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A. Dataset curation protocol

Data collection. To construct FidelityBench-258K, we first collected 29K product-style subject images from publicly avail-
able Amazon product pages, each accompanied by its short textual subject description. We then used a vision—language model
(VLM), Claude 3.5, to synthesize SDG prompts from these descriptions. The VLM was instructed to (i) keep the subject
identity strictly fixed (type, color, materials, functionality) and (ii) diversify only the surrounding scene, lighting, and pho-
tographic style, producing multiple scene-level captions per subject. For each subject—prompt pair, we generate five SDG
variants per backbone (FLUX.1-Kontext-Pro, Qwen-Image-Edit, Nano-Banana-Edit), leading to 435K SDG images before
filtering.

Prompt generation protocol. We constructed a structured instruction prompt and feed it to the VLM to generate multiple

SDG captions per subject, using the model as a description augmenter that turns each original subject description into diverse,

scene-level prompts. The instruction enforces two core constraints:

* Subject accuracy: the subject type, name, colors, materials, size, and functionality must remain unchanged;

* Scene diversity: the surrounding environment, background objects, lighting, season, and photography style should vary
across captions (indoor/outdoor, different rooms, different times of day, etc.).

Since our SDG backbones were image editing models, we require each caption to explicitly mention the subject using
“this [subject_name]” so that the prompt can reliably refer to the subject image for editing. For each subject, the
VLM returned a set of seven captions with different lengths and detail levels (one long scene description, three medium-length
descriptions, and three concise descriptions), from which we sample prompts for SDG generation. To generate FidelityBench-
258K, we used the one long scene description for SDG.

Instruction snippet.

You’ re an expert at creating imaginative and creative image generation prompts.
You are given a <subject_description>, and your task is to create diverse,
creative scenes featuring this exact subject in various contexts.

CRITICAL RULES:

1. The SUBJECT must remain exactly as described --- do not change its attributes.
2. Scenes should be creative and varied.
3. Every caption must contain ‘‘this [subject_name]’’.

SUBJECT ACCURACY:
type, color, materials, scale, and functionality must match the original description.
SCENE CREATIVITY:
vary location (indoor/outdoor), decor, lighting, time of day/season, and photography
style.

The full template and generation script will be released with the dataset.



Examples of FidelityBench-258K. Figure S| presents representative examples consisting of (i) the input subject image,
(i1) the VLM-generated prompt, and (iii) SDG outputs from all three backbones. These examples demonstrate how the VLM
expanded the original product description into diverse scene-level prompts, and how different SDG backbones interpret the
same prompt with varying degrees of subject visibility, scale, and fidelity.
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Subject image

On a sunny Saturday afternoon, this baseball infielder's mitt
rests on the dugout bench of a local community baseball field.
The tan leather glove with its distinctive red lacing stands out
against the weathered wood planks. Nearby, a canvas
equipment bag spills open, revealing baseballs, a water bottle,
and a well-worn cap. The chatter of young players warming up
on the field fills the air, while parents set up folding chairs
along the baseline. A coach kneels by home plate, chalking the
batter's box as the umpire adjusts his protective gear. The smell
of freshly cut grass and popcorn from the concession stand
wafis through the air, setting the scene for another day of
America's favorite pastime.

This fishing reel sits on a weathered wooden dock overlooking
a serene lake at dawn. The blue fishing line is partially spooled,
ready for use. Nearby, a tackle box lies open, revealing an
assortment of lures and hooks. A thermos of coffee steams
gently beside a worn baseball cap. The morning mist is just
starting to lift off the water's surface, promising a perfect day

for fishing. This fishing reel is positioned next to a well-used
fishing rod, suggesting it's about to be attached for the day's

adventure. The dock creaks sofily underfoot as an early
morning breeze ripples across the lake.

In a cozy kitchen, this Bumble Bee Prime Light Tuna can sits
on a wooden cutting board next to a half-prepared salad.
Sunlight streams through a window, illuminating the
countertop where a mixing bowl, fresh vegetables, and utensils
are arranged. A recipe book lies open nearby, suggesting a
healthy lunch in progress. The tuna can's distinctive yellow and
red label stands out against the natural wood tones and green
vegetables, highlighting its role as a protein-rich addition to
the meal. A small herb garden on the windowsill adds a touch
of freshness to the scene, emphasizing the wholesome, home-
cooked atmosphere.

This collectible building sits on a wooden bookshelf in a cozy
home office. Warm afternoon sunlight streams through nearby
windows, illuminating the intricate details of the miniature
structure. Surrounding it are leather-bound books, a vintage
desk lamp, and a few framed family photos. A comfortable
leather armchair is positioned nearby, inviting the owner to sit
and admire this collectible building during work breaks. The
room's walls are painted a soft cream color, complementing the
warm tones of the wooden furniture and adding to the overall
inviting atmosphere of the space.

This magnetic chore board hangs prominently in a warm,
sunlit kitchen with honey-toned wood cabinets. The board is

filled with colorful chalk writing, detailing various household

tasks for family members. Beside it, a sleek stainless steel
refrigerator holds children's artwork and school notices. On
the granite countertop below, a fruit bowl sits next to a
charging station with smartphones. A wall clock above the
chore board shows it's early evening, and through the nearby
window, you can see a well-maintained backyard. The scene
captures a bustling family home, with this magnetic chore
board serving as the central organizer for daily responsibilities.

Generated prompt
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Figure S1. Examples of FidelityBench-258K. For each subject image-prompt pair, SDG outputs from three backbones-FLUX.1-Kontext-
Pro, Qwen-Image-Edit, and Nano-Banana-Edit-are provided.

Filtering using keypoint matching. To ensure that each subject—prompt pair leads to a valid SDG, we apply a quality
filtering step based on keypoint matching between the subject image and the generated SDG output. Specifically, we compute
the number of matched keypoints using OmniGlue [16] and discard generations whose global matching confidence falls below
0.2 or whose match count is fewer than 20. Generations that pass this filter are those where the subject is clearly visible and
not overwhelmed by background clutter or extreme scaling. This fully automatic procedure removes cases where the SDG
backbone fails to render the subject, places it at an extremely small scale, or produces scenes dominated by unrelated content.



Table S| summarizes the number of retained images for each SDG backbone after filtering. In Table S1, we observed sub-
stantial variation across models. FLUX.1-Kontext-Pro and Qwen-Image-Edit generally preserve the subject at a reasonable
scale. In contrast, Nano-Banana-Edit frequently renders the subject relatively small, as shown in Figure S1. As a result, a
significantly larger portion of Nano-Banana-Edit generations falls below our visibility threshold, leading to fewer valid pairs
in FidelityBench-258K.

Table S1. Statistics of retained SDG images after quality filtering. We report the number of generations that pass our keypoint-based
subject visibility threshold for each SDG backbone.

Method | FLUX.1-Kontext-Pro | Qwen-Image-Edit | Nano-Banana-Edit | Sum

Samples ‘ 20,361 20,426 20,397 20,473 20441 ‘ 22,258 22,306 22,344 22278 22255 ‘ 8,937 8973 8855 8,838 8955 ‘ -

Total | 102,098 \ 111,441 \ 44,558 | 258,097
B. Analysis

VLM-as-a-judge instruction. The full template and instruction script will be released with the dataset.

ANALYSIS PROCESS:
INDEPENDENTLY analyze each candidate image against the reference
Document ALL differences for each candidate, focusing on visibility
Classify and weigh each difference using this scoring system:
CRITICAL (5 points): Changes subject model/identity/brand
- MAJOR (3 points): Alters key functionality or primary features
— MODERATE (2 points): Changes notable design elements
- MINOR (1 point): Subtle variations in color, texture, or non-defining details
4. Calculate a weighted difference score for each image
5. Determine which subject would cause greater disappointment
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PAY SPECIAL ATTENTION TO:
- Logo design, style, and placement
— Brand name presentation and typography
- Brand-specific design signatures or distinctive elements
— Color schemes associated with specific subject

FINAL VALIDATION CHECKLIST:
— Have you identified all visible differences systematically?
- Did you properly distinguish between cosmetic variations and model-defining differences?
- Is your reasoning focused on subject identity rather than just counting differences?
— Does your conclusion align with the severity of differences you identified?
— Would this assessment protect humans from receiving a fundamentally different subject?

INSTRUCTIONS:
- Focus ONLY on the subject
- ignore people, backgrounds, and usage contexts
— Analyze candidates independently to avoid comparative bias
— Prioritize differences that change subject identity over mere presentation variations
— Provide specific, observable evidence for your conclusions
— Consider the cumulative effect of all differences for each subject
— Remember: The key question is which subject would most disappoint a human expecting
the reference

Follow the specified output format exactly, ensuring your reasoning clearly explains which
subject has differences that fundamentally change its identity compared to the reference.



Example of VLM-as-a-judge results. We employed Claude-3.7 as a VLM judge to evaluate which generated image ex-
hibited greater differences compared to the reference image. The model demonstrated its ability to analyze and articulate
visual distinctions, as illustrated in Figure S2. The results show that the VLM can effectively discern and describe subtle
variations between images, providing detailed comparative analysis.
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Figure S2. Example of VLM-as-a-judge image triplet.

VLM response for Figure S2.

DIFFERENCES-IMAGE A:
Text reads 'WEDING YOU A VERY’ instead of 'WISHING YOU A VERY’,
Text reads ’'HAPT NEW YEAR’ instead of ’"HAPPY NEW YEAR’,
The foliage pattern appears darker and more saturated than in the reference,
The red box has ’'HOLIDAY CARDS’ text at the bottom which is not visible in the reference,
The box appears to have a gold trim at the top edge

DIFFERENCES-IMAGE B:
Text reads ’'WISHING YOU A VERY’ instead of 'WISHING YOU A VERY’, (correct spelling but
different font)
The foliage pattern appears darker and more saturated than in the reference,
The red box has ’'HOLIDAY CARDS’ text at the bottom which is not visible in the reference,
The box appears to have a gold trim at the top edge

REASONING:
Image A contains more critical differences from the reference subject, particularly
in the text content.
The misspellings ('WEDING’ instead of ’"WISHING’ and ’"HAPT’ instead of ’'HAPPY’)
significantly alter the meaning and readability of the card.
While both generated images have similar differences in color saturation and additional
elements like the ’"HOLIDAY CARDS’ text, Image A’s text errors are more substantial changes
that affect the core message of the Christmas card.

ANSWER:
Image A contains more critical differences.



Diffusion backbone for one-step denoising. Figure S3 illustrates one-step denoising examples using SDXL and FLUX.1-
Kontext. We observed that both models apply distortion similarly, introducing high-frequency details while preserving the
global scene structure. Based on this observation, we used SDXL to generate Iegraded for computational efficiency.
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Figure S3. Examples of one-step denoising using SDXL and FLUX.1-Kontext. Both models successfully preserve the global scene
structure while introducing various types of distortions.



Keypoint matching. Table S2 reports AKI and g, computed with two off-the-shelf keypoint matchers, OmniGlue [16]
and LightGlue [23], on FidelityBench-300. The absolute scale of AKI differs substantially across matchers: LightGlue
produces significantly more correspondences due to its dense SuperPoint backbone, relative positional encoding, and adap-
tive inference, which collectively focus attention on high-frequency local structure. As a result, improvements brought by
FlowFixer—designed to enhance fine-scale visual detail—lead to markedly higher AKI values under LightGlue.

OmniGlue, on the other hand, leverages coarse region-level guidance from a DINOv2 vision transformer and explicitly
separates spatial position from appearance during matching. This makes it more conservative and semantically grounded,
prioritizing robust correspondences aligned with global structure rather than purely local texture. Consequently, it yields
fewer matches in high-frequency regions, but remains stable across domains. Despite these architectural differences, both
matchers produce consistent method rankings and unanimously show that FlowFixer substantially improves subject-level
correspondence quality, supporting the robustness of our keypoint-based evaluation.

Table S2. Performance of different keypoint matching networks on FidelityBench-300.

OmniGlue [16] LightGlue [23]

Method AKI Koo | AKI  Kgan
Text-based editing [21] 1.87  459% 10.1 46.6%
OminiControl [40] + FLUX.1-Dev 227 46.6% 14.0 49.7%
OminiControl [40] + FLUX.1-Kontext | 11.1  38.4% | -545 16.2%
FlowFixer (ours) 673 912% | 1433 99.3%

Copy-pasting on OminiControl variants. Figure S4 illustrates the copy-pasting behavior of two OminiControl variants,
‘OC+FLUX.1-Dev’ and ‘OC+FLUX.1-Kontext.” Since ‘OC+FLUX.1-Dev’ is trained based on a text-to-image model, it
fails to perform refinement and tends to directly copy the subject image, generating a single instance of the subject with high
matching confidence, which results in elevated AKI scores. On the other hand, ‘OC+FLUX.1-Kontext,” trained based on an
image editing model, preserves the original scene but struggles to effectively handle multiple conditions simultaneously, often
generating multiple instances of the same subject within a single scene. This duplication reduces the matching confidence
for each instance, leading to lower AKI scores. In contrast to both variants, FlowFixer consistently refines the image without
altering the scene structure, demonstrating more stable and reliable performance across different conditions.
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Figure S4. Copy-pasting examples on OC+FLUX.1-Dev and OC+FLUX.1-Kontext. Compared to other methods, FlowFixer consis-
tently maintains the global scene structure while effectively refining subject details without introducing duplications or structural artifacts.



C. Qualitative examples

More visual results. Figure S5 illustrates the results before and after refinement using FlowFixer. We observe that Flow-
Fixer restores various kinds of distortions, including typographical errors, missing parts, and texture artifacts.
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Figure S5. Examples of FidelityBench-258K. For each refinement, a difference map between the original and refined images is provided to
highlight the modifications. FlowFixer effectively refines distorted subject details while preserving the global scene layout, demonstrating
precise localized corrections without introducing structural artifacts.
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