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Supplementary Materials

The supplementary material is structured as follows:

1. We provide additional details on the construction of our
dataset in Sec. 1.

2. We compared additional existing editing methods on the
restoration task in Sec. 2.

3. We provide representative cases from our dataset and
compare them with those from other existing datasets
in Sec. 3.

4. We present the correction results of our proposed Image-
Critic across multiple languages on images generated by
different models in Sec. 4.

5. We present an example of using the agent chain and the
prompts used by each of our agent components in Sec. 5.

1. Data Curation details

As illustrated in Fig. 1, our data construction pipeline pro-
ceeds sequentially as follows.

Step 1: Reference-target pairs generation
We begin by collecting a large-scale product dataset through
web crawling and downloading and employ state-of-the-art
generative models to produce synthetic image variants for
each product sample.

Step 2: Generation quality filtering
We then used Qwen3-vl [2] to perform quality filtering with
prompt: “Determine whether the text details in the input
image are both strictly clearly visible and fully readable. If
any part of the text is blurred, low-resolution, or difficult to
recognize, answer ‘No’. Otherwise, answer ‘Yes’. Respond
with only ‘Yes’ or ‘No’, followed by a brief reason.”.

Step 3: Semantic tags generation
Next, we employed Qwen [2] to assign semantic tags to the
generated images in order to extract object categories for
training purposes with the prompt “Given the image of an
object, return only the most general category of the object
using exactly 1 to 3 words. Strictly avoid any additional
details or descriptions.”.

Step 4: Image Grounding
To ensure that the model correctly interprets semantics in
complex scenes, we utilized the Qwen [2] for grounding.
The prompting strategy was as follows: “Given image1 as
a reference, detect the same object in image2 and output the
bounding box coordinates strictly in the format [x1, y1, x2,
y2], where x1,y1 are the top-left integers and x2,y2 are the
bottom-right integers. You must return only the coordinates
in that exact format with no extra text.” where image1 and
image2 referred to the input image and the generated image,
respectively.

Step 5: Consistency Verification
Based on the bounding boxes predicted by Qwen [2], we
adopted SAM [8] to detect and extract precise object masks.
To further guarantee the accuracy of these masks and en-
hance generative consistency, we invoked the Qwen again
to compare the full-object masks against the product refer-
ences, using the following prompt: “Please analyze if the
extracted region in Image 1 corresponds to the product in
Image 2. Ignore the background and focus only on the main
object. 1. Are the objects in both images the same product?
If Image 2 contains only a small portion of a local region
from Image 1, consider it as No. (Yes/No). 2. Explain based
on visual features such as shape, color, texture, and context.
If the object in Image 2 contains the mask region, describe
the match.” where image1 and image2 referred to the input
image and the generated image, respectively.

Step 6: Image degradation
From each verified full-object mask, we sampled 20%70%
of the region to obtain a random local rectangular mask used
as the inpainting region for the Flux-Fill [6] model. For
Flux-Fill, we designed three types of prompts—“English
words”, “Chinese characters”, “logos”—as well as an
empty-prompt setting to accommodate different scenarios.

Step 7: Degradation quality filtering
After generation, we again used a Qwen [2] to filter out
severely degraded results produced by Flux-Fill, with the
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Figure 1. Data curation details. We present a comprehensive account of our dataset construction methodology, encompassing data
generation, data annotation, and data augmentation procedures.

following prompt: “Is there is obvious distorted text or
mismatched elements in the image. Answer with ’Yes’ or
’No’, followed by a brief explanation of the reason”.

Step 8: Final Image Composition
Let M denote a binary full-object mask generated by
SAM [8], D the degraded image, and G the generated im-
age. We construct the final degraded sample by combining
the degraded content inside the object region with the gen-
erated content outside it:

Ifinal = M ·D + (1−M) ·G. (1)

This procedure effectively suppresses artifacts that may
arise in background areas during the filling process, ensur-
ing that degradation occurs strictly within the object region
without affecting the original background environment.

Step 9: Iterative Data Enhancement Strategy
After following the training procedure described above, our
model is able to perform local region restoration. To further
improve the consistency and quality of the generated out-
puts, we apply additional enhancement to the generated im-
age with Chinese characters. Specifically, since we obtained
grounding masks for objects during data construction, we
crop the corresponding regions and feed themtogether with
the original input imageinto our method for consistency cor-
rection. The corrected images are then used as new targets
to update the dataset, thereby further improving overall data
quality.

2. Image Correction Comparison
We further compared additional multimodal large language
models, such as nano-banana [4] and GPT-Image 1 [1],

as well as editing models like Omnigen2 [12] and Qwen-
image [11], evaluating their capabilities on the task of con-
sistency correction in generated images.

To help the models better understand the task, we de-
signed the following prompt: “Use the product in the left
first reference image as a reference to refine, replace, and
enhance the product in the right second to-be-refined image,
matching their texture, details, color, logo, and texts, while
preserving everything else in the right second to-be-refined
image untouched.” As shown in the Fig. 2, existing meth-
ods fail to perform consistent correction on generated im-
ages while maintaining background fidelity. In contrast,
our method substantially improves image consistency while
preserving the original background.

3. Dataset Comparison
As shown in the figure, we present several pairs from our
dataset and compare our referencetarget pairs with those
from other datasets. From the visualizations, it is evident
that our paired data maintain high global consistency and
rich local details, even under diverse languages, scenes,
generation sources, and viewpoints. In contrast, datasets
such as Subjects-200k [10] and UNO-1M [13] do not
strictly preserve local consistency and often exhibit region-
level blurring or mismatches.

4. Additional Visual Results
To further demonstrate the robustness of our method
across different languages and scenarios, we first used
GPT-Image 1 to generate images with diverse categories
in multiple languages, and then performed customized
generation using the open-source models XVerse [3],
Dreamo [7], MOSAIC [9], OmniGen2 [12], UNO [13],
and Qwen-Image [11], as well as the closed-source mod-



els NanoBanana [4] and GPT-Image [1]. We then applied
our method for consistency correction and used an OCR
model [5] to detect the text in the generated images. As
shown in Figures Fig. 4, Fig. 5, and Fig. 6, our method de-
livers effective consistency restoration, and the OCR results
further underscore its robustness across diverse linguistic
and contextual settings.

5. Agent Chain Details
As shown in Figure 7, the system progressively corrects the
generated image through the coordinated operation of mul-
tiple specialized agents. After the user provides a reference
image and a generated image, the inconsistency detector,
reference finder, and ImageCritic agents sequentially per-
form comparison, cropping, and correction until the user is
satisfied with the result. During this process, the user may
choose whether to accept each proposed patch or provide
a new target region or description to guide further correc-
tion by the agent chain. This iterative loop continues un-
til the generated image aligns with the users intent. The
prompts for the Inconsistency Detector, Reference Finder,
TagGrounder, and Coordinator are configured in List. 1,
List. 2, List. 3, and List. 4, respectively.
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Figure 2. Comparisons with multimodal and editing model. We evaluated existing multimodal and editing methods. As shown, current
models exhibit issues in preserving global coherence or performing localized corrections, which affects their practical applicability. In
contrast, our approach maintains local consistency in the generated content while ensuring overall background coherence.
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Figure 3. Comparion with dataset. Comparison of data samples from our Critic-10k dataset, the Subjects-200K [10], and the UNO-
1M [13] dataset.
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Figure 4. Additional visual result. We present the visual results of our proposed ImageCritic under multilingual, multi-view, and multi-
scene settings. By applying an OCR [5] model to the generated images, we observe that after correction with our method, all recognized
text perfectly matches the reference images. This demonstrates that our approach achieves precise and comprehensive detail correction
without disrupting the overall structural or contextual integrity of the images.
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Figure 5. Additional visual result. We present the visual results of our proposed ImageCritic under multilingual, multi-view, and multi-
scene settings. By applying an OCR [5] model to the generated images, we observe that after correction with our method, all recognized
text perfectly matches the reference images. This demonstrates that our approach achieves precise and comprehensive detail correction
without disrupting the overall structural or contextual integrity of the images.
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Figure 6. Additional visual result. We present the visual results of our proposed ImageCritic under multilingual, multi-view, and multi-
scene settings. By applying an OCR [5] model to the generated images, we observe that after correction with our method, all recognized
text perfectly matches the reference images. This demonstrates that our approach achieves precise and comprehensive detail correction
without disrupting the overall structural or contextual integrity of the images.
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Figure 7. Illustration of a multi-agent image correcting workflow. The system performs localized detection, reference matching, and
iterative region-level corrections driven by user feedback, progressively correcting the generated image until it is accepted.



Listing 1. The prompt for Inconsistency Detector.

prompt = (
"Carefully compare the two images. Image 1 is the reference image (correct version),

and Image 2 is the target image that may contain defects. Focus only on the main
subject of the image, ignoring any differences in the background. Identify the
region in Image 2 that differs from the corresponding area in Image 1.
Differences may include blur, illegible text, texture inconsistency, artifacts,
missing parts, or any other visual discrepancies.Return ONLY the bounding box of
the different region in Image 2 in the strict format:[xmin, ymin, xmax, ymax]"

)

messages = [
{

"role": "user",
"content": [

{"type": "text", "text": "Reference Image1 (correct version)"},
{"type": "image", "image 1": image_A_path},
{"type": "text", "text": "Target Image2 (may have defects)"},
{"type": "image", "image 2": image_B_path},
{"type": "text", "text": prompt},

],
}

]

Listing 2. The prompt for Reference Finder.

prompt = (
"I will show you a problematic region from image1 and a reference image2. "
"Please find the corresponding region in image2 that matches the same area as the "
"problematic region from image1. Return only the bounding box coordinates in the "
"format [xmin, xmax, ymin, ymax], No additional text, just the coordinates inside

[]"
)

messages = [
{

"role": "user",
"content": [

{"type": "text", "text": "image1 (problem region)"},
{"type": "image", "image": problem_crop_path},
{"type": "text", "text": "Reference image2"},
{"type": "image", "image": image_A_path},
{"type": "text", "text": prompt},

],
}

]



Listing 3. The prompt for TagGrounder.

prompt = (
f"Find the region in this image that best matches the product tag: \"{tag}\". "
"Return ONLY the bounding box in Image in the strict format: "
"[xmin, ymin, xmax, ymax]. No extra text."

)

messages = [
{

"role": "user",
"content": [

{"type": "text", "text": f"Image to search product tag: {tag}"},
{"type": "image", "image": image_path},
{"type": "text", "text": prompt},

],
}

]



Listing 4. The prompt for Coordinator.

"""
You are the Coordinator Agent for an image restoration workflow.

The workflow has three sequential steps:

1. Inconsistency Detector: compare images and detect the difference region
- Input: image_A (reference image path), image_B (target image path)
- Output: bbox_B (difference region), prompt (problem description)

2. Reference Finder: find a clean reference region
- Input: image_A (reference), image_B (target), bbox_B (problem region)
- Output: bbox_A (reference region), cropped reference region, object_tag

3. ImageCritic: perform correction
- Input: prompt, image_A, image_B, bbox_A, bbox_B, object_tag
- Output: image_path (final corrected image), patch info

Additionally, there is an auxiliary specialist:
- TagGrounder: given an image and a user-provided product tag, locate a bbox in that

image.

Workflow rules:
- Execute strictly in the order 1 - 2 - 3.
- After each step, you MUST ask the user:
"Accept [STEP_NAME] result? (yes/no):"

- If the user answers "yes" or "y", continue to the next step.
- If the user answers "no":
- You must wait for the user to provide either:
(a) a new bbox in the format [xmin, ymin, xmax, ymax], or
(b) a product tag (e.g. ’shoe’, ’bag’, ’logo’) to re-locate the region.

- If the user gives a bbox, this bbox has the highest priority and must override
previous bbox_B or bbox_A.

- If the user gives a product tag, you MUST call the TagGrounder specialist via the
‘delegate_to_specialist‘ tool to convert this tag into a bbox, then use this
bbox in the current or next step.

- Always delegate concrete image-processing work to the appropriate specialist via
the ‘delegate_to_specialist‘ tool.

- Maintain data flow between steps (outputs from a previous step feed into the next).
- When all three steps are done and the final restored image is produced, output:
"Image restoration workflow completed!"
and then stop.

Current task:
The user provides image_A and image_B paths. Please run the three-step correction

workflow.
"""
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