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Supplementary Material

A. Additional Details for Inter-Edit Bench-
mark

A.1. Automated Pipeline for Training Set Construc-
tion

This section provides a further elaboration on the three-
stage automated data generation pipeline introduced in Sec-
tion 3.1 of the main paper, as illustrated in A1.

Stage 1: Diverse Image Generation. To assist the large
language model (LLM) in composing diverse prompts for
source image generation, we sample keywords from an ex-
tensive, large-scale lexicon that is systematically catego-
rized into three components. The first category, Subject,
enumerates a broad range of objects that may appear in
the image. The second category, Style, specifies the vi-
sual aesthetic of the desired output; importantly, to reflect
the predominance of real-world editing scenarios, we as-
sign a dominant weight (90%) to the photorealistic style,
ensuring that the produced data maintains a high degree of
visual realism. The third category, Extra Elements, pro-
vides supplementary descriptors that emulate natural photo-
graphic conditions, including ambient attributes (e.g., time
of day, weather, season), photographic parameters (e.g.,
lens type, aperture, focal length), and compositional factors
(e.g., viewpoint, shot angle).

The stochastic combination of keywords from these
three categories yields 850,212 distinct prompt skeletons,
which the LLM further enriches with creative elaboration,
thereby substantially increasing the diversity of the gener-
ated source data. In addition, we supply a curated list of
100 high-quality, manually written example prompts. Dur-
ing prompt construction, three examples are randomly se-
lected and presented to the LLM as in-context references,
which improves both the quality and stability of its outputs.

Stage 2: Multi-Type Instruction Synthesis. In Stage 2,
we guide the multimodal large language model (MLLM) to
generate an edit instruction corresponding to one of four
randomly selected edit types, which collectively cover a
wide spectrum of common image manipulation tasks. The
instruction length is sampled from either under 10 words
or under 40 words, and the instruction is required to ex-
plicitly specify both the target location and the intended
edit in order to improve editing accuracy. These prompts
are then fed into Q-Edit [50] for high-quality image edit-
ing. This full-image generation approach significantly out-
performs re-drawing methods in terms of image coherence
and naturalness. However, we empirically observed that
the success rate of the Edit model (following the gener-

ated instructions) was lower than the MLLM’s ability to ac-
curately describe an edit given the image pair. Therefore,
to enhance annotation quality, we introduced a Regenerate
step. After a successful edit, we retain only the resulting
diptych (source and edited images). This diptych is fed
back into the MLLM, which then re-infers the edit, deter-
mining the precise region where the change occurred and
providing a shorter and more accurate instruction under the
known edit region. The edit region coordinates are output as
a bounding box [x_min, y_min, x_max, y_max].
If the MLLM fails to describe the edit region or provide a
valid, non-zero bounding box, it must output [0, 0, 0,
0]. Any data sample associated with a [0, 0, 0, 0]
bounding box is subsequently discarded, ensuring that all
samples remaining have been both evaluated and success-
fully localized.

During data generation, we observe that the MLLM’s lo-
calization ability degrades when processing images with ex-
cessively high resolution, while overly low-resolution im-
ages suffer from substantial information loss, negatively af-
fecting the quality of both edit generation and evaluation.
To balance these factors, we introduce a standardized pre-
processing step before all MLLM interactions—including
prompt generation in Stage 2, subsequent edit localiza-
tion and instruction regeneration, and evaluation in Stage
3. Specifically, each image is resized such that both dimen-
sions are at most 960 pixels while preserving its original
aspect ratio. This constraint maintains sufficient visual de-
tail for analysis while enhancing the MLLM’s spatial un-
derstanding and localization accuracy.

During the regeneration stage, the newly generated
fine-grained instruction is additionally required to roughly
match the original instruction length so as to preserve the
proportional structure established in Stage 1. By contrast,
the concise instruction—given that the edited region is al-
ready known—is only required to describe the content of
the edit itself.

Stage 3: Data Filtering and Refining
For the filtering stage, we employ an MLLM-as-a-judge

to decide whether the performed edit is successful. To min-
imize false positives (i.e., edits incorrectly labeled as suc-
cessful), we enforce a strict output protocol. When the
MLLM evaluator provides its Chain-of-Thought analysis
and deems an edit successful (a Success evaluation), it
is required to also output the coordinates of the edited re-
gion. If the edit is deemed unsuccessful (Fail, as illus-
trated in A2) or the output edited region fails to align with
the output in Stage 2, the image pair is discarded.



tion Confidence: ≥ 0.5

√ Reasoning Included

√ Decision Positive

√ Location matches

You are a senior prompt designer for image generation. Output exactly ONE single-sentence prompt. No explanations, only output the prompt 
itself. Requirements are as follows:
1) The following subject and style elements must be included; extra elements are recommended but not mandatory if they don't fit the chosen 
subject and style: [Subject] [Visual Style] [Extra element]
2) At least one clear main subject must be included. You may add other reasonable subjects, objects, details, and correponding environments;
3) Language: [English/Chinese]
4) Do NOT include meta labels like 'Subject:' or 'Style:'; 
5) Keep it in one sentence, use commas to separate phrases;

LLM Instructions 

Step 1: Diverse Image Generation

 "man", "woman", "boy", "girl", "teenager", "adult", 
"elderly person", "couple", "crowd", "person running", 
"person walking", "person sitting", "person standing", 
"family", "group of people", "T-shirt", "jeans", "dress", 
"sneaker", "jacket", "coat", "hat", "glove", "boot", 
"skirt", "sweater", "blouse", "tie",  ... (Total 418)

Subject

Examples

Your task is to determine if an edited image has strictly followed the given 
instruction. You will receive an original image, an edited image, and an 
editing instruction.
Please follow these evaluation steps strictly:
1.  Analyze Instruct ion:  Careful ly read the edi t ing instruct ion: 
"{instruction}".
Understand the explicit requirement (e.g., "turn the apple red") and the 
implicit constraints (e.g., "...but keep the apple's shape and texture, and do 
not affect the table").
2. Compare and Detect: Meticulously compare the two images to find all 
changes. Evaluate the change in the target area: Was the instruction 
executed perfectly and completely?
 Incomplete/Incorrect/Artifacts/Unrealism (e.g. ...): Judge as "No"
3. Check for Unintended Modifications: Evaluate if the changes in the 
edited image correspond only to the instruction. This is the strictest 
checkpoint. Any other part of the image must not be accidentally modified.
 Background/Unintended Style Change/Minor Inconsistencies (e.g. ...): 
Judge as "No"
4. Make a Verdict:
Output you progress of deciding in [Reasoning], and answer with a single 
word [Decision]: Yes/No. For successful edits, you must also describe the 
[Location] of edit in the image
5. Output Format: ...

MLLM Instructions 
Filtering

Step 3: Data Filtering
and Refining

�

Random

�� 

• Denoising
• Hole-filling
• Dilation
• Blurring
• Random Melting

{��, ��, ��풊��蒀}

Inter-Edit Dataset

 "photorealistic", "cinematic", "digital painting", 
"watercolor", "oil painting", "ink wash", "low-
poly 3D", "pixel art", "isometric", "line art", 
"comic book style",  "cyberpunk", "noir", 
"surrealism", "fantasy illustration", "steampunk", 
"minimalist", "flat illustration"                 

Visual Style
 "at golden hour", "at blue hour", "soft 
diffused lighting", "hard side lighting", 
"shot on a 24mm lens", "tilt-shift effect",  
"symmetrical composition", "Dutch 
angle", "matte textures", "wet asphalt 
surface", ... (Total 113)                

Extra element

MLLM Output 

Fine-grained Prompt for Instuction-Based Editing( �� ): 
• Change the leftmost thumbtack into a snowflake.
Concise Prompt for I3 Editing( �� ): 
• Turn to a snowflake 
Ground the Location of the Edit(�): 

Initial Editing Prompt( �풊 ): 
• Replace one pin with a 

snowflake, matching with 
the winter atmosphere. 

Original Image

Edited Image

Observe the two images       . First, locate the 
subject being edited in the image. Then, try to 
deduce which editing instructions can be used to 
edi t to        .  Provide  two vers ions  o f 
instructions. The first version uses plain text for 
editing, so you need to specify the object 's 
position or characteristics in the image when 
needed. The second version is based on the 
located editing area, so only provide a simple 
description, subject and location terms can be 
omitted.

Output a prompt for editing this image in the form of 
{Local/Remove/Add/Texture}. Length should be less 
that {10/20/40 words}, ...

Step 2: Multi-type Instruction Synthesis

Regenerate

SAM-2

Raw Mask 
�풓��

Final Mask 
��풊��蒀

Figure A1. Detailed pipeline of training set construction



Original Image Edited Image MLLM Decision

Reasoning: The picnic 
mat was successfully 
removed, but image 
style was altered.

Decision: Fail

Original Image Edited Image MLLM Decision

Reasoning: Reflection 
of the linear overhead 
light fixture on the 
metal tray was not 
removed.

Decision: Fail

Remove the picnic mat on 
the grass. 

Remove surgical lights

Original Image Edited Image MLLM Decision

Reasoning: Changes 
happened to 
undesignated region of 
the image. 

Decision: Fail

Smooth the fur of 
the rat 

Original Image Edited Image MLLM Decision

Reasoning: No edit 
detected. 

Decision: Fail

Add a Queen in 
the front of the 

board

Add a Queen in the 
front of the board

Figure A2. Examples from the entries filtered out by the MLLM.
Red crosses mark editing failures, and red boxes highlight imper-
fect regions. Reasoning of the MLLM are shortened appropriately
to be shown in the figure.

Utilizing the spatial prior provided by MLLM, Segment
Anything 2 (SAM-2) [18] is first applied to segment the sub-
ject of edit. As noted in the main paper, the raw, pixel-level
masks Mraw generated by SAM-2 are often fragmented and
do not align with human intuition for specifying an edit re-
gion. We developed a multi-step post-processing pipeline
to transform Mraw into a smooth, naturalistic mask. The
process begins by applying a morphological opening op-
eration (with a 5 × 5 kernel for 2 iterations) to eliminate
small, spurious pixel noise. Following this, we use a binary
hole-filling algorithm to ensure the main segmented region
is solid. We then apply a morphological closing operation
(using a larger 9× 9 kernel for 2 iterations) to bridge small
gaps and consolidate the mask. To simulate a more gener-
ous, human-drawn mask, we perform a large-scale dilation
using a 101× 101 elliptical structuring element. The sharp,
aliased edges of this dilated mask are then smoothed by a
strong 71 × 71 Gaussian blur, and the result is binarized
(threshold at 127) to produce an intermediate smooth di-
lated mask, Mfinal.

A.2. Manually Annotated Inter-Edit Test Set

In this section, we first present a comprehensive overview
of the complete process for constructing the Inter-Edit test
set in Section A.2.1. Following that, Section A.2.2 provides

a detailed description of the browser-based annotation tool
we meticulously designed to streamline the annotation pro-
cess for annotators.

A.2.1. Data Annotation Process
The annotation process for the test set is illustrated in Fig-
ure 2(b). The entire workflow involves three key steps: first,
the extensive collection of source images; second, the gen-
eration of edited images to form image pairs; and finally,
the manual inspection and annotation of the complete I3E
data pairs.

Source Image Collection. To ensure that the images
align closely with those edited by real users, we select the
main source images for the test set to be real-world im-
ages, with an annotation goal of 5,000 pairs. To guaran-
tee the successful generation of the desired number of I3E
data pairs, we randomly sample 50,000 real images from
the LAION dataset [42] as the primary set of source im-
ages. Additionally, to test the model’s ability to handle chal-
lenging examples, we design several difficult subsets from
the source image collection. These subsets primarily con-
sist of two special real image subsets: (1) low-resolution
images (≤ 480px), randomly sampled from the LAION
dataset, and (2) images with low aesthetic scores, specifi-
cally images with an average aesthetic score below 4, sam-
pled from the AVA dataset [34]. Furthermore, we create
two special subsets of generated images: (1) source images
in various artistic styles, and (2) source images containing
multiple identical objects. For the generated image subsets,
the prompts are generated by Qwen3-32B [52], tailored to
the characteristics of each subset, while the images are pro-
duced by Qwen-Image [50] based on the generated prompts
and random image sizes. The size rules align with the train-
ing set, covering various dimensions. Each subset collects
2,500 images, with the annotation goal set at 250 pairs for
each subset.

Generation of Edited Images. After collecting the
source images, we adopt a procedure similar to that used
in constructing the training set to generate edited images.
Specifically, fine-grained edit instructions are first gener-
ated based on the visual content of each source image and
a randomly sampled editing type, improving the likelihood
of successful edits. Each instruction, together with its corre-
sponding source image, is then fed into Q-Edit [50] to pro-
duce the edited results. The generated data are subsequently
filtered using Qwen2.5VL-72B [2], following the same fil-
tering strategy as in the training stage, except that mask-
related components are excluded from the input. Only the
samples that pass this filtering step proceed to the manual
annotation phase.

Manual Annotation Process. Upon obtaining the triplet
data consisting of source images, fine-grained edit instruc-
tions, and edited images, the manual annotation process be-
gins. Annotators use a carefully designed front-end inter-



Annotation Page Preview Page

Information Review Window Success Annotation Filter Failed Annotation Filter

Figure A3. Screenshot of the front-end demonstration of the annotation tool. It mainly includes two functional pages: the annotation page
and the preview page. On the annotation page, clicking on a recently annotated data item allows users to review the corresponding detailed
annotation information. On the preview page, clicking on the corresponding data item opens the same detail window. At the top of the
preview page, users can filter and view data labeled as successful/failed separately.

face to perform the annotation. The annotation process fol-
lows these steps: first, annotators assess whether the edited
result aligns with the expected outcome. After reviewing
the edited image and understanding its intent, and confirm-
ing that the data in any of the triplet elements are accurate,
the annotator intuitively draws a mask on the source image.
They then refine the edit instruction based on the known
mask. Multiple annotators participate in this process, with
each annotator assigned the same number of annotation tar-
gets, ensuring that the data within each subset is evenly dis-
tributed. This guarantees that the annotation results reflect
a broad user perspective, minimizing biases in the annota-
tions.

A.2.2. Annotation Tool
We have developed a lightweight, browser-based annotation
interface for curating and quality-controlling the Inter-Edit
human-annotated test set. The tool standardizes how anno-
tators inspect paired images (original vs. edited), mark spa-
tial regions with coarse masks, refine the edit instructions
based on the images and mask content, and record binary
judgments (Success/Failed). It can be run locally or on
a shared server with a single command, automatically sav-
ing progress and providing comprehensive preview and cor-
rection functionalities to ensure consistency in annotation.
The front-end screenshot of the annotation tool is shown in
Figure A3, with further details provided in the following

paragraph.

Interface Overview. The top navigation bar provides
two main pages: Annotate and Preview. The Annotate
page serves as the main workspace, displaying the orig-
inal and edited images side by side, with the following
components: (i) a canvas selector (Original/Edited),
(ii) drawing tools (Brush/Eraser) and adjustable brush
size, (iii) a mandatory binary judgment selector, and (iv) an
instruction panel with editable prompt and metadata (edit
type, language). The left sidebar displays real-time statis-
tics—Total, Completed, Success, and Failed—as
well as a dynamic list of recent annotations. Each recent
entry includes its prompt text and result tag (Success or
Failed), allowing annotators to quickly review or remove
erroneous records via a one-click delete icon.

Annotation and Review Workflow. For each image
pair, annotators (1) read the instruction and examine both
images, verifying whether the original fine-grained annota-
tion instruction is correct. If the entire triplet is correct and a
mask annotation is required, the binary judgment is selected
as Success; otherwise, it is marked as Failed. Only the
editing pairs marked as successful will proceed to the next
annotation step; (2) draw a coarse, intuitive mask on the
original or edited image; (3) input a refined textual instruc-
tion; and (4) review the annotation results and confirm their
accuracy. The toolbar provides three key actions: Clear
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around the pug’s neck. 

Remove.

Figure A4. Examples from the Inter-Edit test set. Entries are chosen from the designed challenging subset.

Mask (reset the canvas), Save Annotation (store and
move to the next sample), and Skip (defer uncertain sam-
ples). Saved annotations immediately update the progress
bar and recent-history sidebar, enabling annotators to verify
their submission without leaving the page.

Preview and Management Page. The Preview page of-
fers global visibility into all labeled data. It supports cate-
gory filters (All, Success, Failed) and displays anno-
tations as compact cards containing both images, the cor-
responding prompt, and a color-coded status label. Click-
ing any card opens a detailed dialog showing three aligned
images—the original, edited, and annotated mask—along
with metadata such as fine-grained/refined prompt, binary
judgment result, edit type, and language. This unified view
allows annotators or supervisors to inspect label quality and
confirm spatial accuracy. If an annotation is found to be
incorrect, users can delete it directly from either the recent-
history sidebar or the detailed preview window; the item is
then returned to the pending queue for re-labeling, ensuring

dataset integrity.
Configuration and Deployment. All behaviors are gov-

erned by a single configuration file, which specifies data
paths, mask storage directories, server host/port, preview
limits (to reduce transmission and browser load), etc. Con-
figuration changes take effect upon restart. The interface is
browser-compatible and optimized for both individual and
collaborative use. In addition to preview limits, we also re-
strict the number of annotation tasks forwarded from the
server to the frontend, defaulting to 100. That is, each time
the browser refreshes, a new set of 100 tasks will be auto-
matically assigned based on the target IP address. Annota-
tions that annotators delete due to errors will be prioritized
for re-labeling. This also reduces transmission and browser
load, ensuring smooth annotation and avoiding multiple an-
notators working on the same data simultaneously.

I3E Design Philosophy. This tool encourages annota-
tors to intuitively draw imprecise but natural masks to sim-
ulate real user interaction in I3E, promoting faster annota-



Table A1. Distribution and description of edit categories in the
Inter-Edit training set.

Category Percentage Description

Local 37.1% Involves substituting one object for
another or altering an object’s at-
tributes (e.g., “change the man’s
shirt from blue to red”).

Add 28.4% Inserts a new object into the scene
(e.g., “add a pair of sunglasses to
her face”).

Remove 28.0% Entails erasing an object from the
image (e.g., “remove the person on
the left”).

Texture 6.5% Alters an object’s visual charac-
teristics, such as material or pat-
tern, without affecting its underly-
ing structure (e.g., “cover the wall
with brick texture”).

tion and better reflecting practical spatial intent. Editable
instructions ensure that the masks and precise instructions
align with human editing habits while preserving seman-
tic fidelity. The combined functionality—masking, judging,
reviewing, and correcting—supports reliable, high-quality
test set curation, aligned with our evaluation framework.

Benchmark Outputs. Each record is automatically
saved as a structured JSON entry paired with the corre-
sponding mask image. Annotators can export all labeled
data or only Success samples for benchmark preparation.
The exported artifacts—paired images, fine-grained/refined
prompts, masks, and validated outcomes—constitute the
ground-truth supervision for the Inter-Edit test benchmark.

A.3. Additional Information of the Dataset
A.3.1. Details of the Inter-Edit Training Set
The final Inter-Edit training set comprises 1,099,964 image-
editing pairs. The distribution of these pairs across the four
primary editing categories is as follows: Local (37.1%),
Add (28.4%), Remove (28.0%), and Texture (6.5%). A de-
tailed breakdown of each category, including its definition
and distribution, is presented in Table A1.

In Figure A5, we visualize the most frequent meaningful
keywords within the editing instructions for each category.
Notably, due to differences in data sources and characteris-
tics between the training and test sets, the high-frequency
keywords are not identical across the two splits.

The masks generated for the editing regions cover an av-
erage of 14.79% of the total image area. Due to a series of
morphological operations applied during generation, masks
for very small objects are expanded; consequently, only
25% of the masks cover less than 5% of the image. Fur-
thermore, 90% of all masks are smaller than 28.55% of the
image area. This distribution indicates that our generation

pipeline successfully avoids creating oversized edit regions
(e.g., those occupying half the image or more), validating
that positional constraints in such scenarios are both feasi-
ble and meaningful.

The initial image editing prompts generated by the
MLLM [2] have an average length of 17 words. Following
a “Regenerate” process, this distribution shifted: approxi-
mately 34% of prompts are 10 words or fewer, while 25%
exceed 37 words. This suggests the MLLM provides de-
tailed descriptions, though these lengths may be verbose for
typical user interaction. To better suit the I3E task, we em-
ployed the MLLM again to condense the prompts based on
the image pair content. After this refinement, the average
instruction length was reduced to 8 words, which we be-
lieve significantly enhances the usability of the I3E model.

A.3.2. Details of the Inter-Edit Test Set
The Inter-Edit test set contains 6,250 image pairs, with cor-
responding editing instructions provided in both Chinese
and English. For all evaluations in the main paper, we use
only the English instructions to ensure a fair comparison for
models that do not support Chinese. Furthermore, recogniz-
ing that model capabilities for “text editing” (e.g., chang-
ing text on a sign) vary significantly, we isolated this sub-
category from the broader Local edit type. This allows for
more granular and fair model-specific evaluations.

Analysis of the manually annotated masks in the test
set shows that the intended edit region covers, on aver-
age, 13.24% of the total image area. This size is consis-
tent with typical localization-dependent editing scenarios,
demonstrating that our test set generation method aligns
well with real-world use cases.

To increase the evaluation challenge, we introduced sev-
eral challenging subsets into the test set, as illustrated in A4:
• Artistic Styles: We used a T2I model [50] with con-

trolled prompts to generate edits on images with diverse
artistic styles.

• Low-Resolution Images: Sourced from the LAION
dataset, these images are (≤ 480px) and have undergone
post-processing.

• Low Aesthetic Scores: We included images from the
AVA dataset [34], a professional photography aesthetics
dataset where each work is rated by multiple human crit-
ics. We filtered for images with an average score of 4.0 or
lower (on a 1-10 scale), which constitute approximately
3.13% of the data.

• Ambiguous Edits: We generated scenarios with inherent
ambiguity (e.g., images containing multiple instances of
the same target object, such as “the person on the left”)
by controlling prompts in a T2I model [50].

A.4. Additional Information of Evaluation Metrics
A critical preprocessing step ensures all calculations are
performed on a consistent resolution. For each sample, the



Table A2. Comparison of Open-Source Image Editing Datasets

Property InstructPix2Pix MagicBrush HQ-Edit UltraEdit OmniEdit ImgEdit Inter-Edit (Ours)

Size 450K 10K 200K 4M 1.2M 1.2M 1.1M
Mask No Yes No Yes No Yes Yes (Refined)

High Res No Yes Yes No Yes Yes Yes
Edit Types General General General Defined Defined Defined Defined

Bounding Box No No No No No Yes Yes
Dual Prompts No No No No No No Yes

Table A3. Comparison of Image Editing Benchmarks (Test Sets)

Property InstructPix2Pix MagicBrush EditBench Emu Edit Bench Inter-Edit (Ours)

Test Set Size N/A 1,053 240 3,589 6,250
Source AI-Generated Human-Annotated Mixed Mixed Human-Annotated

Mask-Based No Yes Yes (Inpainting) No Yes
High Res No Yes Yes Yes Yes

Specialized Subset No No No No Yes

Figure A5. Keywords frequency statistics in the instructions of Inter-Edit training set (Left) and Benchmark (Right) across various instruc-
tion types. For better illustration, the relative proportions in the image are accurate, but the other keywords have been merged and reduced
in size to avoid taking up excessive space.

source image (Is), edited image (Ie), ground truth image
(Igt), and mask (M ) are all resized to a uniform base size,

set to 512× 512 in our experiments.

Image resizing for Is, Ie, and Igt utilizes LANCZOS in-



Your task is to serve as a rigorous, objective judge of an image editing task. You will be
provided with four inputs: 1) the Original Image, 2) the Editing Instruction (text), 3) the
Editing Area (Mask) and 4) the Edited Image. You must analyze the result and provide a
strict evaluation based on four distinct criteria. For each criterion, you must assign an
integer score from 1 to 10.

Core Scoring Directive: Use the Full Scoring Range
This is a critical instruction. You must utilize the entire 1-10 scoring range and avoid
clustering your scores (e.g., only giving 7s, 8s, and 9s). A score of 1 represents a
complete and total failure in that category. A score of 10 represents flawless, indisputable
perfection. Use the intermediate scores (2-9) to reflect the full spectrum of quality. A

mediocre or average result should be scored around a 5 or 6, not a 7 or 8. Your scores must
be thoughtfully distributed.

Evaluation Criteria:
You must score the following four criteria from 1 to 10.
1. Edit Success (1-10)
Definition: How successfully was the edit technically executed?
10 (Perfect): The edit is perfectly and accurately completed. The target area is edited
cleanly, and there are no unreasonable alterations, artifacts, or halos in other parts of
the image. 1 (Failure): The edit is fundamentally incorrect, failed to execute, or no
meaningful edit was performed. Intermediate: Deduct points based on the severity of
technical flaws, such as residual artifacts, unnatural blending, or incomplete edits.
2. Instruction Alignment (1-10)
Definition: How well does the edited image follow the user’s text instruction and Mask Area?
10 (Perfect): The edit perfectly and completely fulfills all aspects and nuances of the
instruction. 1 (Failure): The edit completely disregards, misinterprets, or acts contrary to
the instruction. Intermediate: Score based on the degree of alignment. For example, if the

instruction is "make the apple red and shiny" and the edit only makes it red but not shiny,
the score must be lowered accordingly.
3. Naturalness (1-10)
Definition: How realistic and seamlessly integrated is the edit?
10 (Perfect): The edited region is indistinguishable from the original image. There are no
stylistic discrepancies. Lighting, shadows, textures, and reflections are perfectly
consistent and physically realistic. All details are seamlessly blended, and the edit is
impossible to detect. 1 (Failure): The edit is clumsy, jarring, and obviously artificial.
The edited portion is immediately and easily identifiable as a "photoshop." Intermediate:
Deduct points for any unnatural elements, such as inconsistent lighting, mismatched styles
or textures, or visible seams/edges.
4. Aesthetics (1-10)
Definition: How visually appealing is the result of the edit?
10 (Perfect): The edit is highly aesthetic, visually pleasing, and enhances the image’s
overall appeal (while still respecting the instruction and the original image’s style). 1 (
Failure): The edit is ugly, jarring, or visually unpleasant. Intermediate: Score based on
the overall beauty and visual harmony of the edited result.

Output Format:
Provide your evaluation in the following structured format. First, provide a concise
rationale for each of your four scores. Then, list the scores.
Rationale
Edit Success: [Your reasoning for the score.]
...
Final Scores
Edit Success: [1-10]
...

Figure A6. Prompt for Editing Evaluation



terpolation to maintain image detail. In contrast, the binary
mask M is resized using NEAREST interpolation to ensure
its boundaries remain discrete and are not blurred.

Global Similarity (Sglobal) We compute Sglobal using the
LPIPS distance [60]. Consistent with standard evaluation
practices, we employ the AlexNet [19] backbone for the
LPIPS model. Prior to being fed into the network, the edited
image Ie and ground truth Igt are converted to tensors and
normalized to the range [−1, 1] (using a mean and standard
deviation of 0.5). Sglobal is the resulting distance, where
lower values indicate better global similarity.

Regional Similarity (Sin and Sout) For the regional met-
rics, we utilize the official Alphaclip implementation [45]
with a ViT-B/16 visual backbone. The images (Is, Ie, Igt)
are processed using the standard CLIP [39] image prepro-
cessor.

The alpha masks, M and (1 − M), are processed ac-
cording to the specific requirements of the Alpha-CLIP vi-
sual encoder. The binary masks (with values {0, 1}) are first
rescaled to {0, 255}. They are then resized to 224 × 224,
converted to tensors, and normalized using a mean of µ =
0.5 and a standard deviation of σ = 0.26. The final feature
vectors Eα(·, ·) are extracted from the model’s visual en-
coder. Sin and Sout are then computed as the cosine simu-
larity between the corresponding feature pairs, as shown in
Equations (2) and (3).

Boundary Discontinuity Score (BDS) The BDS is cal-
culated using the images resized to 512× 512. The process
is as follows:
1. The edited image Ie is converted to a single-channel

grayscale image.
2. A gradient magnitude map, G(Ie), is computed using So-

bel filter with a 3 × 3 kernel. The final magnitude is
calculated as:

G(Ie) =
√
(Sobelx(Ie))2 + (Sobely(Ie))2 (6)

3. The inner (Tin) and outer (Tout) transition bands are
generated using morphological erode and dilate
functions, as defined in Equation (4). A key implemen-
tation parameter is the kernel k; we use a square 11× 11
kernel for these operations.

4. The final BDS is computed as the absolute difference be-
tween the mean gradient magnitude within Tin and Tout,
following Equation (5) (where Iout is Ie). A score of 0.0
is returned if either transition band is empty (e.g., if the
mask is too small or covers the entire image).

VQA Scores we employ a powerful MLLM [1] for auto-
mated assessment. We formulate a validation prompt that

assess editing performance in four aspects: Edit Success,
Instruction Alignment, Naturalness, and Aesthetics. De-
tailed prompt is given in A6

B. Additional Details for Experiments

All data synthesis and baseline model training are con-
ducted on eight H800 GPUs.

Data Synthesis Details. During the construction of the
Inter-Edit dataset, Qwen3-32B [52] serves as the large lan-
guage model (LLM) with a batch size of 12 and no reason-
ing mode enabled. On average, generating one prompt for a
source image takes 0.77 s per GPU. Qwen2.5VL-72B [2] is
employed as the multimodal large language model (MLLM)
and performs the most steps in the pipeline, each with a
batch size of 4. First, the MLLM determines an initial edit-
ing instruction based on the source image, which requires
1.24 s per GPU. After obtaining the edited image, the model
performs two tasks—relabeling instructions with varying
lengths and localizing the edited region using a bounding
box—each taking 2.36 s per GPU. In the final filtering stage,
the MLLM evaluates all information within each data pair
and outputs both the decision and its reasoning to enhance
precision, which is the most time-consuming step, averag-
ing 3.65 s per GPU.

For image generation, we employ Qwen-Image [50] as
the source image generator and Q-Edit [50] as the image
editing model, both recognized as the most powerful open-
source models in their respective domains. To preserve vi-
sual fidelity, we apply only flash attention [8] for acceler-
ation, avoiding techniques such as step distillation [10, 32]
that may degrade image quality. During source image gen-
eration, the model receives a synthesized prompt and ran-
domly samples one of nine aspect ratios (16:9, 3:2, 4:3,
1:1, 3:4, 2:3, 9:16). The resolution is set to approximately
1328 × 1328 pixels, matching the model’s optimal setting.
Each image is generated with 50 denoising steps using de-
fault parameters, requiring 28.75 s per GPU on average. For
editing, Q-Edit takes the source image and textual instruc-
tion as input, maintaining the same aspect ratio and using a
resolution around 1024 × 1024 pixels. Each edited image
is produced through 40 denoising steps with default param-
eters, taking an average of 31.16 s per GPU. Although con-
structing the million-scale training set is a lengthy process,
it only needs to be done once. All synthesized data will be
publicly released, eliminating the need for repetition.

Model Training Details. For all baseline methods, Q-
Edit serves as the pretrained backbone. The training setup
is consistent across methods: the batch size per GPU is set
to 1 with 4-step gradient accumulation. We use the Prodigy
optimizer [33] with warm-up and bias correction enabled, a
weight decay of 0.01, and a total of 50,000 training steps.
The input source image and mask are resized to maintain
the original aspect ratio while ensuring a total pixel count



Table A4. Quantitative results of RNI, CIA, and CJT on the full test set, as well as the Chinese and English subsets.

Method Global & Boundary Regional Fidelity VQA Scores Human
LPIPS ↓ BDS ↓ Sin ↑ Sout ↑ Sedit ↑ Snat ↑ Saes ↑ Salign ↑ SV QA ↑ Eval. ↑

Fu
ll RNI (Full) 0.193 9.545 0.973 0.977 6.499 5.789 6.203 7.145 6.409 6.619

CIA (Full) 0.260 5.219 0.964 0.954 5.583 5.573 5.941 6.502 5.956 6.129
CJT (Full) 0.247 5.129 0.973 0.963 6.506 5.835 6.198 6.886 6.356 6.672

C
hi

ne
se RNI (Chinese) 0.195 8.605 0.970 0.979 6.456 5.792 6.181 7.416 6.461 6.461

CIA (Chinese) 0.261 4.903 0.961 0.958 5.782 5.588 5.929 6.429 5.932 6.102
CJT (Chinese) 0.251 4.822 0.970 0.964 6.673 5.837 6.157 6.848 6.379 6.624

E
ng

lis
h RNI (English) 0.191 10.485 0.976 0.974 6.541 5.785 6.224 7.174 6.431 6.672

CIA (English) 0.259 5.534 0.966 0.950 5.384 5.557 5.952 6.574 5.979 6.156
CJT (English) 0.242 5.435 0.976 0.961 6.338 5.833 6.239 6.923 6.333 6.720

���� LPIPS RNI CIA CJT↑ ↓

Figure A7. Performance trends of the three proposed methods under different training data scales. RNI continues to benefit from larger
datasets, while CIA and CJT reach saturation with comparatively smaller amounts of data.
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Figure A8. Performance of the proposed baseline CJT method on the I3E task when encountering atypical user-scribbled masks. (a) Results
obtained when the input mask contains irregular strokes and discontinuities. (b) Results when the user provides multiple disjoint masked
regions for editing.

close to 1024× 1024.

For the RNI method, the ControlNet [59] module con-
sists of six double blocks copied from pretrained Trans-
former layers, and the mask is fed into the model at the
same resolution as the source image. In the CIA method,
the mask boundary is extracted and overlaid onto the source
image as a red contour line with a pixel width of 3. Both

CIA and CJT integrate LoRA modules into all linear lay-
ers of the attention blocks within the Diffusion Transformer
of Q-Edit, with the LoRA rank set to 32. During testing on
Inter-Edit, the mask and source image are fed into the model
following the same resolution configuration as in training.
For other comparison methods, inference is conducted at
their respective recommended resolutions.



C. Additional Results
C.1. Additional Quantitative Results
Complete Metrics for Baseline Methods. Since most ex-
isting methods in related areas support only English out-
puts, we report performance exclusively on the English sub-
set of the Inter-Edit dataset in Table 1 of the main paper to
ensure fair comparison. However, all three of our proposed
methods natively support both Chinese and English. To fa-
cilitate future bilingual research and enable fairer evalua-
tions, we provide in Table A4 the full performance of our
methods on the entire Inter-Edit dataset as well as on its
Chinese and English subsets. The overall results remain sta-
ble across languages, with English inputs exhibiting slightly
better performance than Chinese.

Effect of Training Scale on Model Performance. Fig-
ure A7 illustrates the performance variations of our three
designed methods under different training data scales. All
methods exhibit a consistent trend—larger training datasets
generally lead to better performance. However, their re-
sponses to data scaling differ. For the RNI method, per-
formance steadily improves as the training data increase,
showing a continued upward trend even at the million-scale
level, suggesting potential for further gains with additional
data. In contrast, the CIA and CJT methods reach near-peak
performance with relatively small amounts of training data,
and their improvements saturate as the dataset expands. In
practice, one can flexibly select the appropriate method ac-
cording to the available amount of training data.

C.2. Additional Qualitative Results
Robustness to Irregular and Complex Mask Inputs. In
practical interactive editing scenarios, user-drawn masks
often contain irregular strokes, discontinuities, or multi-
ple spatially separated regions corresponding to different
editing requests. To assess robustness under such realistic
conditions, we further evaluate the proposed CJT method
on these challenging inputs. As illustrated in Fig. A8,
our method demonstrates strong inferential capability when
confronted with unconventional masks—such as hollow or
fragmented scribbles—and is able to produce editing results
that align well with user intent. Surprisingly, despite the ab-
sence of explicit training for handling multiple interactive
editing requirements simultaneously, the model is still ca-
pable of performing such multi-region edits in a zero-shot
manner, yielding outputs that meet expectations.

Additional Applications. Based on the powerful edit-
ing capabilities of Q-Edit [50], out model further improved
on precisely locate and complete more complex image edit-
ing tasks, while consistently maintaining visual and se-
mantic consistency in unedited regions. As shown in Fig-
ure A9, our approach facilitates a diverse array of editing
tasks, such as eliminating background crowds and modi-
fying subject attributes in daily photos. It excels in com-

plex scenarios containing multiple subjects, enabling easy
localization and editing while strictly confining changes to
the target region. Maintaining the advantages of the orig-
inal model, our method enables the generation of style-
consistent text within sketched boundaries. These capabili-
ties can be chained in multi-turn workflows to accommodate
elaborate editing needs.

D. Limitations and Future Work

Limitations. Although the proposed pipeline achieves
strong performance, it still exhibits several limitations.
First, the training data are primarily automatically gener-
ated through cascaded models, and although we incorpo-
rate a filtering stage to ensure high-quality samples, this
process may still introduce the intrinsic preferences and bi-
ases of the underlying models into the dataset. Second, the
pseudo–hand-drawn masks obtained via semantic segmen-
tation and morphological post-processing only approximate
coarse user annotations; real scribbles often contain irregu-
lar strokes, discontinuities, and diverse drawing habits that
are not fully captured by these simulated masks. Finally,
while the method itself is capable of handling iterative mod-
ifications, the benchmark does not include evaluation pro-
tocols or metrics for multi-turn editing, leaving the perfor-
mance of repeated interactive edits insufficiently assessed.
These limitations suggest promising directions for future
work on data realism, scribble modeling, and evaluation de-
sign.

Future Work. Looking forward, the I3E paradigm offers
several compelling avenues for further exploration. Fig-
ure A10 illustrates three feasible directions. A natural ex-
tension is to incorporate controllable regional guidance in-
tensity, enabling users to adjust how strongly the model
adheres to the spatially specified region. This provides a
more fine-grained and expressive editing experience while
remaining highly user-friendly. For instance, users may in-
crease the guidance strength when edits must remain strictly
confined within the scribbled area, or decrease it when they
prefer the modification to naturally propagate to surround-
ing similar elements—all without switching to a different
model. Another promising direction is the integration of
controllable visual elements, such as explicitly specified ob-
jects to be added, which can guide the model toward gen-
erating more predictable and visually coherent results. In
addition, enriching the interaction interface with negative
scribble regions offers a simple yet effective mechanism for
selectively suppressing edits in areas where users wish to
preserve the original content. These directions highlight the
strong potential of the I3E framework to drive the devel-
opment of more flexible, intuitive, and user-centric image
editing systems, and we believe they will inspire future re-
search on controllable and region-aware visual generation.
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Figure A9. Additional application examples of the proposed baseline CJT method. The red dotted lines indicate the outer boundary of the
user-scribbled mask. Without any extra tuning, our method can accomplish a wide variety of practically meaningful tasks.
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Figure A10. Three potential extensions of the I3E paradigm: regional guidance intensity, controllable visual element addition, and negative
scribble regions.

E. Ethical Considerations

Misuse Risk Management. The proposed baseline meth-
ods (RNI, CIA, CJT) empowers users with advanced capa-
bilities for precise image editing, thus presenting substan-
tial creative potential. However, the high degree of real-
ism achievable by these methods also introduces significant
risks related to misuse, including the generation of mislead-
ing or falsified imagery. Such capabilities could potentially

be exploited for malicious purposes, such as fabricating ev-
idence, spreading misinformation, or invading personal pri-
vacy.

To mitigate these risks, we require users to explicitly
consent to adhere to ethical guidelines and legal regula-
tions prior to using the technology. Users must agree not
to employ the model for malicious activities or unethical
objectives, including but not limited to falsifying evidence
or deliberately disseminating misleading information. Ad-



ditionally, the dissemination of the model framework will
incorporate educational materials emphasizing responsible
usage and clear warnings against unethical applications.

Data Protection and Privacy in Inter-Edit Dataset.
The construction of the Inter-Edit dataset strictly ad-

heres to data privacy regulations and ethical standards.
The source images in our dataset are derived from two
primary origins: publicly available datasets (specifically
LAION [42]) and model-synthesized imagery. For the web-
sourced images, we respect the original licensing and dis-
tribution terms. Furthermore, during the data processing
pipeline, we employed a rigorous filtering mechanism using
MLLM [2] to scrutinize the content. This step ensures the
exclusion of images containing sensitive Personally Iden-
tifiable Information, offensive material, or non-consensual
content. Regarding the manual annotation phase, we im-
plemented strict protocols to protect the privacy of our an-
notators. Although we collected demographic information
(e.g., gender and age) to ensure diversity, all annotator data
is anonymized and stored separately from the dataset an-
notations. No individual annotator can be identified from
the released dataset or the accompanying metadata. We are
committed to maintaining the integrity of the dataset and
will provide a channel for individuals to request the removal
of their data should any privacy concerns arise post-release.

Social Responsibility and Impact. We acknowledge
the profound societal implications associated with advanced
image editing capabilities, recognizing their potential to
trigger cultural, social, or legal controversies. The I3E
baseline models emphasizes responsible creation and edit-
ing practices. Users are advised to exercise prudence and
heightened sensitivity when editing content that may be cul-
turally sensitive, socially contentious, or legally complex.
We encourage users to adopt a responsible and ethically
aware stance, promoting constructive, transparent, and so-
cially beneficial applications of this technology.
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