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Abstract

Instruction-based image editing aims to modify specific im-
age elements with natural language instructions. However,
current models in this domain often struggle to execute
complex user instructions accurately, as they are trained
on low-quality data with limited editing types. We present
AnyEdit, a comprehensive multi-modal instruction editing
dataset, comprising 2.5 million high-quality editing pairs
spanning over 20 editing types and five domains. We ensure
the diversity and quality of the AnyEdit collection through
three aspects: initial data diversity, adaptive editing pro-
cess, and automated selection of editing results. Using the
dataset, we further train a novel AnyEdit Stable Diffusion
with task-aware routing and learnable task embedding for
unified image editing. Comprehensive experiments on three
benchmark datasets show that AnyEdit consistently boosts
the performance of diffusion-based editing models. This
presents prospects for developing instruction-driven image
editing models that support human creativity.

1. Introduction

With the development of multi-modal datasets [26, 40] and
generative frameworks [11, 17], recent text-to-image gen-
eration (T2I) models [2, 3, 32, 37-39, 48, 51] have shown
promising results in generating high-fidelity photo-realistic
images. To enhance the controllability of generated images,
image editing [7, 10, 19, 27, 42, 61] aims to modify desired
target elements and retain unrelated contents, which has
achieved significant improvements for T2I models. More
recently, instruction-based image editing [5, 6, 10, 19, 48]
pave the way to conveniently edit images using natural lan-
guage instructions without complex descriptions or region-
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specific masks. However, the scarcity of high-quality in-
struction editing datasets makes it difficult to develop pow-
erful instruction-guided image editing models.

Despite several prior works [5, 14, 15, 41, 49, 54,
57] showcasing promising instruction-following editing
datasets and achieving effective results, they still struggle
with drawbacks due to limited editing types and low data
quality. These methods lack support for editing instruc-
tions based on complex multi-modal perception (e.g., spa-
tial composition [59], viewpoint [53], commonsense under-
standing [4]) and reference-based editing instructions (e.g.,
customization [8, 47], image transfer [55]), limiting the
model’s ability to understand interleaved editing instruc-
tions and robustly execute a wide variety of editing tasks.
To address the above limitations, this work, AnyEdit, first
provides a comprehensive catalog of editing instructions
and systematically introduces a unified editing framework
for various editing tasks. As shown in figure 1, AnyEdit
is divided into five classes based on editing capabilities,
with each class containing multiple task types. Regarding
the general editing scenarios in previous work [15, 54, 57],
AnyEdit categorizes them into Local Editing and Global
Editing based on their granularity to construct more pre-
cise instructions. To accommodate the editing intentions
for spatial perception, we further include Camera Move-
ment Editing. For commonsense understanding, we in-
troduce Implicit Editing, which replaces direct intentions
with more complex instructions that require imaginative
thinking. In addition, to accommodate reference inputs
from the visual modality, we incorporate Visual Editing to
construct multi-modal editing instructions.

Although AnyEdit has enriched editing types, there ex-
ist three principal challenges for high-quality dataset col-
lection: (1) First, we observe that current editing datasets
overlook inherent data biases when preparing initial image-
text pairs [13, 31, 50], leading to an imbalance of concepts
within the dataset. For instance, “change the tree in the
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(a) AnyEdit Dataset Collection Visualization Examples

(b) AnyEdit Dataset Collection Distribution

Figure 1. Examples of AnyEdit at scale. We comprehensively categorize image editing tasks into 5 groups based on different editing

capabilities: (a) Local Editing which focuses on region-based editing (

of image rendering (

); (b) Global Editing which focuses on the full range

); (c) Camera Move Editing which focuses on viewpoints changing instead of scenes (gray area); (d)

Implicit Editing which requires commonsense knowledge to complete complex editing (orange area); (e) Visual Editing which encompasses
additional visual inputs, addressing the requirements for multi-modal editing (blue area).

park to a camel” may bring undesired sand because “sand”
and “camel” frequently co-occur in the training data. Thus,
we introduce counterfactual synthetic scenes to enrich real-
world data with tail concepts and their diverse combina-
tions, achieving a balanced distribution of concepts in the
dataset and enhancing generalization in editing tasks. (2)
Secondly, current data collection methods struggle to ac-
commodate diverse input formats and editing requirements
due to the shared pipeline for all instructions. Therefore, we
propose an adaptive editing pipeline that automatically se-
lects the appropriate data pipeline for each task. (3) Third,
there exist inherent drawbacks in the collected triplets of
original images, edit instructions, and edited images due
to the randomness of generation (i.e., low resolution [40],
high noise [18], and misalignment between text and im-
ages [43, 45]). Thus, we develop an instruction validation
pre-filter and image assessment post-filter strategy to filter
out unsatisfactory results. In this way, AnyEdit automat-
ically comprises 2.5M high-quality editing data across 25
distinct editing types (c.f., Tab. 1), showing a 28.9% im-
provement in visual similarity and 18.8% in semantic sim-

ilarity over SOTA datasets (c.f., Tab. 3). This automated
process opens up the possibility of scaling the high-quality
editing dataset in a low-resource manner.

To fully harness the potential of AnyEdit’s high-quality
editing data, we propose a novel AnyEdit Stable Diffusion
approach (AnySD) that employs task-aware routing and
learnable task embeddings to support various editing types
within AnyEdit, thereby constructing a robust instruction-
based editing model for handling diverse editing requests.
The task-aware routing mechanism leverages AnyEdit’s di-
verse data to adjust the granularity of editing (e.g., lo-
cal object or global style), while the learnable task em-
bedding coordinates the inherent complexity across tasks
within AnyEdit. In this way, AnySD fully harnesses the
comprehensive and diverse data from AnyEdit to set new
records on the MagicBrush and Emu-Edit benchmarks.

Furthermore, to facilitate a comprehensive evaluation of
instruction-based image editing, we manually curate a chal-
lenging benchmark, AnyEdit-Test, from our automatically
collected AnyEdit dataset, comprising 1,250 high-quality
editing pairs in diverse scenarios, across 25 distinct cate-
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Instruction Type

Target Scenario

Editing Dataset #Size  #Types Local Global Camera Movement Implicit Visual | Real Image Synthetic Image Synthetic Scene Open Source
MagicBrush [54] 10K 5 v v X X X v X X v
InstructPix2Pix [5] 313K 4 v v X X X X v X v
EMU-Edit [41] - 8 v v X v X X v X X
HQ-Edit [21] 197K 6 v v X X X X v X v
SEED-Data-Edit [15] | 3.7M 6 v v v X X v v X v
EditWorld [49] 8.6K 1 X X X v X v X X v
UltraEdit [57] 4iM 9 v v X X X v v X v
AnyEdit 2.5M 25 v v v v v v v v v

Table 1. Comparison of existing image editing datasets. “Real Image” means the original images are from real world, “Synthetic Image”
means they are from T2I models, “Synthetic Scene” indicates both images and captions are generated to address the inherent data bias.

gories (50 per category). We notice that (1) Existing models
often fail to properly modify or cause distortions in com-
plex tasks (e.g., action change shown in Fig. 5), exposing
the limitations of current benchmarks for complex tasks.
(2) Even for common tasks in AnyEdit-Test, some previous
SOTA models show a notable performance drop compared
to existing benchmarks (e.g., DINO’s decline in global edit-
ing in Tab. 5), revealing the limitations of current bench-
marks in multi-scene editing. This highlights the critical
role of AnyEdit-Test in thoroughly assessing the capabili-
ties of editing models. We will release it for public research.
Our main contributions are summarized as follows:

We systematically categorize various editing instructions
in a novel perspective and innovatively introduce a uni-
fied editing framework that leverages an adaptive editing
pipeline to automatically collect diverse high-quality edit-
ing data across different scenarios in a scalable way.

We construct a multi-type, multi-scene dataset, AnyEdit,
and its corresponding benchmark AnyEdit-Test for
instruction-based editing in various scenarios, compris-
ing 25 distinct and complex editing types to accommodate
broader requirements of real-world editing.

We use our proposed AnySD to fully unlock the potential
of AnyEdit, achieving SOTA improvements in instruction
adherence and image fidelity across diverse editing types.

2. Related Work

Table 1 compares the existing Instruction-based im-
age editing datasets including InstructPix2Pix [5], Mag-
icBrush [54], EMU-Edit [41], HQ-Edit [21], SEED-Data-
Edit [15], EDITWORLD [49], and UltraEdit [57]. Among
these, the first four datasets use automatic methods to col-
lect data, while the latter three incorporate human cura-
tion. InstructPix2Pix [5] utilizes P2P [19] for image editing,
which makes it only suitable for synthetic images. Mag-
icBrush [54] hires crowd workers to annotate images from
the MSCOCO [26] dataset manually but only includes 10K
editing pairs due to expensive labor expenses. HQ-Edit[21]
also lacks fine-grained details and realism due to its dip-
tych generation though it exploits GPT-4V [1] and DALL-
E [3] to enhance descriptions. Both of them are lack of gen-
eralization. With the advancements in multi-modal under-
standing [22-25, 33-35, 52] and generation [9, 16, 36, 46],

Dataset #S #Concepts  License Annotator
Real World Image Caption Paired Dataset

MS COCO [26] 123,287 80 CCBY 4.0 Human

MVImgNet [53] 31,783 238 CCBY 4.0 Human

LLaVA-CC3M-Pretrain [28] 519,176 31423 Custom GPT-4V

Counterfactual Synthetic Scene Pair Dataset
AnyEdit-Composition 22,936 500 Custom

Composition

Table 2. Data preparation details for AnyEdit dataset collection.

SEED-Data-Edit [15] and UltraEdit [57] have been recently
introduced to enrich the types and turns of image editing.
However, they only focus on traditional editing tasks, ne-
glecting more complex and customized editing needs. Al-
though EMU-Edit [41] and EditWorld [49] endeavor to sim-
ulate physical world editing, they lack a unified definition
of implicit editing. Moreover, these datasets fail to incorpo-
rate viewpoint changes and support multi-modal inputs. In
AnyEdit, we combine five distinct groups of data, covering
25 editing types, which will be released to help the com-
munity. It is worth noting that AnyEdit is the only dataset
that considers the data bias and introduces counterfactual
synthetic scenes to balance the distribution of the dataset.

3. AnyEdit
3.1. Editing Type Definition

To equip instruction-based editing models with comprehen-
sive capabilities to follow any creative ideas, we compiled a
multi-modal image editing dataset AnyEdit for instruction-
based image editing, consisting of 2.5M high-quality edit-
ing pairs across five primary domains, as illustrated in
Fig. 1. The dataset comprises editing tasks divided into
five main categories, each containing various editing types:
(1) Local editing: add, remove, replace, color alter, appear-
ance alter, material change, action change, textual change,
and counting. (2) Global editing: background change, tone
transfer, and style change. (3) Camera movement editing:
rotation change, out-painting, movement, and resize. (4)
Implicit editing: implicit change and relation change. (5)
Visual editing: visual reference, material transfer, and vi-
sual conditions (i.e., depth, segmentation, scribble, sketch,
mask). Specifically, local editing targets specific areas of
an image without altering unrelated semantic content, while
global editing affects the entire image. Camera movement
editing extends this concept by manipulating the viewpoint
of specific objects or the whole content within the scene.
Furthermore, implicit editing involves hidden changes in
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Figure 2. The comprehensive construction pipeline of AnyEdit. We summarize the general pipeline into five steps: (1) General data
preparation from real-world image-text pairs and synthetic scenes. (2) Diverse instruction generation using LLM to produce high-quality
editing instructions. (3) Pre-filtering for instruction validation. (4) Adaptive editing pipeline tailors specific editing methods for each edit
type to generate high-quality edited images. (5) Image quality assessment ensures high-quality editing pairs for the AnyEdit Dataset.

state or interaction patterns that require comprehension. Vi-
sual editing, on the other hand, incorporates additional vi-
sual inputs as references alongside editing instructions. Fig-
ure 1(a) shows examples of various editing types in each
category and their detailed definitions are in Appendix B.1.

3.2. Automatic Dataset Collection

General Data Preparation. Previous studies have demon-
strated that high-quality initial images facilitate the diver-
sity of editing image creation [15, 57]. To address real-
world user demands for image editing in complex sce-
narios, we collect ~680K real-world image-caption pairs
from annotated datasets (i.e., MSCOCO [26], LLaVA-
CC3M-Pretrain [28]) and multi-view image datasets (i.e.,
MVImgNet [53]). Then, we enrich those brief captions
by MLLMs (e.g., VILA [25]) for the completeness of the
descriptions. However, these image-text pairs suffer from
inherent data bias, leading to the model falling short in
domains not well covered by general knowledge [13, 31].
Thus, we introduce the Counterfactual Synthetic Scene Pair
Dataset to balance the data distribution of the initial image-
text pairs. Specifically, we collect infrequent tail concepts
from internet data and combine multiple concepts and con-
texts to generate a description by LLaMA-3B [12]. Sub-
sequently, we invoke off-the-shelf T2I models to produce
the initial images. In this manner, we enrich the original
dataset by incorporating rare concept combinations, result-
ing in ~700K high-quality and diverse image-caption pairs
for the AnyEdit dataset collection, as illustrated in Table 2.
Diverse Instruction Generation. It aims to create varied
editing instructions and corresponding edited caption out-
puts based on the caption of the initial image. As illustrated
in Figure 2, we leverage the public Llama3-8b [12] model
to convert original captions to diverse editing instructions.
To address the limitations in instruction diversity and con-
sistency when generating editing instructions, we integrate
intuitive type constraints with LLM generation and employ
in-context examples to develop a task-specific agent tailored
to each editing type. Furthermore, we integrate the gener-
ated editing instructions with the original captions to create

instruction pairs, which serve as in-context examples for it-
erative self-enhancement, thereby gradually increasing the
diversity and complexity of the instructions. Details of the
prompt constraints and examples are in Appendix B.2.

Adaptive Editing Pipelines.  Traditional instruction-
editing datasets [41, 57] rely on fixed pipelines [19] or
time-consuming manual filtering, making it difficult to ef-
ficiently generate high-quality edited images for complex
editing types and various input formats. Here we propose an
adaptive view of editing pipelines that customizes the edited
image according to the specific type of editing. Specifically,
we design 9 core pipelines for generating local, global, cam-
era movement, implicit, and visual editing data. During im-
age editing generation, we input editing instruction pairs
along with the original images and their variants into the
adaptive editing pipeline. The pipeline dynamically selects
tailored solutions based on the editing type to generate im-
ages that align with the intended edits. Additionally, we in-
corporate extra constraints (e.g., dilated masks, layouts, and
geometry guidance) into the U-Net layers within the dif-
fusion process to achieve more precise semantic alignment
and artifact reduction. Full details of the image construction
process for each editing type can be found in Appendix B.3.

Data Quality Enhancement. Since the quality of editing
data is critical for robust editing model training in AnyEdit,
we further introduce a comprehensive filtering strategy for
data quality enhancement. It consists of two steps: instruc-
tion validation pre-filter and image quality post-filter.

(i) Instruction Validation Pre-filter. We notice that partial
editing instructions from LL.Ms sometimes introduce ambi-
guities that adversely impact the edited image (e.g., chang-
ing appearance in “color alter” editing or changing action
of the static desk in “action change” editing). Simultane-
ously, low-quality initial images (e.g., low resolution, bad
aspect ratio, lack of aesthetics) consistently lead to unsatis-
factory editing results, even after time-consuming rounds of
selection. Thus, we employ task-specific heuristic rules to
validate various instructions, ensuring consistency and per-
forming aesthetic evaluations to guarantee that aesthetically
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Semantic Similarity ~ Visual Similarity

Dataset

CLIPin CLIPout SSIM DINOv2
IP2P [5] 0.2650 0.2694  0.5826  0.6859
UltraEdit [57] 0.2834 0.3049  0.6401  0.7231
AnyEdit (Ours)  0.3288 0.3133  0.6638  0.9053

Table 3. Overall dataset quality comparison between AnyEdit and
other datasets using automatic semantic and visual metrics.

balanced images are used for the editing process.

(ii) Image Quality Post-filter. After collecting all the edit-
ing results, we conducted an automatic data evaluation to
filter out unsatisfactory images that did not meet the cri-
teria for data generation. First, we utilize CLIP filtering
metrics [41, 57] to assess the alignment between edited im-
ages I. and their output captions 7T, ensuring consistency
with editing instructions and desired modifications in tar-
get regions. Subsequently, we utilize CLIP image similar-
ity to compare the original image I, and the edited image
1., ensuring the fidelity of unedited image elements at the
pixel level. Additionally, we compute the L1 distance be-
tween I, and I, to maintain the global structure of the orig-
inal images. Finally, we employ CLIP directional similar-
ity [54], which quantifies the alignment between modifica-
tions in images and the associated changes in captions, to
verify the AnyEdit’s instruction-following capability. We
further apply the object detector to validate the presence of
edited objects (in Local Editing) and the VLM to assess the
modification of global images (in Global Editing).

3.3. Characteristics and Statistics

Benefiting from our promising automated dataset collection
approach, AnyEdit comprises 2.5 million high-quality edit-
ing pairs across 25 distinct editing types. AnyEdit encom-
passes a broader range of domains, including complex edit-
ing tasks such as viewpoint editing, implicit editing, and
visual editing, and it incorporates a richer variety of scenes,
including conceptually rich synthetic scenes (c.f., Tab. 1).
Moreover, the data distribution of AnyEdit in Fig. 1(b) re-
flects a broad variety of edit types, with coverage across
domains. Quantitatively, we assess AnyEdit’s data qual-
ity based on semantic similarity and visual similarity met-
rics (c.f., Tab. 3). The significant improvement (+25.2% in
DINOvV2 and +16.0% in CLIPin compared to the UltraEdit)
shows AnyEdit’s effectiveness in maintaining pixel-level
consistency and accurately reflecting editing instructions.

4. Method
4.1. Architecture

Since AnyEdit contains a wide range of editing instruc-
tions across various domains, it holds promising potential
for developing a powerful editing model to address high-
quality editing tasks. However, training such a model has
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Figure 3. Architecture of AnySD. AnySD is a novel architecture
to supports three conditions (original image, editing instruction,
visual prompt) for various editing tasks.

three extra challenges: (a) aligning the semantics of vari-
ous multi-modal inputs; (b) identifying the semantic edits
within each domain to control the granularity and scope of
the edits; (c) coordinating the complexity of various editing
tasks to prevent catastrophic forgetting. To this end, we pro-
pose a novel AnyEdit Stable Diffusion approach (AnySD)
to cope with various editing tasks in the real world. As il-
lustrated in Figure 3, AnySD includes three designs: visual
prompt projector, task-aware routing, and learnable task
embedding. Then, we will introduce each AnySD design.
Visual Prompt Projector. To align the semantics of multi-
modal inputs, we first use a visual prompt projector to
align these image features 2y from the frozen CLIP image
encoder with the instruction embeddings to obtain visual
prompt cy,. We then integrate these embeddings into the
timestep embeddings of the UNet through cross-attention
interactions to provide visual prompt conditioning during
general image editing diffusion [5]. The diffusion objective
is then adjusted as follows:

L = Eg(a),e(cr),ercv.emN(0,1)t [||€ €o(ze,t,E(cr), CT7¢V))||%]

ey
where € € N(0,1) is the noise added by the diffusion pro-
cess and [z, ¢y, e, (cy)] is a quadruple of editing instruc-
tion, with ¢y only being applicable for visual editing.
Task-aware Routing. Since each editing type exhibits dif-
ferent granularities and scopes of edits, we propose a task-
aware routing strategy with Mixture of Experts (MoE) [29]
blocks to meet task-specific editing requirements. Specifi-
cally, the visual condition cy is integrated into the frozen
UNet layers with decoupled cross-attention to avoid dis-
rupting the edit instruction condition. Each MoE block
shares the same text attention layer but has diverse visual
attention weights for ¢y by the router based on the task em-
bedding. Therefore, we introduce a cross-attention layer for
each expert and add the distributed results from all experts
to the output of text cross-attention as follows,

new __ QKT Q(K/)T> /
Z = Softmax < 7 > V + Softmax <\/g Vv

where K’ = ¢, W}, is the query matrix from the visual
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EMU-Edit Test

MagicBrush Test

CLIPim T CLIPout T LT] DINO T CLIPim 1 CLIPout T LT] DINO T § 100% -
PnP [44] 0.521 0.089 0.089 0.304 0.568 0.101 0.289 0.220 g o//
Null-Text [30] 0.761 0.236 0.075 0.678 0.752 0.263 0.077 0.664 5 <
InstructPix2Pix [5] 0.834 0.219 0.121 0.762 0.837 0.245 0.093 0.767 £ 95%
EMU-Edit [41] 0.859 0.231 0.094 0.819 0.897 0.261 0.052 0.879 g
UltraEdit (SD3) [57] 0.845 0.283 0.071 0.794 - - - - [
SD1.5 w/ MagicBrush [54] 0.838 0222 0.100 0.776 0.883 0.261 0.058 0.871 .E oo
SD1.5 w/ AnyEdit (Ours) 0.866 (+3.3%)  0.284 (+27.9%)  0.095 (-5.0%)  0.812 (+4.6%) 0.892 (+1.0%) 0.273 (+4.6%)  0.057 (-1.7%)  0.877 (+0.7%) < 0% A~ DINO (0.821 as 100%)
AnySD w/ AnyEdit (Ours) 0.872 (+4.1%) 0.285 (+28.4%) 0.070 (-30.0%) 0.821 (+5.8%) 0.898 (+1.7%) 0.275 (+54%) 0.051 (-12.1%)  0.881 (+1.1%) e

0.5M  1.0M 1.5M 2.0M

Table 4. Comparison of methods on EMU-Edit [41] and MagicBrush [54] benchmark. We show perfor- Figure 4. Dataset scales effect.
mance improvements over SOTA models of the same architecture, with only training data differences.

prompt and W, is the corresponding weight matrix.
Learnable Task Embeddings. To guide the generation
process toward the appropriate granularity for each editing
task, we learn a task embedding v; during training. Un-
like previous work [41], we insert task embeddings before
the MoE block rather than integrate them into the whole
denoising process to alleviate query confusion between in-
structions and editing types. The task embedding v; has two
main roles: (1) It concatenates with z, (set to zero when no
visual prompt is provided) to form cy for MoE blocks; (2)
it inputs to the router [60], distributing weights across MoE
experts. More details of architecture are in Appendix G.1

4.2. Training and Inference

To enhance AnySD’s ability to handle diverse conditioning
for editing, we introduce CFG [20] extending from Instruct-
Pix2Pix [5] for three conditioning. Furthermore, we struc-
ture our training into two stages for AnySD, ensuring that
the diffusion model can thoroughly understand general edit-
ing knowledge and develop fine-grained task-specific skills.

Stage I: Instruction Understanding. In this phase, we
freeze the task-aware router and only pre-train the UNet
layer to align with editing instructions. Additionally, We
set additional conditions to zero tensors by CFG to enhance
the model’s instruction-following capability.

Stage II: Task Tuning. In this phase, we further fine-
tune W/, and W/ within the MoE block, task-aware router,
visual prompt projector, and task embeddings to adapt the
model to the task-specific editing granularity.

Inference. In the inference stage, we predict the edit-
ing type with LLMs (e.g., LLaMA-3) when given the input
instruction. Then, we apply our AnySD for editing.

5. Experiments

In this section, we first assess AnyEdit and AnySD on pop-
ular standard editing benchmarks (§ 5.2), demonstrating
the high quality of the AnyEdit dataset and the superior-
ity of the AnySD architecture. Additionally, we extend
the evaluation to the more challenging AnyEdit-Test bench-
mark (§ 5.3) to show the promising expandability of our ap-
proach, better aligning with the creative editing demands in
real-world scenarios. We further present qualitative results
(§ 5.4) and conduct in-depth analysis (§ 5.5) to illustrate the

CLIPimT CLIPout? LIJ DINOT
Null-Text [30] 0.773 0.270 0245  0.641
InstructPix2Pix [5] 0.753 0.274 0.164  0.562
= MagicBrush [54] 0.823 0.293 0.120  0.698
g HIVEY [56] 0.814 0.294 0.184 0.651
= HIVES [56] 0.845 0299  0.114  0.766
UltraEdit (SD3) [57] 0.831 0.308 0.112  0.731
AnyEdit (Ours) 0.863 0.297 0.094  0.788
Null-Text [30] 0.753 0.277 0270  0.613
InstructPix2Pix [5] 0.747 0.261 0.180 0.523
= MagicBrush [54] 0.731 0.278 0.233 0.493
S  HIVEY [56] 0.762 0.287 0.196  0.579
O HIVES [56] 0.787 0.294 0.253  0.576
UltraEdit (SD3) [57] 0.772 0.297 0.191 0.619
AnyEdit (Ours) 0.788 0.301 0.159  0.647
‘5 InstructPix2Pix [5] 0.700 - 0.178 0.477
£  MagicBrush [54] 0.765 - 0.170  0.589
2 HIVEY [56] 0.779 - 0.175 0.619
= HIVE® [56] 0.838 ; 0171 0739
E UltraEdit (SD3) [57] 0.802 - 0.340 0.514
S AnyEdit (Ours) 0.833 - 0.110  0.745
InstructPix2Pix [5] 0.794 0.288 0.190 0.558
_  MagicBrush [54] 0.865 0.280 0.149  0.711
S HIVEY [56] 0.821 0.284 0.161 0.635
E* HIVE® [56] 0.862 0.284 0.137 0.728
~  UltraEdit (SD3) [57] 0.856 0.281 0.135 0.703
AnyEdit (Ours) 0.867 0.289 0.130 0.733
S Uni-controlnet [58] 0.717 0.249 0.260 0.442
£ AnyEdit (Ours) 0.801 0.258 0.145  0.628

Table 5. Comparison of methods on AnyEdit-Test benchmark.
scalability and broader applicability of AnyEdit.

5.1. Experimental Setup

Settings. For a fair comparison, we adopt Stable-Diffusion
1.5 [38] as the backbone and follow the settings of Instruct-
Pix2Pix [5] to train our AnySD. Notably, we only use data
from AnyEdit for training, without incorporating any addi-
tional datasets. More details are in Appendix G.5.

Benchmarks & Metrics. We access our method across
two popular benchmarks: Emu Edit Test [4]1] and Mag-
icBrush [54]. These standard benchmarks evaluate edit-
ing models by comparing edited results with ground truths.
Additionally, we manually selected 50 high-quality editing
data from each editing type in AnyEdit, creating AnyEdit-
Test for a more challenging and comprehensive evalua-
tion. Notably, AnyEdit-Test is not visible during training.
See Appendix E for details of AnyEdit-Test. Following
prior work [14, 41, 54], we adopt semantic similarity (i.e.,
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“Change the action of the horses to galloping”

Input IP2P MagicBrush  HIVE-c UltraEdit Ours

“Change the style of the image to bit style”

Input IP2P MagicBrush ~ HIVE-c UltraEdit Ours

Figure 5. Qualitative evaluation of 10 distinct and complex tasks on AnyEdit-Test, such as action change (i), appearance alter (iv), rotation
change (viii), counting (ix), and outpainting (x), demonstrates that our method yields promising results across these editing tasks.

CLIPim and CLIPout) and visual similarity (i.e., DINO and
L1 distance) metrics to evaluate the effectiveness of AnySD
trained on AnyEdit for instruction-based image editing.

Baselines. We use the following baselines: 1) special-
ized image editing methods: PnP [44], Null-Text [30].
2) instruction-based methods: it directly edits images
with natural language, including InstructPix2Pix [5], Mag-
icBrush [54], HIVE [56], EMU-Edit [41], UltraEdit [57]. 3)
visual condition methods: it targets visual editing, including
Uni-controlnet [58]. More details are in Appendix G.6.

5.2. Main Results on Standard Image Editing

We report the standard image editing results of AnyEdit and
other baselines on EMU-Edit Test and MagicBrush bench-
marks in Table 4. Based on the experimental results, we
have summarized the following conclusions: (i) Our SD-
1.5 with AnyEdit, which only changes the training data to
AnyEdit, consistently demonstrates superior semantic per-
formance in both edit alignment and content preservation
compared to SOTA methods, even without additional mask
supervision (0.872 for CLIPim and 0.285 for CLIPout on
the EMU-Edit Test). It highlights AnyEdit’s effectiveness
in mastering high-quality image editing, validating its high-
quality editing data with significant semantic alignment
and underlying clear editing structure. (ii) Our AnySD
model, trained on AnyEdit using the AnySD architecture,
further surpasses SOTA methods in both semantic and vi-
sual similarity (0.872 of CLIPim on EMU-Edit Test and
0.881 of DINO on MagicBrush Test), setting new records

on MagicBrush and Emu-Edit benchmarks. This demon-
strates the superiority of AnySD in following editing in-
structions while preserving unchanged image elements,
thanks to its task-aware architecture that learns task-specific
knowledge from the diverse editing types in AnyEdit, en-
hancing the model’s cross-task editing capabilities.

5.3. Comparison on AnyEdit-Test Benchmark

Table 5 presents the results of the AnyEdit-Test benchmark,
where each instruction is designed to rigorously evaluate
AnyEdit’s adaptability across a wider range of challeng-
ing editing scenarios. We provide further results of each
editing category in Appendix F. It can be observed that (i)
most baselines struggle to effectively handle more complex
editing tasks that are rarely in standard benchmarks (0.190
v.s. 0.121 on average L1), especially for implicit editing
that requires reasoning abilities. This illustrates the impor-
tance of AnyEdit-Test for evaluating the performance of
editing models on complex tasks. (i) Even for common
editing tasks, state-of-the-art models show a significant de-
cline in consistency performance on AnyEdit-Test (-3.5%
on CLIPim and -19.2% on DINO of UltraEdit). This under-
scores the limitations of existing benchmarks in evaluat-
ing multi-scene editing. (iii) In contrast, AnyEdit signif-
icantly outperforms SOTA methods across all editing cate-
gories, demonstrating its scalability and robustness in han-
dling complex tasks across diverse scenarios. (iv) Tradi-
tional methods often struggle to handle visual editing effec-
tively due to additional visual inputs. In such cases, even
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Input & Visual condition Uni-controlnet Ours

Follow the given bounding box [V*] to erase the laptop

Figure 6. Comparison of our image editing method against Uni-
controlnet [58] for visual editing tasks on AnyEdit-Test.

when compared to Uni-ControlNet, which is pre-trained
with diverse visual conditions, AnyEdit consistently per-
forms better in visual editing tasks. It shows the efficacy
of AnyEdit in handling vision-conditioned editing instruc-
tions. We provide more qualitative evidence in Sec. 5.4.

5.4. Qualitative Evaluation

Due to the limitations of quantitative metrics in evaluating
editing tasks, we perform qualitative evaluations to further
assess the effectiveness of our approach, as shown in Fig-
ure 5. Our key observations are: 1) Most baseline mod-
els, including the human-tuned HIVE-c[56] and the SOTA
UltraEdit with its extensive training data[57], still suffer
from over-editing or misalignment when handling com-
plex fine-grained instructions (e.g., “facial distortion” and
“missing glasses” in Fig. 5(ii)). 2) Due to the limited di-
versity and quality of current datasets, previous methods
(i.e., ip2p [5], MagicBrush [54], and UltraEdit) struggle
to generalize to novel editing types in diverse scenar-
ios (e.g., failing to follow instructions in rotation change
and counting tasks, or roughly altering objects instead of
its fine-grained appearance in appearance alter task). 3) In
contrast, our method can effectively ensure editing accu-
racy in target regions and maintain consistency in ir-
relevant areas even without any mask guidance (Fig. 5(i),
(vii)). Also, our method can automatically distinguish be-
tween foreground and background to modify the back-
ground (Fig. 5(v)). Moreover, our method successfully
executes more complex editing instructions (e.g., style
change in Fig. 5(vi) and outpainting in Fig. 5(x)).
Additionally, we visualize AnyEdit results on visual edit-
ing in Figure 6. In this challenging setting, UniControl can
either reflect only the pixel information from the visual con-
dition or retain the semantics of the original image without
performing any edits. In contrast, for various visual instruc-
tions, AnyEdit consistently comprehends the pixel infor-
mation in visual conditions and achieves reliable editing.

CLIPim1? CLIPoutt L1| DINOT?T

AnySD w/ AnyEdit 0.872 0.285 0.070  0.821
1 w/o task-aware routing 0.838 0.275 0.154  0.757
w/o task emb 0.859 0.282 0.107  0.809
3 AnyEdit (w/o compsn.) 0.868 0.271 0.099 0.785

Table 6. Ablation study of our method on EMU-Edit Test [41].

These promising visualization results confirm the effective-
ness and high quality of the diverse editing data in AnyEdit.
More qualitative results are shown in Appendix H.2.

5.5. In-depth Analysis

AnySD Architecture. We investigate the effectiveness of
each component and conduct the following experiments on
EMU-Edit Test benchmark: (1) We remove the text-aware
routing strategy in AnySD (c.f. Rows 1 of Tab. 6) and find
that it leads to significant performance degradation (0.838
v.s. 0.872 in CLIPim and 0.154 v.s. 0.070 in L1), demon-
strating its crucial role for adapting diverse image editing
tasks. (2) We remove task embeddings in AnySD and ob-
serve that it has little impact on semantic alignment but
significantly affects visual consistency (c.f. Rows 2 of
Tab. 6), suggesting that task embeddings control the percep-
tual granularity of pixel information during cross-attention.
Analysis of Data Scaling in AnyEdit. In Figure 4, we an-
alyze the data scaling effect of AnyEdit on image editing
capability. We observe: (1) For consistency metrics (i.e.,
CLIPim and DINO), performance improves progressively
as data scale increases; (2) For editing accuracy metrics
(i.e., CLIPout), we can achieve promising performance even
with a small amount of data, indicating that AnyEdit excels
in semantic alignment. (3) Furthermore, we remove the
AnyEdit-Composition editing data in counterfactual syn-
thesis scenarios, as shown in row 3 of Tab. 6, the lack of
conceptual balance in AnySD hinders its ability to gener-
alize, leading to a decline in semantic performance (-4.9%
of CLIPout). This confirms the efficacy of counterfactual
synthetic scenes to generalization in editing tasks.

6. Conclusion

In this work, we present a novel perspective for categoriz-
ing editing tasks and introduce a unified framework that
exploits adaptive pipelines to construct high-quality data
for diverse editing tasks in a low-resource manner. Build-
ing on this, we propose AnyEdit, a multi-type, multi-scene
instruction-based editing dataset comprising 2.5M editing
samples across 25 distinct types, along with its benchmark,
AnyEdit-Test, enabling a more comprehensive paradigm for
unified image editing. Furthermore, we develop the power-
ful AnySD, unlocking the full potential of AnyEdit. Ex-
tensive experiments on standard benchmarks and the chal-
lenging AnyEdit-Test demonstrate that our method excels in
high-quality image editing across diverse tasks and scenar-
ios, accurately executing complex instructions while pre-
serving image consistency in unmodified elements.
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