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Figure 1. Using Magic Insert is a state-of-the-art method to drag-and-drop a subject from an image with an arbitrary style onto another
target image with a vastly different style and achieve a style-aware and impressively realistic insertion of the subject into the target image.

Abstract

We present Magic Insert, a method to drag-and-drop sub-
jects from a user-provided image into a target image of a
different style in a plausible manner while matching the
style of the target image. This work formalizes our ver-
sion of the problem of style-aware drag-and-drop and pro-
poses to tackle it by decomposing it into two sub-problems:
style-aware personalization and realistic object insertion
in stylized images. For style-aware personalization, we
cast our method as a weight-and-text-embedding finetun-
ing method with inference-time module-targeted style injec-
tion. For subject insertion, we propose Bootstrapped Do-
main Adaption (BDA) to adapt a domain-specific photoreal-
istic object insertion model to the domain of diverse artistic
styles. Overall, the method significantly outperforms tra-
ditional and state-of-the-art approaches that struggle with
quality, subject fidelity and harmonious stylization. Finally,
we present a new dataset, SubjectPlop, to facilitate evalua-
tion and future progress in this area.

1. Introduction

Large text-to-image models have recently made significant
progress in generating high-quality images. However, to
make these models truly useful, controllability is essential.
Users have diverse needs and want to interact with these
models in different ways depending on their specific use
case. Influential work has been done to enable controlla-
bility in these networks, robustly addressing foundational
applications and controls such as subject personalization,
style learning, layout controls, and semantic controls. De-
spite this progress, the full potential of these powerful large
models has not been fully realized. Some applications that
seemed clearly out of reach just a couple of years ago are
now possible with careful approaches.

We explore one such application: style-aware drag-and-
drop, where aesthetics and quality are of utmost importance
and optimality in these directions has not yet been achieved.
We formalize this problem and introduce Magic Insert, our
method to tackle it. One might initially consider addressing
style-aware drag-and-drop by trying to inpaint using a styl-
ized subject, for example by combining Dreambooth [35],
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StyleDrop [43], and inpainting. This direction suffers from
background erasure, incomplete subject generation and sub-
par results. Another approach would be to use composition-
based methods [22, 54], which suffers from unrealistic in-
sertion with insufficient shadows, reflections and missing
contextual interactions, as well as from problems with style
inheritance and identity preservation. Other methods such
as realistic insertion methods [7, 55] cannot stylize or har-
monize the inserted subject.

In developing Magic Insert, we decompose our problem
into two interesting sub-problems: style-aware personaliza-
tion and realistic object insertion in stylized images. For
style-aware personalization, there have been attempts on ad-
jacent problems, such as learning a style and then represent-
ing a specific subject in that style [13, 43], or combining
pre-trained custom style and subject models [8, 41]. Re-
cent style work suggests that fast style learning is possible,
but fast learning of a subject, including all the intricacies
of identity, is a much harder problem that has arguably not
been solved yet [10, 36, 52, 59]. We propose leveraging
learnings from both domains and settle on a solution that
uses adapter injection of style paired with subject-learning
in the embedding and weight space of a diffusion model.

One key idea we propose is to not attempt inpainting di-
rectly into an image after achieving style-aware personal-
ization. Instead, for best results, we first generate a high-
quality subject and then insert that subject into the target
image. To achieve our results, we introduce an innovation
called Bootstrapped Domain Adaptation (BDA), that allows
progressive retargeting of a model’s initial distribution to a
target distribution. We apply this idea to adapt a subject in-
sertion network that has been trained on real images to per-
form well on the stylized image domain, enabling the inser-
tion of our generated stylized subject into the background
image.

Our method allows the generated output to exhibit strong
adherence to the target style while preserving the essence
and identity of the subject, and for realistic insertion of the
stylized subject into the generated image. The method also
provides flexibility in terms of the degree of stylization de-
sired and how closely to adhere to the original subject’s spe-
cific details and pose (or to allow more novelty).

In summary, we propose the following contributions:

* We propose and formalize the problem of style-aware
drag-and-drop, where a subject (a character or object)
is dragged from one image into another. Specifically, in
our problem formulation the subject reference image and
the target image may be in vastly different styles, and the
plausibility and realism of the subject insertion is of ut-
most importance - including shadows and reflections.

* In order to encourage exploration into this problem, we
present SubjectPlop, a novel dataset of subjects and
backgrounds that span widely different styles and over-

all semantics. We will release this dataset for public use,
as well as our evaluation suite.

* We propose Magic Insert, a method to tackle the style-

aware drag-and-drop problem. Our method is composed

of a style-aware personalization component and a style-
consistent drag-and-drop component.

For style-aware personalization, we demonstrate strong

and consistent results using subject-learning in the em-

bedding and weight space of a pre-trained diffusion mod-
els, along with inference-time module-targeted style in-
jection.

» For drag-and-drop, we propose Bootstrapped Domain
Adaptation (BDA), a method that allows for progressive
retargeting of a model’s initial distribution unto a target
distribution.

2. Related Work

Text-to-Image Models Recent text-to-image models
such as Imagen [39], DALL-E 2 [31], Stable Diffusion
(SD) [33], Muse [5] and Parti [60] have demonstrated
remarkable capabilities in generating high-quality images
from text descriptions. They leverage advancements in dif-
fusion models [14, 42, 45] and generative transformers. Our
work builds on top of SDXL [29] and the LDM architec-
ture [33].

Image Inpainting The task of filling masked pixels of
a target image has been explored using a wide range
of approaches: Generative adversarial networks [11] e.g.
[16, 20, 27, 28, 32, 61] and end-to-end learning meth-
ods [17, 19, 48, 56]. More recently, diffusion models en-
abled significant progress [3, 23, 25, 38, 53]. Such inpaint-
ing methods are a precursor to many object insertion ap-
proaches.

Generative Object Insertion The problem of inserting
an object into an existing scene has been originally explored
using Generative Adversarial Networks (GANs) [11]. [18]
breaks down the task into two generative modules, one de-
termines where the inserted object mask should be and the
other determines what the mask shape and pose. Shad-
owGAN [63] addresses the need to add a shadow cast by
the inserted object, leveraging 3D rendering for training
data. More recent works use diffusion models. Paint-By-
Example [58] allows inpainting a masked area of the target
image with reference to the object source image, but it only
preserves semantic information and has low fidelity to the
original object’s identity. Recent work also explores swap-
ping objects in a scene while harmonizing, but focuses on
swapping areas of the image which were previously pop-
ulated [12]. There also exists an array of work that fo-
cuses on inserting subjects or concepts in a scene either
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by inpainting [21, 37] or by other means [40, 46] - these
do not handle large style adaptation and inpainting meth-
ods usually suffer from problems with insertion such as
background removal, incomplete insertion and low quality
results. Recent advances in image harmonization [4, 26],
cross-domain composition [22, 47, 54] show promise for
this task, but suffer from limits in insertion capabilities in-
cluding lack of shadows, reflections and contextual inter-
actions, as well as some limits in style-adherence which
are easier to handle by our style-aware personalization ap-
proach. AnyDoor [7] photo-realistically inserts objects us-
ing a purposefully trained feature extractor and UNet-based
diffusion model. ObjectDrop [55] trains a diffusion model
for object removal/insertion using a counterfactual dataset
captured in the real world. The trained model can insert seg-
mented objects into real images with contextual cues such
as shadows and reflections. We build upon this novel and
incredibly useful paradigm by tackling the challenging do-
main of stylized images instead.

Personalization, Style Learning and Controllability
Text-to-image models enable users to provide text prompts
and sometimes input images as conditioning input, but do
not allow for fine-grained control over subject, style, lay-
out, etc. Textual Inversion [9] and DreamBooth [35] are
pioneering works that demonstrated personalization of such
models to generate images of specific subjects, given few
casual images as input. Textual Inversion [9] and follow-
up techniques such as P+ [50] optimize text embeddings,
while DreamBooth optimizes the model weights. This type
of work has also been extended to 3D models [30], scene
completion [49] and others. There also exists work on fast
subject-driven generation [2, 6, 10, 36, 52]. Other work al-
lows for conditioning on new modalities such as Control-
Net [62] and on image features (IP-Adapter [59]). There is
a body of work that dives more deeply into style learning
and generating consistent style as well with StyleDrop [43]
as a pioneer, with newer work that achieves fast styliza-
tion [13, 34, 41, 51], or combines subject models with
style models like ZipLoRA [41] and others [8]. Our work
leverages ideas from Textual Inversion, DreamBooth and
IP-Adapter to unlock style-aware personalization prior and
combine it with subject insertion.

3. Method

3.1. Style-Aware Drag-and-Drop Problem Formu-
lation

We formalize the style-aware drag-and-drop problem as fol-
lows. Let Z, and Z; denote the space of subject and tar-
get images, respectively. The space of subject images con-
sists of images of solely the subject in front of plain back-
grounds. Given a subject image x; € Z; and a target image

Diffusion
Model

Diffusion
Model

Style
Injection

Figure 2. Style-Aware Personalization: To generate a subject
that fully respects the style of the target image while also con-
serving the subject’s essence and identity, we (1) personalize a
diffusion model in both weight and embedding space, by train-
ing LoRA deltas on top of the pre-trained diffusion model and si-
multaneously training the embedding of two text tokens using the
diffusion denoising loss (2) use this personalized diffusion model
to generate the style-aware subject by embedding the style of the
target image and conducting adapter style-injection into select up-
sampling layers of the model during denoising.

Subject

Insertion

Figure 3. Subject Insertion: To insert the personalized genera-
tion, we (1) copy-paste a segmented version of the subject onto
the target image (2) run our subject insertion model on the deshad-
owed image - this creates context cues and realistically embeds the
subject into the image including shadows and reflections.

s € 1y, our goal is to generate a new image 2; € Z; such

that:

1. The subject from z is inserted into Z; in a semantically
consistent and realistic manner, accounting for factors
such as occlusion, shadows, and reflections.

2. The inserted subject in &, adopts the style characteris-
tics of the target image xz; while preserving its essential
identity and attributes from z.

Formally, we aim to learn a function h : Z; x Z; — Z; that

satisfies:

h($s,$t) :i‘t S.t. i‘t Np(.f?t|$t,$s) (1)

where p(Z;|x;, x ) represents the conditional distribution of
the output image given the subject and target images. This
distribution encapsulates the desired properties of seman-
tic consistency, realistic insertion, and style adaptation. To
learn the function h, we decompose the problem into two
sub-tasks: style-aware personalization and realistic object
insertion in stylized images. Style-aware personalization
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focuses on generating a subject that adheres to the target
image’s style while maintaining its identity. Realistic object
insertion aims to seamlessly integrate the stylized subject
into the target image, accounting for the scene’s geometry
and lighting conditions. By addressing these sub-tasks, we
can effectively solve the style-aware drag-and-drop prob-
lem and generate visually coherent and compelling results.
In the following sections, we present our dataset and the
components of our proposed method.

3.2. SubjectPlop Dataset

To facilitate the evaluation of the style-aware drag-and-drop
problem, we introduce the SubjectPlop dataset and make it
publicly available. As this is a novel problem, a dedicated
dataset is crucial for enabling the research community to
make progress in this area.

SubjectPlop consists of a diverse collection of subjects
generated using DALL-E3 [31] and backgrounds generated
using the open-source SDXL model [29]. The dataset in-
cludes various subject types, such as animals and fantasy
characters, and both subjects and backgrounds exhibit a
wide range of styles, including 3D, cartoon, anime, realis-
tic, and photographic. The diversity in color hues and light-
ing conditions ensures comprehensive coverage of different
scenarios for evaluation. No real people are represented in
the dataset.

The dataset comprises 20 distinct backgrounds and 35
unique subjects, allowing for a total of 700 possible subject-
background pairs. The entire dataset is meant for evalua-
tion of the task. This rich set of test cases enables the as-
sessment of performance and generalization capabilities of
style-aware drag-and-drop techniques. By introducing Sub-
jectPlop, we aim to provide a standardized benchmark for
evaluating and comparing different approaches to the style-
aware drag-and-drop problem. We believe this dataset will
serve as a valuable resource for researchers and practition-
ers working in image manipulation and generation, foster-
ing further advancements in this area.

3.3. Style-Aware Personalization

Our style-aware personalization approach is illustrated in
Figure 2. Let fy denote a pre-trained diffusion model
with parameters #. Given a subject image =5 € Z,, our
method personalizes fy on x4 in both the weight and em-
bedding space, similar to DreamBooth [35] and Textual In-
version [9].

In the first step, we train LoRA [15] (Low-Rank Adapta-
tion) deltas Ay to produce an efficiently fine-tuned adapted
model fp where 8’ = 6+ Ay, while preserving the model’s
original capabilities. Simultaneously, we learn embeddings
e1,ea € R? for two personalized text tokens, where d is
the embedding dimensionality. We use two learned embed-
dings since we found better empirical performance for both

Figure 4. Bootstrapped Domain Adaptation: A diffusion model
trained for subject insertion/removal on real world data has some
limited generalization to new domains. We introduce bootstrapped
domain adaptation, where a model’s effective domain can be
adapted by using a subset of its own outputs. (left) We use a sub-
ject removal model to first remove subjects and shadows from a
dataset from our target domain. Then, we filter flawed outputs and
use the new image set to retrain the insertion model. (right) We
observe that, the initial distribution (blue) changes after training
(purple) and initially incorrect outputs (red samples) become cor-
rectly treated (green).

subject preservation and editability in this configuration, as
opposed to one, or more than two embeddings. The LoRA
deltas and and embeddings are jointly trained using the dif-
fusion denoising loss:

»Cjoim =E;. [||€ — €/ (fﬂi, t,ler; 62])”%] 2

where t ~ U(0,1), e ~ N(0,1I), 2t = /azzs + V1 — que,
and €y is the noise prediction of the adapted model fy..
The joint optimization of Ay, e1, and e5 is performed using
the loss Ljoini. These personalized text tokens [eq; e2] serve
as a compact representation of the subject’s identity. We
find that performing embedding and weight-space learning
simultaneously, with two text tokens, captures the subject’s
identity more strongly while allowing sufficient editability
to introduce the target style.

In the second step, we leverage the personalized dif-
fusion model fyp, to generate the style-aware subject Z.
To infuse the target image x;’s style into Z,, we employ
style injection. Specifically, we generate a style embedding
e; = CLIP(x4) of x; using a frozen CLIP encoder CLIP.
We then use a frozen IP-Adapter model v to inject e; into a
subset of the UNet blocks of fy: during inference:

&5 = for([er;ea], vier)) 3)

with injection into the upsample block that is adjacent to the
midblock since it controls style more strongly than other
blocks [51]. To the best of our knowledge, our central
idea of combining adapter injection and personalized mod-
els works surprisingly well and remains unexplored in the
published literature. Overall, this ensures that £, maintains
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Figure 5. Result Gallery: Examples of our Magic Insert method for different subjects and backgrounds with vastly different styles.

the subject’s identity while adopting z;’s style characteris-
tics.

By combining style-aware personalization with style in-
jection, our method generates subjects that harmoniously
blend into the target image while retaining their essential
identity, effectively tackling the first challenge of style-
aware drag-and-drop and enabling the creation of visually
coherent and style-consistent results.

3.4. Bootstrapped Domain Adaptation for Subject
Insertion

In this section, we address the problem of subject insertion
and propose a novel solution using bootstrapped domain
adaptation. We formalize the concept of bootstrapped do-
main adaptation and describe the dataset used for this pur-
pose. Subject insertion is a crucial component of the style-
aware drag-and-drop problem, as it involves seamlessly in-
tegrating a stylized subject into a target background image.
While diffusion-based inpainting approaches [24, 33, 39]
can be used for this, they still face challenges such as gener-
ating content in smooth regions, producing incomplete fig-
ures, erasing objects behind inserted subjects, and having
problems with boundary harmonization. We take a sim-
pler and stronger approach, which is to insert the subject
by copying and pasting it into the target image, and then
subsequently generating contextual cues such as shadows
and reflections [55] in a second step. Unfortunately, exist-

ing subject insertion models are trained on data captured in
the real world, severely limiting their ability to generalize
to images with diverse artistic styles.

Let D, denote the distribution of real-world images and
D, denote the distribution of stylized images. Existing sub-
ject insertion models are trained on samples from D,., but
our goal is to adapt them to perform well on samples from
D;. To overcome this limitation, we introduce bootstrapped
domain adaptation, a technique that enables a model to
adapt its effective domain by leveraging a subset of its own
outputs. As illustrated in Figure 4 (left), we employ a sub-
ject removal/insertion model gy trained on real-data ([55]
in our case) to first remove subjects and shadows from a
dataset S ~ D, belonging to our target domain. Subse-
quently, we filter out flawed outputs and obtain a filtered set
of images &’ C S, which we use to retrain the subject re-
moval/insertion model. Filtering can be done using human
feedback or automatically given a quality evaluation mod-
ule.

The bootstrapped domain adaptation process can be for-
malized as follows:

w = argminE, ) L£(g0 (), 9) )

where w denotes the adapted model parameters, L is the dif-
fusion denoising loss, and (x,y) are pairs of input images
and corresponding subject removal/insertion ground truths
from the filtered set Sy. The concept of bootstrapped do-
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Table 1. Subject Fidelity Comparisons. We compare our method
for subject fidelity (DINO, CLIP-I, CLIP-T Simple, CLIP-T De-
tailed) across different methods. Our method variants show high
subject fidelity. (P) denotes a prompt-based approach and (CN)
denotes the use of edge-based ControlNet.

Method DINOt CLIP-IT CLIP-T Simple  CLIP-T Detailed T Overall Mean 1
StyleAlign (P) 0.223 0.743 0.266 0.299 0.383
StyleAlign (CN) 0.414 0.808 0.289 0.294 0.451
InstantStyle P 0.231 0.778 0.283 0.300 0.398
InstantStyle (CN)  0.446 0.806 0.281 0.283 0.454
Ours 0.295 0.829 0.276 0.293 0.423
Ours (CN) 0.514 0.869 0.289 0.308 0.495

main adaptation is based on the surprising observation that
a diffusion model trained for subject insertion/removal on
real-world data can generalize to a wider stylistic domain to
a limited extent. By retraining the model on its own filtered
outputs, we can effectively adapt its domain to better handle
stylized images.

Figure 4 (right) demonstrates the effect of bootstrapped
domain adaptation on the model’s distribution. The initial
distribution, represented as p,,(x), evolves after training,
becoming p,,~ (). Images that were initially treated incor-
rectly, shown as samples from Dy \ &', are subsequently
handled correctly, as indicated by their inclusion in §’. Dur-
ing the bootstrapped domain adaptation process, we train
the model only on the initially correct samples from S’ to
further refine its performance on the target domain. Several
steps of bootstrapped domain adaptation can be performed,
further enhancing the model’s performance. In our work
we find that one step suffices, with a small set of samples
(around 50). Figure 7 shows results with and without boot-
strap domain adaptation.

To facilitate the bootstrapped domain adaptation process,
we curate a dataset S specifically tailored to this task. The
dataset comprises a diverse range of stylized images, se-
lected to represent the target domain D,. In our case, this
dataset is constructed by sampling from different text-to-
image generative models with diverse prompts that elicit
prominent subjects with shadows and reflections in a variety
of global styles. By finetuning the subject removal/insertion
model on this dataset using the bootstrapped domain adap-
tation technique, we enable it to effectively handle subject
insertion in the context of style-aware drag-and-drop.

4. Experiments

In this section, we present experiments and applications.
Our method enables insertion of arbitrary subjects into im-
ages with diverse styles and extensive text-guided semantic
modifications. The subject retains its identity while inherit-
ing the target image’s style, and we can modify key charac-
teristics like pose, accessories, appearance, shapes, or even
create species hybrids (see appendix). These changes inte-
grate with components like LLMs for automatic affordances
and environment interactions (Figure 6).

Generations

Figure 6. LLM-Guided Affordances: Examples of an LLM-
guided pose modification for Magic Insert, with the LLM suggest-
ing plausible poses and environment interactions for areas of the
image and Magic Insert generating and inserting the stylized sub-
ject with the corresponding pose into the image.

Table 2. Style Fidelity Comparisons. We compare our method
for style fidelity (CLIP-I, CSD, CLIP-T). Our method variants
show strong style-following.

Method CLIP-IT CSDT CLIP-T1 Overall Mean 1
StyleAlign Prompt 0.570 0.150 0.248 0.323
StyleAlign ControlNet 0.575 0.188 0.274 0.345
InstantStyle Prompt 0.583 0.312 0.276 0.390
InstantStyle ControlNet 0.588 0.334 0.279 0.400
Ours 0.560 0.243 0.268 0.357
Ours ControlNet 0.575 0.294 0.274 0.381

Table 3. ImageReward Metric Comparisons. We compare dif-
ferent methods using the ImageReward metric, which correlates
with human preference for aesthetics. Higher scores indicate bet-
ter performance. Our variants outperform all benchmarks

Method ImageReward Score 1
StyleAlign Prompt -1.1942
StyleAlign ControlNet -0.5180
InstantStyle Prompt -0.4638
InstantStyle ControlNet -0.2759
Ours -0.2108
Ours ControlNet -0.1470

4.1. Style-Aware Drag-and-Drop Results

Magic Insert Results Figure 5 presents qualitative re-
sults demonstrating our method’s effectiveness and versatil-
ity across diverse subjects and backgrounds—from photore-
alistic scenes to cartoons and paintings. We use SDXL [29]
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Table 4. User Study. This study evaluates our method against
two different baselines based on subject identity, style fidelity, and
realistic insertion. Participants ranked each method by preference.

Method User Preference 1
Ours over StyleAlign ControlNet 85%
Ours over InstantStyle ControlNet 80%
Ours over AnyDoor 90 %
Ours over TF-ICON 95%

for style-aware personalization and our trained latent diffu-
sion model for subject insertion.

Our method successfully extracts subjects and blends
them into target backgrounds, adapting appearance to match
style. Inserted subjects adopt the target’s colors, textures,
and stylistic elements, with coherent shadows and reflec-
tions enhancing plausibility.

LLM-Guided Affordances Our style-aware personaliza-
tion supports significant pose changes via diffusion model
priors. Using ChatGPT 40, we generate LLM-guided af-
fordances by providing instruction prompts, the full back-
ground, and the insertion region. These suggestions enable
character generation with appropriate poses and environ-
ment interactions. Figure 6 demonstrates this first attempt at
automatic realistic subject insertion with scene interactions.

Bootstrapped Domain Adaptation (BDA) Figure 7
shows an ablation for BDA in subject insertion. With-
out BDA, our method exhibits failures including unrealistic
shadow placement, missing shadows, hallucinations, arti-
facts, and missing pixels (marked in red boxes). BDA re-
solves these issues through proper domain understanding.

4.2. Comparisons

Here we introduce baselines, as well as quantitative and
qualitative comparisons, as well as a user study. Specif-
ically, our proposed baselines utilize the StyleAlign [13]
and InstantStyle [51] stylization methods, which can gen-
erate images in reference styles given either inversion or
embedding of the reference image. We combine these meth-
ods with either sufficiently detailed prompting guided by a
VLM [1] or edge-conditioned ControlNet.

Baseline Comparisons We run studies in order to com-
pare the performance of subject stylization for different
baselines and our style-aware personalization method. We
study the performance of these methods on subject fidelity,
style fidelity, and human preference.

For subject fidelity (Table 1), our proposed variants
achieve high scores across various subject fidelity met-
rics (DINO, CLIP-I, CLIP-T Simple, CLIP-T Detailed).
DINO and CLIP-I metrics are identical to those presented

w/ BDA

w/o BDA

Figure 7. Bootstrapped Domain Adaptation (BDA): Inserting a
subject with the pre-trained subject insertion module without BDA
generates subpar results, with missing shadows and reflections, or
added distortions and artifacts.

in DreamBooth [35] and CLIP-T Simple / Detailed denotes
the CLIP similarity between the output image CLIP embed-
ding and the CLIP embedding of simple and detailed text
prompts describing the subject, which are in turn generated
by ChatGPT 4.

Regarding style fidelity (Table 2), our proposed vari-
ants demonstrate strong style-following performance us-
ing CLIP-I [35, 43], CSD [44], CLIP-T [35, 43] metrics.
For aesthetic human-correlated preference, we compute Im-
ageReward [57] scores in Table 3. We observe that our vari-
ants strongly outperform the other methods. For a deeper
discussion about style metrics and qualitative examples of
the superiority of our method on harmonized insertion with
inherited style please check the supplementary material. We
have included qualitative examples and a more fine-grained
discussion on the goals and measurements.

User Study Following previous work [35, 36, 43, 49] we
perform a robust user study to compare our full method
with the state-of-the-art related work: StyleAlign [13], In-
stantStyle [51], ObjectDrop [55], TF-ICON [22] and Any-
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StyleAlign

InstantStyle

AnyDoor TF-ICON Ours

Figure 8. Comparison w/ Related Work: Harmonization-based methods like TF-ICON [22] tend to fail on subject fidelity, style adher-
ence, background erasure and lack of shadows and reflections. Non-stylized insertion work like AnyDoor [7] cannot stylize the inserted
subject and can fail with subject distortions. Our baselines of StyleAlign and InstantStyle struggle with capturing subject fidelity and
correct harmonization. Our method performs well across the board in these elements.

Door [7]. We recruit a total of 60 users (4 sets of 15 users)
to answer 40 evaluation tasks (2 sets of 20 tasks) for each
baseline comparison (2 baseline comparisons). We collect
a total of 1200 user evaluations. We ask users to rank their
preferred methods with respect to subject identity preser-
vation, style fidelity with respect to the background image,
and realistic insertion of the subject into the background im-
age. We show the results in Table 4. We observe a resound-
ing preference of users for our generated outputs compared
to all other methods.

Broad Qualitative Comparisons We show in Figure 8
a broad qualitative comparison between our method and
state-of-the-art methods including StyleAlign, InstantStyle,
TF-ICON, ObjectDrop and AnyDoor. We can see that our
method outperforms competing methods on subject iden-
tity preservation, accurate stylization and realistic insertion.
Other methods also heavily struggle with (1) artifacts (2) in-
existent harmonization (3) erased objects (4) deformed sub-

jects (5) no shadows or reflections and more.

5. Conclusion

We introduced the problem of style-aware drag-and-drop,
a new challenge in image generation that enables intuitive
subject insertion with style consistency. We proposed a
method combining style-aware personalization and inser-
tion through bootstrapped domain adaptation which outper-
forms baselines in style adherence and insertion realism. To
support further research, we share the SubjectPlop dataset,
featuring subjects and backgrounds across diverse styles
and semantics.
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