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Abstract. Image-conditioned image editing (ICIE) guides edits with a
reference image to convey visual attributes—such as style, tone, or object
identity—that are difficult to specify through text alone. Despite growing
practical demand, no large-scale unified ICIE dataset currently exists in
the open-source ecosystem; existing efforts cover only a narrow subset
of edit types at small scale, typically constructed via costly forward syn-
thesis. We reformulate ICIE data construction as a reference-completion
problem: high-quality text-conditioned image editing (TCIE) datasets
already supply the input image, instruction, and edited target, and can
be augmented with aligned reference images through type-specific synthe-
sis and lightweight instruction adaptation. Building on this insight, we
propose a scalable pipeline equipped with weak-instruction augmentation
and five-dimensional VLM-based post-filtering, and use it to construct
RCEdit-500K—the first large-scale unified open ICIE dataset compris-
ing 477K quadruplets across six edit categories (add, remove, replace,
background, style, alter) with both concrete and abstract reference types.
Training on RCEdit-500K consistently improves reference-guided editing:
LoRA adaptation on diffusion models yields up to 4+1.22 average gain,
and an autoregressive model without native editing ability acquires com-
petitive ICIE performance, demonstrating that data availability is the
primary bottleneck for open-source ICIE.

Keywords: data pipeline - dataset - image-conditioned image editing

1 Introduction

Text-conditioned image editing (TCIE) enables image manipulation through
natural-language instructions and has become a widely adopted paradigm. |12}

* Corresponding authors
1 Work done during internship at Microsoft Research Asia.



2 J. Zhang et al.

Add the vibrant green artificial aquarium plant Replace the supermoto motorcycle in image 1 with
from image 2 into the lower right foreground of the high-performance, brightly colored sports
image 1, partially behind the clownfish. car from image 2.

TGT

In image 1, remove the man in the dark blue suit Replace the background of image 1 with the
and tan pants as shown in image 2. serene pond environment depicted in image 2.

>4

Apply the vintage historical photograph style Apply the crystal material from iﬁwage 2 to the
from image 2 to image 1. hammer in image 1.

Fig. 1: Examples of six image-conditioned image editing (ICIE) types from RCEdit-
500K. Each column shows an input image (left) paired with a reference image (right)
and the corresponding edited output. Our dataset enables diverse editing capabilities
including object addition, replacement, removal, attribute alteration, style transfer, and
background replacement.

However, text alone provides a limited channel for specifying many
real-world editing objectives. Global visual attributes — such as photographic
tone, lighting distributions, material appearance, and stylistic aesthetics — are
difficult to describe precisely in language and are often communicated through
visual references. This motivates image-conditioned image editing (ICIE), where
edits are guided jointly by an input image, a reference image, and a textual
instruction.

Despite its practical relevance and demonstrated capabilities in closed-source
systems, ICIE remains comparatively underdeveloped in the open-source ecosys-
tem, with no open-source unified ICIE dataset available. Existing public
datasets and models largely focus on TCIE or on
multi-image conditioning for subject-identity preservation , while reference-
guided editing for distribution-level visual objectives — such as style alignment,
tone harmonization, or aesthetic consistency — remains less well supported. As
a result, open-source ICIE systems often struggle on these tasks.

To understand this gap, it is important to examine how ICIE training data
is typically constructed. A common approach is forward synthesis [37,/40}41]:
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jointly generating input images, reference images, editing instructions, and target
outputs using generative models, with at most one image sampled from real data.
In practice, this process is expensive and introduces several problems, including
model bias, distributional artifacts, and degradation of semantic and aesthetic
realism. Crucially, these effects undermine the very qualities — diversity, realism,
and data quality — that curated editing datasets aim to preserve.

In contrast, existing high-quality TCIE datasets [21}29,{40,41] already provide
three of the four elements required for ICIE: an input image, an editing instruction,
and a target edited image. The missing component is a compatible reference image.
This observation reframes ICIE dataset construction as a reference-completion
problem rather than a forward-synthesis task: instead of generating entire editing
instances from scratch, one can complete existing TCIE triplets by synthesizing
aligned reference images while preserving the original input—target relationship
and the edit distribution.

Based on this insight, we introduce a scalable and efficient reference-completion
pipeline that converts text-guided image editing datasets into image-conditioned
ones. The pipeline performs minimal instruction adaptation and synthesizes
reference images that are consistent with the target edit, avoiding joint forward
generation and retaining the semantic coverage, aesthetic quality, and realistic edit
distributions of the source TCIE corpora. We apply a multi-aspect post-filtering
strategy to further enhance the data quality.

Using this pipeline, we construct RCEdit-500K, the first large-scale unified
open dataset for image-conditioned image editing containing approximately
500,000 aligned quadruplets: input image, reference image, editing instruction,
and target image. The dataset preserves the diversity and realism of curated
TCIE sources while enabling structured reference conditioning at scale. Both
the dataset and pipeline will be open-sourced to foster community
advancement.

We validate the effectiveness of RCEdit-500K across multiple model families.
With lightweight LoRA adaptation, diffusion-based editors consistently improve
on reference-guided editing tasks. Moreover, an autoregressive image-generation
model — without explicit editing mechanisms — acquires competitive reference-
guided editing behavior when trained on the proposed dataset. These results
indicate that training-data construction plays a central role for ICIE and that
reference completion provides an effective, scalable foundation for advancing
open-source reference-guided image editing. Our contributions are summarized
as follows:

— We introduce RCEdit-500K, the first large-scale unified open-source dataset
dedicated to image-conditioned image editing, comprising 500K high-quality
quadruplets.

— We propose a scalable and efficient data conversion pipeline that transforms
existing text-driven image editing data into image-conditioned image editing
data, preserving quality strengths from the source corpora while substantially
reducing synthetic overhead.
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— We provide comprehensive empirical validation across both diffusion-based
and autoregressive model families, demonstrating consistent ICIE improve-
ments with RCEdit-500K.

2 Related Work

2.1 Text-Conditioned Image Editing

Text-conditioned image editing (TCIE) has progressed rapidly, with both closed-
source models [6,|11},126] and open-source models [12}/13}33] achieving strong
editing quality. Correspondingly, TCIE datasets have grown in scale and diversity,
while maintaining high quality. Early datasets [7,/42] rely on human annotation
to ensure quality but remain small in scale. To obtain paired data at larger
scale, tool-based automatic pipelines have become the dominant construction
paradigm [40}/41},/44], often combined with VLM-based post-filtering to mitigate
errors introduced by intermediate models [40]. More recently, pipelines that
leverage closed-source editing models for data synthesis [2,21}29] have shown
that higher-precision data can yield competitive performance with considerably
smaller data scale.

2.2 Multi-Image Combination

Multi-image combination, also referred to as multi-image personalization, has
attracted growing attention, in part driven by the strong capabilities demonstrated
by Nano Banana [6]. A number of recent methods [5,[32}34,|36] extend single-
subject personalization to multi-subject settings. However, these approaches
primarily focus on combining concrete subjects and lack support for abstract
visual attributes such as style or tone. USO [35] and DreamO [19] address this
limitation by generating training pairs that share the same style via style-transfer
models. DreamOmni2 [37] further broadens multi-image combination to cover
both concrete objects and abstract attributes across a wide distribution. While
these methods share the multi-image conditioning paradigm with ICIE, they
target image generation rather than editing: the input image is not an explicit
anchor whose structure must be preserved.

2.3 Image-Conditioned Image Editing

The need to specify editing operations with precise visual details motivates
image-conditioned image editing (ICIE). Several TCIE datasets include a “visual
editing” subset as part of their coverage, which shares the same concept with
ICIE. ImgEdit [40] produces visual editing data via forward synthesis using an
in-context editing model. AnyEdit [41] primarily focuses on structural conditions
via ControlNet [43], with only a small portion dedicated to visual reference
editing through trained identity and detail extractors. In both cases the ICIE
portion remains small (~10K samples) and restricted to concrete-object addi-
tion/replacement or material transfer. DreamOmni2 [37] extends this by training
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a concept-extraction model that handles both concrete objects and abstract
attributes, enabling forward synthesis of ICIE data across more edit types and
concept distributions.

Although several tasks related to ICTE—such as virtual try-on [81828], image
structure control [4L27], and interleaved generation [15}|34,|39]—have individually
seen notable progress, each addresses only a specific subtask of ICIE. None
provides a unified framework that covers the full spectrum of reference-guided
editing types defined in our work. In contrast, this paper focuses on constructing
a large-scale dataset that spans all six ICIE edit categories, enabling unified
training for reference-guided editing.

3 Dataset

As discussed in Sec. [} the absence of large-scale unified training data is a
key bottleneck for open-source ICIE. In this section, we address this gap by
constructing RCEdit-500K, shown in Fig. [l We begin by formalizing the ICIE
task and defining a taxonomy of edit types (Sec. . We then describe our
reference-completion pipeline, which converts existing TCIE triplets into ICIE
quadruplets by synthesizing aligned reference images and adapting instructions
(Sec. [3.:2). Finally, we report dataset statistics (Sec. [3.3)).

3.1 Task definition

We formulate image-conditioned image editing (ICIE) as the task of pro-
ducing a target image that applies a desired edit to a given input (anchor)
image under guidance from both a natural-language instruction and a separate
reference image. Concretely, each ICIE example is represented as a quadruplet

<input_image, reference_image, instruction, target_image>,

where the input_image is the anchor whose structural content and unedited
regions should be preserved, the reference_image supplies visual guidance (a
concrete object such as a red handbag or a golden retriever, or an abstract
attribute such as style or tone), the instruction describes the desired edit in
natural language, and the target_image is the desired edited output.

ICIE differs from common multi-image generation or multi-reference datasets
in that the images do not share equal semantic priority: the input image is
explicitly designated as the anchor and must retain the majority of its original
structure (including spatial arrangement and any regions outside the edit), while
the reference image functions purely as a conditioning signal.

Following prior work [40], we categorize ICIE edits into six types: add,
remove, replace, background, style, and alter. We adopt this taxonomy
because it cleanly separates semantic edits (add/replace/remove) from distribu-
tional or appearance-level edits (background/style/alter), which is useful when
designing evaluation protocols and conditioning mechanisms. We intentionally



6 J. Zhang et al.

q 4 N A
("sourceTciE ) [ Reference Completion 2\ ( Mutti-dimensional Final ICIE
Triplets Post-Filtering Quadruplets
Reference Generation Pipelines
------------- Five axes for VLM-based
1. Type: Add/Replace scoring: g
1. Reference Compatibilty [ Red )

; g ! > VLM (GPT-40) . 2. Reference Reasonableness <Input Image>
i a ‘ 4 Segment from Reference

194 ! l Target subject 3. Adapted Instruction Correctness
Inputimage ! 2. Type: Remove 4. Original Pair Correctness
l e iIVps) po— 5. Ref-Target Similarity
 — H Model > Image>
=== H Reference Source Reference - " .
= . , s
i Generation ) .
TextInstruction | 3. Type: Background <Adapted Instruction>
H Instruction | | m R x
' Adaptation | P | u ‘!
? e | Target Reference = ¢ [ e )
e .. 1 Weak Image Background 83
el Te . o <Target Image>
e | Ooreration 4. Type: Style/Alter
Yol ! Eating Mode v x @)
\_ Targetimage i Unified Large-Scale
(S - . Reference ICIE Dataset
attribute
N\ 2N 2N J J

Fig. 2: Data curation pipeline to construct RCEdit-500K.

exclude a separate motion category from our ICIE definition since it is hard to
describe with single reference (see supplementary for taxonomy details).

The remove category merits special attention. In scenes containing many
instances of the same object class, purely textual instructions (e.g., "remove the
person') are often ambiguous. For ICIE we therefore recommend supplementing
the instruction with an explicit spatial cue derived from the input image. Accept-
able forms of such cues include a binary mask, a tight bounding box, or a cropped
exemplar of the object to be removed; each of these options disambiguates which
instance should be edited while remaining compatible with image-conditioned
modeling. For example, a removal request may be specified as "remove the object
indicated by the bounding box" or by providing a cropped patch of the object to
be excised.

3.2 Data Curation Pipeline

Source Data Preparation. To the best of our knowledge, no publicly avail-
able unified dataset currently exists for ICIE, making it essential to construct
one. A key observation is that existing high-quality TCIE datasets already con-
tain three of the four elements required for ICIE: (input_image, instruction,
target_image); only the reference image is missing. As discussed in Sec.
every ICIE edit type corresponds to a valid TCIE edit, meaning that ICIE dataset
construction can be naturally cast as a reference-completion problem rather
than a full forward-synthesis task.

We select source data from two large-scale, high-quality TCIE corpora: the
complete single-turn split of Pico-Banana-400K and a 500K-sample subset
of GPT-IMAGE-EDIT-1.5M . Together, these two sources provide broad
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coverage of semantic and appearance-level edits while preserving high-quality
edit precision.

Reference Completion. The data construction pipeline is shown in Fig. |2} For
each source triplet, we first employ a vision-language model (VLM; specifically
GPT-40 [11]) to (i) classify the edit into one of the six defined types, (ii) generate
several prompts for reference-image synthesis, and (iii) rewrite the original text
instruction so that it explicitly references the supplementary image. Triplets
whose edits fall outside the defined taxonomy (e.g. motion editing) are discarded
at this stage.

In addition to the adapted instruction, we ask the VLM to produce a weak
textual instruction in which the reference-specific description is deliberately
abstracted. For example, “Add the cute orange cat from image 2 to image 17 is
weakened to “Add the animal from image 2 to image 1,” removing fine-grained
appearance details that could be resolved from text alone. By mixing weak
instructions into training, we encourage the model to attend more heavily to the
reference image as a visual conditioning signal, rather than relying solely on its
pre-existing text-conditioned editing capability.

We then design four dedicated pipelines to synthesize reference images ac-
cording to edit type:

1. Add / Replace. The target subject is extracted from the target image using
a segmentation model |16}23,24]. A reference image is then generated either
by re-synthesizing the subject via an image personalization model [12] or by
compositing the segmented subject onto a novel background.

2. Remove. The subject to be removed is localized in the input image with
the same segmentation model [16}2324]. A reference cue is produced by
overlaying a tight bounding box on the input image or by cropping the target
region, providing an unambiguous spatial indicator of which instance to
remove.

3. Background. A TCIE model is applied to inpaint all foreground objects
while retaining the desired background, yielding a clean background reference
that captures the target scene layout and appearance.

4. Style / Alter. An intermediate image is first generated by a text-to-image
(T2I) model from a descriptive prompt. This intermediate is then transformed
to exhibit the required abstract attribute (e.g. artistic style, color palette,
texture) using GPT-Image-1.5.

We use Grounded-SAM-2 [1623}|24] for localization and segmentation, and
Flux-Klein-9B [12] for personalization, T2I generation, and TCIE. For style and
alter edits, open-source models do not yet achieve sufficient quality for abstract
attribute transfer; we therefore employ GPT-Image-1.5 for these categories to
ensure data fidelity. The choices of our toolkit enables data harvesting
with low-capacity machines like V100. Full VLM prompts and synthesis
details are in the supplementary.

Post-Filtering. After reference completion, we apply a multi-dimensional qual-
ity filter to remove low-quality samples. Prior image edit data-construction
pipelines [40,/41] typically rely on CLIP [22] similarity or a holistic VLM score,
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Table 1: Post-filter validation. Cohen’s k: agreement beyond chance (1=perfect, O=ran-
dom).

Setting Comparison Agreement? KT
Cross-VLM GPT-40 vs. Claude 4.6 72.9% 0.46
(N=600) GPT-40 vs. Gemini 3.1 78.6% 0.57
Human Mean human—human 73.1% 0.38
(10 ann., N=60) Mean GPT-40-human 72.2% 0.44
GPT-40 Precision / Recall / F1 96.7 / 76.3 / 85.3%

which conflates multiple quality axes and leads to incomplete quality assessment.
Similarly, existing benchmark evaluation protocols |20] focus primarily on the
fidelity of the target image, without verifying consistency across all four elements
of the quadruplet.

To address these limitations, we propose a five-dimensional VLM-based
filtering strategy that independently scores each candidate quadruplet on: (i) ref-
erence compatibility for original TCIE pair, (ii) reference image rea-
sonableness, (iii) adapted instruction correctness, (iv) original pair cor-
rectness, and (v) reference—target similarity. Detailed scoring prompts and
threshold selections are provided in the supplementary material.

Each dimension captures a distinct failure mode in reference-conditioned
editing. A sample is retained only if every dimension exceeds a predefined
threshold; a low score on any single axis suffices for rejection. This strict, axis-
wise filtering ensures that the final dataset maintains high consistency across all
components of the quadruplet.

To validate the reliability of VLM-based filtering, we conduct cross-VLM and

human-agreement studies (Tab. [IJ). Re-running the 5-axis filter on 600 stratified
samples with Claude Opus 4.6 and Gemini 3.1 Pro yields cross-VLM Cohen’s &
that meets or exceeds human inter-annotator k. A 10-annotator human study on
60 samples confirms that GPT-4o0—human agreement exceeds mean human—human
agreement, with high precision and moderate recall, confirming a conservative
filter that rarely retains flawed samples.
Pipeline Comparison. Fig. [§] compares our reference-completion pipeline with
two alternative paradigms: forward synthesis and random combination. Forward
synthesis constructs all four quadruplet components sequentially, requiring 2—-3
image-model calls per sample; this compounds errors and limits scalability. Ran-
dom combination pairs each input with a randomly sampled reference, achieving
high volume scalability but suffering from low semantic compatibility between
input and reference, leading to high failure rates.

Our reference-completion pipeline inherits the triplets from curated TCIE
corpora, which makes it efficient and ensure high data success rate and reason-
ableness. The dataset scale can be enriched by incorporating more TCIE data.
Moreover, while both forward synthesis and random combination are constrained
by pre-defined keyword pools or image pools and can only benefit from basic



RCEdit-500K: Reference Completion for Image-Conditioned Image Editing 9

[ Forward Synthesis ]["‘ jom Combinati ][ Reference Completion (ours) ]

4. Sample from TCIE Pairs N

Q Adda
yellow hat ‘?
o'e o the doll e

Forward (standard) Forward (reverse)

1. Source Image £) {}| (1. Target Image
Generate (T2) Generate (T2I)
or Sample from Real g or Sample from Real "‘5

7 e%e 7 e%e

2. i 2. 3
Type Sampling & 3| | Detect & Extract {3}
Edit Instruction Generation Reference concept E

1. Task sampling )
Sample task &
Decide image pool

Input Image Instruction output Image/

* - B S 2. VLM Classification & Generation
. —— « Edit Type Classification O
™ gt Concepts sampled + Reference Prompt Generation
3. Reference Syn Type Sampling & o from image pool « Instruction Adaptation
Generate Reference Edit Instruction Generation + Weak Instruction Generation Y,
with T2| Models *

)

Remove e hal
on the head of the

Edit

4. Target Synthesis L) (4. Input Syntheslé“m D

Generate Target with Generate Input with
Model Toolkit Model Toolkit

2. Target Generation {1} 3. Reference Generation {:
Generate Target with Generate Reference Image with Four Pipelin
Model Toolkit Based on Edit Type ~

>

Success Rate: Time cost: Data Resonableness:

A. Forward Synthesis: P} * P} A. Forward Synthesis: 2T, +3T, A. Forward Synthesis: High

B. Random Combination: P, * Py B. Random Combination: T, +T; B. Random Combination: Low

C. Reference Completion: £,* P31 . Reference Completion: T, +116T; C. Reference Completion: High
Efficiency. C=8 > A Rank:B=A> C

Fig. 3: Comparison of three ICIE data construction paradigms. Forward synthesis
generates all quadruplet components from a single starting image; random combination
samples references from an image pool; our reference completion inherits curated TCIE
triplets and synthesizes only the missing reference image.

Table 2: Comparison of image-conditioned image-editing datasets. RCEdit-500K is
larger in scale and provides a unified taxonomy covering all edit types.

Type
Add Remove Replace Background Style Alter

Data Size Resolution Concrete Abstract

ImgEdit 60K 1024 v x v x v x x x
AnyEdit 40K 512 v v v x v x x v
RCEdit-500K (Ours) 477K 1024 v v v v v v v v

model improvements, our pipeline can further enhance data quality by adopting
stronger model toolkits and leveraging better TCIE datasets as they become
available.

As shown in Tab. 2 although some TCIE datasets include a “visual
editing” subset that overlaps with ICIE, their coverage is limited to concrete-
object edits (with only a small material-transfer subset in AnyEdit ) and
remains at a small scale. In contrast, RCEdit-500K provides 477K samples at
1024 resolution, covering all six edit categories with both concrete and abstract
reference types.

3.3 Data Statistics

Fig. [ and Fig. [f] summarize the statistics of RCEdit-500K. We use LATON-
Aesthetics-Predictor-V1 to estimate aesthetic scores, and employ patch-wise
SSIM to quantify edit-region size: for each image pair, we compute per-patch
SSIM between input and target and apply k-means clustering to separate
high- and low-similarity patches, with the low-similarity cluster indicating the
edited region.
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24%. Right: Patch-wise SSIM distribution and word cloud; the SSIM patch ratio
measures the fraction of patches with high similarity between input and target images.

As shown in Fig. [4] the resolution distributions are well-balanced and consis-
tent with those of recent TCIE datasets [2,40]. The majority of images achieve
aesthetic scores above 4, with a mean of approximately 6, indicating high visual
quality. Fig. [5[ (right) shows that the edit-region ratio is neither too small nor too
large for most samples, providing a healthy distribution for model training. The
word cloud further illustrates the lexical diversity of instructions in RCEdit-500K.

Among the six edit categories, add and replace together account for the
largest share, reflecting the dominance of subject-centric edits in the source TCIE
corpora. Style and alter edits, while smaller in absolute count, still comprise a sub-
stantial portion, ensuring adequate coverage of abstract-attribute conditioning—a
capability largely absent from prior ICIE datasets (Tab. . As shown in Fig.
(left), 35 fine-grained sub-types are identified by GPT-4o classification, with
no single coarse type exceeding 24% of the total, confirming balanced coverage
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across edit semantics. The post-filtering step discards approximately 12.5% of
candidates, with the highest rejection rates observed for style and alter types,
where synthesized references are most prone to semantic mismatch. This confirms
that our multi-dimensional filtering is especially valuable for the more challenging
abstract-attribute edits.

4 Experiments

We validate the effectiveness of RCEdit-500K by fine-tuning multiple models and
evaluating their ICIE performance. Sec. [f.1] describes the training configurations,
Sec. [£.2] introduces the evaluation benchmark, Sec. [4.3] presents quantitative and
qualitative results, and Sec. [£.4] ablates the contributions of post-filtering and
weak-instruction.

4.1 Experimental Settings

We fine-tune two diffusion models with LoRA [9]: Flux-Kontext [13] and Qwen-
Image-Edit-2509 [33]. These two models are chosen to examine whether our
dataset benefits models at different capability levels—Flux-Kontext has weak
baseline ICIE performance, whereas Qwen-Image-Edit-2509 already exhibits
reasonable editing ability. Both LoRA rank and alpha are set to 256. For the
autoregressive family, we select Janus-Pro [3] and perform full fine-tuning. During
inference on ICIE tasks, we concatenate image tokens from both the generation
encoder and the understanding encoder to preserve editing fidelity. Further
implementation details are provided in the supplementary material.

4.2 Evaluation Setups

Evaluation protocols for ICIE remain under-explored [14]. Traditional pairwise
similarity metrics (e.g. CLIP [22] similarity, SSIM [30]) are inadequate because
they do not account for multi-image conditioning. VLM-based evaluation is
therefore more appropriate [40]. We adopt MultiBanana [20] as our benchmark,
which uses a VLM to assess multi-reference text-to-image generation along five
axes: Instruction Alignment (IA), Reference Consistency (RC), Background-
Subject Match (BSM), Physical Realism (PR), and Visual Quality (VQ). We
evaluate on its two-reference subset, which directly corresponds to the ICIE
setting. The “makeup” category is excluded from our evaluation for privacy
considerations. All VLM evaluations are conducted with GPT-4o.

4.3 Results

Quantitative Results. Tab.[3|reports the MultiBanana two-reference evaluation
results. The closed-source GPT-Image-1.5 attains the highest overall score by
a clear margin, underscoring the persistent gap between proprietary and open-
source ICIE systems.
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Table 3: Quantitative comparison on the MultiBanana two-reference subset. Please
refer to Sec. Fizl for metric full-names. All scores are rated by GPT-40 on a 1-10 scale.

Model IAT RCt BSM?T PRt vQt Avg?t
Closed-source models

Nano Banana |6 4.59 4.00 5.13 5.72 5.44 4.67
GPT-Image-1.5 5.87 4.94 5.40 5.89 5.85 5.51
Open-source models

Flux-Kontext [13] 2.94 2.80 2.39 2.94 2.81 2.82
Omnigen2 [34] 3.62 3.28 4.50 5.17 5.05 3.93
Qwen-Image-Edit-2509 [33] 3.60 4.06 4.83 5.61 5.39 4.31
Dreamomni?2 |37] 4.45 3.61 5.07 5.83 5.80 4.54
Qwen-Image-Edit-2511 |33] 4.15 4.18 4.95 5.68 5.59 4.58
Flux-Klein-4B [12] 4.69 4.01 5.05 5.62 5.57 4.71
Flux-Klein-9B [12] 4.78 4.09 5.01 5.61 5.50 4.75
Janus-Pro 1.02 1.01 1.02 1.04 1.11 1.03
+ RCEdit-500K (Ours) 4.65 3.81 4.52 5.04 4.91 4.43
Flux-Kontext 2.94 2.80 2.39 2.94 2.81 2.82
+ RCEdit-500K (Ours) 3.52 3.42 4.76 5.50 5.27 4.04
Qwen-Image-Edit-2509 3.60 4.06 4.83 5.61 5.39 4.31
+ RCEdit-500K (Ours) 4.08 4.03 5.11 5.86 5.72 4.56

Fine-tuning on RCEdit-500K yields consistent gains across both diffusion
models. For Flux-Kontext, LoRA adaptation raises the average by +1.22, demon-
strating that RCEdit-500K can transform a model with weak ICIE capability into
a competitive one through parameter-efficient finetuning. For Qwen-Image-Edit-
2509, which already possesses reasonable editing ability, LoRA fine-tuning brings
moderate but consistent improvement across all axes. The gain on Instruction
Alignment further confirms that RCEdit-500K strengthens the model’s capacity
to follow reference-conditioned instructions. Notably, this lightweight adaptation
achieves performance comparable to the newer Qwen-Image-Edit-2511, which
was full-fine-tuned on large-scale data.

For the autoregressive model, Janus-Pro-ICIE; fully fine-tuned on our dataset,
surpasses both Qwen-Image-Edit-2509 and Omnigen2. Its Instruction Alignment
ranks third overall, revealing strong instruction-following potential in autoregres-
sive architectures. This demonstrates that autoregressive models, despite not
being originally designed for image editing, can acquire competitive reference-
guided editing capabilities when trained on high-quality ICIE data—reinforcing
that data availability is the primary bottleneck for ICIE.

Qualitative Results. Fig. [(] provides qualitative comparisons between each
base model and its RCEdit-500K fine-tuned counterpart, spanning both concrete-
object edits (add, replace) and abstract-attribute edits (style, alter). For Qwen-
Image-Edit-2509, the original model tends to copy-paste the reference image,
largely ignoring the instruction; after fine-tuning, instruction alignment improves
substantially, consistent with the IA gain in Tab. [3] Flux-Kontext originally



RCEdit-500K: Reference Completion for Image-Conditioned Image Editing 13

Reference Qwen (Ours) e Kontext (Ours) Kontext

Fig. 6: Qualitative comparison of different models. Models labeled “Ours” are trained
with RCEdit-500K, demonstrating consistent performance improvements across various
tasks. “Qwen” refers to Qwen-Image-Edit-2509, and “Kontext” refers to Flux-Kontext.

suffers from visual blending between input and reference, producing incoherent
outputs; this artifact is strongly reduced after fine-tuning. Janus-Pro trained
on RCEdit-500K produces successful edits despite occasional artifacts from its
limited base capability.

4.4 Ablation Study

We ablate two key designs in our data curation pipeline—post-filtering and
weak-instruction augmentation (Tab. E[)—and compare against existing ICIE
datasets at both matched and full scale to validate data quality and scalability
(Tab. . All experiments use Flux-Kontext LoRA as the base configuration.

Data Post-Filtering. Removing the five-dimensional VLM-based post-filtering
(Sec. causes the largest overall degradation. The most pronounced declines
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Table 4: Ablation study on post-filtering and weak-instruction augmentation evaluated
on MultiBanana two-reference subset. All variants use Flux-Kontext with LoRA fine-
tuning on RCEdit-500K.

Variant IAT RC?T BSMt PRt VQt  Avgt
w/o post-filtering 3.60 3.30 3.62 4.20 4.04 3.62
w/o weak instruction 3.67 3.35 3.84 4.50 4.27 3.74
full 3.52 3.42 4.76 5.50 5.27 4.04
Input Instruction Full w/o post-filter = w/o weak ins

Add the cat from Image 2 on
the floor in front of the
couch in Image 1.

Add butterflies from Image 2
on the lapel in Image 1

Fig. 7: Qualitative comparison of ablation study.

appear in BSM, PR, and VQ, indicating that unfiltered quadruplets introduce
noise that severely impairs the model’s ability to produce physically plausible and
visually coherent outputs. In contrast, IA and RC are less affected, suggesting
that these axes are more robust to data noise. As illustrated in Fig. [7] training
without post-filtering leads to noticeably more artifacts in the generated images,
validating that our multi-dimensional filtering strategy is critical for maintaining
high data quality.

Weak Instruction. Removing weak-instruction augmentation also degrades
overall performance, with the drops again concentrated on BSM, PR, and VQ.
Without weak instructions, the model can partially resolve the edit from text alone,
reducing its reliance on the reference image as a visual conditioning signal. This
explains the slight TA increase alongside the RC decrease: the model follows the
textual instruction but attends less to the reference’s visual content. Qualitatively,
Fig. [7|shows that although the model correctly performs the requested edit (e.g.
adding a cat or butterfly), the generated subject differs noticeably from the
one depicted in the reference image, confirming that the model falls back on its
pre-existing TCIE capability. This validates our design motivation in Sec. 3.2}
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Table 5: Ablation on training data. All models use Flux-Kontext LoRA. Baseline is
without LoRA.

Training Data 1At RCT BSM?T PR?T vQr Avgt
Baseline 2.94 2.80 2.39 2.94 2.81 2.82
ImgEdit 3.05 2.83 2.58 3.10 2.92 2.92
AnyEdit (w/o structure) 3.02 2.65 2.10 2.57 2.44 2.68
AnyEdit 2.17 1.87 4.55 5.15 4.93 2.97
RCEdit-60K (Ours) 3.62 3.28 3.78 4.45 4.16 3.68
RCEdit-500K (Ours) 3.52 3.42 4.76 5.50 5.27 4.04

deliberately abstracting reference-specific details in the instruction forces the
model to ground its edits in the reference image, yielding stronger visual fidelity.
Comparison with Existing ICIE Datasets. We compare training on existing
ICIE subsets—ImgEdit [40] and AnyEdit [41]—against RCEdit variants, including
RCEdit-60K for scale-controlled comparison.

As shown in Tab. [f] existing ICIE subsets yield only marginal gains over the
baseline. Notably, AnyEdit severely degrades IA and RC despite boosting BSM,
PR, and VQ, suggesting the model defaults to unconditional generation rather
than genuine reference-guided editing. The contrast with RCEdit is striking: at
matched scale, RCEdit-60K outperforms both by a large margin while improving
all five metrics, demonstrating that only high-quality ICIE data yields meaningful
gains. Scaling to RCEdit-500K yields further improvement, confirming that our
reference-completion pipeline scales favorably with the size of the underlying
TCIE corpus. Per-type results are in the supplementary.

5 Conclusion

We introduce RCEdit-500K, the first large-scale unified open-source dataset for
image-conditioned image editing (ICIE). By reframing ICIE data construction
as a reference-completion problem, our pipeline converts existing TCIE triplets
into ICIE quadruplets by synthesizing only the missing reference image and
adapting instructions accordingly. Combined with five-dimensional VLM-based
post-filtering and weak-instruction augmentation, this yields 477K high-quality
quadruplets spanning six edit categories. Experiments across diffusion-based
and autoregressive models demonstrate consistent improvements, with even an
autoregressive model acquiring competitive ICIE capabilities—reinforcing that
data availability is the primary bottleneck for ICIE. The dataset is publicly
available at https://huggingface.co/datasets/carpedkm/RCEdit-500K.
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Fig. 8: Timeline of text-conditioned image editing (TCIE) datasets, showing the evolu-
tion of data scale, number of edit types, and key dataset characteristics. TCIE corpora
have steadily grown in scale, type coverage, precision, resolution, and quality.

Fig. [§] illustrates the development timeline of TCIE datasets. Early works
such as Instruct-Pix2Pix [1] and HQ-Edit relied on synthetic paired image
generation with limited editing types and moderate scale, while concurrent
efforts focused on small-scale human annotation to improve quality.

Subsequent datasets introduced automated pipelines and editing toolkits
(e.g. Seed-Data-Edit and UltraEdit ), significantly expanding the data
scale. More recent efforts further improve diversity and quality by incorporating
richer editing taxonomies, region-based editing, and broader task coverage (e.g.
AnyEdit and ImgEdit [40]), extending the toolkit-based paradigm with type-
specific pipelines for each edit category. In parallel, works such as ShareGPT-
4o-Image demonstrate that data constructed with advanced closed-source
models achieves high precision, yielding competitive training results even at
smaller scale. Large language models and multimodal models are increasingly used
to synthesize and refine editing data, enabling high-quality large-scale datasets
such as GPT-Image-Edit and Pico-Banana . UnicEdit further pushes
the frontier to the ten-million scale.

Overall, TCIE datasets exhibit a clear trend toward larger scale, richer editing
types, higher visual quality, and more automated generation pipelines. This
growing ecosystem of curated TCIE corpora provides a strong foundation for our
reference-completion approach to ICIE dataset construction.



20 J. Zhang et al.

B Details of Data Pipeline

B.1 Details of Reference Completion

As described in Sec. 3.2} the reference-completion pipeline operates in two stages:
(1) a single GPT-40 call that performs edit-type classification, reference-prompt
generation, and instruction adaptation, and (2) type-specific reference-image
synthesis using the generated prompts. We describe each stage in detail below,
with the overall flow illustrated in Fig. [

Stage 1: VLM Analysis (Single GPT-40 Call). The prompt for this
stage is shown in Appendix Given a source TCIE triplet (input image,
target image, text instruction), we make a single call to GPT-4o0 that jointly
performs all of the following:

1. Edit-type classification. The VLM classifies the edit into one of {add,
replace, remove, background, style, alter, others} based on the input-target
pair and the text instruction. Entries classified as “others” are discarded.

2. Assertion check. The VLM verifies that the edit is suitable for single-
reference ICIE. Edits involving multiple objects to be added, replaced, or
removed simultaneously are flagged as invalid (assertion = false) and dis-
carded, since they would require multiple reference images.

3. Reference-prompt generation. Depending on the classified type, the
VLM generates the prompts needed for reference-image synthesis:

— Add / Replace: a segmentation keyword to extract the target sub-
ject, a personalization prompt to re-synthesize the subject in a novel
context, and an edit prompt to change the subject’s background.

— Remove: a segmentation keyword identifying the object to be re-
moved from the input image.

— Background: an edit prompt to remove all foreground objects from
the target image, yielding a clean background.

— Style / Alter: a generation prompt to create an intermediate image
with different identity and appearance from the target, and an edit
prompt to transfer the target’s style or attribute onto this intermediate.

4. Instruction adaptation. The VLM rewrites the original text instruction
to explicitly reference the supplementary image (e.g. “Add a zebra beside
the man” — “Add the zebra from image 2 beside the man in image 17).

5. Weak instruction generation. The VLM also produces a weakened version
of the adapted instruction by replacing specific reference descriptions with
generic terms (e.g. “zebra” — “animal”, “oil painting style” — “style”), as
described in Sec.

Stage 2: Type-Specific Reference Synthesis. Using the prompts generated
in Stage 1, we synthesize reference images through four dedicated pipelines. All
images are processed to around 1024 x 1024 pixels while retaining original aspect
ratio.
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1. Add / Replace. Grounded-SAM-2 [16,[23}24] extracts the target subject
from the target image using the segmentation keyword. The segmented
subject (placed on a gray background) is then processed by Flux-Klein-9B [12]
in one of two modes: (a) personalization mode, which re-synthesizes the subject
in a novel scene or pose while preserving identity, or (b) background-edit
mode, which replaces the gray background with a contextually different scene.
Both modes use the prompts generated by GPT-4o.

2. Remove. Grounded-SAM-2 localizes the object to be removed in the input
image. The reference cue is produced by either overlaying a tight bounding box
on the input image or cropping the localized region, providing an unambiguous
spatial indicator.

3. Background. Flux-Klein-9B operates in TCIE mode on the target image,
using the edit prompt to inpaint all foreground objects while preserving the
background. The result serves as a clean background reference.

4. Style / Alter. This type requires an additional closed-source model call
and proceeds in two steps:

(a) Intermediate generation: Flux-Klein-9B generates an intermediate im-
age from the generation prompt. This image has a different identity,
appearance, and background from the target.

(b) Attribute transfer: GPT-Image-1.5 receives the intermediate image and
the target image, and transfers the target’s style or attribute onto the
intermediate using the edit prompt. The result becomes the reference
image.

GPT-Image-1.5 is used because open-source models do not yet achieve suffi-

cient quality for abstract attribute transfer. This step is the only part of the

pipeline that requires a closed-source model.

B.2 Details of Post Filtering

As described in Sec. we apply a five-dimensional VLM-based filtering strategy
to each candidate quadruplet. Each dimension is scored independently on a 0-100
scale by GPT-40. Below we describe the five evaluation axes in detail:

1. Reference Compatibility (A). Evaluates whether the original TCIE edit-
ing task naturally supports the introduction of a reference image. Tasks
that inherently require multiple references (e.g. camera control, position
change) or gain no benefit from visual conditioning receive low scores. This
dimension guards against forcing reference conditioning onto edits where it
is fundamentally unsuitable.

2. Reference Image Reasonableness (B). Assesses whether the synthesized
reference image provides relevant and transferable visual information for the
intended edit, without being misleading or irrelevant. The visual quality of
the reference is also considered. A high score indicates that the reference
conveys the correct concept (object identity, style, or attribute) needed to
guide the edit.
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3. Instruction Correctness (C). Checks whether the adapted instruction
accurately describes how the reference image should be used, without re-
quiring information that the reference does not contain. This ensures that
the instruction-reference pair forms a consistent and learnable conditioning
signal.

4. Original Pair Correctness (D). Verifies whether the original target image
correctly satisfies the original TCIE instruction, independent of the reference
image. Since our pipeline inherits input—target pairs from source TCIE
corpora, this dimension filters out cases where the source data itself is flawed.

5. Reference—Target Similarity Check (E). Compares the reference and
target images by identity and content (not by style, color, or texture). For
style edits, if the reference and target depict the same entity or scene,
the score must be low—this prevents the model from learning to copy the
reference rather than transferring its style. For non-style edits, a low score is
assigned only when the reference and target are near-duplicates. We observed
that the generated reference occasionally copy-pastes the target image with
only minor modification; this dimension is designed to filter out such cases.

Scoring axes for each type. We apply the full five-axis filter for style/alter
types, and exclude “Reference Compatibility” for the remaining four types (add,
replace, background, remove) since they are already well-defined. For the remove
type, we additionally exclude “Reference-Target Similarity Check” since high
similarity is expected when the reference is a marked or cropped region.

Scoring rubric and thresholds. Each dimension is scored on a 0-100 scale
with the following interpretation: 90-100 (excellent, reliable supervision), 70-89
(acceptable, usable for training), 40-69 (problematic, may confuse the model),
and 0-39 (invalid, fundamentally flawed). A candidate quadruplet is retained
only if every dimension scores > 70; a score below 70 on any single axis causes
the sample to be rejected.

C Dataset Details

C.1 Details of Data Taxonomy

Our six ICIE edit types are derived from the eleven TCIE categories defined by
ImgEdit [40]: add, remove, replace, background, style, alter, extraction, motion,
hybrid, visual, and multi-turn. We retain the first six and exclude the remaining
five for the following reasons:

— Extraction resembles image personalization (generating a standalone image
of an extracted subject) rather than editing, so it is not applicable to ICIE.

— Visual corresponds to the same task as ICIE and is therefore subsumed by
our definition rather than treated as a separate category.

— Motion edits—whether object motion or camera motion—typically require
temporal context to be specified precisely. While simple motion descriptions
(e.g. “shift the car slightly to the left”) can be expressed in text alone, more
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complex motion patterns (e.g. articulated motion, motion blur consistent
with a trajectory) are better represented as video-conditioned edits and are

therefore outside the scope of static ICIE.

— Hybrid and multi-turn involve multiple sequential edits, each requiring its
own reference image. Converting these into ICIE quadruplets would demand
multi-reference completion, which we leave as future work.

Among the six retained types, add, remove, replace, and background
have straightforward definitions. The distinction between style and alter merits
clarification, since style could be viewed as a special case of alter. In this paper,
we define style as global attribute editing that affects the entire image—such as
artistic style, photographic tone, or lighting distribution—whereas alter refers
to local attribute modification of a specific region or object, such as changing its

color or material.

C.2 More Examples from RCEdit-500K

We present additional samples from RCEdit-500K to illustrate the quality and
diversity of the dataset. Fig. [0 to Fig. [[4] show examples from different editing

categories.

Add the slightly wilted leaf from image 2
behind the berry in image 1.

[ske) [ REF )
-
(3 —

Add the white daisy from image 2 behind the
subject's right ear in image 1.

TGT

Add the woven wicker stool from image 2 in
front of the kitchen island in image 1.

Add the vibrant green artificial aquarium
plant from image 2 into the lower right
foreground of image 1, partially behind the

[rer ]
é:" ﬂ!‘ -

Incorporate the wicker chair from image 2

TGT

Add the blue and white checkered cloth from
image 2 to the comer of the table in image
1

Add the card with "Happy Birthday" from image
2 next to the cake in image 1.

Add the light blue van from image 2 to the
street in front of the building in image 1,
positioned to the left of the person walking.

TGT

[ REF

!@
L

Add the white orchid plant from image 2 onto

the coffee table in front of the sofa in
image 1.

Add the orange vintage pickup truck from
image 2 driving on the road in image 1.

|
—r

Add the golden frog from image 2 to the glass
in the foreground of image 1.

Add the squirrel from image 2 onto the sunlit
gray rock in image 1.

Fig. 9: More

examples from RCEdit-500K: add type.
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TGT

e

-
e |
Replace the dog in image 1 with the cat from

Replace the teddy bear in image 1 with the Replace the sequined, sweetheart neckline,

unicorn plush toy from image 2 red ball gown in image 1 with the long-

sleeved, black polka dot dress with a tied
dine-fromi

TGT

Replace the robot face in image 1 with the Replace the headband in image 1 with the Replace the supermoto motorcycle in image 1
2 c 2.

stick figure person from image 2. rown from image with the high-performance, brightly colored
sports car from image 2.

ToT
Replace the vintage Doctor G's Sarsaparilla Replace the yellow hovercraft in image 1 with Replace the Azure-winged Magpie in image 1
wagon in image 1 with the classic ice cream the green and black vintage convertible car with the European Robin from image 2.

cart from image 2 from image 2.

[ src | TGT TGT
= -
Replace the superhero costume in image 1 with Replace the black steam engine in image 1 Replace the gold and black soccer cleats in
the dark gray suit jacket and white collared with the white and blue UTA TRAX train from image 1 with the dark green Converse sneakers
shirt with a tie from image 2. image 2. from image 2.

Fig. 10: More examples from RCEdit-500K: replace type.

Tor [Ske [Rer]
Remove the large black television screen and Remove the sign depicted in image 2 from Eliminate the black bear depicted in image 2
its stand shown in image 2 from image 1. image i
ke [ Rer | Tor
v -
L s AR TAKS
m 5 5 ¥
Remove the crystal chandelier depicted in Eliminate the light green propane tank Eliminate the man standing on the far left,
image 2 from image 1. visible in image 2 from image 1 wearing a striped shirt and holding a cup, as

shown in image 2 from image 1

Remove the small, light blue/grey bow! of red Eliminate the brown brick building visible in Remove the man in the black t-shirt holding a
grapes depicted in image 2 from image 1. image 2 from image 1. beer bottle shown in image 2 from image 1.

Remove the red telephone booth depicted in
i

Remove the bumblebee shown in image 2 from
image 1. image 2 from image 1

Remove the man holding the camera shown in
image 2 from image 1.

Fig.11: More examples from RCEdit-500K: remove type.
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Replace the background of image 1 with the
parliamentary chamber setting seen in image
2.

= TGT
'“:I -p’ériii

Replace the background of image 1 with the
vibrant landscape featuring mountains and
greenery from image 2.

TGT

Replace the background of image 1 with the
serene, misty dawn lake scene from image 2.

A

Alter the background of image 1 to reflect
the vibrant field of colorful flowers seen in
image 2

Modify the background of image 1 to reflect
the evening cityscape with bokeh lights seen
in image 2.

Transform the background of image 1 to
reflect the mountain landscape in image 2.

Replace the background of image 1 with the
gray and blue textured scene from image 2.

GED

Replace the background of image 1 with the
garden setting in image 2.

Ezwmﬁ

Replace the background of image 1 with the
Gothic cathedral and sky from image 2.

|
N

Change the background of image 1 to the beach
setting in image 2

Replace the background of image 1 with the
sunny beach setting seen in image 2.

Replace the background of image 1 with the
wood-paneled library setting from image 2.

Fig. 12: More examples from RCEdit-500K: background type.

Apply the watercolor painting effect from
age 2 to image 1.

Infise e Smowy Winter wonderland ambiance
rom image 2 into image

Apply the vibrant cartoon style from image 2
o image 1

Apply the warm sunrise lighting style from
image 2 to image

Apply the comic book illustration style from
image 2 to image

Transform image 1 by applying the vibrant
comic book style from image 2

[ SRe ] =
Apply the textured brush style and

impressionistic color palette from image 2 to
image 1.

Transform image 1 by applying the Western
comic cel-shaded style from image 2.

Apply the Van Gogh-inspired artistic style
from image 2 to image 1

E3 [ ReF ]

Apply the cartoon style from image 2 to image
1.

Apply the cherny b\ossom style from image 2

Fig. 13: More examples from RCEdit-500K: style type.
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[rc] _cm
B e 13 E
g U
, v
-

Apply the shocked expression from image 2 to Apply the vibrant teal color of the umbrella Apply the cooler, bluish-white color tone
the person in image 1. from image 2 to the umbrella in image 1. from image 2 to the sculpture in image 1.

g

Apply the red color of the star chart from Apply the happy expression from image 2 to Apply the pink color of the shoes from image
image 2 to the star chart in image 1. the person in image 1. 2 to the shoes of the creature in image 1.

~

[rer ] Tor

Incorporate the black and white geometric Apply the green color from image 2 to the Apply the reflective silver chrome material
pattern from image 2 onto the box in image 1. ladybug in image 1. from image 2 to the bull statue in image 1.

] ﬁ = n'
Apply the red curly hairstyle from image 2 to Apply the long, straight blond hair from
the hammer in image 1. the person in image 1. image 2 to the person in image 1.

Fig. 14: More examples from RCEdit-500K: alter type.

D Implementation Details

D.1 Experiment Details

Common settings. All models are trained at 512x512 resolution scale. During
training, we apply two data augmentation strategies with equal probability:
(i) using the weak instruction instead of the full adapted instruction (50%), and
(ii) swapping the positions of the input and reference images while correspondingly
adjusting the image order references in the instruction (50%). All models use the
AdamW optimizer.

Qwen-Image-Edit-2509 . LoRA modules are applied to all linear layers
in the attention modules of the transformer blocks, as well as the image and
text projection layers. Both the LoRA rank and alpha are set to 256. Training
is conducted on 16xA100 (80 GB) GPUs for 60 hours with a learning rate of
1x107° and a global batch size of 512.

Flux-Kontext . LoRA modules are applied to all linear layers in the
attention modules of the transformer blocks. Both the LoRA rank and alpha are
set to 256. Training is conducted on 4xA100 (80 GB) GPUs for 35 hours with a
learning rate of 5x1075 and a global batch size of 16.

Janus-Pro . We perform full fine-tuning with only the text and image
encoders frozen. Training proceeds in two stages:

1. TCIFE pre-adaptation. The model is first trained on a combination of TCIE
datasets (ImgEdit [40], OmniEdit [31], and ShareGPT-4o-Image [2]) for 144
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hours on 16xA100 (80 GB) GPUs, with a learning rate of 5x107° and a
global batch size of 1024. This stage adapts the model from its original fixed
384x384 resolution to 512x512 with free aspect ratio. We concatenate image
tokens from both the generation encoder and the understanding encoder to
ensure editing performance.

. ICIFE fine-tuning. The pre-adapted model is then fine-tuned on RCEdit-500K
for 147 hours on 16xA100 (80 GB) GPUs, with the same learning rate and
batch size.

.2 Evaluation Details

We use the two-reference subset from MultiBanana [20] to evaluate ICIE perfor-
mance. We select GPT-40 as the evaluator. As described in Sec. GPT-40
scores each generated image on a 1-10 scale along five independent axes. The
“makeup” category is excluded for privacy considerations. Below we describe each
evaluation axis in detail.

1.

Instruction Alignment (IA). Evaluates whether the generated image

accurately follows the given text instruction. The evaluator checks that the

specified objects appear in the correct positions, that the instructed subjects
are depicted properly, and that no unintended elements are introduced. If
the instruction requires including a reference subject but the output fails to

do so, the score is capped at 1.

. Reference Consistency (RC). Assesses how faithfully the generated image
reproduces the structure and attributes of the provided reference images.
Fine details—such as hair ornaments, clothing patterns, and other small
features—must match the references; failure to preserve any such detail caps
the score at 4.

. Background—Subject Match (BSM). Evaluates whether the subject
blends naturally with the background. The evaluator penalizes cases where
the subject appears to be floating, unnaturally pasted, or visually inconsistent
with its surroundings. Images that resemble naive composites receive a score
of 1.

. Physical Realism (PR). Assesses whether the generated image maintains

physical plausibility. Violations of basic physical laws—such as a person

floating in mid-air or missing body parts without obstruction—are penalized.

Any impression of artificial compositing caps the score at 4.

. Visual Quality (VQ). Evaluates the overall perceptual quality and aesthetic

coherence of the image. Unnatural composition or a lack of visual appeal
caps the score at 4.

Scoring weights. Following MultiBanana, the five axes are weighted 3:3:1:1:1

(IA:RC:BSM:PR:VQ) when computing the average score reported in Tab.
This weighting reflects the higher importance of instruction following and reference
fidelity for ICIE evaluation. Each axis is scored independently on a 1-10 scale.
The evaluation prompt can be found in the MultiBanana paper [20].
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E Additional Experiment Results

E.1 Additional Quantitative Results

We report per-type results in Tab. [} Tab. Training on RCEdit-500K yields
consistent improvements across the majority of edit categories for all three
models. The gains are especially pronounced on tasks involving global or abstract
visual attributes—background, color, material, and style—where baseline models
originally lack the ability to follow reference-conditioned guidance. For instance,
on the style category, Flux-Kontext LoRA improves from 2.99 to 4.18 (41.19)
and Qwen-Image-Edit-2509 LoRA from 3.81 to 4.69 (40.88). Importantly, even
on fundamental editing categories such as add and replace, where models already
perform reasonably, RCEdit-500K still brings consistent gains, confirming the
quality of our data across diverse edit types.

For a small number of categories—notably pose, text, and tone—Qwen-
Image-Edit-2509 LoRA shows moderate performance drops compared to its base
model. We attribute this to the limited coverage of these particular edit types in
the current source TCIE corpora (GPT-Image-Edit-1.5M [29] and PicoBanana-
400K [21]), which results in fewer training examples for these categories. Notably,
Flux-Kontext LoRA and Janus-Pro-ICIE still achieve substantial improvements
on these same categories (e.g. Flux-Kontext on tone: +1.05, on pose: +1.84),
suggesting that the issue is data coverage rather than a fundamental limitation
of the pipeline. Since our reference-completion pipeline is agnostic to the source
TCIE corpus, incorporating additional TCIE datasets with broader type coverage
is a straightforward path to address this, which we leave as future work.

E.2 Additional Qualitative Results

Fig. presents qualitative comparisons across all evaluated models. Among
existing open-source baselines, only Flux-Klein and Qwen-Image-Edit-2511 ap-
proach closed-source performance on concrete editing tasks such as add, replace,
and hair, while a substantial gap persists on tasks requiring abstract visual
reasoning—material, pose, and style. Training on RCEdit-500K substantially
narrows this gap. As shown in the figure, models fine-tuned with our dataset
exhibit markedly improved instruction alignment: they correctly interpret and
execute reference-conditioned edits that their base counterparts fail to address.
While the overall visual quality of the fine-tuned outputs still reflects the inherent
capacity of their base architectures, the consistent improvement in instruction
following across diverse edit types demonstrates that large-scale, high-quality
ICIE training data is an effective lever for closing the open-source—closed-source
divide in reference-guided editing.

F Ablation on Existing ICIE Datasets

As noted in Sec. the “visual editing” subsets in ImgEdit [40] and AnyEdit [41]
partially overlap with ICIE but are limited in scale and type coverage (Tab. .
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Table 6: Quantitative comparison on the MultiBanana two-reference subset (Add
category). Please refer to Sec. for metric full names. All scores are rated by GPT-4o
on a 1-10 scale.

Model IAT RCT  BSMt PRt  VQt  Avgt
Flux-Kontext 2.92 3.00 2.20 2.55 2.49 2.78
Omnigen2 4.43 3.84 3.59 4.12 4.26 4.09
Qwen-Image-Edit-2509 4.78 4.82 4.16 4.90 4.67 4.72
Dreamomni2 4.37 4.43 4.12 5.12 4.94 4.51
Qwen-Image-Edit-2511 5.14 4.94 3.96 4.51 4.51 4.80
Flux-Klein-4B [12] 5.35 4.69 4.00 4.71 4.61 4.83
Flux-Klein-9B [12] 5.26 4.63 4.00 4.63 4.49 4.76
Nano Banana @ 5.08 4.78 3.94 4.69 4.43 4.74
GPT-Image-1.5 5.85 5.31 4.19 4.44 4.54 5.18
Janus-Pro 1.00 1.00 1.00 1.00 1.08 1.01
+ RCEdit-500K (Ours) 4.49 4.33 3.92 4.31 4.41 4.34
Flux-Kontext 2.92 3.00 2.20 2.55 2.49 2.78
+ RCEdit-500K (Ours) 3.49 3.88 3.31 4.18 4.16 3.75
Qwen-Image-Edit-2509 4.78 4.82 4.16 4.90 4.67 4.72

+ RCEdit-500K (Ours) 5.22 4.78 4.12 4.84 4.71 4.85

Table 7: Quantitative comparison on the MultiBanana two-reference subset
(Background category). Please refer to Sec. for metric full names. All scores
are rated by GPT-40 on a 1-10 scale.

Model IAT RC+ BSM{t PRt VQt  Avgt
Flux-Kontext 3.35 3.54 2.04 2.83 2.65 3.13
Omnigen?2 3.13 3.89 2.72 3.72 3.94 3.49
Qwen-Image-Edit-2509 1.89 3.33 3.50 4.46 4.46 3.12
Dreamomni2 2.56 2.37 2.48 4.39 4.72 2.93
Qwen-Image-Edit-2511 4.70 5.37 3.50 4.52 4.39 4.73
Flux-Klein-4B [12] 5.80 6.43 3.59 4.11 4.15 5.40
Flux-Klein-9B [12] 5.72 5.89 3.50 4.24 3.87 5.16
Nano Banana [6] 5.73 6.16 3.33 3.93 3.73 5.18
GPT-Image-1.5 6.00 6.20 3.72 4.37 4.17 5.43
Janus-Pro 1.00 1.00 1.06 1.15 1.15 1.04
+ RCEdit-500K (Ours) 4.72 4.59 2.98 3.67 3.59 4.24
Flux-Kontext 3.35 3.54 2.04 2.83 2.65 3.13
+ RCEdit-500K (Ours) 3.50 4.28 3.06 4.11 3.94 3.83
Qwen-Image-Edit-2509 1.89 3.33 3.50 4.46 4.46 3.12

+ RCEdit-500K (Ours) 2.44 3.89 3.63 4.89 5.15 3.63




30 J. Zhang et al.

Table 8: Quantitative comparison on the MultiBanana two-reference subset (Color
category). Please refer to Sec. for metric full names. All scores are rated by GPT-4o
on a 1-10 scale.

Model IAT RCt BSM{t PRt VQt  Avgt
Flux-Kontext 2.32 2.41 2.39 2.89 2.73 2.46
Omnigen?2 3.61 3.27 5.73 6.32 5.89 4.29
Qwen-Image-Edit-2509 4.00 3.52 5.77 6.00 5.93 4.47
Dreamomni2 5.48 4.18 6.84 7.16 7.04 5.56
Qwen-Image-Edit-2511 3.75 3.50 6.00 6.66 6.29 4.52
Flux-Klein-4B [12] 4.32 3.64 6.66 6.96 6.71 4.91
Flux-Klein-9B [12] 5.21 4.07 6.54 6.89 6.66 5.32
Nano Banana @ 4.23 3.43 6.98 7.14 6.89 4.89
GPT-Tmage-1.5 5.89 4.68 7.00 7.21 7.00 5.88
Janus-Pro 1.04 1.04 1.04 1.07 1.09 1.05
+ RCEdit-500K (Ours) 5.36 4.34 6.14 6.61 6.16 5.34
Flux-Kontext 2.32 2.41 2.39 2.89 2.73 2.46
+ RCEdit-500K (Ours) 2.68 2.79 5.52 6.23 5.68 3.76
Qwen-Image-Edit-2509 4.00 3.52 5.77 6.00 5.93 4.47

+ RCEdit-500K (Ours) 4.64 4.00 6.18 6.57 6.32 5.00

Table 9: Quantitative comparison on the MultiBanana two-reference subset (Hair
category). Please refer to Sec. for metric full names. All scores are rated by GPT-40
on a 1-10 scale.

Model IAT RC+ BSM{t PRt VQt  Avgt
Flux-Kontext 2.43 2.34 2.43 2.99 2.74 2.50
Omnigen?2 3.99 3.40 6.04 6.51 6.21 4.54
Qwen-Image-Edit-2509 4.84 4.22 6.47 6.77 6.61 5.22
Dreamomni2 5.05 4.11 6.51 6.72 6.76 5.28
Qwen-Image-Edit-2511 5.19 4.09 6.69 6.76 6.76 5.34
Flux-Klein-4B [12] 5.38 4.35 6.50 6.78 6.65 5.46
Flux-Klein-9B [12] 5.39 4.43 6.20 6.45 6.32 5.38
Nano Banana [6] 4.92 4.03 6.49 6.73 6.58 5.18
GPT-Image-1.5 5.90 4.82 6.67 6.90 6.75 5.83
Janus-Pro 1.00 1.00 1.00 1.00 1.05 1.01
+ RCEdit-500K (Ours) 4.85 4.09 6.03 6.18 6.09 5.01
Flux-Kontext 2.43 2.34 2.43 2.99 2.74 2.50
+ RCEdit-500K (Ours) 3.99 3.63 5.96 6.34 6.08 4.58
Qwen-Image-Edit-2509 4.84 4.22 6.47 6.77 6.61 5.22

+ RCEdit-500K (Ours) 5.27 4.13 6.76 7.09 6.84 5.43
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Table 10: Quantitative comparison on the MultiBanana two-reference subset
(Material category). Please refer to Sec. for metric full names. All scores are
rated by GPT-40 on a 1-10 scale.

Model IAT RCt BSM{t PRt VQt  Avgt
Flux-Kontext 2.43 2.49 2.29 2.66 2.60 2.48
Omnigen2 2.80 2.97 3.71 4.08 4.18 3.25
Qwen-Image-Edit-2509 3.26 3.62 3.95 4.48 4.42 3.72
Dreamomni2 517 4.32 5.11 568  5.85 5.01
Qwen-Image-Edit-2511 3.72 3.66 4.42 4.94 5.00 4.06
Flux-Klein-4B [12] 5.11 4.14 4.91 5.52 5.54 4.86
Flux-Klein-9B [12] 5.03 4.40 4.88 5.66 5.38 4.91
Nano Banana (6] 5.15 4.42 5.25 5.80 5.54 5.03
GPT-Image-1.5 5.82 5.12 4.94 5.66 5.72 5.46
Janus-Pro 1.00 1.00 1.00 1.00 1.03 1.00
+ RCEdit-500K (Ours) 5.05 4.01 4.49 4.94 4.86 4.61
Flux-Kontext 2.43 2.49 2.29 2.66 2.60 2.48
+ RCEdit-500K (Ours) 2.97 2.83 4.97 5.35 5.45 3.69
Qwen-Image-Edit-2509 3.26 3.62 3.95 4.48 4.42 3.72

+ RCEdit-500K (Ours) 3.85 3.80 4.92 5.35 5.34 4.28

Table 11: Quantitative comparison on the MultiBanana two-reference subset (Pose
category). Please refer to Sec. for metric full names. All scores are rated by GPT-40
on a 1-10 scale.

Model IAT RC+ BSM{t PRt VQt  Avgt
Flux-Kontext 2.41 2.30 2.94 3.50 3.22 2.65
Omnigen?2 3.98 3.11 5.55 6.34 5.79 4.33
Qwen-Image-Edit-2509 3.92 3.43 6.21 6.72 6.53 4.61
Dreamomni2 5.19 3.43 6.00 6.66 6.36 4.99
Qwen-Image-Edit-2511 5.00 3.72 6.04 6.53 6.45 5.02
Flux-Klein-4B [12] 4.81 3.64 5.94 6.55 6.23 4.90
Flux-Klein-9B [12] 5.34 3.83 5.96 6.36 6.19 5.11
Nano Banana [6] 4.75 3.38 6.43 6.94 6.38 4.90
GPT-Image-1.5 5.74 3.77 6.42 6.72 6.54 5.36
Janus-Pro 1.00 1.00 1.02 1.00 1.13 1.02
+ RCEdit-500K (Ours) 4.98 3.43 4.96 5.51 5.25 4.55
Flux-Kontext 2.41 2.30 2.94 3.50 3.22 2.65
+ RCEdit-500K (Ours) 4.15 3.08 5.94 6.51 6.21 4.49
Qwen-Image-Edit-2509 3.92 3.43 6.21 6.72 6.53 4.61

+ RCEdit-500K (Ours) 3.89 3.08 5.57 6.17 5.77 4.27
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Table 12: Quantitative comparison on the MultiBanana two-reference subset (Replace
category). Please refer to Sec. for metric full names. All scores are rated by GPT-4o
on a 1-10 scale.

Model IAT RCt BSM{t PRt VQt  Avgt
Flux-Kontext 3.39 3.12 2.54 3.15 3.06 3.14
Omnigen2 4.60 413 4.53 5.22 5.17 4.57
Qwen-Image-Edit-2509 3.42 4.85 4.30 5.29 5.28 4.41
Dreamomni2 4.95 391 4.57 528  5.33 4.64
Qwen-Image-Edit-2511 3.54 4.94 4.57 5.56 5.63 4.58
Flux-Klein-4B [12] 4.97 4.25 4.71 5.17 5.22 4.75
Flux-Klein-9B [12] 5.13 4.64 4.90 5.33 5.37 4.99
Nano Banana @ 4.85 3.91 4.48 4.92 4.87 4.51
GPT-Image-1.5 5.79 4.72 4.85 5.38 5.33 5.23
Janus-Pro 1.00 1.00 1.00 1.00 1.05 1.01
+ RCEdit-500K (Ours) 5.36 4.26 4.31 4.83 4.79 4.75
Flux-Kontext 3.39 3.12 2.54 3.15 3.06 3.14
+ RCEdit-500K (Ours) 3.48 3.74 4.37 5.11 4.99 4.01
Qwen-Image-Edit-2509 3.42 4.85 4.30 5.29 5.28 4.41

+ RCEdit-500K (Ours) 4.09 4.89 4.68 5.62 5.71 4.77

Table 13: Quantitative comparison on the MultiBanana two-reference subset (Style
category). Please refer to Sec. for metric full names. All scores are rated by GPT-40
on a 1-10 scale.

Model IAT RC+ BSM{t PRt VQt  Avgt
Flux-Kontext 3.48 2.79 2.38 2.92 2.79 2.99
Omnigen?2 2.88 2.12 3.60 4.23 4.31 3.02
Qwen-Image-Edit-2509 3.19 3.25 4.23 5.81 4.96 3.81
Dreamomni2 4.10 2.92 5.56 6.38 6.50 4.39
Qwen-Image-Edit-2511 4.75 3.46 4.60 5.58 5.56 4.49
Flux-Klein-4B [12] 4.19 2.81 5.40 6.33 6.50 4.36
Flux-Klein-9B [12] 3.50 2.42 5.08 6.17 6.40 3.94
Nano Banana [6] 3.44 3.04 4.75 6.25 5.31 3.97
GPT-Image-1.5 5.98 4.14 5.80 6.67 6.92 5.53
Janus-Pro 1.15 1.08 1.04 1.11 1.33 1.13
+ RCEdit-500K (Ours) 3.40 2.44 3.71 4.56 4.69 3.39
Flux-Kontext 3.48 2.79 2.38 2.92 2.79 2.99
+ RCEdit-500K (Ours) 4.21 3.12 4.60 5.71 5.35 4.18
Qwen-Image-Edit-2509 3.19 3.25 4.23 5.81 4.96 3.81

+ RCEdit-500K (Ours) 4.56 3.50 5.38 6.46 6.15 4.69
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Table 14: Quantitative comparison on the MultiBanana two-reference subset (Text
category). Please refer to Sec. for metric full names. All scores are rated by GPT-4o
on a 1-10 scale.

Model IAT RCt BSM{t PRt VQt  Avgt
Flux-Kontext 2.46 2.27 1.71 2.11 2.25 2.25
Omnigen2 1.89 2.04 4.75 5.46 5.11 3.01
Qwen-Image-Edit-2509 2.09 3.23 5.48 5.98 4.96 3.60
Dreamomni2 2.64 2.71 5.02 5.71 5.41 3.57
Qwen-Image-Edit-2511 2.54 2.73 4.98 5.52 4.96 3.48
Flux-Klein-4B [12] 2.61 2.68 4.36 4.75 4.48 3.27
Flux-Klein-9B [12] 2.77 2.68 4.32 4.91 4.68 3.36
Nano Banana @ 3.02 2.91 5.34 5.77 5.18 3.79
GPT-Image-1.5 5.86 5.93 5.59 5.93 5.93 5.87
Janus-Pro 1.00 1.00 1.04 1.16 1.23 1.05
+ RCEdit-500K (Ours) 2.27 2.21 3.59 3.96 3.34 2.70
Flux-Kontext 2.46 2.27 1.71 2.11 2.25 2.25
+ RCEdit-500K (Ours) 2.59 2.75 5.11 5.79 5.39 3.59
Qwen-Image-Edit-2509 2.09 3.23 5.48 5.98 4.96 3.60

+ RCEdit-500K (Ours) 2.41 2.57 5.23 5.68 5.21 3.45

Table 15: Quantitative comparison on the MultiBanana two-reference subset (Tone
category). Please refer to Sec. for metric full names. All scores are rated by GPT-40
on a 1-10 scale.

Model IAT RC+ BSM{t PRt VQt  Avgt
Flux-Kontext 3.60 3.35 2.67 3.44 3.09 3.34
Omnigen?2 2.54 2.02 4.33 5.42 5.28 3.19
Qwen-Image-Edit-2509 4.39 4.58 5.05 6.33 6.16 4.94
Dreamomni2 3.07 2.40 4.74 6.02 5.56 3.64
Qwen-Image-Edit-2511 3.88 3.84 4.91 6.30 5.86 4.47
Flux-Klein-4B [12] 2.93 2.63 4.37 5.65 5.79 3.61
Flux-Klein-9B [12] 3.02 2.33 4.30 5.63 5.49 3.50
Nano Banana [6] 3.63 4.09 5.12 6.35 6.23 4.54
GPT-Image-1.5 6.00 5.31 5.64 6.38 6.36 5.81
Janus-Pro 1.00 1.00 1.02 1.05 1.09 1.02
+ RCEdit-500K (Ours) 4.14 3.12 4.79 5.88 5.54 4.22
Flux-Kontext 3.60 3.35 2.67 3.44 3.09 3.34
+ RCEdit-500K (Ours) 4.07 3.46 5.07 6.21 5.67 4.39
Qwen-Image-Edit-2509 4.39 4.58 5.05 6.33 6.16 4.94

+ RCEdit-500K (Ours) 3.50 3.57 4.74 6.00 5.57 4.17
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Fig. 15: Qualitative comparison across models and edit types. Models labeled “Ours”
are fine-tuned with RCEdit-500K. “Qwen” denotes Qwen-Image-Edit-2509. Results
illustrate both the improvements from RCEdit-500K training and the remaining gap to
closed-source systems.

Here we directly compare training on these existing subsets against RCEdit
variants using the Flux-Kontext LoRA setup.

We train all models under identical hyperparameters and steps, varying only
the training data. In addition to ImgEdit and AnyEdit, we include: (i) the original
Flux-Kontext without LoRA (Baseline), (ii) a 60K subset of RCEdit (RCEdit-
60K) to enable a scale-controlled comparison, and (iii) AnyEdit trained without
the structured prompt template (AnyEdit w/o structure) to isolate the effect
of prompt formatting. Results are reported in Tab. (overall) and Tab.
(per-type).

Existing ICIE data provides marginal or negative gains. ImgEdit
improves the Baseline by only +0.10 (2.82—2.92). AnyEdit (2.97) nominally sur-
passes the Baseline by +0.15, but at the cost of severely degraded IA (2.94—2.17)
and RC (2.80—1.87), while image-level metrics inflate sharply—suggesting the
model learns to produce plausible-looking images that ignore the instruction and
reference. Without the structured prompt template, AnyEdit (w/o structure)
falls below the Baseline entirely (2.68), indicating that even its marginal gains
depend on prompt engineering rather than data quality.

RCEdit delivers substantial quality advantages. At the same scale
(~60K), RCEdit-60K reaches 3.68, outperforming both ImgEdit and AnyEdit by
a large margin while improving all five metrics over the Baseline simultaneously—
demonstrating balanced capability gains rather than metric trade-offs. The
per-type results (Tab. show that RCEdit-60K leads on nearly every category,
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including types that ImgEdit and AnyEdit do cover (e.g. add: 3.22 vs. 2.98/2.99;
replace: 3.86 vs. 3.00/3.28) and types they do not (e.g. style: 4.12 vs. 3.17/2.20;
background: 3.92 vs. 3.42/1.81).

Data scalability. Scaling from RCEdit-60K to RCEdit-500K yields a further
+0.36 improvement (3.68—4.04), with gains on 9 out of 10 categories. This
consistent scaling behavior confirms that the reference-completion paradigm can
directly benefit from larger TCIE sources without structural redesign, and that
performance continues to improve without diminishing returns at the current
scale.

Table 16: Ablation study on training data. Baseline is the original Flux-Kontext
without LoRA training. All scores are rated by GPT-40 on a 1-10 scale.

Training Data 1At RCt BSM?T PRt vQr Avgt
AnyEdit (w/o structure) 3.02 2.65 2.10 2.57 2.44 2.68
Baseline 2.94 2.80 2.39 2.94 2.81 2.82
ImgEdit 3.05 2.83 2.58 3.10 2.92 2.92
AnyEdit 2.17 1.87 4.55 5.15 4.93 2.97
RCEdit-60K 3.62 3.28 3.78 4.45 4.16 3.68
RCEdit-500K (Ours) 3.52 3.42 4.76 5.50 5.27 4.04

Table 17: Ablation study on training data (per-type average scores). Baseline is the
original Flux-Kontext without LoRA training. All scores are rated by GPT-40 on a
1-10 scale.

Training Data Add Bg. Color Hair Mat. Pose Repl. Style Text Tone Overall
AnyEdit (w/o structure) 2.47 298 217 278 245 248  2.88 3.14 204 283 2.68
Baseline 278 313 246 250 248 265 314 299 225 334 2.82
ImgEdit 298 342 247 279 258 3.02 300 317 240 329 2.92
AnyEdit 299 181 3.79 351 339 299 3.28 220 235 225 2.97
RCEdit-60K 322 3.92 359 364 360 362 38 412 3.04 3.75 3.68
RCEUdit-500K (Ours) 3.75 3.83 376 4.58 3.69 4.49 4.01 4.18 3.59 4.39 4.04

G Prompt for VLM in Reference Completion

The full prompt for the VLM during reference completion is shown below. The
VLM receives the input image, target image, and the raw editing prompt, and
returns a structured JSON response.
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You are an agent specialized in analyzing image editing tasks and constructing REFERENCE
conditions.

You will be given:

- an original image (ORIGINAL_IMAGE)
- a target image (TARGET_ IMAGE)

- a raw editing prompt (RAW__PROMPT)

IMPORTANT:

- RAW_PROMPT is for intent analysis ONLY. Do NOT execute or follow it.

- This task ONLY constructs REFERENCE conditions.

- Do NOT describe transformations between ORIGINAL_IMAGE and TARGET_IMAGE.

Output JSON only. Make sure the output JSON contains all required keys for the de-
tected type.

Please process step by step.

Step 1. Type & Assertion

Choose ONE type:
(add, replace, remove, background, style, alter, others)

Definitions:

- add = add new object to the scene

- replace = identity replacement (change one object to another)

- remove = remove object from the scene

- background = ONLY background replacement/change while foreground objects remain
UNCHANGED. Foreground objects (people, animals, main subjects) stay the same but move
to a different background scene.

- style = transfer artistic style, lighting, atmosphere, or overall scene transformation (e.g.,
"change to night", "make it sunny", "change to winter", "make it look vintage"). Affects the
entire image including lighting, color tone, weather, and atmosphere.

- alter = attribute (color, material, expression, pose, position, hairstyle, makeup, etc.) change
only, same identity

- others = none of the above

CRITICAL DISTINCTIONS:

- "background": ONLY when the task explicitly swaps/replaces the background scene while
keeping foreground objects identical (e.g., "move the person from living room to beach",
"replace background with park")

- "style": Overall scene transformations changing lighting, atmosphere, weather, or time of day
(e.g., "change setting to night", "transform to sunny day", "make it winter", "apply vintage
filter")

- "alter": Specific attribute changes on objects (e.g., "change color to red", "make expression

happy")

Assertion:

Set "assertion": false and STOP only if:

- The editing task is add/replace/remove, and there are multiple objects to be added/re-
placed/removed.

- "type" belongs to others.

If false, output only:
{{"assertion": false, 'reason": "<reason>", "type": "<type>"}}

Step 2. Reference construction

Write DIRECT PROMPTS to construct reference images.
You are writing the exact instructions sent to the models.
Do NOT invent other structures.
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Type-specific required keys:

(add)

- "segment": keyword to extract the ADDED object from TARGET IMAGE

- "personalization": place the segmented object in a different scene/view/pose (same identity)
- "edit": change the background of the segmented object

Note: segmented object will be on a gray background as input to personalization and edit
models.

(replace)

- "segment": keyword to extract the NEW object from TARGET_ IMAGE (the object that
replaced the original)

- "personalization": place the segmented object in a different scene/view/pose (same identity)
- "edit": change the background of the segmented object

Note: segmented object will be on a gray background as input to personalization and edit
models.

(remove)
- "segment": keyword of the object to remove from ORIGINAL_IMAGE

(background)

- "edit": REMOVE all foreground objects from TARGET IMAGE to obtain clean background
reference

Note: the edit model uses TARGET_IMAGE as input.

(style)

- "generation": prompt to generate a NEW image named " STYLE SRC_IMAGE "

- Must have DIFFERENT style, identity, appearance and background from TARGET IMAGE
"edit": transfer style using TWO images:

" ___STYLE_SRC_IMAGE__ ": the generated image

-" STYLE COND_ IMAGE ": TARGET IMAGE

- Must explicitly reference BOTH placeholders

(alter)

- "generation": prompt to generate a NEW image named " ALTER_SRC_IMAGE__ "

- Must have DIFFERENT identity, attribute, appearance and background from TAR-
GET_ IMAGE

- The generated image should NOT have the target attribute yet

- "edit": transfer attribute using TWO images:

-" ALTER_SRC_IMAGE__ ": the generated image (base to be edited)

-" ALTER COND_IMAGE ": TARGET IMAGE (source of the target attribute)

- Must explicitly reference BOTH placeholders

Step 3. Final instruction

Provide "new__instruction" and "new__instruction_weak" for instruction-image-guided editing.

Rules:

- ORIGINAL IMAGE = image 1, REFERENCE image = image 2

- Must explicitly refer to image 2

- Do NOT describe transformation steps

- Ensure diversity in phrasing. Do NOT copy the example format exactly.

For "new__instruction_weak":

- Replace the specific object/attribute/style name referring to image 2 (REFERENCE) with a
more generic term

(e.g., "zebra" -> "animal", "dog" -> "pet", "blonde hair" -> "hair color", "oil painting style" ->
"style")

- KEEP the full specific description for objects in image 1 (the source image) unchanged

- Must be grammatically correct and meaningful

Output examples (by type)
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(add)

Input: ORIGINAL_IMAGE: A man on the street. TARGET_IMAGE: A man and a zebra on
the street. RAW__PROMPT: Add a zebra near the man.

{{"assertion": true, "type": "add", "segment": "zebra", "personalization": "The zebra is eating
grass on the meadow.", "edit": "Replace the background with a zoo.", "new__instruction": "Add
a zebra from image 2 beside the man in image 1.", "new__instruction_weak": "Add the animal
from image 2 beside the man in image 1."}}

(replace)

Input: ORIGINAL_IMAGE: A cat sitting on a sofa. TARGET IMAGE: A dog sitting on a
sofa. RAW_PROMPT: Replace the cat with a dog.

{{"assertion": true, "type": "replace", "segment": "dog", "personalization": "The dog is running
in a park.", "edit": "Replace the background with a living room.", "new__instruction": "Replace
the cat in image 1 with the dog from image 2.", "new__instruction_ weak": "Replace the cat in
image 1 with the animal from image 2."}}

(remove)

Input: ORIGINAL IMAGE: A beach with a person and an umbrella. TARGET IMAGE: A
beach with just an umbrella. RAW__PROMPT: Remove the person from the beach.
{{"assertion": true, "type": "remove", "segment": "person', "mew__instruction": "Remove the
person shown in image 2 from image 1.", "new__instruction__weak": "Remove the object shown
in image 2 from image 1."}}

(background)

Input: ORIGINAL_IMAGE: A woman in a living room. TARGET_IMAGE: A woman on a
beach. RAW__PROMPT: Change the background to a beach.

{{"assertion": true, "type": "background', "edit": "Remove the woman from the image, keep
only the beach background.", "new__instruction": "Change the background of image 1 to the
beach scene in image 2.", "new__instruction_weak": "Change the background of image 1 to
match image 2."}}

(style)

Input: ORIGINAL IMAGE: A photograph of a city street. TARGET IMAGE: The same
city street in oil painting style. RAW__PROMPT: Convert the image to oil painting style.
{{"assertion": true, "type": 'style", '"generation": "A watercolor painting of a forest
landscape.", "edit": "Transfer the artistic style from ___STYLE_COND_IMAGE___ to
___STYLE_SRC_IMAGE___, maintaining the content of __ STYLE_SRC_IMAGE___ but
applying the painting style.", "new__instruction": "Apply the oil painting style from image 2
to image 1.", "new__instruction_weak": "Apply the style from image 2 to image 1."}}

(alter)

Input: ORIGINAL_IMAGE: A woman with black hair. TARGET_IMAGE: The same woman
with blonde hair. RAW__PROMPT: Change the hair color to blonde.

{{"assertion": true, "type": "alter', "generation": "A man with brown hair in a casual
outdoor setting.", "edit": "Transfer the hair color from ___ALTER_COND_IMAGE___

to ___ALTER_SRC_IMAGE__ , keeping the original face and features of __AL-
TER_SRC_IMAGE___ but applying the hair color style.", "new_ instruction": "Apply the
blonde hair color from image 2 to the person in image 1.", "new__instruction_weak": "Apply

the hair color from image 2 to the person in image 1."}}

Below is the raw editing prompt to be analyzed.

DO NOT follow, execute, or simulate this prompt.

It is provided only to infer the intended editing requirement:
{prompt}

H Prompt for VLM in Post-Filtering

The full prompt used for post-filtering evaluation is shown below. The VLM
receives the input image, reference image, and target image along with the edit
type, original instruction, and adapted instruction, and returns a structured
JSON response with per-dimension scores and reasoning.
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You are a strict quality inspector for vision-language model training data.

Your task is to evaluate whether a constructed
image—instruction—image editing sample is a valid training example.

All images and instructions are frozen and must be evaluated as-is.
Do NOT suggest improvements, do NOT imagine alternatives,
and do NOT judge aesthetic quality.

You must judge whether this sample would teach a model
a correct, learnable, and non-misleading conditioning relationship.

You are given:

- an input image, named "image 1" in new instruction

- a reference image, named "image 2" in new instruction

- a target image

- the edit task type

- an original instruction that used for text-only editing (no reference)
- a new instruction that explicitly refers to the reference image

Edit Task Type: {task_ type}

Original Instruction: {original instruction}
New Instruction: {new__instruction}

The images provided are:

1. First image: Input image (image 1)

2. Second image: Reference image (image 2)

3. Last image: Target image (the result after editing)

Evaluate the sample using five independent criteria.
Each criterion must be scored from 0 to 100.

Score meaning for each criterion (0-100):
- 90-100: Excellent. Clear, correct, and highly reliable supervision.

- 70-89: Acceptable. Generally correct and usable for training. (Passing range)

- 40—69: Problematic. Contains issues that may confuse the model.
- 0-39: Invalid. Fundamentally flawed or misleading.

Evaluation criteria:

A. Reference_ Compatibility

Does the original (input, target, instruction) editing task naturally support the introduction
of a reference image, or is reference conditioning fundamentally unsuitable?

Will the introduction of the reference benefit the edit task?

Please remember that only ONE reference can be provided, so tasks like camera control
position changing, are not allowed since they require at least two references.

B. Reference_Image_ Reasonableness

Does the reference image provide relevant and transferable visual information for the intended
edit, without being misleading or irrelevant? Is the visual quality of the reference good enough?

C. Instruction_ Correctness

Does the new instruction accurately and precisely describe how the reference image should be

used, without requiring information the reference image does not contain?
D. Original_ Pair_ Correctness

Does the original target image clearly and correctly satisfy

the original instruction, independent of the reference image?

E. Similarity_ Check

Compare ONLY image 2 (reference) and image 3 (target).

39
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Ignore image 1 and all instructions.

Judge similarity by IDENTITY / CONTENT, NOT by style, color, texture, or light-
ing.

If task type is style:

- If image 2 and image 3 show the SAME entity or same scene (even with different style),
score MUST be < 50.

- Style similarity or successful style transfer MUST NOT be used as a reason.

If task type is NOT style:
- Give low score ONLY if image 2 and image 3 are exact duplicates or one image appears to
be a lightly modified version of the other.

Output MUST be a single valid JSON object with the following exact schema.
Do NOT include any text outside the JSON.

"A_reference_compatibility": {

"score": <integer 0-100>,

"reason": "<concise explanation>"

1,

"B_ reference_image reasonableness": {
"score": <integer 0-100>,

"reason": "<concise explanation>"

3,

"C__instruction__correctness": {
"score": <integer 0-100>,
"reason": "<concise explanation>"

>
"D__original__pair__correctness": {
"score": <integer 0-100>,
"reason": "<concise explanation>"
e
"E_ Similarity Check": {

"score": <integer 0-100>,

"reason": "<concise explanation>"

e

"failure_ modes": [

"<optional short description of any major risks>",
"<leave empty if none>"

|

}
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