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Abstract

Existing open-source datasets for arbitrary-instruction im-
age editing remain suboptimal, while a plug-and-play edit-
ing module compatible with community-prevalent generative
models is notably absent. In this paper, we first introduce the
X2Edit Dataset, a comprehensive dataset covering 14 diverse
editing tasks, including subject-driven generation. We utilize
the industry-leading unified image generation models and ex-
pert models to construct the data. Meanwhile, we design rea-
sonable editing instructions with the VLM and implement
various scoring mechanisms to filter the data. As a result, we
construct 3.7 million high-quality data with balanced cate-
gories. Second, to better integrate seamlessly with commu-
nity image generation models, we design task-aware MoE-
LoRA training based on FLUX.1, with only 8% of the pa-
rameters of the full model. To further improve the final perfor-
mance, we utilize the internal representations of the diffusion
model and define positive/negative samples based on image
editing types to introduce contrastive learning. Extensive ex-
periments demonstrate that the model’s editing performance
is competitive among many excellent models. Additionally,
the constructed dataset exhibits substantial advantages over
existing open-source datasets.

Code — https://github.com/OPPO-Mente-Lab/X2Edit
Datasets — https://huggingface.co/datasets/OPPOer/X2Edit- Dataset

Introduction

Instruction-based image editing has witnessed explosive
growth recently, evolving from single-task frameworks to
more flexible models capable of open-vocabulary and free-
form editing. Open-source models(Wang et al. 2025b; Ope-
nAl et al. 2024; Team, Anil et al. 2025) continue to lag be-
hind their closed-source counterparts. Despite a significant
increase in the release of editing datasets, the challenge of
constructing a well-balanced, high-quality dataset that en-
compasses a wide range of editing tasks remains unresolved.

*Corresponding author.
TCo-first authors.

*The author did his work during internship at OPPO AI Center.
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.
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Existing editing datasets have three main limitations:
cumbersome construction processes, poor data quality,
and limited support for complex editing tasks. (1) Editing
datasets such as AnyEdit(Yu et al. 2025a) and ImgEdit(Ye
et al. 2025) require different data construction processes to
be designed for each type of editing task, which not only
consume substantial human effort but is also difficult to scale
flexibly. (2) Existing open-source datasets perform poorly
in terms of editing accuracy and data balance. Datasets
like AnyEdit and SEED-Data-Edit(Ge et al. 2024) suffer
from low image quality and imbalanced data across different
editing tasks. HQ-Edit(Hui et al. 2024) and OmniEdit(Wei
et al. 2025) extensively use synthetic images as source im-
ages in hopes of improving quality, but this creates devia-
tions from real data distributions. Moreover, existing work-
flows that leverage tools such as Flux-Fill(Labs 2024) and
SD 3.5(Esser et al. 2024) ControlNet necessitate instruction
conversion and the acquisition of additional prompt infor-
mation, both of which can readily result in deviations from
the intended edits. (3) High-quality open-source data for
difficult editing tasks involving complex reasoning, camera
movement, style transfer, etc., is extremely scarce due to the
difficulty of construction.

We propose an automated dataset construction pipeline
and a large-scale training dataset called X2Edit Dataset.
We uniformly use Vision-Language Model(VLM) to gener-
ate quantity-balanced instructions for different editing tasks
based on source images and contextual examples. Subse-
quently, we leverage SOTA open-source and closed-source
models to create editing pairs according to task-specific
workflows. Finally, we introduce a comprehensive filtering
mechanism, including pre-filtering of source images and fur-
ther screening after comprehensive scoring, strictly ensur-
ing data quality. Through this pipeline, we ultimately ob-
tain a category-balanced, high-quality dataset of 3.7M scale,
which demonstrates strong competitiveness compared to ex-
isting open-source datasets in terms of data scale, number of
supported tasks, and data quality.

Parallel to this, the rapid emergence of arbitrary-
instruction image editing methods has dramatically ad-
vanced text-guided visual manipulation. However, these
gains are often offset by prohibitive training costs. Step1X-
Edit(Liu et al. 2025) and Kontext(Labs et al. 2025), fine-
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Figure 1: The X2Edit image generation results span 14 diverse editing types. In each unit, the left image serves as the reference.
The central modality in the top-right unit is the input to X2I and can be leveraged by other modalities to assist in image editing.

tune the entire 12B-parameter DiT(Peebles and Xie 2023)
backbone, whereas unified methods such as Bagel(Deng
et al. 2025) and OmniGen2(Wu et al. 2025a) develop
cross-modal understanding and generation capabilities from
scratch on massive multimodal corpora. HiDream-E(Cai
et al. 2025) follows the same recipe of end-to-end
pre-training with a 17B-parameter model on ultra-large-
scale data. ICEdit(Zhang et al. 2025b) inserts Mixture-of-
Experts(MoE)(Shazeer et al. 2017) layers into LoRA mod-
ules based on FLUX-Fill. Despite effectively reducing train-
ing costs, it is limited by transferability and still falls short
of full-model methods in terms of editing fidelity.

In this paper, we present X2Edit. Specifically, we first
learn a task embedding matrix whose entries are injected
into the MoE gating network to guide expert selection. We
also analogize different editing tasks within the same batch
to negative samples and the same editing task to positive
samples in contrastive learning. This division can promote
the mapping of different editing tasks to distinct, separable
locations in the hidden space projection, enabling the model
to learn discriminative features and avoid feature collapse.
In addition, it can also ensure that the same editing task is
mapped to similar encodings in the hidden space projec-
tion. Subsequently, through the constraint of the contrastive
regularization loss, X2Edit achieves further enhancement in
overall performance. Our contributions are three-fold:

¢ We construct X2Edit Dataset and GEdit-Bench++.

* To the best of our knowledge, X2Edit is an early attempt
to explore the use of contrastive learning in arbitrary-
instruction image editing.
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» Extensive evaluations demonstrate that X2Edit Dataset
surpasses existing open-source datasets across multiple
objective metrics, while X2Edit rivals current SOTA edit-
ing methods in both automatic and human assessments.

Related Work
Datasets for Image Editing

Datasets #Size #Types Res.(px) | Complex Tasks
AnyEdit 2.5M 25 512 v
HQ-Edit 197K 6 > 768 X
UltraEdit 4M 9 512 X
SEED-Data-Edit 3.TM 6 768 X
ImgEdit 1.2M 13 > 1280 X
OmniEdit 5.2M/1.2M 7 > 512 X
X2Edit(512) 2M 14 512 Ve
X2Edit(1024) 1.7M 14 ~1024 v

Table 1: Comparison of existing image editing datasets.

We compare with current representative open-source
arbitrary-instruction image editing datasets in Table 1. Rep-
resented by HQ-Edit, AnyEdit and OmniEdit, most exist-
ing datasets use automated pipelines to scale up as much as
possible, while SEED-Data-Edit and UltraEdit(Zhao et al.
2024) add some manual quality control. The source im-
ages of HQ-Edit mostly come from synthetic data, caus-
ing the dataset to deviate from real-world images. Exist-
ing datasets also face problems of few editing categories
and data imbalance. Although AnyEdit and ImgEdit enrich
editing tasks, the overall pipeline suffers from critical flaws



including excessive complexity, poor replicability and low
data quality. Moreover, existing image editing datasets of-
ten do not include some complex editing tasks such as rea-
soning, subject-driven generation and style transfer. While
ensuring high-quality data construction, we streamline the
pipeline as much as possible, using GPT-40, BAGEL, and
Kontext to supplement data for complex editing tasks.

Models for Image Editing

Arbitrary-instruction image editing is advancing along
two primary paradigms. The first is full-parameter train-
ing, which encompasses unified vision editing models
and unified understanding-generation models. In the for-
mer camp, Kontext and Hidream-E train large-scale net-
works on vast datasets, whereas SteplX-Edit performs
full parameter fine-tuning on the entire DiT framework.
In the latter camp, Bagel and OmniGen2 pursue a uni-
fied understanding-generation model via joint pre-training
on massive data, yet incur prohibitive compute and train-
ing costs. For AnyEdit(Yu et al. 2025a), the first train-
ing stage involves pre-training the UNet backbone of the
diffusion process, while the second stage separately trains
IP-Adapter as task-specific expert with MoE layers. The
second is parameter-efficient fine-tuning to drastically cut
training costs. ICEdit integrates MoE layers within LoRA
modules for a lightweight approach. UniControl(Qin et al.
2023) introduces a task-aware HyperNet to modulate the dif-
fusion models. Conversely, while contrastive learning has
proven effective for discriminative tasks, its application in
generative models remains a nascent yet promising direc-
tion. REPA(Yu et al. 2025b) leverages external alignment
for semantic inheritance at higher costs, whereas Disper-
sive Loss(Wang and He 2025) optimizes internal represen-
tations without external dependencies, both enhancing text-
to-image generation.

X2Edit Dataset

We propose X2Edit Dataset, a large-scale, high-quality, and
well-balanced dataset tailored for arbitrary-instruction im-
age editing, with its construction process depicted in Fig-
ure 2. Additional details can be found in the appendix D.

Edit Type Definition

To meet diverse user/setting image editing needs, we cate-
gorize 14 editing tasks covering local, global, complex edit-
ing and subject-driven generation. Local editing modifies
specific regions without changing other areas; global edit-
ing impacts the entire image. Notably, complex tasks de-
mand models’ full understanding of instructions and source
images. We also introduce subject-driven generation, rarely
featured in existing open-source datasets.

Automatic Dataset Pipeline

Source Image Preparation. We select the majority of
the source images from COYO-700M(Byeon et al. 2022),
Wukong(Gu et al. 2022) and LAION(Schuhmann et al.
2022), aiming to thoroughly encompass a diverse range of
real-world image inputs. In order to fulfill the need for
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high-quality reference image in subject-driven generation,
we also employ an internal query to generate source im-
ages using Shuttle-3-Diffusion(Liu 2024). Rigorous filtering
criterias are applied to samples that advance to the subse-
quent phase of the data construction pipeline. Specifically,
we only retain images with high aesthetic score and mini-
mum side lengths greater than 512 pixels. Furthermore, we
filter the internal query for subject-driven generation with
Qwen3(Yang, Li et al. 2025) to ensure the presence of key-
words related to the subject in the foreground. Additionally,
the data we construct encompasses a range of aspect ratios
between 512 and 2048 to enhance diversity.

Diverse Editing Instruction Generation. Since image
captions cannot capture rich visual detail information, we
employ Qwen2.5-VL-7B(Bai et al. 2025) to directly gen-
erate diverse editing instructions based on source images,
which differs from existing LLM-based methods. We pro-
vide source images, task definitions, and contextual exam-
ples, and use meticulously crafted prompts to guide the
VLM in formulating editing instructions directly from the
images. To minimize the risk that the VLM generates un-
feasible instructions due to hallucinations, we incorporate a
self-reflection mechanism that enables the VLM to verify
the validity of its generated instructions. Additionally, we
devise a load balancing strategy to ensure a balanced distri-
bution of editing instructions across various tasks.

Edited Image Construction. We select open-source and
closed-source models to create a variety of data construction
pipelines tailored to the specifics of different tasks. For in-
stance, in tasks such as subject addition and deletion, which
demand high consistency in non-target areas, we employ
RAM-++(Huang et al. 2023) and SAM2(Ravi et al. 2024) on
the original images and subsequently apply LaMa(Suvorov
et al. 2021) to generate edited images. Our experiments in-
dicate that this methodology results in superior data quality
for these tasks compared to models like GPT-40, Kontext,
etc. Details of this comparison are provided in the appendix
D. For more general editing tasks, we utilize Step1X-Edit
to generate the needed data. In cases where SteplX-Edit
performs poorly, such as style modification, we incorpo-
rate additional data using OmniConsistency(Song, Liu, and
Shou 2025), TextFlux(Xie et al. 2025), and Kontext. For the
challenging construction of complex reasoning and camera
movement tasks, we employ GPT-40 and BAGEL. Further-
more, we leverage GPT-40 and Kontext to work with 1024-
resolution images with varying aspect ratios to generate data
that satisfies requirements for high fidelity.

Post Quality Enhancement. In order to guarantee the
quality of the data, we implement an extensive framework
for data quality evaluation and filtering. We specifically de-
rive aesthetic score, as well as LIQE(Zhang et al. 2023) and
CLIPIQA(Wang, Chan, and Loy 2022) scores for all the
generated images, thus facilitating a assessment of image
quality and the exclusion of samples that fall below predeter-
mined standards. To ensure the precision of editing, we em-
ploy ImgEdit-Judge(Ye et al. 2025) and Qwen2.5-VL-72B
to assess and filter images according to editing instructions,
source images, and edited images. For subject-driven gener-
ation, we utilize CLIP(Hessel et al. 2021) and DINO(Caron
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Figure 2: The comprehensive construction pipeline of X2Edit Dataset. We divide the pipeline into four stages: (1) Sampling
from real-world datasets and synthesizing source images using our internal query dataset; (2) Generating diverse editing in-
structions using a VLM based on the source images; (3) Generating edited images using task-specific workflows according to
the editing instructions; (4) Conducting comprehensive evaluation and filtering of all generated data to ensure quality.

et al. 2021) to assess subject consistency. For style trans-
fer, Qwen2.5-VL-7B evaluates the stylistic match between
source and generated images, and applies filters accordingly.

The X2Edit Dataset comprises 3.7 million pairs of high-
quality image across 14 categories. It outperforms existing
datasets in terms of task diversity, scale, and resolution, as
shown in Table 1. Notably, it includes 342K reasoning edit-
ing samples, 94K camera movement samples, and 460K
subject-driven generation samples, addressing the scarcity
of such data in current open-source datasets. To evaluate
editing precision and data quality, we randomly select 1k
samples from each dataset and perform comprehensive eval-
uations using models such as Qwen2.5-VL-72B, ImgEdit-
Judge, and GPT-40. The results indicate that the X2Edit
Dataset is competitive against other open-source image edit-
ing datasets in terms of VLM evaluations, aesthetics, and
overall image quality. Appendix provides details on these
task categories and their statistical data.

Methodology
Model Overview

As shown in Figure 3, we adopt X2I(Ma et al. 2025) as
our backbone. The injection of reference image information
draws on classic strategies(Tan et al. 2025a; Zhang et al.
2025a; Tan et al. 2025b; Wang et al. 2025a; Mou et al.
2025; Ma et al. 2023) of concatenating noise. During train-
ing, the AlignNet branch within X2I, the task-embedding
matrix, and MoE-LoRA parameters are simultaneously up-
dated. We apply task-aware contrastive regularization to the
intermediate features of all MMDIiT blocks, enforcing a
structured hidden space. During inference, we optionally de-
ploy Qwen3 to predict the editing task. We can further lever-
age X2I’s multimodal inputs to enrich the textual editing in-
structions as shown in the top-right unit of Figure 1.

Task-Aware MoE-LoRA

Image editing tasks span from low-level manipulations to
high-level semantic edits. Task heterogeneity can lead to pa-
rameter inefficiency when using a single model, as shared
parameters internalize interference-prone representations,
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causing suboptimal specialization and increased parame-
ter numbers. Task-aware MoE addresses this by activating
sparse expert sub-networks based on the editing task, allo-
cating capacity precisely where needed.

MOoE consists of N, expert networks, a shared expert net-
work, and a gating network. The gating network outputs an
N.-dimensional vector representing the scores of experts,
which are subsequently converted into normalized weights
via a softmax function. We select the top-K experts with
the highest weights for token processing, ensuring computa-
tional efficiency through sparse activation. The shared expert
processes all tokens to balance knowledge distribution and
eliminate redundant storage of shared representations.

We define h! € RP*"*9 ag the intermediate representa-
tions at the [-th layer of the MMDIT. Let t¢p € RNexe
represents task embeddings and y € R’ (where y; €
1,2,..., V) indicate the task type corresponding to the b
samples of h!, where N; denotes the number of editing task
types. We first extract the task-specific embedding corre-
sponding to h! from ¢y, then reshape and expand it to en-
able channel-wise concatenation with h':

tgmb = Expand(Reshape(temn[y], (b, 1, ¢))). ¢))

Subsequently, we process the concatenation of ¢ . and h!
through the gating network and the softmax functlon to ob-
tain the weights of N, experts:

= Softmax; (Gate(Concat(h', %)) . )

Finally, we select the top- K experts with the highest weights
and aggregate the outputs of these experts with the corre-
sponding gating weights through weighted summation to

yield the MoE outputs ¢, klioer and .
N. A
Thoe = ) (giExpert;, (')
i=1
+ SharedExpert,, (h') , for z € {q, k,v}, 3)
si,  s; € Topk ({s5]1 < j < N}, K),
i = 4
g {O7 otherwise. @

we add ¢’ ., kL ., and v. . to the corresponding outputs
from the linear projector of MMDIT, respectively, and then
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Figure 3: X2Edit consists of an MLLM for editing instruction understanding, a DiT fine-tuned based on FLUX.1, an optional
intent perception model, and task embeddings. We introduce a task-aware MoE-LoRA structure and task-aware contrastive
learning into the DiT to enhance the unified editing model’s ability to perceive different editing tasks.

execute the self-attention mechanism.
hl = Attention(qunoe + qlv krlnoe + klv Urlnoe + ’Ul)v

moe

&)

where ¢!, k!, and v' denote the vectors projected from h'
through the linear projector of MMDiT.

Task-aware Contrastive Learning

Current diffusion models primarily rely on regression ob-
jective for training, generally lacking explicit regularization
of internal representations. To address this, we introduce a
task-aware contrastive regularization term during diffusion
model training. This explicitly structures the hidden space
by dispersing different representations while collapsing sim-
ilar representations into compact regions, thereby enhancing
inter-class separability and intra-class compactness.

Unlike Dispersive Loss which employs a contrastive loss
without positives, we adopt a standard contrastive loss. For
samples from the same editing task, we enforce region-
consistent representations in the hidden space, while pro-
moting maximal dispersion across different tasks to ensure
inter-class separability. For the construction of positives and
negatives, whereas conventional contrastive learning(Chen
et al. 2020) constructs positives through self-supervision and
treats all other images in the batch as negatives, we leverage
task labels to construct semantically meaningful samples: all
intra-task samples within a batch form positives, while inter-
task pairs automatically serve as negatives.

We first perform L2 normalization on h! to increase train-
ing stability and linear separability in the hidden space, and

calculate its corresponding distance matrix D € R?*?:
hl... = Normalize(Reshape(h!, (b,n x d))),  (6)
Dij = ||h1llorm(i) - hﬁlorm(j)Hg’ (N
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where D;; denotes the Squared Euclidean Distance between
the representations of the i-th sample and j-th sample. We
then calculate the task mask M € R?*? and apply the In-
foNCE(van den Oord, Li, and Vinyals 2019) loss:

1 ify;=y;andi#j
Mij = {0 otherwise ’ ®
N D
Lok = — ilog (Zj—l exp(— =) - Mm‘) )
task — T 7 - )
b i=1 chv:l exp(—%)

where T is the temperature hyperparameter that controls the
model’s discrimination against negatives.

In practice, we add this term to the original diffusion-
based objectives Ly, the final objective becomes:

L = Lk + ALdifr, (10)

where A is a hyperparameter that controls the tradeoff be-
tween denoising and contrastive learning.

Experiment
Implementation

Our model configuration uses a LoRA rank of 64, sets the
number of expert networks N, to 12, the number of edit-
ing task types N; to 15(includes an “other” editing task),
the number of activated experts K to 2, the regularization
parameter A to 0.2 and the temperature parameter 7 to 0.5.
We train the X2Edit model using 48 H20 GPUs. We conduct
16k training steps at 512-resolution with a micro-batch size
of 12, followed by 5k training steps at 1024-resolution with
a micro-batch size of 4 on the same GPUs. The random seed
for inference on all evaluation is set to 1.



Benchmark Suite

Arbitrary-Instruction Image Editing. Evaluation
datasets include GEdit-Bench++, ImgEdit-Bench, AnyEdit-
Test, and KontextBench(Labs et al. 2025), each of which
includes multiple types of editing tasks. GEdit-Bench++ ex-
tends GEdit-Bench by incorporating reasoning and camera
movement, expanding the total task count from 11 to 13.
For the construction of evaluation data for reasoning and
camera movement, we manually select 50 real-world images
and generate appropriate instructions in both Chinese and
English based on the content of the images. Comparative
methods include closed-source models SeedEdit(Wang
et al. 2025b) and GPT-40, as well as open-source mod-
els SteplX-Edit, Kontext, Bagel, OmniGen2, ICEdit,
Hidream-E, and AnyEdit. All models are evaluated using
the same prompts and images. Evaluation metrics employ
VIEScore(Ku et al. 2023) and ImgEdit-Judge Score. VI-
EScore includes three metrics: Semantic Consistency(SC),
Perceptual Quality(PQ), and Overall Score(O). SC mea-
sures the alignment of the generated image with prompt,
while PQ assesses the visual authenticity and naturalness
of the generated image and O = /SC x PQ. Similar to
SteplX-Edit, we use GPT-40 and Qwen2.5-VL-72B to
automatically calculate the VIEScore. ImgEdit-Judge Score
assesses the degree of instruction following and absence of
unintended changes in the generated images.
Subject-Driven Generation. Evaluation dataset em-
ploys classical DreamBench(Ruiz et al. 2023). Compara-
tive methods include recent methods such as X2I, UNO(Wu
et al. 2025b), Kontext, Bagel, OmniGen2, OmniGen(Xiao
etal. 2024), ACE++(Mao et al. 2025) and Previous methods.
Evaluation metrics include the average DINO and CLIP-I
scores between source images and generated images, as well
as the CLIP-T score between generated images and prompts.

Quantitative Results

Arbitrary-Instruction Image Editing. Table 2 shows
the performance of different methods on four evaluation
datasets. In the evaluation on GEdit-Bench++, X2Edit
achieves scores of 8.313, 6.354, and 5.639 for the Chinese
sub-dataset, and scores of 8.334, 6.158, and 5.55 for the En-
glish sub-dataset. These results indicate that X2Edit is on par
with other mainstream open-source methods such as Bagel
and Kontext, while surpassing Step1X-Edit and OmniGen2
across multiple metrics. Additionally, it significantly outper-
forms ICEdit, Hidream-E and AnyEdit across all metrics.
X2Edit exhibits robust cross-lingual capability, appendix G
demonstrates more language tests. On the ImgEdit-Bench
and AnyEdit-Test benchmarks, X2Edit achieves perfor-
mance comparable to that of GEdit-Bench++. It is close to
Kontext and Bagel in most metrics, outperforms OmniGen2
and Step1X-Edit in the majority of indicators, and signif-
icantly surpasses ICEdit, Hidream-E, and AnyEdit across
all metrics. The KontextBench is somewhat different from
the other three benchmarks, especially under the evalu-
ation systems of Qwen2.5-VL-72B and GPT-40. X2Edit
shows a significant gap compared to the two open-source
methods, Kontext and Bagel. Nevertheless, X2Edit’s sup-
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port for style transfer and subject-driven generation also re-
sults in a significant performance gap compared to the other
five comparative methods. KontextBench comprises 1,026
unique image-prompt pairs derived from 108 base images,
including personal photos, CC-licensed art, public domain
images, and Al-generated content. Compared with other
benchmarks, it is relatively complex. Additional subjective
comparisons are provided in the appendix H.

Subject-Driven Generation. X2Edit has a slight advan-
tage in the DINO score on DreamBench, while it holds a
middle position in the CLIP-I score. In terms of the CLIP-
T metric, X2Edit slightly lags behind OmniControl, Omni-
Gen2, and Bagel. However, it outperforms these three meth-
ods in the other two image fidelity metrics. Overall, X2Edit
still demonstrates a relatively competitive result.

Summary. Overall, X2Edit holds its own among top-
tier performers. While it still has room to close the gap
with closed-source models, it shows a clear edge over fully
trained models like Step1X-Edit, OmniGen2, and HiDream-
E. It runs neck and neck with Bagel and Kontext, and it
markedly surpasses lightweight fine-tuning models such as
ICEdit; On DreamBench, X2Edit exhibits enhanced subject-
driven generation surpassing most competitors. We addition-
ally assess out-of-domain generalization across complicated
editing tasks. Please see the appendix F for details.

Plug-and-Play

As shown in Table 4, we validate the plug-and-play capabil-
ity of X2Edit on two types of modules with high frequency
of use in the Flux.1 community. We provide more subjective
results in the appendix E.

FLUX.1 Dev Variants. FLUX.1-Schnell and Shuttle-
3-Diffusion are 4-step accelerated models. PixelWave can
generate images of multiple artistic styles. FLUX.1-Krea-
dev(Lee, Ebbecke et al. 2025) offers strong performance
with highly distinctive aesthetics and exceptional real-
ism. The experimental results indicate that through flexible
plug-and-play capability, we can improve inference speed
while maintaining comparable performance. FLUX.1 Dev
LoRA Ecosystem. FLUX.1-Turbo-Alpha supports 8-step
inference. FLUX.1-dev-LoRA-AntiBlur enhances depth of
field and clarity, while FLUX-Midjourney-Mix2-LoRA em-
ulates MidJourney v6’s distinctive aesthetic. FLUX-Super-
Realism-LoRA and FLUX-Chatgpt-Ghibli-LoRA special-
ize in stylization. The experimental results demonstrate that
X2Edit seamlessly adapts to the FLUX.1 ecosystem.

Ablation Study

We design a comprehensive suite of ablation experiments on
both English and Chinese sub-datasets of GEdit-Bench++
with ImgEdit-Judge, systematically dissecting the contribu-
tions of MoE routing, task-awareness(TA), expert cardinal-
ity, and the contrastive regularization. First, a vanilla single-
rank LoRA baseline confirms its limited general-purpose
editing capability. Incorporating task priors into our MoE-
LoRA yields consistent positive gains on all metrics in
Table 5. Notably, increasing the number of experts while
proportionally reducing the LoRA rank, which preserves
the total parameter budget, delivers further improvements.



Methods  Params US GEdit-Bench++_CN GEdit-Bench++_EN ImgEdit-Bench AnyEdit-Test KontextBench
IJ QVIEG.VIE I QVIEG.VIE I Q.VIEG.VIE 1 Q.VIEG.VIE 1IJ Q.VIE G_.VIE
GPT-40 - 2911 9.062 7.706 7.943 9.003 7.684 7.848 8202 7.634 7.328 8.460 7.414 6.836 8.358 7.281 7.078
Seededit - 2,660 8.686 6.215 6.460 8.604 6.449 6.344 8.143 6.820 6.552 8.204 6.677 5.840 8.106 6.770 5.983
Kontext 12B 2.881 - - - 8408 6.170 5.712 8.149 6.087 5.258 8.110 5.419 4.900 8.095 6.250 5.718
Bagel  7B+7B 2.632 8.461 6.649 5.627 8.326 6.748 5.722 7.925 6.748 6.022 7.960 6.292 5.451 7.929 6.586 5.880
Omnigen2 3B+4B 2.427 8.001 4.265 4.199 7.973 4523 4321 8.018 5.797 5.482 7.609 4.162 3.825 7.548 4.879 4.278
SteplX-Edit 12B  2.305 8.146 5.994 5.430 8.017 5.844 5.108 7.653 6.064 5.425 7.753 5.342 4.674 7.476 5.272 4.481
Hidream-E 17B 2.198 - - - 7461 5.630 4257 7.264 6.079 4.344 6.923 5.014 3.282 7.154 4.860 3.770
ICEdit 0.2B 2.036 - - - 7.203 4984 4.109 7.615 5.443 5.228 7.498 4.510 3.782 7.192 4390 3.720
AnyEdit  0.9B - - - - 6.841 2.608 2242 6.784 3.991 3.448 7.078 2.884 2.528 6.452 1.959 1.760
X2Edit 09B 2432 8.313 6.354 5.639 8.334 6.158 5.550 8.025 5.987 5.402 8.095 5.578 5.147 7.606 5.768 5.214

Table 2: Objective
ImgEdit-Judge, the

performance on four benchmark datasets. IJ, Q_VIE, and G_VIE refer to the overall score evaluated by
VIEScore calculated by Qwen2.5-VL-72B and GPT-40. US refer to the user study on GEdit-Bench++.

Methods Base DINO CLIP-I CLIP-T Methods Loss Layers Experts Rank GC GE
Textual Inversion 0569 0.780  0.255 LoRA - - - 512 7.834 7.649
DreamBooth 0.668  0.803  0.305 MoE-LoRA - - 6 128 7943 7751
BLIP-Diffusion 0.594 0779  0.300 MoE-LoRA w/TA - - 6 128 8.087 7.985
Subject-Diffusion SD 0711 0.787  0.293 MoE-)L(gggtW/TA codine 3 3 gi 2;2; g(l)ff;‘
IP-Adapter 0.667- 0813 0.289 X2Edit L2 4 12 64 8289 8.120
KOSMOS-G 0.64 0847 0.287 X2Edit L2 all 12 64 8.313 8.334
SuTI Imagen 0.741  0.819 0.304 = -
Sélnnr;ge?z Q\l;ilrll-i/L 0.%;07 82% 8;;; Table 5: Ablation results on GEdit-Bench++.
Bagel Qwen 0.739  0.756 0.332
UNIC-Adapter SD3 0816 0.841  0.306 ) S .
TP-Adapter 0768 0.803 0322 the conventional cosine similarity and select representations
OminiControl 0.740 0.768  0.329 in the fourth layer of MMDIT. The experiments show that
Kontex 0.822 0.839 0.322 the inclusion of regularization loss further enhance the over-
UNO FLUX.1 0.764 0.806  0.319 all performance. Similar to dispersive loss, we explore the
ACE++ 0.760  0.787  0.319 impact of different similarity metrics and the position of the
X2I 0817 0.826  0.304 regularization layer on performance. Ultimately, we choose
X2Edit FLUX.1  0.822 0.826 0.326

Table 3: Performance of different methods on DreamBench.

squared L2 distance as the similarity metric and calculate the
regularization loss using the representations in all 19 layers.

User Study
Models Steps  GC GE We recruited four participants to evaluate X2Edit and com-
FLUX.1-Schnell 4 8.254  8.085 . .. . .

Shuttle-3-Diffusion 4 8401 8.185 parative methods on 1.3k editing pairs from GEdit-bench++,
FLUX 1-Krea-dev 28 8:412 8:367 focusing on instruction following (model’s instruction ex-
PixelWave 28 8458 8324 ecution) and image fidelity (edited image quality/consis-
FLUX.1-Turbo-Alpha 3 8258 8.154 tency). Scores (O=poor, 1=fair, 2=good) are summed for an
FLUX.1-dev-LoRA-AntiBlur 28 8.414 8.104 overall score; Table 2 Column 3 shows the mean overall
FLUX-Midjourney-Mix2-LoRA 28 8.399 8.237 score across participants. We average results for models sup-
FLUX-Super-Realism-LoRA 28 8.247 8115 porting both Chinese and English on GEdit-Bench++, ex-
FLUX-Chatgpt-Ghibli-LoRA 28 7.954 7.885 cluding AnyEdit (subpar subjective performance, no human

X2Edit 28 8.313 8.334

Table 4: X2Edit transfers seamlessly to Flux.1-based mod-
ules. GC and GE refer to the Chinese and English subset of
GEdit-Bench++, we utilize ImgEdit-Judge for evaluation.

This evidences that expert granularity trumps capacity: task-
specific low-rank sub-spaces retain ample discriminative
power, and the routing diversity from more experts offsets
any capacity loss from rank compression, thus affirming the
“narrow-yet-numerous” expert approach for diverse editing
tasks. Furthermore, we conduct three ablation studies specif-
ically on the contrastive regularization loss. Firstly, we use
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annotations). Our method demonstrates competitiveness; de-
tailed chart experiments are in Appendix B.

Conclusion

In this paper, we construct and release X2Edit Dataset,
a large-scale, high-quality 3.7M-sample corpus spanning
14 editing tasks, alongside X2Edit—a lightweight, plug-
and-play editing model with a novel framework. Extensive
experiments show the dataset outperforms existing open-
source counterparts in quality and task diversity, while the
model matches or outperforms state-of-the-art (SOTA) mod-
els on multiple benchmarks.
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