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Abstract

Recent diffusion-based models have significantly improved
inpainting quality. However, existing methods struggle with
multi-task inpainting due to conflicting optimization ob-
jectives, and current datasets are typically limited to task-
specific scenarios, hindering joint training. To address these
challenges, we propose MagicPaint, a unified diffusion-based
inpainting model that supports object addition, removal, and
unconditional inpainting across both text and image modali-
ties. MagicPaint semantically decouples operation types and
target content by learnable tokens in our proposed MMToken
Module, effectively reconciling conflicting optimization ob-
jectives and enabling robust multi-task, multi-modal inpaint-
ing. Besides, we use a novel module named MagicMask, en-
codes operating intent directly into the mask and applies a
mask loss for spatially precise supervision. In addition, ex-
isting inpainting datasets are insufficient for multi-task and
multi-modal scenarios, limiting the capability of inpainting
models. Thus, we further introduce a new dataset compris-
ing 2.1M image tuples. It is dedicatedly designed to support
diverse inpainting scenarios and significantly improves upon
existing datasets, particularly in object removal. Through ef-
forts from both model and data perspectives, MagicPaint en-
ables users to operate anything—add, remove or inpaint con-
tent which is specified through either text or image modal-
ities in a seamless and unified manner. Extensive experi-
ments demonstrate that MagicPaint achieves state-of-the-art
performance across three key tasks (i.e., text-guided addi-
tion, image-guided addition, and object removal) and pro-
duces outputs with superior visual consistency and contextual
fidelity compared to existing methods.

Code — https://github.com/littleYaang/MagicPaint

Introduction
Image inpainting aims to restore missing or masked re-
gions in an image by reconstructing backgrounds, remov-
ing undesired objects, and synthesizing new content based
on user-provided conditions while ensuring seamless visual
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Figure 1: Our unified multi-task inpainting model can sup-
port different types of inpainting tasks harmoniously, includ-
ing but not limited to text-guided/ reference image-guided
object addition, text-guided object removal, object swap,
and movement.

and contextual coherence. Recent advancements (Lugmayr
et al. 2022) have leveraged pre-trained priors from text-to-
image generative models (Rombach et al. 2022), signifi-
cantly enhancing inpainting quality and expanding its appli-
cations (Nichol et al. 2021; Avrahami, Lischinski, and Fried
2022; Xie et al. 2023). In addition to background recon-
struction, diffusion-based inpainting models are capable of
generating intricate, contextually coherent content and syn-
thesizing specific objects conditioned on various conditional
inputs (Chen et al. 2024; Yang et al. 2023b).

Despite their strong generative capabilities, existing
methods designed for specific tasks (object addition, object
removal or inpainting) are only able to achieve success in
one of them and incapable of multitasking simultaneously.
In particular, for object removal tasks, generative priors of-
ten lead to undesired outcomes: instead of accurately restor-
ing the original background, these models tend to introduce
unnatural artifacts (Rombach et al. 2022). We analyze the
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underlying limitations and categorize them into two main as-
pects: 1) Conflicting Optimization Objectives of object ad-
dition, removal and unconditional inpainting, hindering the
model’s ability to distinguish and handle these tasks effec-
tively. Existing methods attempt to mitigate this through text
prompt tuning; however, we contend that such approaches
lack finer-grained guidance in both semantic (e.g., coarse-
grained text prompt tuning) and spatial dimensions. 2) Lim-
itations of Training Datasets. There is a lack of datasets
specifically designed for multi-task and multi-modal scenar-
ios. In particular, acquiring paired training data for object
removal remains challenging.

To overcome these limitations, we conduct a compre-
hensive investigation from both model and data perspec-
tives. For the model, we propose MagicPaint, a unified dif-
fusion based inpainting model designed to handle diverse
tasks under multimodal user conditions. MagicPaint decou-
ples operations (add, remove and inpaint) and target modal-
ities (text and image) to enhance the semantic distinction
between different inpainting operations in MMToken. To
provide spatially precise supervision to the model, a novel
module named, MagicMask, which encodes operate intent
directly into the input mask with a dedicated mask loss. For
the data, we construct a new large-scale multi-task, multi-
modal dataset MMData based on SA-1B (Kirillov et al.
2023), which covers various inpainting tasks, supporting
four key scenarios: context-driven unconditional inpainting,
text-guided object addition, reference image-guided object
addition, and text-guided object removal.

Specifically, our approach incorporates three key de-
signs: 1) MMToken Fusion Module: It decouples the input
prompts along two dimensions: operation and modality be-
fore fusing multiple tokens to reconcile multi-task conflicts.
This decoupling mitigate the verb under-representation and
semantic entanglement effectively reconciles conflicting op-
timization objectives between different operations, while ex-
tending support beyond text to include visual conditions.
2) MagicMask: Unlike existing inpainting paradigms that
use input masks solely to distinguish editable from non-
editable regions without explicit task differentiation, the pro-
posed MagicMask encodes operating intent directly within
the mask. By predicting a set of output masks and apply-
ing pixel-level constraints through a dedicated Mask Loss,
MagicMask provides granular, precise guidance to resolve
task ambiguities. 3) MMData: Beyond model innovations,
we revisit data synthesis pipelines and introduce MMData,
a large-scale region-targeted dataset tailored for the four key
tasks. It supports both text and image conditions, featuring
a specialized pipeline for high-quality object removal. With
2.1M high-quality training samples, MMData significantly
enhances training efficiency and generalization across sce-
narios.

In conclusion, our main contributions are as follows:
• We propose MagicPaint, a unified diffusion-based model
that effectively handles various inpainting tasks under a sin-
gle framework. It supports complex multimodal inpainting
operations, seamlessly accommodating different user inputs
for both background reconstruction and object synthesis.
• We introduce MMData, a large-scale, high-quality inpaint-

ing dataset containing 2.1M high-quality editing samples. It
captures diverse inpainting scenarios and supports both text
and image input modalities.
• We comprehensively evaluate our unified model on mul-
tiple inpainting tasks, demonstrating its superiority over ex-
isting inpainting methods.

Related Work
Mask-Guided Image Inpainting
Mask-driven image inpainting has advanced significantly,
aiming to restore missing regions with contextual coher-
ence. CNN and Transformer-based approaches (Wan et al.
2021; Ko and Kim 2023; Suvorov et al. 2022) introduce dy-
namic mask updates for more adaptive inpainting but strug-
gle with convergence speed and boundary consistency in ex-
tensive missing regions. With the rapid progress in text-to-
image generation, diffusion-based models like StableDiffu-
sion (Rombach et al. 2022) and DiffEdit (Couairon et al.
2022) leverage powerful generative capabilities to produce
high-quality objects or regions guided by user text prompts.
More recent works, such as UniPaint (Yang et al. 2023b),
PowerPaint (Zhuang et al. 2023) Paint by Example (Yang
et al. 2023a) and AnyDoor (Chen et al. 2024), integrate
prompt interpolation and exemplar guidance to enhance ob-
ject placement precision. While these approaches improve
local fidelity, they sometimes compromise global realism
and diversity. In this paper, we address this conflict between
object removal and addition through both model design and
data synthesis strategies.

Multi-task Image Editing
In developing a unified model for diverse image editing
operations, existing research mainly explores two direc-
tions: training-free approaches and fine-tuning-based meth-
ods. Training-free approaches (Dong et al. 2023), often built
upon the DDIM Inversion framework (Mokady et al. 2023;
Cao et al. 2023; Zhang, Chen, and Liao 2024; Jia et al.
2024). These methods often suffer from inherent DDIM lim-
itations, such as error accumulation and singularity, which
lead to inferior editing quality, particularly in object re-
moval, where failure rates are high and artifacts are com-
mon. Another notable fine-tuning-based framework for im-
age editing is instruction tuning(Zhang et al. 2023; Hui
et al. 2024; Zhao et al. 2024a; Sheynin et al. 2024; Wang
et al. 2023), exemplified by InstructPix2Pix(Brooks, Holyn-
ski, and Efros 2023). This approach encodes both the oper-
ation (e.g., addition or removal) and the desired content into
a single text prompt and fine-tunes the model on instruc-
tional datasets. However, it struggles with object insertion
and removal due to 1) limited training data for removal, 2)
conflicts in instruction prompt semantics, and 3) insufficient
spatial precision.

Method
MagicPaint Training Paradigms
In Stable Diffusion (SD)-based image inpainting, the train-
ing framework is built upon a pretrained text-to-image diffu-
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Figure 2: The architecture of MagicPaint comprises two key modules: (1) the MM Token Fusion Module, which aligns diverse
input tokens into a unified representation space, thereby enabling robust multi-task and multi-modal inpainting, and (2) the
MagicMask Module, which provides precise spatial guidance for multi-operation inpainting tasks.

sion model (Stable Diffusion), which involves both the for-
ward and reverse diffusion processes (Ho, Jain, and Abbeel
2020; Wan et al. 2021).

Forward. Gaussian noise is progressively added to the
latent encode x0 of a clean image I through a Markov chain:

xt =
√
αtx0 +

√
1− αtϵ, ϵ ∼ N (0, 1), (1)

where xt denotes the noised image at timestep t, αt repre-
sents the corresponding noise schedule, and ϵ denotes the
Gaussian noise.

Reverse. A parameterized neural network θ is trained
to estimate the added noise ϵt, enabling iterative denoising
from pure Gaussian noise to generate coherent images.

Conventional Setup. In the image inpainting task, the in-
put comprises an image I , a binary mask m, and a user-
provided instruction c. The latent embedding x0 is obtained
from I via the VAE encoder: x0 = E(I). The mask m uses
values of 0 (for background regions to remain unchanged)
and 1 (for areas to be edited). The instruction c specifies
both the operation (e.g., removal or insertion) and the de-
sired content for editing. The model’s objective is to pro-
duce an output image I ′ that satisfies the operation in c,
aligns with the described content, and seamlessly integrates
contextually consistent background elements to preserve vi-
sual coherence with the unmasked regions. The training op-
timizes ϵθ to predict the noise at timestep t, with the loss
formulated as:

Lϵ = Ex0,m,t,c,ϵt

[
|ϵt − ϵθ (xt, τθ(c), t)|22

]
(2)

where the input xt to the network is the concatenation
[zt,m, (1−m)⊙x0], combining the noisy latent zt, the mask
m, and the masked latent embedding of the input image I ,
the τθ is the text encoder.

However, such a paradigm faces significant challenges
when applied to unified inpainting, primarily due to conflict-
ing optimization directions across tasks, which make joint

learning difficult. We contend that existing approaches lack
fine-grained guidance at both the 1) semantic level: where
operation and content are entangled during training, hinder-
ing operation-specific optimization. 2)spatial level, due to
the absence of pixel-level cues necessary for precise control.

To address the above issues, MagicPaint introduces the
following key innovations as shown in Figure 2:

1) MMToken: Decoupling across two dimensions, op-
erations and modalities. We explicitly separate operations
from content by defining three distinct operation tokens
(<Add>, <Remove>, <Inpaint>). Specifically, <Add>
denotes object addition, <Remove> denotes object re-
moval, and <Inpaint> refers to the filling of masked re-
gions excluding the target objects (i.e., contextual inpaint-
ing). The target content is further classified into two modal-
ities: textual (e.g., descriptive prompts) and visual (e.g., ref-
erence images). A detailed explanation of how these tokens
are aligned and fused is provided in Section 3.2 (MMToken).

2) MagicMask: Operation-aware spatial guidance.
MagicMask provides operation-specific spatial guidance,
enabling the model to effectively distinguish between addi-
tion, removal, or inpainting operations. To further enhance
spatial precision, we introduce MaskGen, a dedicated sub-
module that predicts the fine-grained spatial extent of the
target object by assigning distinct values to each operation.
This is detailed in Section 3.3 (Magic Mask).

In our MagicPaint training paradigm, the final loss func-
tion can be formulated as :

Lϵ = Ex0,m,t,c,ϵt ||ϵt − ϵθ(x
′
t, τθ(c

′), t)||22 (3)

L = Lϵ + λ1(Lbce(mgt,m
′) + λ2Ldice(mgt,m

′)) (4)

where x′
t is obtained from the Magic Mask, c′ is derived

from the MM Token, and m′ is predicted by the MaskGen
network. mgt represents the ground-truth fine-grained mask
with spatial extent of the operations (detailed in Section
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3.3). The loss terms Lbce and Ldice denote the binary cross-
entropy loss and Dice loss, respectively.

MM Token
Recent studies (Momeni et al. 2023) has shown that
CLIP-based text encoders (Radford et al. 2021) are bi-
ased toward static concept words—such as objects and
backgrounds—while under-representing verbs (add, remove
.etc). As a result, in multi-task Stable Diffusion based in-
painting, simply adopting an instruction-based prompt for-
mat, where operation and target share the same encoding
strategy, provides insufficient operation-specific discrimina-
tion. Due to insufficient representation of verb semantics, the
model often fails to differentiate between operations such as
addition and removal.

To address this semantic entanglement between opera-
tions and targets, we introduce the MMToken Module,
which explicitly decouple the multi-task inpainting into two
dimensions: operation and target modality. As shown in the
top-right corner of Fig. 2, the operation tokens are catego-
rized into three types: {add, remove, inpaint} (depicted as
rectangles)—each implemented as an independent learnable
token. The target token depicted as circles in the figure, de-
pending on its modality: {text, image} are extracted via a
corresponding text encoder or image encoder.

For each task, we unify the output representation by defin-
ing the MM Token in a consistent form: c′ = [cope, ctext].
where cope denotes the operation token and ctext represents
the target feature. In particular, for the Context-Driven Tra-
ditional Inpainting, the model must ensure seamless contex-
tual consistency within the masked region relative to the sur-
rounding content, an aspect that is difficult to capture using
text descriptions. To address this, we extract background im-
age features as a context token (Context Image in Fig 2).

After performing the above decoupling, we make the text
encoder trainable and jointly optimize it along with the
learnable operation tokens to enhance semantic understand-
ing of operate intent. On the other hand, to align the condi-
tion content from the image modality with the feature space,
we introduce an additional MLP layer attached to the image
encoder as a feature projection module. This alignment en-
sures that both text and image conditions are mapped into a
unified embedding space.

Finally, the MM Token is fed into the diffusion model
as c′ in Eq. (3). This MM Token effectively reconciles the
conflicting optimization objectives between object removal
and addition, while also extending support from purely text-
based conditions to visual inputs. By aligning diverse tokens
into a unified representation space, the module enables ro-
bust multi-task and multi-modal inpainting.

MagicMask
We further introduce the MagicMask module, which incor-
porates operation-aware spatial guidance to help the model
explicitly distinguish between different editing operations,
thereby enabling more effective multi-task optimization.

For each operation o ∈ {add, remove, inpainting} defined
by MMToken, we apply distinct processing strategies to the

network input:

x′
t = [zt,mo, x0 ⊙ (1−mE

o )], (5)

as illustrated in the lower-left corner of Fig. 2. Here, mo

corresponds to the mask for operation and serves a dual role:
it specifies the editing region and simultaneously encodes
the operation type. The term mE

o denotes the mask applied
to the input image latent vectors. In conventional inpainting
pipelines, mE

o is uniformly set to m across all operations,
whereas in our design. it is operation-specific.

Given the condition of the target object, we conceptualize
add and remove as two opposing operations within a unified
inpainting framework. Notably, since the MMToken incor-
porates a context token to provide background information
for inpainting, so in mo we adopt the same mask strategy
for inpaint as for add. Formally, mo is defined as follows: it
equals positive m when the operation o is add or inpaint; it
equals negative m when o is remove.

For the input x′
o = x0 ⊙ (1 − mE

o ), which provides the
model with information about the visible regions of the im-
age, we also adopt operation-specific strategies to deliver tai-
lored guidance for different tasks. For the remove task, fol-
lowing the Masked-Region Guidance paradigm introduced
in SmartEraser (Jiang et al. 2025), we set mE

r = 0 which
means in removal scenarios, the model is provides with a
full image: x′

r = x0 ⊙ (1− 0) = x0. The model then identi-
fies and eliminates the target object based on the provided
prompt. In contrast, for inpainting tasks, the input image
is inherently incomplete (i.e., masked), and the model must
synthesize missing content. Therefore, we set the input to
x′
i = x0 ⊙ (1 − mE). Similarly, for object addition tasks,

we apply the same masking strategy: x′
a = x0 ⊙ (1−mE

o ),
to prevent the model from simply copying visible content
into the masked region. This design aligns with strategies
employed in prior diffusion-based editing frameworks to en-
courage meaningful content generation. This process can be
formalized as: mE

o equals m if the operation o is in the set
add, inpaint, and equals 0 if o is remove.

We input x′
t = [zt,mo, x0 ⊙ (1−mE

o )] into the diffusion
model. In addition to obtaining the network-predicted noise
ϵ̂θ, we also utilize MaskGen to predict m′ by first deriving
the predicted x̂0 from ϵ̂θ (via the standard DDPM sampling
equation x̂0 = xt−

√
1−ᾱtϵ̂θ√
ᾱt

), and then combining x̂0 with
the timestep t and the MM token to generate the predicted
mask:

m′ = MaskGen(x̂0, t, τθ(c
′)), (6)

where MaskGen is a network and c′ is the MM Token.
To provide stronger supervision, we assign distinct

ground-truth labels to masks corresponding to different op-
erations and apply data augmentation (e.g., erosion, dilation)
to the input masks. This ensures that the predicted masks
are constrained by accurate multi-label supervision. Specifi-
cally, we employ operation-specific masks by assigning dis-
tinct values to each operation: add is defined as the first
class, remove as the second class, and inpainting as the third
class. To further guide learning, we introduce a mask loss
Lm(mgt,m

′) (Eq. 4), which encourages the predicted mask
m′ to closely match the ground-truth mask mgt.
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MMData
We discuss the limitations of prior datasets, highlight the ad-
vantages of MMData, and outline MMData’s construction
process.

Limitations of Existing Datasets
• Lack of multi-task and multi-modal datasets. Prior
works (Yu et al. 2025; Winter et al. 2024) demonstrate
that joint training on object insertion and removal enhances
a model’s grasp of physical consistency, as these tasks
are counterfactual and interdependent. However, available
datasets for such training are either small-scale or confined
to single tasks, lacking support for large-scale multi-task
and multi-modal inpainting. A comprehensive comparison
is available in the supplementary material.
• Difficulty in obtaining paired data for object removal.
Securing high-quality paired data for real-world object re-
moval remains challenging. Among comparable datasets:
Counterfactuals in Object Drop (Winter et al. 2024) and
OmniPaint (Yu et al. 2025) use real paired data from iden-
tical scenes, preserving physical effects like shadows and
occlusions, but high collection costs limit scalability. Inst-
Inpaint (Yildirim et al. 2023) employs traditional inpaint-
ing models (e.g., LAMA (Suvorov et al. 2022)) for syn-
thetic pairs, yet suboptimal inpainting quality caps removal
performance. SmartErase (Jiang et al. 2025) pastes objects
synthetically onto backgrounds for scalability, but it in-
adequately captures complex interactions such as realistic
placement and occlusions.

To surmount these issues, MMData facilitates unified
training with 2.1M edits, will be visualized in supplemen-
tary.

Advantages of Our Dataset
• Multi-task image editing. Unlike existing instruction-
based datasets, MMData offers multi-modal prompts (tex-
tual and visual), high-resolution images, and explicit region-
specific edits. With 2.1M samples, it bridges the scale gap in

object inpainting datasets (see supplementary.).
• Image object removal. Leveraging Diffree (Zhao et al.
2024b), trained on real scenes (e.g., COCO), MMData cap-
tures physical relationships like occlusions and shadows
across 1.8M removal edits. It also uniquely enables multi-
turn removal in the same scene, absent in prior datasets (in
supplementary).

Dataset Construction
Building on the SA-1B segmentation dataset (Kirillov et al.
2023), we create four task-specific subsets via tailored pro-
cessing: (1) context-driven unconditional inpainting, (2)
text-guided object addition, (3) reference image-guided ad-
dition, and (4) text-guided object removal. The pipeline
(Fig. 3) involves:
•Step 1: Extracting cropped objects and masks from SA-1B
annotations for addition; for removal, inserting objects into
scenes alongside random background masks.
•Step 2: Filtering low-quality samples by mask size and as-
pect ratio.
•Step 3: Generating text prompts via captioning models and
retrieving similar images for multi-modal support.
•Step 4: Applying quality filters using CLIP, DINO, and se-
mantic metrics.

This yields the high-quality MMData; detailed pipeline
specifics are in the supplementary material.

Experiments
Experimental Setup
Implementation Details. To ensure a fair comparison, we
follow standard experimental protocols and fine-tune Mag-
icPaint using the Stable Diffusion v1.5 Inpainting backbone.
The joint training process updates the UNet, text encoder, an
MLP for visual–text feature alignment, learnable operation
tokens, and a 34M-parameter MaskGen network. Our model
is trained on the proposed MMData dataset with a batch size
of 32 for 800K iterations. Optimization is performed using
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40-50% masked All samplesMethod
FID ↓ LPIPS ↓ FID↓ LPIPS ↓

DeepFillv2 (Yu et al. 2019) 29.80 0.2469 7.55 0.1508
LaMa (Suvorov et al. 2022) 21.07 0.2133 3.48 0.1193
SD-Inpainting(Rombach et al. 2022) 19.73 0.2322 3.03 0.1312
PowerPaint (Zhuang et al. 2023) 17.91 0.2225 2.59 0.1263
MagicPaint† 12.32 0.1921 2.19 0.0967

Table 1: Quantitative comparisons with existing methods for
context-driven unconditional inpainting on Places2 (Zhou
et al. 2017). The input images are maksed with the mask
provided by LaMa (Suvorov et al. 2022).

PowerPaint Pilot
“a cat is sitting on a wooden chair”

Blended MagicPaint

SD-
Inpainting

Uni-Paint BrushnetInput Image

add by text

Input Image Deepfill Lama

PowerPaint MagicPaintSD-
Inpainting

inpainting

Figure 4: Compared with existing methods for context-
driven unconditional inpainting and text-guided object ad-
dition task.

MSCOCO (Lin et al. 2017)Method
FID ↓ L-FID ↓ CLIP↑

BLD (Avrahami et al. 2023) 35.11 8.66 24.91
SD-Inpainting (Rombach et al. 2022) 15.77 5.65 24.81
UniPaint (Yang et al. 2023b) 16.68 5.64 26.17
BrushNet (Ju et al. 2024) 13.40 6.08 25.05
PowerPaint(Zhuang et al. 2023) 11.61 5.12 25.95
PILOT (Pan et al. 2024) 13.80 5.84 25.24
MagicPaint† 11.29 5.53 27.73

Table 2: Quantitative comparison with SOTA models for
text-guided addition inpainting with object layout masks on
MSCOCO (Lin et al. 2017) dataset. 10K images are ran-
domly sampled for evaluation and the instance mask with
the largest area is used to produce the masked-input image.

AdamW with a uniform learning rate of 2× 10−5 applied to
all trainable modules.
Task Settings. As a unified multi-task framework, the pro-
posed MagicPaint is evaluated across diverse inpainting sce-
narios. We categorize the tasks as four tasks that is, (1)

COCOEE (Yang et al. 2023a)Method
DINO ↑ LPIPS ↓ FID ↓

PBE (Yang et al. 2023a) 11.99 0.4034 12.17
Anydoor (Chen et al. 2024) 14.26 0.5375 24.42
MagicPaint† 14.52 0.1691 14.98

Table 3: Quantitative comparisons with existing methods
for reference image-guided addition inpainting on CO-
COEE (Yang et al. 2023a), which provided a reference im-
age for a masked input image.

MagicBrush (Zhang et al. 2023)Method
REMOVE ↑ FID ↓

SD-Inpainting(Rombach et al. 2022) 0.768 86.0
PowerPaint (Zhuang et al. 2023) 0.763 83.7
DesignEdit (Jia et al. 2024) 0.811 67.3
SmartEarse (Jiang et al. 2025) 0.787 71.5
MagicPaint† 0.817 65.8

Table 4: Quantitative comparison with existing meth-
ods for text-guided object removal inpainting on Mag-
icBrush (Zhang et al. 2023). with “remove” instruction.

Context-Driven Unconditional Inpainting, (2) Text-Guided
Object Addition Inpainting, (3) Reference Image-Guided
Addition Inpainting, (4) Text-Guided Object Removal In-
painting.
Evaluation Benchmarks. To thoroughly validate our
method’s effectiveness, we compare MagicPaint against
state-of-the-art (SOTA) methods on the following public
benchmarks: MSCOCO (Lin et al. 2017) for Text-Guided
Object Addition Inpainting and MagicBrush (Zhang et al.
2023) for Text-Guided Object Removal Inpainting, CO-
COEE (Yang et al. 2023a) for Reference Image-Guided
Addition Inpainting, and Places2 (Zhou et al. 2017) for
Context-Driven Unconditional Inpainting.

Comparisons with State-of-the-Art
Context-Driven Unconditional Inpainting. As shown in
Table 1 and Figure 4, in the task of context-driven uncon-
ditional inpainting task, MagicPaint outperforms SOTA in-
painting methods, including traditional approaches (LaMa,
DeepFillv2), which often yield blurry and poorly integrated
details, and diffusion-based methods such as SD-Inpainting
and the recent PowerPaint. Our method achieves the low-
est FID and LPIPS, while producing clear, continuous struc-
tures with accurate textures.
Text-Guided Object Addition Inpainting. As shown in Ta-
ble 2 and Figure 4, MagicPaint outperforms existing meth-
ods on text-guided object addition inpainting, achieving the
best performance in FID Score and the second best L-
FID, which suggests high realism of generated content. Be-
sides, our MagicPaint gets a better CLIP score than Pow-
erPaint (Zhuang et al. 2023), indicating superior alignment
between the generated objects and text descriptions.

The qualitative results are shown in Figure 4. MagicPaint
achieves superior performance in generating objects that ac-
curately align with text descriptions while maintaining con-
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Add by Text Add by Image Remove by text InpaintModule Task
L-FID↓ CLIP↑ FID ↓ LPIPS ↓ REMOVE↑ FID↓ FID ↓ LPIPS ↓

SD-I ori 5.65 24.81 - - 0.768 86.0 3.03 0.1312
SD-I remove text 9.13 18.77 - - 0.787 71.7 3.00 0.1307

SD-I (+VE)

all

7.29 22.23 24.98 0.2761 0.743 112.3 2.71 0.1339
+ MM Token 7.07 25.86 19.43 0.1898 0.783 74.9 2.67 0.1134
+ MagicMask 6.84 25.25 19.98 0.2375 0.796 72.1 2.46 0.1227
MagicPaint† 5.53 27.73 14.98 0.1691 0.817 65.8 2.19 0.0967

Table 5: Ablation study on proposed module. Here, SD-I(+VE) refers to the variant of SD-I that concatenates features extracted
by the image encoder with text embeddings as the condition. ori represents the pretrained model without fine-tuning, remove
text indicates single-task training on the removal task only, and all denotes training on all tasks jointly.

DesignEdit

PowerPaintInput Image SmartEarse MagicPaintSD-Inpainting

Input Image Deepfill Lama
PowerPaint

[context inpaint]
MagicPaintUniPaint

PBEInput Image Reference Anydoor MagicPaintA
dd by im

age
R

em
ove by text

Figure 5: Compared with existing methods for reference
image-guided object addition and text-guided object re-
moval inpainting task.

textual consistency. Compared to SD-Inpainting (Rombach
et al. 2022), which often introduces artifacts (the e.g., case
in line 2), and Uni-Paint BrushNet, and PowerPaint, which
struggle with fine details, MagicPaint produces more realis-
tic objects with better integration into the background.

Reference Image-Guided Addition Inpainting. The re-
sults of reference image-guided addition inpainiting is
shown in Table 3. Compared with the methods that are dedi-
cated to the reference image-guided addition inpainting task,
our MagicPaint achieves the best DINO and LPIPS scores
and a comparable FID score, indicating our capabilities.

Shown in Figure 5, MagicPaint accurately reproduces the
color, texture, and fine details of reference objects, outper-
forming PBE (Yang et al. 2023a) in all cases. Compared with
Anydoor (Chen et al. 2024), it also produces more plausible
object placement (e.g., avoiding unrealistic positions such
as floating in mid-air) by leveraging background context for
more coherent integration.

Text-Guided Object Removal Inpainting. Lastly, the re-
sults of the text-guided object removal inpainting task are
presented in Table 4. As we can see, MagicPaint achieves
the best REMOVE score and FID score, which are superior
to that of PowerPaint and SD-Inpainting. This demonstrates
MagicPaint’s effectiveness in removing objects while keep-
ing consistency with the background.

As shown in Figure 5, MagicPaint produces the most real-
istic results, fully removing target objects and restoring co-
herent backgrounds. In contrast, SD-Inpainting leaves resid-
ual traces, and PowerPaint (Zhuang et al. 2023) often gener-
ates incomplete or unrealistic background textures.

Ablation Studies
Conflicts Between Operations. As shown in Table 5, we
first examine the conflicts between different operations. The
1st row reports the original SD-Inpainting model, which per-
forms well on addition tasks due to strong text priors, but
performs poorly on remove. Fine-tuning on a single-task re-
moval setting (2nd row) improves removal performance but
causes a clear drop in addition performance, indicating con-
flicting optimization directions. Mixed multi-task training
(3rd row, SD-I+VE) further exacerbates this issue, signifi-
cantly degrading performance of addition, which shows that
jointly optimizing multiple operation types is challenging.
Effectiveness of Modules. To address above issues, we
introduce two key modules: MMToken and MagicMask.
When used individually, MMToken yields significant gains
for the image-guided setting and improves all tasks over the
baseline, not only the benefit of disentangling operations
from content for better task discrimination but also its ad-
vantage in dealing alignment across modalities. MagicMask,
on the other hand, brings notable improvements on the re-
moval task, confirming the benefit of operation-aware spatial
guidance in improving removal accuracy.

When combined, MMToken and MagicMask deliver
the best performance across all four tasks. We attribute
this to the synergy between semantic disentanglement and
operation-specific spatial supervision, where the operation-
conditioned mask prediction in MagicMask aligns well with
the operation-content separation in MMToken, leading to
more accurate mask predictions and consistent gains across
all tasks.

Conclusion
This paper presents MagicPaint, a unified diffusion-based
model for diverse inpainting tasks. By semantically disen-
tangling operation types from target content and encoding
operation intent directly into the mask to provide operation-
aware spatial supervision, MagicPaint alleviates the conflicts
inherent in multi-task inpainting. To further enable effec-
tive training, we introduce MMData, a large-scale dataset
with 2.1M samples, dedicatedly designed to support diverse
inpainting scenarios and significantly improves upon exist-
ing datasets, particularly in object removal. Trained on MM-
Data, MagicPaint achieves high-quality, contextually consis-
tent results across various scenarios, laying a strong founda-
tion for future multimodal inpainting and image synthesis
research.
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