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Figure 1. (a) Our editing method works well with real and high-resolution images, handling various free-form edits (left) and local edits (right); (b)
Compared to the current state-of-the-art SmartEdit, our method achieves a 9.19% performance improvement with 30→ less training data and 13→
fewer model parameters; (c) Our method achieves better overall scores on the human evaluation results, indicating more precise editing capabilities.

Abstract

Due to the challenges of manually collecting accurate editing
data, existing datasets are typically constructed using various
automated methods, leading to noisy supervision signals caused
by the mismatch between editing instructions and original-edited
image pairs. Recent efforts attempt to improve editing models
through generating higher-quality edited images, pre-training
on recognition tasks, or introducing vision-language models
(VLMs) but fail to resolve this fundamental issue. In this paper,
we offer a novel solution by constructing more effective editing
instructions for given image pairs. This includes rectifying the
editing instructions to better align with the original-edited im-
age pairs and using contrastive editing instructions to further
enhance their effectiveness. Specifically, we find that editing
models exhibit specific generation attributes at different infer-
ence steps, independent of the text. Based on these prior at-
tributes, we define a unified guide for VLMs to rectify editing
instructions. However, there are some challenging editing sce-
narios that cannot be resolved solely with rectified instructions.

→ Corresponding author, sijiezhu@bytedance.com
‡ This work was done during the first author’s internship at ByteDance USA

To this end, we further construct contrastive supervision signals
with positive and negative instructions and introduce them into
the model training using triplet loss, thereby further facilitating
supervision effectiveness. Our method does not require the VLM
modules or pre-training tasks used in previous work, offering
a more direct and efficient way to provide better supervision
signals, and providing a novel, simple, and effective solution
for instruction-based image editing. Results on multiple bench-
marks demonstrate that our method significantly outperforms
existing approaches. Compared with previous SOTA SmartEdit,
we achieve 9.19% improvements on the Real-Edit benchmark
with 30→ less training data and 13→ smaller model size. All
data and models are open-sourced on Github for future research.

1. Introduction
In recent years, significant progress has been made in
text-to-image (T2I) generation [10, 37, 40–42] due to the
development of diffusion models [9, 21, 48, 49]. These T2I
diffusion models can generate images that align with natural
language descriptions while satisfying human perception
and preferences. Consequently, numerous image editing
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methods [4, 6, 19, 31] based on these models have been
proposed to achieve various editing effects. Instruction-based
methods [4, 12, 24] have become increasingly popular as they
allow users to conveniently and easily modify images using
language instructions without the need to provide masks, as
required by mask-based methods [18, 28, 47, 53].

The training of instruction-based editing models requires the
original-edited image pairs and corresponding editing instruc-
tion, making it difficult to manually create or collect a large
amount of relevant data [58]. To address the issue of scarce
training data, existing efforts [13, 19, 25, 62] have attempted to
develop various automated pipelines to synthesize large datasets.
Specifically, most methods first use large language models
(LLMs) to modify the text descriptions of original images. The
original images and modified texts are then input into various
pre-trained diffusion models to automatically generate edited
images. However, current text-to-image diffusion models strug-
gle to fully correspond to input text prompts [15, 59]. This often
changes parts of the original images that do not require editing,
leading to misaligned editing instructions and original-edited
image pairs, thus resulting in noisy supervision signals. To mit-
igate the potential issues of noisy supervision in image editing
models, existing work has attempted to introduce additional
recognition pre-training tasks for U-Net [43] such as semantic
segmentation [14, 45], or replace CLIP [38] text encoder with
vision-language models (VLMs) [12, 24] to better understand
editing instructions from noisy supervision signals. However,
these methods not only introduce significant computational over-
head but also overlook the issue of noisy supervision signals.

In this paper, we focus on addressing the fundamental
challenge by introducing more effective editing instructions, as
demonstrated in Fig. 2. Our data-oriented method explores a dif-
ferent research question: how much performance improvement
can be achieved solely by focusing on supervision signal quality
and optimization in image editing? Surprisingly, SuperEdit
outperforms existing methods in both GPT-4o and human
evaluations, despite using less data and requiring no additional
modules or pretraining as shown in Fig.1. This demonstrates
that high-quality supervision signals can significantly compen-
sate for architectural simplicity, achieving results comparable
to or better than methods with more complex requirements.

Specifically, to enhance the effectiveness of supervision
signals for instruction-based image editing methods, we propose
using VLMs to rectify editing instructions, creating better-
aligned instructions for the original-edited image pairs. However,
determining which VLM to use for this task and how to establish
a unified rectification method for various editing instructions re-
main unexplored problems. To address this, we first analyze the
ability of different VLMs to understand the differences between
original and edited images, showing that GPT-4o [1] is the most
capable of rectifying editing instructions. Additionally, we ob-
serve that both editing models and text-to-image diffusion mod-
els share a similar prior, as shown in Fig. 4: different inference
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Figure 2. Unlike existing efforts that attempt to (a) scale up edited
images with noisy supervision [4, 25], (b) introduce massive VLMs
into editing model architecture [12, 24], and (c) perform additional
pre-training tasks [14, 45], (d) we focus on improving the effectiveness
of supervision signals, which is the fundamental issue of image editing.

stages correspond to the generation of different image attributes,
independent of the input text prompt [2, 17, 19, 36, 46, 56, 61]
or editing instructions. Inspired by this, we guide VLMs based
on these attributes to establish a unified rectification guideline
for various editing instructions, as demonstrated in Fig. 3.

When training with only rectified editing instructions, we
find that the editing model can better understand the editing com-
mands but still faces challenges in handling complex scenarios.
For example, when the original image contains multiple objects,
the edit model struggles to perform an accurate editing function
if the instructions modify only one of these objects. Additionally,
inherent issues present in pre-trained text-to-image diffusion
models [15, 22–24], such as difficulty in understanding quantity,
position, or object relationships, persist in the editing models. To
address these issues, we propose using contrastive supervision
signals to further optimize the editing model. Specifically,
we first construct incorrect editing instructions based on the
rectified instructions to generate positive and negative samples.
We then introduce a triplet loss to guide the model, thereby
enhancing the effectiveness of supervision, as shown in Fig. 5.

In summary, our contributions are summarized as follows:
• New Insight: We aim to address the noisy supervision

problem that arises from the misalignment between editing
instructions and original-edited image pairs, which is a funda-
mental issue overlooked by previous work, as shown in Fig. 2.

• Rectifying Supervision: We leverage diffusion generation
priors to guide the vision-language model to generate better-
aligned editing instructions for original-edited image pairs.

• Facilitating Supervision: We introduce contrastive supervi-
sion using triplet loss, enabling the editing model to learn
from both positive and negative editing instructions.

• Promising Results: We achieve significant improvements on
multiple benchmarks without additional pre-training or VLM.
Compared to SmartEdit [24], we achieved a 9.19% improve-
ment while reducing 30→ data and 13→ model parameters.
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2. Related Work
2.1. Image Editing with Diffusion Models
Building on advancements in text-to-image (T2I) dif-
fusion models [10, 37, 40–42, 44], recent research has
explored them for image editing [4, 19]. Training-free meth-
ods [5, 19, 29, 31, 34, 51] typically achieve this by adjusting
attentions in pre-trained T2I models, but have limited perfor-
mance and generalization capabilities on various editing tasks.

Training-based methods address these limitations with
specialized editing models, which can be categorized into
mask-based and instruction-based approaches. Mask-based
methods [6, 18, 28, 47, 53, 57] enable fine-grained local edits
with user-provided or predicted masks and corresponding text
descriptions. However, it struggles with global image editing
and is constrained by the lack of mask-based editing data [24].

Instruction-based methods directly accept textual commands,
such as “add a dog”, offering better editing flexibility and
generalization. InstructPix2Pix [4] pioneered this paradigm
by generating instruction-based editing data and modifying
the conditions of T2I diffusion models. Building on this
framework, subsequent work introduces vision-language
models [12, 24, 33] or additional pre-training tasks for the
denoising U-Net [14, 24, 43, 45] to enhance the understanding
and reasoning of input conditions. However, these methods not
only introduce substantial computational overhead but also
overlook the fundamental noisy supervision issue.

2.2. Generating and Improving Editing Supervision
Due to the difficulty of scaling instruction-based im-
age editing data through manual collection, existing
efforts [4, 13, 25, 58, 62] aim to automatically modify text
descriptions of original images and generate edited images
with T2I diffusion models. However, this approach often
produces synthesized images that do not align with the editing
instructions, as shown in Figure 3, resulting in noisy editing
supervision signals [58, 62]. To address this, MagicBrush [58]
manually filters out incorrect editing data, but it is hard to scale.
Unlike existing methods focusing on edited image quality, we
leverage diffusion prior and vision-language model (i.e., GPT-
4o [1]) to create better-aligned instructions with original-edited
image pairs, providing more accurate supervision.

2.3. Alignment of Diffusion Models
The success of alignment training in large language models
(LLMs) [26, 32, 39] has been applied to diffusion models for
better image generation. This is achieved by maximizing reward
scores [8, 27, 54] or the generation probability of the winner
image in a pair [11, 52, 55]. In image editing, HIVE [60] and
MultiReward [16] attempt to incorporate reward information
into the text condition to align the editing model. In contrast,
we guide the editing model by rectifying and constructing con-
trastive editing instructions, achieving more effective alignment.

3. Method
In this section, we first introduce the most general image editing
framework in Sec. 3.1. Then, we explain how to use diffusion
priors to rectify editing instructions with the multimodal model
(i.e., GPT-4o) in Sec. 3.2, thereby enhancing the accuracy of
supervision signals. Finally, we describe how to construct
contrastive supervision with both correct and incorrect editing
instructions and integrate it into the editing model training using
triplet loss in Sec. 3.3.

3.1. Instruction-based Image Editing Framework
InstructPix2Pix [4] pioneered instruction-based image editing,
performing editing tasks by simultaneously taking the original
image CI and editing instructions CT as input conditions to
generate the edited image x from random noise ω. Following
the definition of DDPM [21], we randomly sample a timestep
t ↑ T during training, and then add corresponding noise ωt to
the edited image x:

xt =
↓

ε̄tx+
↓

1↔ε̄tωt, ω↗N (0,I), (1)

where ω is a noise map sampled from a Gaussian distribution,
and ε̄t :=

∏t
s=0εs, εt = 1↔ϑt is a differentiable function of

timestep t, which is determined by the denoising sampler such
as DDPM [21]. Then the training objective of the editing model
ωω is predicting the added noise at timestep t, which can be
written as:

Ltrain =Ext,t,CI,CT ,ε

[∥∥ωω

(
concat(xt,CI),t,CT

)
↔ωt

∥∥2

2

]
, (2)

where concat refers to concatenating the image latents of noised
edited image xt and original image cI in the channel dimension.

3.2. Rectifying Supervision with Diffusion Priors
As shown in Fig. 3, existing image editing datasets [4, 13, 58]
typically use only Steps 1 and 2: LLMs construct editing
prompts and captions, and then text-to-image diffusion models
synthesize edited images. However, diffusion models often fail
to accurately follow prompts while maintaining image layout,
creating mismatches between original-edited pairs and editing
instructions, resulting in inaccurate supervision. While better
supervision signals for text-to-image diffusion models are com-
mon in image generation [3, 50], this approach remains underex-
plored in image editing due to two challenges: (1) VLMs trained
on single-image data struggle with multi-image inputs, and (2)
editing instructions vary widely, making unified rectification
guidelines difficult. To address these issues, we: (1) analyzed
different VLMs’ capabilities with multi-image inputs, finding
GPT-4o most effective, and (2) discovered that timestep-specific
roles in image generation also apply to editing, providing a
foundation for a unified rectification method across various
instructions (Fig. 3 and 4). Due to page limitations, our VLM
analysis is in the Supplementary Material, while this section
focuses on Diffusion Prior and Editing Instruction Rectification.
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often fail to accurately follow text prompts while maintaining the input image’s layout, resulting in mismatches between the original-edited image
pairs and the editing instructions. (b) We perform instruction rectification (Step 3) based on the images constructed in Steps 1 and 2. We show VLMs
can understand the differences between the images, enabling them to rectify editing instructions to be better aligned with original-edited image pairs.

!"#$%" &'%()*

+(,-. +/%)* !"#$#%& '%($)*+$#,% -. /01%&23$023!"#$%&'()* $,3$02 #+'(*, -$,

!"#$#%& '%($)*+$#,% 4. 5*)%30#63#%$,313

!"#$#%& '%($)*+$#,% 7. 5)1%(8,)63#%$,3."/0&#'+'&1-/,+0

!" !" !""#"

012 3.%)* 4%.* 3.%)*5%6"7 3.%)*

#" $"

8*.%1" &'%()*

+(,-. +/%)*

" $""

4#9%" &'%()* 8*.%1" &'%()*

3.7"* &'%()*

+(:.6-9.;1<=;1<
88+0 >?@:.*,

+(,-. +/%)*

4#9%" &'%()*

!"#$%" &'%()*

Figure 4. We show that the editing model follows consistent generation
attributes at different sampling stages, independent of the editing instruc-
tions. The early, middle, and late sampling stages correspond to global,
local, and detail changes, respectively, while style changes occur at all
stages. All the generated images here are DDIM 30-step sampled final
images. The orange progress bar and the grid progress bar represent the
sampling stages with and without the editing instructions, respectively.

Diffusion Generation Priors. Previous work has shown that
different timesteps play distinct roles in image generation for
text-to-image diffusion models, regardless of the text prompt [2,
17, 19, 36, 46, 56, 61]. We find that this phenomenon also
exists in instruction-based editing models and present examples
based on pre-trained InstructPix2Pix [4], as shown in Fig. 4.
Specifically, diffusion models focus on global layout in the early
stages, local object attributes in the mid stages, and image details

in the late stages of sampling. This finding inspires us to guide
VLMs based on these four generation attributes, establishing a
unified rectification method for various editing instructions. We
provide more analysis and details in the Supplementary Material.

Editing Instruction Rectification. As demonstrated in Fig. 3,
we extend the existing editing data generation pipeline by
introducing our instruction rectification (Step 3). This process
relies on the original edited image pairs obtained through
Steps 1 and 2 from previous work. Specifically, we input
original-edited image pairs into the vision-language model (i.e.,
GPT-4o) and instruct it to describe the changes in the edited
image compared to the original image according to the above
diffusion prior generation attributes. Finally, we use VLM to
summarize the instructions and ensure that its length is less than
the maximum length of CLIP text encoder, which is 77 tokens.

3.3. Facilitating Supervision with Contrastive
Instructions

Although using rectified editing instructions can significantly
improve performance across various editing tasks, we find that
editing models still struggle with closely related text instructions.
For example, “add a cat on the left side of the image” and “add
two cats on the right side of the image” might produce the same
edited image. This indicates that inherent biases in pre-trained
text-to-image diffusion models [15, 22], such as difficulties in
understanding quantity, position, and spatial relationships, per-
sist in editing models. More importantly, our experiments show
that training models with rectified editing instructions does not
resolve these challenges. To further facilitate supervision signal
effectiveness, we drew on successful alignment experiences
from large language models [1, 32, 39] and text-to-image
diffusion models [7, 52, 54]: constructing positive and negative
sample pairs and guiding the model to assign a higher generation
probability to positive samples compared to negative ones.

4

19209

Tony Nguyen
Rectangle



!"#$%" &'()%

*+#)#,(- &'()%

!

!"#$%&%#' ($)"*

!

!

.%/$#0#%"
&,1$+2/$#3,

4+3,)
&,1$+2/$#3,

56&7 8%9$ !,/3"%+

:3#1%

;<!
!,/3"%+

;<!
!,/3"%+

:3#1%

!!"" #$%&'(! )*++,+ !-*'.%'/0+

!"" # $#%& '( )*#+,
-./0*#--1- !" #$% &'!(")

!"" # $#%& '( *('*+%
-./0*#--1- ('& 231 "'0

!"" # $#%& '( )*#+,
%,'-(../ ('& 231 "'0

!"#$%&%"' ()*$+,#$%-)

.+%/%)01 (20/"

4+3,)=()*$+,#$%-)*

!!!!!!
!!!!!!

3'%$"' (20/" 123

!"# $%&'(")'*+, -&)'(./'*%& $%&)'(./'*%& !0# 1("*&*&2 3*4,5*&, 6*'7 $%&'(")'*+, -&)'(./'*%&

123

123 0
##',1#

2
%*%+

!"#$%& '()&*+ *','-

!"#$%& '()&*+./'01+1'$

!"#$%& '()&*+.*#+&%'-2

!"" # $#%& '( )*#+,
-./0*#--1- ('& 231 "'0

Figure 5. (a) Based on the rectified editing instruction and original-edited image pair, we utilize the Vision-Language Models (VLM) to generate
various image-related wrong instructions. These involve random substitutions of quantities, spatial locations, and objects within the rectified editing
instructions according to the original-edited images context; (b) During each training iteration, we randomly select one wrong instruction cT

neg and in-
put it along with the rectified instruction cT

pos into the editing model to obtain predicted noises. The goal is to make the rectified instruction’s predicted
noise εpos closer to the sampled training diffusion noise ε, while ensuring the noise from incorrect instructions εneg is farther. Best viewed in color.

Constructing Contrastive Instructions. Unlike the standard
alignment process for large language models or text-to-image
diffusion models, it is challenging to generate different
editing results from the same instruction to create positive
and negative sample pairs for image editing tasks. To address
this, we construct positive and negative editing instructions for
alignment, thereby generating relatively positive and negative
edited images. As shown in Fig. 5 (a), we use the original image,
edited image, and rectified editing instruction as input. The
VLM (i.e., GPT-4o) is used to modify attributes in the rectified
editing instruction, such as quantity, spatial relationships, and
object types, to create different wrong instructions. Here, we
require VLM to modify only a single attribute from the rectified
editing instruction in each wrong instruction, keeping most of
the editing text unchanged. Since only a few words are replaced
between the rectified instruction and the wrong instruction,
the text embeddings produced by the CLIP text encoder that
serve as input to the denoising model will also be similar.
This ensures the task’s learning difficulty, helping the model
understand how subtle differences between the two editing
instructions result in significantly different editing results.

Facilitating Editing Models with Contrastive Instructions.
Our key insight is that enhancing the effectiveness of su-
pervision signals can improve various editing tasks without
introducing additional model architectures or pre-training tasks.
Therefore, we adhere strictly to the InstructPix2Pix [4] model
architecture and training pipeline. To be specific, the inputs
including the original image cI , edited image x, the rectified
instruction cT

pos, and wrong editing instruction cT
neg. During

training, we will add a sampled timestep t ↑ T to obtain the
noised edited image xt with Equation 1. Both the rectified and
wrong editing instructions are fed into the denoising model to
predict the final noises ωpos and ωneg, which are then used to

construct positive and negative samples, respectively:

ωpos =ωω

(
concat

(
xt,c

I
)
,t,cT

pos

)
, (3)

ωneg =ωω

(
concat

(
xt,c

I
)
,t,cT

neg

)
. (4)

After constructing the positive and negative sample pairs, we
aim for the noise predicted by the positive editing instruction
ωpos to be closer to the true noise ωt sampled during training,
compared to the noise predicted by the wrong editing instruction
ωneg. This goal can be achieved through a triplet loss function:

Ltriplet =max{d(ωt,ωpos)↔d(ωt,ωneg)+m,0}, (5)

where d(x,y) = ↘x↔y↘2
2 and margin m is a hyper-parameter.

The final training loss is the combination of the original
diffusion training loss and the triplet loss:

Ltotal =Ltrain+ϖ·Ltriplet, where Ltrain =d(ωt,ωpos). (6)

Please note that the contrastive supervision signals are only
used during the training phase. During inference, the editing
model only requires one single input editing instruction.

4. Experiment
4.1. Data Collection and Construction
To build a diverse dataset with various types of editing
instructions, we need original and edited images from different
data domains, as well as a wide variety of editing instructions.
To achieve this, we sampled data from different public editing
datasets to construct rectified and contrastive supervision
signals. Specifically, we extracted 10,177, 8,807, and 21,016
editing pairs from InstructPix2Pix [4], MagicBrush [58], and
Seed-Data-Edit [13], respectively, resulting in a total of 40,000
training samples. During extraction, we strive to ensure that the
data for different types of editing tasks is as balanced as possible.
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Figure 6. Visual comparison with existing methods and the corresponding human-aligned GPT-4o evaluation scores (Following, Preserving, Quality
Scores from left to right). We achieve better results while preserving the layout, quality, and details of the original image. Please note that we
do not claim that our editing results are flawless. We provide more visual comparison results in the supplementary material.
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Method Extra
Module

Pretrain
Tasks

Edit
Data

Model
Size

Following ≃ Preserving ≃ Quality ≃ Overall ≃
Acc Score Acc Score Acc Score Acc Score

KOSMOS-G [33] ! ! 9.0M 1.9B 51% 2.82 9% 1.43 27% 3.20 29.0% 2.48
MGIE [12] ! ! 1.0M 8.1B 40% 2.43 45% 2.79 38% 3.35 41.0% 2.86

SmartEdit [24] ! ! 1.2M 14.1B 64% 3.50 66% 3.70 45% 3.56 58.3% 3.59
MultiReward [16] ! ! 320K 1.2B 63% 3.39 58% 3.43 54% 3.80 58.3% 3.54

InstructDiffusion [14] " ! 860K 1.1B 52% 2.87 54% 3.17 45% 3.58 50.3% 3.21
InstructPix2Pix [4] " " 300K 1.1B 52% 2.94 53% 3.31 50% 3.69 51.7% 3.31
MagicBrush [58] " " 310K 1.1B 51% 2.90 70% 3.85 50% 3.67 57.0% 3.47

HIVE [60] " " 1.1M 1.1B 54% 2.93 56% 3.36 53% 3.72 54.3% 3.34
HQ-Edit [25] " " 500K 1.1B 51% 2.84 16% 1.63 54% 3.84 40.3% 2.77

SuperEdit (Ours) " " 40K 1.1B 67% 3.59 77% 4.14 65% 4.01 69.7% 3.91

Table 1. Comparison with instruction-based image editing methods on Real-Edit benchmark [16]. Compared to existing work, our method achieves
state-of-the-art performance across all metrics using a small amount of high-quality editing data without introducing additional models or pre-training
tasks. Please note that the scores range from 0 to 5. ↑ denotes a higher result is better. All baseline results are cited from the MultiReward [16] paper.
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Figure 7. Human evaluation on three evaluation criteria for image editing effects. (a) Following: whether the edited image adhere to the editing
instructions; (b) Preserving: whether the image structure outside of the editing instructions has been preserved; (c) Quality: whether the overall
quality/aesthetics of the edited image has been degraded compared to the input image. Our SuperEdit achieves the best results on all of these metrics.

Following ≃ Preserving ≃ Quality ≃ Overall ≃
InstructPix2Pix [4] 2.41 2.62 2.44 2.49
SmartEdit-13B [24] 3.09 3.06 2.63 2.93
SuperEdit 3.18+1.80% 3.86+16.00% 3.37+14.80% 3.47+10.80%

Table 2. Human evaluation results on Real-Edit [16] benchmark. All
the human-evaluated scores range from 0 to 5. Overall represents the
average score of Following, Preserving, and Quality scores.

We then applied our proposed methods in Sec. 3 to rectify and
construct contrastive editing instructions for these training sam-
ples. Since the MagicBrush data has been manually verified, we
skip the rectification step for this dataset and directly construct
contrastive supervision based on the original editing instructions.
For Seed-Data-Edit dataset, we only sample images from the
first part of data without human editing instructions.

4.2. Experimental Settings

Evaluation Benchmarks and Metrics. To more accurately
assess the effectiveness of various editing models, we conducted
assessments on the Real-Edit benchmark [16], which is a human-
aligned evaluation benchmark with GPT-4o scoring. Specif-
ically, MultiReward [16] uses high-resolution images from the
Unsplash community as a test dataset and combines them with
GPT-4o [1] to create an automated evaluation method for single-
turn editing. It assesses edited images in terms of accuracy (%)
and scores (from 0 to 5), evaluating whether they adhere to the
editing instructions (Following), whether the image structure
outside of the editing instructions has been preserved (Preserv-
ing), and whether the overall quality/aesthetics of the edited
image has been degraded compared to the original one (Quality).

4.3. Experimental Results
Comparison on Real-Edit Benchmark. In Tab. 1, we
present the quantitative results of editing effectiveness on the
Real-Edit benchmark [16]. Without introducing additional
parameters or pre-training stages, our method achieves the
best results in the three GPT-4o automated evaluation metrics:
Following, Preserving, and Quality, each of which includes
percentage accuracy (Acc) and scores (from 0 to 5). For
example, compared to SmartEdit [24], which introduces an
additional 13B vision-language model (i.e., LLaVA [30]) to the
1.1B InstructPix2Pix [4] framework, we achieved improvements
of 11.4% Overall Score. This suggests that given accurate and
effective supervision signals, the trained editing model can
understand and successfully execute the editing instructions,
without the need for additional vision-language models.

It is worth noting that unlike existing image editing methods,
which often show improvement in a single metric while others
remain unchanged or worsen, our method achieves comprehen-
sive and significant advancements across all three metrics. This
indicates that improving the effectiveness of supervision signals
can accurately execute editing instructions while reducing
disruption to other non-edited parts of the image, and preserving
the quality and aesthetics of the original images. Specifically,
we surpassed the current best methods by 3%, 7%, and 11%
Acc results in Following, Preserving, and Quality, respectively.

Human Evaluation We also conduct a comprehensive hu-
man evaluation on Real-Edit benchmarks [16] in Tab. 2 and
Fig. 7. The assessment involved 15 experienced evaluators
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who rated edited images based on three critical metrics: instruc-
tion faithfulness (Following), preservation of irrelevant content
(Preserving), and visual quality (Quality). The results of this
manual evaluation demonstrate strong consistency with the GPT-
4o scoring results shown in Tab. 1, with Cohen’s Kappa=0.89,
Krippendorff’s Alpha=0.87. This high alignment thoroughly
validates that our proposed SuperEdit significantly outperforms
existing methods across all evaluation criteria. Specifically,
our SuperEdit surpasses the previous state-of-the-art method
SmartEdit [24] by 1.8%, 16%, 14.8%, and 10.8% on Following,
Preserving, Quality, and Overall scores, respectively. These
substantial improvements not only confirm the effectiveness of
our approach but also establish SuperEdit as a new benchmark
in instruction-guided image editing, achieving superior perfor-
mance while requiring significantly less training data and cost.

Visual Comparison with State-of-the-art Methods. We
show the visual comparison with existing image editing meth-
ods in Fig. 6. Compared to existing instruction-based editing
methods, our approach not only better understands and executes
editing instructions but also preserves the original image’s layout
and quality more effectively, thereby significantly outperforming
previous methods. For example, with the instruction “Replace
the tiger with a lion, maintaining the same position in the water”
our SuperEdit method achieved superior results (4.8/4.8/4.8)
compared to SmartEdit (4.8/4.8/2.5) and other methods. Addi-
tionally, our method improves the model’s comprehension of
editing instructions. For the instruction “Change the background
to a sandy beach with the ocean in the distance” our method
received perfect scores (4.8/5.0/5.0) while SmartEdit only
achieved (5.0/4.8/4.0). Similarly, for style transformation instruc-
tions like “Change the image style to look like an impressionist
painting style” SuperEdit significantly outperformed SmartEdit
with scores of (4.8/4.8/4.8) versus (1.0/4.8/4.8), demonstrating
our method’s superior ability to handle complex artistic transfor-
mations. Even more impressively, for scene transformation tasks
like “Transform the entire scene to a winter setting with snow
covering the houses, trees, and boat”, our SuperEdit achieved
(5.0/4.8/4.8) while SmartEdit only obtained (2.0/4.5/4.5). We
provide more visual comparisons with other instruction-based
image editing methods in the Supplementary Material.

4.4. Ablation Study
Ablation on the Rectified and Contrastive Instructions.
Considering that the Real-Edit [16] benchmark is evaluated by
GPT-4o [1], and its evaluation results closely align with human
ratings [16], we choose this benchmark to conduct ablation ex-
periments in Tab. 3. Compared to the original 40K training data,
our training data with rectified editing instructions significantly
improves all the performance of the editing model. Specifically,
our approach improves scores by 0.95, 0.79, and 0.11, and accu-
racy by 21%, 22%, and 4% in these three metrics, respectively.
In addition, editing performance is further enhanced by incorpo-
rating contrastive supervision signals. Compared to using only

Rectified
Instruction

Contrastive
Instructions

Following≃ Preserving≃ Quality≃
Acc Score Acc Score Acc Score

" " 41% 2.45 53% 3.27 61% 3.90
! " 62% 3.40 75% 4.06 65% 4.01
! ! 67% 3.59 77% 4.14 65% 4.01

Table 3. Ablation study on our methods. Both rectified and contrastive
editing instructions achieved improvements across all metrics.

rectified editing instructions, the introduction of contrastive su-
pervision signals improves the following and preserving scores
by 0.19 and 0.08, and accuracy by 5% and 2%, while maintain-
ing the quality accuracy and score. In summary, both the intro-
duction of rectified editing instructions and contrastive editing in-
structions improve the overall performance of the editing model.

Ablation on Data Scaling. We investigated the impact of
training data volume on model performance by experimenting
with datasets ranging from 5k to 40k samples. Tab. 4 shows
consistent improvements across all metrics as training data
increases. With just 5k samples, our model achieves reasonable
performance (54.7% accuracy, 3.42 overall score), but scaling
to 40k samples yields substantial gains (69.7% accuracy,
3.91 overall score). The most significant improvements
appear in the Preserving and Quality metrics, with 10% and
15%, respectively. This upward trend across all data points
demonstrates that SuperEdit effectively leverages additional
training examples without performance saturation, suggesting
potential for further gains with larger datasets.

Data Following ≃ Preserving ≃ Quality ≃ Overall ≃
Size Acc Score Acc Score Acc Score Acc Score
5k 49% 2.87 60% 3.71 55% 3.69 54.7% 3.42
10k 57% 3.26 71% 3.76 58% 3.87 62.0% 3.63
20k 64% 3.40 72% 4.02 63% 3.94 66.3% 3.79
40k 67% 3.59 77% 4.14 65% 4.01 69.7% 3.91
Table 4. Ablation study on data scaling results on Real-Edit [16].

5. Conclusion
In this paper, we re-examine image editing models from the per-
spective of enhancing supervision signals, finding that existing
models have not adequately addressed this challenge, resulting
in suboptimal performance. We introduce a unified editing in-
struction rectification guideline based on diffusion priors that bet-
ter aligns instructions with original-edited image pairs, thereby
enhancing supervision effectiveness. We also construct con-
trastive editing instructions allowing models to learn from both
positive and negative examples. Our data-oriented approach
explores an important but overlooked research question: What
level of performance can be achieved with minimal architec-
tural modifications by primarily focusing on supervision quality
and optimization? Remarkably, under both GPT-4o and human
evaluation, our method outperforms existing approaches de-
spite using less data and requiring no architectural modifications
or additional pretraining. This shows high-quality supervision
signals can effectively compensate for architectural simplicity,
offering valuable new perspectives for image editing research.
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