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Figure 1: MAGICBRUSH provides 10K manually annotated real image editing triplets (source image,
instruction, target image), supporting both single-turn and multi-turn instruction-guided editing.

Abstract

Text-guided image editing is widely needed in daily life, ranging from personal
use to professional applications such as Photoshop. However, existing methods
are either zero-shot or trained on an automatically synthesized dataset, which
contains a high volume of noise. Thus, they still require lots of manual tun-
ing to produce desirable outcomes in practice. To address this issue, we intro-
duce MAGICBRUSH (https://osu-nlp-group.github.io/MagicBrush/),
the first large-scale, manually annotated dataset for instruction-guided real image
editing that covers diverse scenarios: single-turn, multi-turn, mask-provided, and
mask-free editing. MAGICBRUSH comprises over 10K manually annotated triplets
(source image, instruction, target image), which supports trainining large-scale
text-guided image editing models. We fine-tune InstructPix2Pix on MAGICBRUSH
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and show that the new model can produce much better images according to human
evaluation. We further conduct extensive experiments to evaluate current image
editing baselines from multiple dimensions including quantitative, qualitative, and
human evaluations. The results reveal the challenging nature of our dataset and the
gap between current baselines and real-world editing needs.

1 Introduction

Applying non-trivial semantic edits to real photos has long been an interesting task in image process-
ing [27]. With the ever-increasing demand for visual content, image editing has become even more
essential for enhancing and manipulating images in various �elds including photography, advertising,
and social media. Natural language, as our innate and �exible interface, serves as an easy way to
guide the image editing process. As a result, text-guided image editing [21, 3, 8, 16, 14] has recently
gained more popularity compared to other mask-based image editing techniques [20, 35, 23].

Many text-guided image editing methods have been proposed recently and achieved impressive
results. These methods can be roughly divided into two categories: (1) zero-shot editing [2, 1, 24],
these pipeline methods require massive amount of manual tuning of its hyperparameters to produce
reasonable results. (2) end-to-end editing trained on synthetic datasets [4, 37, 7]. However, such silver
training data may not only contain annotation errors but also not well capture the need and diversity
of real-world editing cases, leading to models with limited editing and generalization abilities.

Therefore, there is an urgent need for a high-quality dataset to facilitate real-world text-guided image
editing. In this paper, we presentMAGICBRUSH, a large-scale and manually annotated dataset for
instruction-guided real image editing. We adopt natural language instruction [29, 4, 41, 22] for its
�exibility, which enables users to easily express desired edits with phrases like“Remove the crowd
in the background”or others shown in Figure 1. Additionally, we extend the dataset to include the
multi-turn scenario considering the editing could be conducted iteratively on an image in practice.

We employ a rigorous training and selection for crowd workers, where they need to pass a quali�cation
quiz and undergo manual grading during a trial period. Ongoing spot-checks ensure consistent quality,
and failure to maintain high standards results in elimination from the task as shown in Figure 2.
During the task, quali�ed workers need to propose edit instructions and utilize the DALL-E 2 [31]
image editing platform to interactively synthesize target image. They will interact with the DALL-E
2 platform with different prompts and hyperparameters until they harvest their desired outputs,
otherwise, the example will be dropped. Workers may perform continuous edits on the input image,
leading to a series of edit turns. Each turn has a source image (may be the original or output from the
previous turn), an instruction, and a target image. We refer to such a complete edit process on a real
input image as an edit session. Eventually, we manually check the generated images to ensure quality.
MAGICBRUSH consists of 5,313 sessions and 10,388 turns, supporting various editing scenarios
including single-/multi-turn, mask-provided, and mask-free for both training and evaluation.

Experiments show that an end-to-end editing method InstructPix2Pix [4], delivers much better results
after �ne-tuning onMAGICBRUSH and outperforms other baselines according to human preferences.
Furthermore, we conduct extensive experiments to evaluate current editing methods from multiple
dimensions including quantitative, qualitative, and human evaluations. All these results reveal the
challenging nature ofMAGICBRUSH and the gap between existing methods and real-world editing
needs, calling for more advanced model development in the future.

2 Related Work

2.1 Text-guided Image Editing

Editing real images has long been an essential task in the �eld of image processing [27] and recent
text-guided image editing has drawn considerable attention. Speci�cally, it can be categorized into
three types in terms of different forms of text.

Global Description-guided Editing. Previous methods build �ne-grained word and image region
alignment for image editing [9, 17, 18]. Recently, Prompt2Prompt [14] modi�es words in the original
prompts to perform both local editing and global editing by cross-attention control. With the re-
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Table 1: Comparison of different image editing datasets. Flower and Bird are domain-speci�c
datasets with global descriptions of target images. EditBench adopts masks (white regions) and local
descriptions as guidance, and the size (240) may be insuf�cient for training. Due to the automatic
synthesis process, InstructPix2Pix may contain failure cases.

Datasets Real Image? Open-domain? Multi-turn? # Edits Example
Source Text Target

Oxford-Flower [26] 3 7 7 8,189
“numerous pale yellow
petals and green pedicel
with green oval leaves”

CUB-Bird [38] 3 7 7 11,788
“this is a grey bird with
a brown and yellow tail
wing and a red head”

EditBench [37] 3 3 7 240
“a �at, dark-colored
skateboard with yellow
wheels”

InstructPix2Pix [4] 7 3 7 313,010 “add a cat”

MAGICBRUSH 3 3 3 10,388 “make the man ride a mo-
torcycle”

weighting technique, follow-up work Null Text Inversion [24] further removes the need of original
caption for editing by optimizing the inverted diffusion trajectory of the input image. Imagic [16]
optimizes a text embedding that aligns with the input image, then interpolates it with the target
description, thus generating correspondingly different images for editing. In addition, Text2LIVE [2]
trains a model to add an edit layer and combines the edit layer and input image to enable local editing.
For global description-guided editing, generally CLIP [30] can be applied to rank generated images
w.r.t the alignment, thereby delivering higher-ranked results. However, the requirement for detailed
descriptions of the target image poses an inconvenience for users.

Local Description-guided Editing. Another line of work utilizes masked regions and corresponding
regional descriptions for local editing. Blended Diffusion [1] blends edited areas with the other
parts of the image at different noise levels along the diffusion process. Imagen Editor [37] trains
diffusion editing models by inpainting the masked objects. Local description-guided editing enables
�ne-grained control by using masks and preserves the other areas intact. However, this method
places a greater burden on users, as they must provide additional masks. Also, this approach may
be complicated for certain editing types, such as object removal due to the dif�culty of describing
missing elements.

Instruction-guided Editing. Another form of text is instruction, which describes which aspect and
how an image should be edited, such as“change the season to spring”. Instruction-guided editing,
as initially proposed in various studies [11, 13, 42], enables users to edit images without requiring
elaborate descriptions or region masking. With advancements in instruction following [29] and image
synthesis [15], InstructPix2Pix [4] and SuTI [7] learn to edit images using instructions. Trained with
synthetic texts by �ne-tuned GPT-3 and images by Prompt2Prompt [14], InstructPix2Pix enables
image editing by following instructions. Later work HIVE [41] introduces more training triplets and
human ranking results to provide stronger supervision signals for better model training.

2.2 Image Editing Datasets

Table 1 compares various semantic editing datasets. Prior work [9, 40, 39, 17, 18] repurposes close-
domain image caption datasets [26, 38, 32] for image editing. However, these datasets primarily focus
on speci�c categories like birds and �owers, resulting in limited generalization abilities for the models
trained on them. In contrast, open-domain editing meets real-world needs, but high-quality data for
training are scarce and challenging to obtain. Although large-scale silver data can be automatically
synthesized [4], Table 1 shows the quality may not be desired. EditBench [37] is manually curated
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Figure 2: The three-stage crowdsourcing work�ow designed for dataset construction.

while it includes only 240 examples, which is insuf�cient for model training and comprehensive
evaluations. Consequently, there is an urgent need for a manually annotated and large-scale dataset.

3 MAGIC BRUSH Dataset

3.1 Problem De�nition

Instruction-guided image editing aims to edit a given image following the instruction. In terms of
the editing guidance type, this task can be divided into two settings: Inmask-free setting, given a
source imageI s and a textual instructionT of how to edit this image, models are required to generate
a target imageI t following the instruction. Inmask-provided setting, models take an additional
free-form maskM to limit the editing region, in addition to the source image and textual instruction.
This setting is easier for models but less user-friendly as it requires extra guidance (mask) from users.

Orthogonally, depending on whether the edits are conducted iteratively, we can categorize instruction-
guided image editing into two scenarios: single-turn and multi-turn. Inmulti-turn scenario , models
take the source imageI s and a sequence of textual instructionsf T1; T2; :::; Tn g to generate inter-
mediate imagesf cI t 1 ; :::; [I t n � 1 g and �nal imagecI t n . We term the entire process involving iterative
edits as an edit session. The evaluation comparescI t n with the ground truth �nal imageI t n . In
single-turn scenario, models take both the original source images and intermediate ground truth
imagesf I s; I t 1 ; :::; I t n � 1 g as input, editing them only once with corresponding instructions to have
f fI t 1 ; fI t 2 ; :::; fI t n g, respectively. Note thatfI t i andcI t i are usually different except wheni = 1 where
models take the same source imageI s and instructionT1. For single-turn evaluation, we compare all
generated imagesf fI t 1 ; fI t 2 ; :::; fI t n g and ground truthsf I t 1 ; I t 2 ; :::; I t n g pairwisely.

Among these scenarios, mask-free multi-turn editing is the most user-friendly yet challenging setting.
Users can achieve complex editing goals with just textual instructions; however, this requires models
to edit images iteratively, which easily leads to error accumulations.

3.2 Dataset Annotation Pipeline

We focus on real image editing and sample source images from MS COCO dataset [19] for subsequent
annotations. We balance 80 object classes of COCO image to increase diversity, thus reducing the
over-representation of the person object while keeping the image diversity. Figure 3a shows the �nal
distribution of MAGICBRUSH, with 34.0% person-included images.

We hire crowd workers on Amazon Mechanical Turk (AMT) to manually annotate images using
the DALL-E 2 platform.2 DALL-E 2 is a highly capable text-guided image synthesis platform that
can generate high-quality candidate images for editing purposes. However, it requires expertise
in providing speci�c editing guidance, including both global descriptions and masked regions. To

2AMT: https://www.mturk.com , DALL-E 2: https://openai.com/product/dall-e-2
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