SD1.0 [43], but are rarely observed in modern mod-

els, where more plausible physical distortions are predom-

inant; and (2) they rely heavily on human-annotated arti-

facts (e.g., as many as 10K labels), which is costly and

fundamentally limited in scalability to capture the full di-

versity of diffusion-generated artifacts. These limitations

highlight the need for scalable, annotator-free methods to

address plausible and extensive artifacts across diverse vi-

sual contexts produced by modern diffusion models.

To fill this gap, we introduce ArtiAgent (Figure 1(b)),

a novel agentic framework that injects plausible artifacts

without human intervention via inversion-restoration [9] by

perturbing the attention of DiT (see § 4.2.2). ArtiAgent con-

sists of three agents: (1) a perception agent, which iden-

tifies the most suitable objects or entities in a real image

to perturb, (2) a synthesis agent, which selects and applies

the tools to generate plausible artifacts, and (3) a curation
agent, which filters low-quality results and refines their an-

notations. Through this agentic pipeline, ArtiAgent pro-

duces high-quality artifact-injected images with rich anno-

tations, including binary labels, locations, and explanations

suitable for detection, localization, and reasoning.

This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.
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Figure 1. Overview of our challenges and approach. The red boxes indicate the regions with visual artifacts. (a) Examples of structural

visual artifacts in state-of-the-art diffusion models and the inability of VLMs to recognize or explain them. (b) Overview of ArtiAgent,

a novel agentic framework that synthesizes artifacts for arbitrary visual contexts without human intervention. (c) Example of VLM-

based artifact comprehension via detection, explanation, and localization. (d) Application to reward-guided text-to-image generation. (e)

Application to image correction, where artifact-aware VLM-guided inpainting removes the flawed regions.

For thorough validation, we present ArtiBench, a new

benchmark of 1K AI-generated images produced by modern

generative models such as FLUX-dev and Nano-Banana,

where each image is carefully annotated by humans with

binary artifact labels, their bounding box locations, and ex-

planations. We evaluate ArtiAgent on ArtiBench as well

as three existing benchmarks, showing that open-source

VLMs (e.g., Qwen2.5-VL) fine-tuned on 100K training

samples generated by ArtiAgent consistently outperform

proprietary VLMs (e.g., GPT-5) and prior baselines across

major artifact-perception tasks, including detection, local-

ization, and reasoning. Furthermore, with these artifact-

aware VLM, we benefit two downstream applications: (1)

guiding diffusion sampling toward artifact-free generation

with VLM-based artifact reward, and (2) automatically edit-

ing diffusion outputs that contain artifacts, substantially im-

proving the image generation pipelines.

Our key contributions are summarized as follows:

• Framework. We introduce ArtiAgent, an agentic data

synthesis framework that produces diverse plausible arti-

facts at scale, enriched with high-quality annotations.

• Tools. We develop agentic tools that inject artifacts via

our novel inversion-injection method during image re-

construction, which can be used by any DiT model.

• Datasets. We synthesize a large-scale training set with

100K examples via ArtiAgent, along with ArtiBench1, a

1https://huggingface.co/datasets/KRAFTON/ArtiBench

challenging benchmark of 1K images generated by mod-

ern generative models with human labels.

• Experiments. Extensive experiments demonstrate the

superiority of ArtiAgent by scaling up VLM performance

on core artifact-perception tasks. Moreover, we show

its utility in downstream diffusion-based applications:

artifact-free image generation and editing.

2. Related Work

Visual Artifact Datasets. Several training datasets have

been introduced to supervise the understanding of visual

artifacts in generative models. PAL [55] provides 10K

images with pixel-level annotations of perceptual defects

for segmentation-based training. SynthScars [20] provides

12K images with pixel-level masks and textual explana-

tions. DiffDoctor [48] scales human labeling through semi-

supervised expansion from a 25K seed set. Although these

datasets offer essential supervision for artifact detection and

correction, their reliance on human annotation makes them

costly and difficult to scale.

Moreover, several benchmark datasets have been re-

leased to evaluate models’ ability to understand visual arti-

facts. RichHF-18K [27] provides annotated artifact regions,

while LOKI [51] adds natural-language explanations with

bounding box labels. SynthScars also releases evaluation

splits to test perception, localization, and explanation ca-
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pabilities. These benchmarks serve as reference points for

measuring a model’s artifact awareness; however, most of

them rely on artifacts from earlier diffusion models and tend

to focus on degenerate artifacts (e.g., Gaussian noise), lim-

iting their relevance to the richer and more diverse failure

modes of modern generative systems.

Handling Visual Artifacts. Using these datasets, different

modeling strategies have been explored. PAL [55] trains

segmentation models to localize artifact regions and enables

automated correction via inpainting. RichHF-18K [27]

is used to train multimodal models that predict human-

like feedback heatmaps, which can then refine diffusion

models through preference learning. LEGION [20] trains

GLaMM [39] with the SynthScars dataset that allows de-

tection, localization, and explanation into a unified model.

DiffDoctor [48] employs its dataset to train an artifact seg-

mentation model, which is used for diffusion fine-tuning to

alleviate artifact generation. While these studies emphasize

the value of artifact detection and reasoning, they also reveal

the necessity of reducing reliance on manual annotation to

enable scalable and reliable dataset construction.

3. Understanding Visual Artifacts
3.1. Problem Scope
As generative models have matured, the types of visual

artifacts that frequently appear have also changed. Early

GANs [15] and U-Net–based diffusions [42] predominantly

exhibited naive distortions such as Gaussian-like noise or

low-level pixel corruption [55]. Modern diffusion mod-

els, equipped with DiT-based architectures and trained on

higher-quality datasets, have largely overcome these naive

distortions. However, they still generate plausible structural
visual artifacts, which are the main focus of this work.

Definition 3.1. (Informal) Structural visual artifacts refer

to defects in which the inherent physical structures of ob-

jects are distorted in the generated image. That is, while

the contents specified in the prompt are represented, their

form violates common-sense plausibility (e.g., a generated

dog with two noses). This definition excludes text-to-image

misalignments where the prompt content itself is misrepre-

sented (e.g., generating a cat given the prompt of a dog).

3.2. Artifact Analysis in Modern Generative Models
We have categorized structural artifacts into four represen-

tative types: duplication, omission, distortion, and fusion.

Figure 1(a) provides illustrative examples of each case,

showing how diffusion models can compromise reliability

while still producing visually high-quality pixels. To sys-

tematically analyze these artifacts, we randomly sampled

100 captions from the MS-COCO dataset [7] and used them

as text-to-image prompts across five state-of-the-art diffu-

sion models, including Stable Diffusion 3.5 [11], FLUX [5],

Table 1. Artifact frequency of

modern diffusion models.

Generative Model Freq.

SD3.5-Large 36%

FLUX-schnell 28%

Qwen-Image 17%

FLUX-dev 12%

Nano-Banana 5% Figure 2. Artifact type distri-

bution of diffusion models.

Qwen-Image [49], and Nano-Banana [13]. For each gener-

ated image, a human annotator manually inspected the out-

puts and identified whether they contained any artifacts, fur-

ther categorizing them into the four structural types. Based

on this evaluation, Table 1 summarizes the frequency of ar-

tifacts for each model, while Figure 2 presents the relative

occurrence of different artifact types. These findings un-

derscore the importance of addressing structural artifacts in

modern generative modeling, highlighting the need for scal-

able methods to detect, analyze, and mitigate them.

4. Agentic Pipeline for Artifact Synthesis

We propose ArtiAgent, a fully automated agentic pipeline

that synthesizes visual artifacts in clean images. As shown

in Figure 3, three agents (perception, synthesis, curation)

select injection candidates, inject artifacts, and curate out-

puts with local and global explanations. Leveraging re-

cent LLMs and our artifact-injection tools, ArtiAgent de-

termines the artifact types and locations for each image and

produces high-quality annotations. Full agent details and

visualizations are in Appendices A.

4.1. Perception Agent (Figure 3(a))

The perception agent aims to analyze a real image and de-

compose it into meaningful semantic units that can serve as

reliable candidates for the synthesis agent.

4.1.1. Entity-Subentity Vocabulary Generation
The agent uses out-of-the-box VLMs to decompose the in-

put image into a hierarchical vocabulary of entities (e.g.,

dog) and subentities (e.g., nose). These are grouped into

two semantic levels: peripheral subentities, such as fingers

or legs, and intermediate subentities, such as body or face.

The prompt template for this module is in Appendix A.2.1.

4.1.2. Entity-Subentity Grounding
The agent then employs Grounded-SAM [41] to ground en-

tities and subentities visible in the image. Once the seg-

mentation masks for both entities (e.g., dog) and subentities

(e.g., leg) are obtained, the agent performs a containment

analysis to associate each subentity with its parent entity

(e.g., a leg of a dog) by computing the overlap ratio.
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Explain the [injected] image.

Explanation Generation
What is wrong with [bbox] of [injected]?

(a) Perception Agent (b) Synthesis Agent (c) Curation Agent

Grounding-SAM

Real

DiT

Inversion-Injection

patch mapping

Toolbox
Decompose the 
image into entities
and subentities.

Instruction

Response

Entity-Subentity Vocab.

Grounding

DiT

LPIPS

Filtering

Injected

add remove distort fuse

Compare [real] and
[injected] image.

Figure 3. ArtiAgent consists of three coordinated agents: (1) the perception agent detects entities and subentities using Grounded-SAM;

(2) the synthesis agent injects artifacts through patch mapping tool and the inversion-injection paradigm; and (3) the curation agent filters

low-quality results and generates localized and global textual explanations.

Figure 4. Visualization of each target-reference patch mapping

and its resulting artifact-injected image.

4.2. Synthesis Agent (Figure 3(b))
The synthesis agent uses the perception agent’s grounding

to inject artifacts into an image via two components: a tool-
box that generates target-reference patch mappings and an

inversion-injection module that applies them to the image.

4.2.1. Target-Reference Patch Mapping Toolbox
The toolbox has four artifact-injection tools: add, remove,

distort, and fuse, each producing a target-reference patch

mapping. It applies add and remove to peripheral suben-

tities, distort to intermediate subentities, and fuse to two

overlapping entities. Figure 4 shows one example per tool.

Detailed algorithms are in Appendix A.3.

• Add. Reference patches are the original subentity re-

gion, while the tool chooses the best target-patch candi-

date from surrounding patches. Nearby patches without

overlaps or subentity class conflicts are preferred.

• Remove. Target patches are given as the original suben-

tity region, while the tool creates reference patch map-

pings to replace them with the surrounding context.

• Distort. Target patches are the original subentity region,

while the tool applies kernels to target patches to generate

distorted mappings to reference patches. We use three

kernels: jitter for random displacement, strip for circular

shifts over bands, and a random permutation kernel.

• Fuse. The fuse tool generates mappings that blend con-

tent across multiple entities. The target patches contain

the overlapping region between two entity instances, and

the chunks of reference patches from one entity are as-

signed to the target patches of the other entity.

4.2.2. Inversion-Injection Method for Artifact Synthesis
We propose an inversion-injection module, which extends

the inversion-restoration paradigm from image editing [9,
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Figure 5. Inversion-injection module. In this example, the right

arm from the reference patches is added to target patches below it.

29, 31, 47]. Specifically, the inversion-injection module em-

ploys the target-reference patch mapping to manipulate the

positional information in the self-attention layers of DiT, al-

lowing realistic structural artifact synthesis.

Notations. Let X(�) ∈ R
N×d denote the input to a trans-

former layer �, where N is the number of image patches

and d is the embedding dimensionality. We denote the set

of all patch indices as P = {1, . . . , N}. During artifact in-

jection, we accept the target-reference patch mapping M =
{(pt, pr) ∈ P × P} provided by the toolbox, where pt is a

target patch to be modified and pr its reference patch. The

set of all target patches is PT = {pt | (pt, pr) ∈ M}, the

set of all reference patches is PR = {pr | (pt, pr) ∈ M},

and the set of background patches becomes PB = P \ PT .

Inversion Stage. The inversion stage maps the input image

into its corresponding noisy latent representation. Queries,

keys, and values for the self-attention layer are

Q(�) = X(�)W
(�)
Q , K(�) = X(�)W

(�)
K , V (�) = X(�)W

(�)
V ,
(1)

where W
(�)
Q ,W

(�)
K ,W

(�)
V ∈ R

d×d are learnable. We encode

positions with rotary embeddings (RoPE) [46] such that

Q̃(�)
p = RoPE(Q(�), p), K̃(�)

p = RoPE(K(�), p), p ∈ P.
(2)

Then, the layer’s attention output is

Attn(�)(X(�)) = Softmax

(
Q̃(�)K̃(�)�

√
d

)
V (�). (3)

While executing Equation (3), we cache the per-layer value

embeddings V
(�)

inv ← V (�) for use in the injection stage.

Injection Stage. As in Figure 5, during the denoising pro-

cess, the injection stage injects structural artifacts into PT

by borrowing spatial semantics from PR, while keeping the

original semantics of PB .

• Target Region. For pt ∈ PT mapped to pr, we replace

the positional embedding (PE) and the value embedding

of pt with those of pr: Q̃
(�)
pt = RoPE(Q

(�)
pt , pr), K̃

(�)
pt =

RoPE(K
(�)
pt , pr), and V

(�)
pt ← V

(�)
pr,inv.

• Background Region. For a non-target patch pb ∈ PB ,

we keep their original positional information and reuse

the V
(�)

inv values to maintain the context of the original im-

age: Q̃
(�)
pb = RoPE(Q

(�)
pb , pb), K̃

(�)
pb = RoPE(K

(�)
pb , pb),

and V
(�)
pb ← V

(�)
pb,inv.

Then, self-attention is performed as in Equation (3).

In general, PE injection controls where the model be-

lieves denoising is occurring, while value injection provides

what semantic content fills that position. Their combina-

tion allows for local injections of realistic artifacts, while

the background remains consistent with the original image.

Although value injection [9, 47] is a well-established ap-

proach in image editing research, our method introduces

the novel idea of manipulating their positions during injec-

tion. Furthermore, PE injection itself has not been used in

previous image editing works. Combining PE and value

injections offers a particularly effective methodology for

generating structural artifacts, as it enables direct manip-

ulation of spatial information during the reconstruction pro-

cess. To prevent shortcut-feature learning (e.g., edge dis-

continuities), we restrict PE and value injections to early-

to-middle layers and disable them during the final denois-

ing steps. We provide attention visualizations and ablation

studies (including injection-step ablations) to support these

design choices in Appendices A.4 and A.5. Furthermore,

our training-free inversion-injection method is inherently

model-agnostic, making it readily generalizable to other

emerging DiT-based image generation models.

4.3. Curation Agent (Figure 3(c))
The curation agent is the pipeline’s quality assurance and

enrichment stage, which refines the synthesis agent’s output

into training-ready datasets for downstream tasks. Given

paired real and artifact-injected images, the curation agent

performs data filtering and explanation generation. This

paired input enables reliable filtering and explanation by

contrasting artifact-injected regions with real counterparts.

4.3.1. Data Filtering
This stage applies one of two filtering methods depending

on which tool was used for artifact injection.

• LPIPS-Based Filtering. Distortion artifacts are val-

idated using the LPIPS [56] metric, which measures

the perceptual difference between two images by com-

paring their feature representations, producing a met-

ric that aligns much more closely with human judg-

ments. For each cropped original-injected pair, we com-

pute the LPIPS score and retain the pair if it satisfies

τ1 ≤ 1 − dLPIPS(xoriginal, xartifact) ≤ τ2, with τ2 filtering

out pairs too similar with unidentifiable changes, while

τ1 filters out severely corrupted samples with implausi-

ble damage in the region.
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• VLM-Based Filtering. For duplication, omission, and

fusion artifacts, we employ a VLM to validate whether

the injected change is perceptible and localized within the

designated region. The VLM receives the original image

with the target region masked out (to provide the global

scene context), the original image cropped to the target

region (to show the unaltered content), and the artifact-

injected image cropped to the same region (to focus on

the modification). From this triplet, the VLM makes a

binary judgment, confirming whether a new instance has

appeared (duplication), an expected object has become

missing (omission), or two objects have been unnaturally

merged (fusion). For a detailed prompt template used for

VLM-based filtering, see Appendix A.2.2.

4.3.2. Explanation Generation
• Local Explanation. For each candidate region, the VLM

receives the same triplet used in filtering. We prompt the

VLM to synthesize a short local description by guiding

the VLM to describe what is different in the artifact re-

gion compared to the real counterpart. For the detailed

prompt template used, see Appendix A.2.3.

• Global Explanation. After generating local explana-

tions for all artifacts, the curation agent generates a global

explanation for the whole image. The VLM accepts

the artifact image and a list of artifact-injected bounding

boxes and their corresponding local explanations. The

VLM is prompted to explain why this artifact injected

image is indeed an artifact. For the detailed prompt tem-

plate used, see Appendix A.2.3.

4.4. Data Collection
With our novel three-stage agentic pipeline, we collect

50K pairs of artifact-injected images and the correspond-

ing original images, along with the metadata consisting of

artifact explanation shown in the final output of Figure 3.

Here, we reconstruct the source images using the inversion-

restoration method to alleviate pairwise differences origi-

nating from diffusion-generated image traits. The source

images are composed of four different datasets, COCO [7],

Caltech-101 [12], 11K Hands [1], and Celeba HQ [21],

broadening the distribution from diverse real-world scenes

to specific single entity images. We employ GPT-4o [33]

as the VLM that contributes to our agentic flow. In addi-

tion, the inversion-injection method in Section 4.2.2 uses

FLUX.1-dev [5] for the DiT and FireFlow [9] for the

inversion-injection module.

5. ArtiBench: Artifact Detection Benchmark
Existing artifact detection benchmarks, such as

RichHF [25], LOKI [51], and SynthScars [20] were

built primarily using earlier diffusion models, including

Stable Diffusion 1 or 2 and Midjourney. These datasets,

Table 2. Comparison of artifact benchmark datasets. If a

benchmark reused another dataset as a source, we describe the

generative models used in that source. The table with the full cita-

tions is provided in Appendix B.1.

Benchmark Source Models Sample Bin. Loc. Exp.
Oldest Newest

RichHF SD2.1
Dreamlike

955 �
Photoreal

LOKI pix2pix FLUX 229 � �
SynthScars Midjourney DALL·E3 1K � �
ArtiBench SD3.5 Nano-Banana 1K � � �

though valuable at the time, no longer capture the charac-

teristics of modern artifacts produced by current diffusion

and multimodal transformers. As a result, the evalua-

tion on these benchmarks may not accurately reflect the

artifact-handling capabilities of today’s models.

To address this issue, we introduce ArtiBench, a new

benchmark that reflects the current state of artifact phenom-

ena in recent generative models. As summarized in Table 2,

previous benchmarks were limited either in sample diver-

sity, recency of generative sources, or task coverage. Our

benchmark is designed to overcome these limitations by in-

cluding data from recent models and providing comprehen-

sive annotations for multiple artifact-related tasks.

We construct ArtiBench with 1K images generated

by five state-of-the-art diffusion models, Stable Diffu-

sion3.5 [11], FLUX-schnell/dev [5], Qwen-Image [49],

and Nano-Banana [13], with the prompts sampled from

three datasets, MS-COCO [7], PartiPrompts [52], and Fuse-

Cap [44]. For annotation, we involve 12 human annotators

and label each image with: (1) a binary indicator denoting

the presence or absence of artifacts, (2) bounding boxes for

all artifact regions, and (3) concise descriptions of the ob-

served abnormalities. The dataset is balanced with an equal

ratio of artifact-free and artifact-containing samples. Fur-

ther details on the construction and annotation pipeline are

provided in Appendix B.2.

6. Experiments
6.1. Understanding Artifacts with VLMs
We assess the efficacy of ArtiAgent by training VLMs with

visual question-answering (VQA) samples generated from

ArtiAgent and measuring their performance on artifact-

aware benchmarks, including ArtiBench.

6.1.1. Setup
We consider three tasks, artifact detection, localization, and

explanation. For evaluation metrics, we use accuracy and

F1 score for detection, mIoU and F1 score for localiza-

tion, and ROUGE and CSS for explanation. More details of

the evaluation protocol are provided in Appendix B.3. For

baselines, we use three artifact segmentation algorithms,
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Table 3. Artifact understanding performance across (a) binary detection, (b) localization, and (c) explanation. The benchmarks are

listed in the order in which they were published.

Methods

(a) Binary detection (b) Localization (c) Explanation

ArtiBench RichHF LOKI SynthScars ArtiBench LOKI SynthScars ArtiBench

Acc F1 mIoU F1 mIoU F1 mIoU F1 mIoU F1 ROUGE CSS ROUGE CSS ROUGE CSS

PAL - - 0.079 0.028 0.021 0.037 0.035 0.053 0.040 0.066 - - - - - -

DiffDoctor - - 0.077 0.139 0.175 0.274 0.083 0.136 0.081 0.137 - - - - - -

LEGION - - 0.067 0.112 0.100 0.158 0.106† 0.152† 0.062 0.099 0.133 0.314 0.247† 0.589† 0.143 0.332

GPT-4o 0.619 0.601 0.086 0.040 0.037 0.056 0.032 0.052 0.049 0.084 0.107 0.266 0.125 0.404 0.143 0.433

Gemini-2.5-Pro 0.582 0.575 0.061 0.091 0.109 0.169 0.064 0.101 0.095 0.147 0.097 0.358 0.103 0.474 0.159 0.420

GPT-5 0.599 0.577 0.126 0.146 0.089 0.141 0.117 0.185 0.061 0.099 0.121 0.382 0.120 0.461 0.145 0.434

Qwen2.5-VL-7B 0.501 0.336 0.075 0.028 0.052 0.068 0.013 0.018 0.010 0.014 0.106 0.267 0.115 0.362 0.117 0.263

+ ArtiAgent 0.627 0.627 0.119 0.198 0.129 0.198 0.137 0.214 0.111 0.168 0.169 0.454 0.196 0.578 0.233 0.643
InternVL3.5-8B 0.498 0.357 0.013 0.022 0.015 0.025 0.019 0.033 0.010 0.015 0.081 0.189 0.050 0.180 0.126 0.256

+ ArtiAgent 0.630 0.620 0.100 0.170 0.126 0.196 0.140 0.217 0.119 0.176 0.137 0.401 0.179 0.513 0.226 0.625

†LEGION was trained on the SynthScars training dataset split.

PAL [55], DiffDoctor [48], and LEGION [20]; and three

proprietary VLMs, GPT-4o [33], Gemini-2.5-Pro [14], and

GPT-5 [34]. PAL and DiffDoctor are evaluated only on

the localization task as they output only segmentations, LE-

GION is evaluated on the localization and explanation tasks,

and the three VLMs are evaluated on all three tasks. We

fine-tune Qwen2.5-VL-7B [4] and InternVL3.5-8B [57] on

a 100K training set generated by ArtiAgent. The detailed

procedure for VQA generation is provided in Appendix B.4.

6.1.2. Main Results
Overall, fine-tuning open-source VLMs with synthetic data

generated by ArtiAgent consistently enhances their abil-

ity to detect, explain, and localize visual artifacts. Across

all three tasks, ArtiAgent-trained models not only outper-

form their vanilla counterparts but also match or exceed

the performance of proprietary systems such as GPT-5 and

Gemini-2.5-Pro. These gains highlight the quality and scal-

ability of ArtiAgent-generated supervision, demonstrating

that artifact synthesis through agentic data generation pro-

vides rich, transferable signals for both spatial grounding

and semantic reasoning.

Artifact Binary Detection. Table 3(a) shows that VLMs

trained with ArtiAgent achieve clearly superior artifact de-

tection performance. Specifically, ArtiAgent improves the

accuracy of InternVL3.5-8B by 26.5%. At the same time,

the overall low accuracy on ArtiBench highlights the dif-

ficulty and importance of understanding visual artifacts in

AI-generated images, especially because modern diffusion

models increasingly exhibit subtle, structured failures that

current VLMs easily miss.

Artifact Localization. Table 3(b) shows that ArtiAgent

consistently enhances the spatial grounding capability of

open-source VLMs. Although DiffDoctor exhibits high ac-

curacy in LOKI, it fails to generalize to more recent bench-

marks, including ArtiBench. This outcome means that Art-

iBench further extends the artifact detection field one step

deeper, by capturing artifacts that prior artifact-detection

models struggle to identify.

Figure 6. Scaling effect of data generated by ArtiAgent with

Qwen2.5-VL-7B. We average the results of all the benchmarks.

Table 4. ArtiBench result of the VLM trained on a 1K dataset.

Methods
(a) Binary detection (b) Localization (c) Explanation

Acc F1 mIoU F1 ROUGE CSS

SynthScars 0.555 0.548 0.094 0.147 0.156 0.521
ArtiAgent 0.555 0.550 0.074 0.121 0.222 0.606

Artifact Explanation. Table 3(c) shows that training with

the ArtiAgent’s generated dataset greatly strengthens the

reasoning and description capabilities of VLMs. The fine-

tuned models exhibit clear improvements in the ROUGE

and CSS metrics across all benchmarks.

6.1.3. Data Scaling Effect of ArtiAgent
Figure 6 shows how model performance grows as we in-

crease the size of the training data with ArtiAgent. In all

three tasks, we observe a clear upward trend, which means

that more synthesized data consistently lead to better arti-

fact understanding. Notably, for localization and explana-

tion, the performance with subsets as small as 1K samples

already surpasses that of GPT-5, showing that ArtiAgent

provides highly sample-efficient supervision. In contrast,

the binary detection task continues to improve up to the

100K scale, suggesting that detection benefits from larger

and more diverse artifacts. These results highlight the rich

supervision and the strong scaling potential of ArtiAgent.

6.1.4. Comparison with Human-Annotated Supervision
To compare the quality of human annotation and ArtiAgent-

generated annotations, we train Qwen2.5-VL-7B with 500

SynthScars samples and 500 clean samples from ArtiAgent

and compare it with a counterpart trained on 1K ArtiA-

gent samples. Table 4 shows that ArtiAgent’s synthetic

supervision remains competitive with human annotation:

SynthScars is slightly better in localization, while ArtiA-
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Δ Reward
0 0.06±0.11 0.10±0.08 0.13±0.08 0.16±0.07 0.23±0.08

“a photo of a man holding a phone”

“a very small child is laying on the ground with oranges”

Figure 7. Reward-guided generation. ArtiAgent can train a re-

ward model that guides diffusion to generate artifact-free images.

gent matches in detection and performs better in explana-

tion. We attribute the localization gap mainly to the patch-

level granularity of ArtiAgent labels. Overall, these results

indicate that ArtiAgent is a cost-effective and scalable alter-

native to human annotation while maintaining comparable

supervision quality.

6.2. Mitigating Artifacts in Diffusion Models
6.2.1. Reward-Guided Artifact-Free Generation
A key strength of ArtiAgent is its pairwise data design: for

every instance, it provides two tightly matched images with

the same content, one clean and one with artifact. This

structure gives extremely rich supervision for learning ar-

tifact preferences. Using these pairs, we adopt the reward-

guided test-time scaling framework [28] that steers diffu-

sion models toward producing artifact-free images.

Setup. We use CLIP as the backbone of the Bradley-

Terry [6] reward model. The model learns to assign a higher

score to the real image over the artifact image. With this

artifact-aware reward model, we apply test-time scaling to

FLUX-schnell. We run six search rounds, each for 100

prompts sampled from MS-COCO and measure how much

the reward increases as the search progresses. The detailed

training schema and the test-time scaling procedure are pro-

vided in the Appendix C.1.

Results. As can be seen in Figure 7, the reward steadily

improves throughout the search rounds, indicating that the

diffusion model continues to generate images with fewer

artifacts. Qualitatively, the examples in Figure 7 show

clearer structures and reduced artifact patterns in later

rounds, demonstrating that the reward model has success-

fully learned the real-artifact preference and enables guid-

ance towards artifact-free images.

6.2.2. VLM-Guided Artifact Correction
Since our artifact-trained VLM can reliably detect and lo-

calize artifacts, we employ it to guide an image inpainting

model to correct artifact regions in AI-generated images.

Before After Before After

Before After Before After

Before After Before After

Figure 8. Image correction. The ArtiAgent-trained VLM can ef-

fectively guide image inpainting models to correct artifact regions.

Setup. We use Qwen2.5-VL-7B trained with ArtiAgent to

determine whether an artifact is present in a given image

and to localize the artifact region. This region is then pro-

cessed by the FLUX inpainting pipeline [3], which synthe-

sizes a corrected version of the localized area. Next, the cor-

rected image is re-evaluated by the VLM to verify whether

the artifact in the region has been fully resolved in the spec-

ified region. If the VLM continues to detect an artifact, the

inpainting procedure is repeated. This iterative loop contin-

ues until the VLM confirms the absence of artifacts. The

detailed procedure is provided in the Appendix C.2.

Results. Figure 8 presents qualitative results of our image

correction pipeline. The VLM accurately identifies the ar-

tifact region and the inpainting model corrects the region

with natural and structurally consistent content. These re-

sults demonstrate that the proposed pipeline can reliably lo-

cate and correct artifacts, depicting the usefulness of our

artifact understanding VLM.

7. Conclusion
In this work, we introduce ArtiAgent, a scalable agen-

tic framework that automatically synthesizes visual arti-

facts through positional embedding manipulation in diffu-

sion transformers. By integrating perception, synthesis, and

curation agents, our pipeline generates large-scale, richly

annotated artifact datasets without human supervision. Ex-

periments showed that VLMs fine-tuned on the ArtiAgent

datasets achieved substantial gains in artifact detection, lo-

calization, and explanation, and that the resulting models

can guide diffusion sampling toward artifact-free genera-

tions and perform automated artifact correction. Together,

these results demonstrate that agentic data synthesis pro-

vides an effective and general pathway to perceiving and

mitigating visual artifacts in modern generative models.
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