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Abstract

This work presents Insert Anything, a unified framework
for reference-based image insertion that seamlessly integrates
objects from reference images into target scenes under flexi-
ble, user-specified control guidance. Instead of training sep-
arate models for individual tasks, our approach is trained
once on our new AnyInsertion dataset, the first open-source
large-scale dataset specifically designed for reference im-
age—based image editing, comprising 136K prompt-image
pairs covering diverse tasks such as person, object, and gar-
ment insertion—and effortlessly generalizes to a wide range of
insertion scenarios. Such a challenging setting requires cap-
turing both identity features and fine-grained details, while
allowing versatile local adaptations in style, color, and tex-
ture. To this end, we propose to leverage the multimodal at-
tention of the Diffusion Transformer (DiT) to support both
mask- and text-guided editing. Furthermore, we introduce an
in-context editing mechanism that treats the reference image
as contextual information, employing two prompting strate-
gies to harmonize the inserted elements with the target scene
while faithfully preserving their distinctive features. Exten-
sive experiments on Anylnsertion, DreamBooth, and VTON-
HD benchmarks demonstrate that our method consistently
outperforms existing alternatives, underscoring its great po-
tential in real-world applications such as creative content gen-
eration, virtual try-on, and scene composition.

Introduction

Recent advances in diffusion models (Ho, Jain, and Abbeel
2020; Peebles and Xie 2023; Yang, Zhuang, and Pan 2021)
have revolutionized image editing (Brooks, Holynski, and
Efros 2023; Zhang et al. 2023; Tan et al. 2024; Li et al. 2024;
Zhou et al. 2024; Xu, Yang, and Yang 2025). Among vari-
ous editing techniques, reference image-based editing plays
a pivotal role by providing explicit visual cues that guide
the editing process. In this approach-also referred to as im-
age insertion, a target image is modified by seamlessly in-
corporating elements from a reference image, ensuring that
the overall coherence and quality remain intact. Unlike text-
based instructions, reference images offer concrete details
regarding style, color, and texture, making them indispens-
able for achieving contextually consistent results.
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Despite promising advances that have been made, several
challenges remain in current image insertion work. (1) Task-
Specific Focus. Both approaches and datasets of them aim
to address only specific tasks, such as either person inser-
tion (Kulal et al. 2023) or garment insertion (Chong et al.
2024), which limits their broader applicability to real-world
scenarios. (2) Fixed Control Mode. These methods typi-
cally rely on inflexible control mode, e.g., supporting either
mask-guided editing (Chen et al. 2024b,a) that uses manu-
ally provided masks to delineate the editing region, or text-
guided editing (He et al. 2024; Shen et al. 2025; Xu et al.
2024b) that depends on language instructions to control edit-
ing. This rigidity in control modes hinders creative flexi-
bility. (3) Inconsistent Visual-Reference Harmony. Even
when these methods (Chen et al. 2024b; He et al. 2024; Mao
et al. 2025) succeed in inserting new elements, they often
struggle to maintain visual harmony between the inserted
content and the target image, while ensuring that the distinc-
tive characteristics of the reference are retained. As a result,
outputs usually exhibit artifacts or stylistic mismatches that
compromise overall quality and authenticity.

First, to address the challenge (1), we introduce Anyln-
sertion, the first open-source dataset for multi-task, multi-
modal reference-based image editing. It is characterized by
two key features: 1) Diverse Task and Insertion Type Cov-
erage. It covers person, object, and garment insertion, with
both additive insertion (e.g., adding a plant) and replace-
ment insertion (e.g., swapping a chair). Categories include
humans, daily items, garments, and furniture. This diver-
sity ensures broader applicability to real-world scenarios. 2)
Multi-Modal Control Support. It contains 136K prompt-
image pairs, consisting of 58K mask-prompt pairs and 78K
text-prompt pairs. These diverse control modes enable the
dataset to provide flexible training and evaluation for both
mask-guided and text-guided image editing tasks.

Building on our dataset, we introduce Insert Anything,
a unified framework that inserts any reference element into
a target scene via multiple control modes (i.e., mask and
text). To address the challenge (2), we introduce multimodal
attention control, leveraging the multimodal attention of
the Diffusion Transformer (DiT) (Peebles and Xie 2023)
to jointly model the relationships among text, masks, and
image patches, enabling flexible control over image editing
tasks guided by either masks or text. Moreover, to address
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Figure 1: Our method supports diverse challenging scenarios across object, person, and garment insertion: object insertion
with pose control (bounding box and hand-drawn mask) and reflection handling; person insertion with fine-grained edits (face
swapping) and full-body manipulations (body replacement, insertion); garment insertion with multi-turn insertion.
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. . . Image Insertion. Image insertion methods are usually cate-
Figure 2: Prompt strategies (left) and performance (right). gorized by task specificity and control strategy. Task-specific
Methods missing specific task metrics (e.g., Ootdiffusion for approaches include person insertion and garment insertion.
object tasks) are assigned 0, indicating unsupported tasks. i) Person Insertion. Kulal et al. (Kulal et al. 2023) intro-
duced an inpainting-based method, while ESP (Ostrek et al.
2024) generates personalized figures guided by 2D pose and

the challenge (3), we introduce in-context editing, a new ap- scene context. Text2Place (Parihar et al. 2024) leverages
proach that treats the reference image as contextual content SDS loss to optimize semantic masks for human placement.
rather than as a standalone input. It allows for interactions ii) Garment Insertion. OOTDiffusion (Xu et al. 2024a) em-
between the inserted elements and their surrounding context, ploys a ReferenceNet structure similar to a denoising UNet
such as scale adjustment, consistent lighting and shadows, for processing garment images, whereas CatVTON (Chong
and viewpoint alignment, enabling the model to capture in- et al. 2024) spatially concatenates garment and person im-
herent correlations implicitly. To accommodate distinct con- ages to enable lightweight virtual try-on.
trol modes, we design two prompting strategies as in Fig. 2. iii) Object Insertion. Paint-by-Example (Yang et al. 2023),
We perform extensive evaluations on our proposed ObjectStitch (Song et al. 2022), AnyDoor (Chen et al.
Anylnsertion dataset and on two additional benchmarks— 2024b), Imprint (Song et al. 2024) and MimicBrush (Chen
DreamBooth (Ruiz et al. 2023), and VTON-HD (Choi et al. et al. 2024a) both support mask-guided insertion. Paint-
2021). As in Fig. 2, experimental results on human, object, by-Example and ObjectStitch utilize CLIP (Radford et al.
and garment insertion tasks across these datasets demon- 2021) image encoder to convert images into embedding,
strate that our method achieves state-of-the-art performance. leveraging pretrained models for guidance. AnyDoor uti-
In summary, our contributions are three-fold: lizes DINOv2 (Oquab et al. 2023) for feature extraction
» We introduce Anylnsertion, a large-scale dataset con- and ControlNet (Zhang, Rao, and Agrawala 2023) to pre-
taining 136K prompt-image pairs, spanning person, ob- serve hlgh-freql}ency details. Impnnt .learns view-invariant
ject, and garment insertion. 1df;nt1ty-preser\(11}g representations via muiltl—.v1ew object
] ) pairs before training composition models. MimicBrush uses
* We propose Insert Anything, a unified framework that a UNet (Ronneberger, Fischer, and Brox 2015) to extract ref-

seamlessly handles multiple insertion tasks (person, ob-

° . erence features while maintaining scene context via depth
ject, and garment) through a single model.

maps and unmasked background latents. Freeedit (He et al.
* We are the first, to our best knowledge, to leverage the 2024) supports text-guided insertion through multi-modal
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(a) Data example. The dataset is divided into mask-prompt and text-prompt categories,
with further subdivisions into accessories, objects, and persons for each prompt type.
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(b) Anylnsertion covers diverse scenarios: fur-
niture, apparel, vehicles, etc.

Figure 3: Overview of Anylnsertion dataset, highlighting its example (a) and diversity (b).

instructions with UNet-based fine-detail extraction.

Our approach differs from these methods by leveraging
in-context learning for efficient high-frequency detail ex-
traction, eliminating the need for additional networks like
ControlNet, and supporting both mask and text prompts.
Unified Image Generation and Editing. Recent frame-
works have attempted to unify multiple image generation
and editing tasks. OmniGen (Xiao et al. 2025) tokenizes text
and images into a long tensor, jointly modeling them within
a single model to achieve unified representations across
modalities. ACE (Han et al. 2024) employs a conditioning
unit for multiple inputs, OminiControl (Tan et al. 2024) con-
catenates condition tokens with image tokens. AnyEdit (Yu
et al. 2024), Unireal (Chen et al. 2024c), and Ace++ (Mao
et al. 2025) provide partial support for image insertion tasks,
but none offers a comprehensive solution for all three inser-
tion types with both mask and text prompt support, which
distinguishes our Insert Anything framework.

AnylInsertion Dataset

To enable diverse image insertion tasks, we introduce
Anylnsertion, the first open-source, large-scale dataset for
reference-based image editing. We first compare Anylnser-
tion with prior datasets, then describe our dataset construc-
tion process, and finally present detailed statistics.

Comparison with Existing Datasets

Existing datasets suffer from several limitations: (1) Lim-
ited Data Categories. FreeEdit (He et al. 2024) dataset
primarily focuses on animals and plants, and the VITON-
HD (Choi et al. 2021) dataset specializes in garments. Even
AnyDoor (Chen et al. 2024b) and MimicBrush (Chen et al.
2024a) include a large scale of data, they contain only
very few samples related to person insertion. (2) Restricted
Prompt Types. FreeEdit provides only text-prompt data,
while VITON-HD supports only mask-prompt data. (3) In-
sufficient Image Quality. AnyDoor and MimicBrush utilize
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Dataset Theme Resolution Prompt #Edits
FreeBench  Daily Object 256 x 256 Text 131,160
VITON-HD  Garment 1024 x 768 Mask 11,647
AnylInsertion Multifield Mainly 1-2K Mask / Text 159,908

Table 1: Comparison of existing image insertion datasets
with Anylnsertion, which covers diverse object categories,
supports both mask- and text-prompt, and provides higher-
resolution images suitable for various image insertion tasks.

a large volume of video data. These video datasets often suf-
fer from low resolution and motion blur. To address these
issues, we have constructed an AnyInsertion dataset.

As shown in Table 1, compared to existing datasets (He
et al. 2024; Choi et al. 2021), Anylnsertion covers diverse
categories, offers higher resolution images, supports both
mask- and text- prompts, and contains more samples.

Data Construction

Data Collection. Image insertion requires paired data: a ref-
erence image containing the element to be inserted, and a
target image where the insertion occurs.

Concretely, we employ image matching techniques (Lin-
denberger, Sarlin, and Pollefeys 2023; Wang and Palpanas
2023) to create paired target and reference images and gather
corresponding labels from web, leveraging the abundance
of images showing accessories and people wearing them.
For object data, we select images from MVImgNet (Yu
et al. 2023), which provides varying viewpoints of com-
mon objects as reference-target pairs. For person insertion,
we apply head pose estimation (Cobo et al. 2024) to se-
lect frames with similar head poses but varied body poses
from the HumanVid dataset (Wang et al. 2024), which offers
high-resolution video frames in real-world scenes. Frames
with excessive motion blur are filtered out using blur detec-
tion (Pech-Pacheco et al. 2000), yielding high-quality data.
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Figure 4: Overview of the Insert Anything model framework. Given different types of prompts, our unified framework processes
in-context inputs (reference, source, and masks) through a frozen VAE encoder to preserve high-frequency details, and extracts
semantic guidance from image and text encoders. These embeddings are combined and fed into learnable DiT transformer
blocks for in-context learning, enabling precise and flexible image insertion guided by either mask- or text-prompt.

Data Generation. As shown in Fig. 3a, Anylnsertion pro-
vides data for both mask- and text-prompt control modes.
Mask-prompt editing requires a mask to specify the inser-
tion region in the target image, using elements from the ref-
erence image to fill the masked area of the target image.
Text-prompt editing requires text to describe how the ref-
erence image’s elements are inserted into the source image
to form the target image. The data pairs for mask-prompt
and text-prompt editing differ in structure.
Mask-Prompt. We use Grounded-DINO (Liu et al. 2024)
and Segment Anything (SAM) (Kirillov et al. 2023) to gen-
erate reference and target masks from images and labels.
Text-Prompt. The source image, text description, and refer-
ence mask are derived from the reference and target images.
Source Image Generation. Source images are generated via
two operations on target images: replacement and removal.
For replacements, we use an editing LoRA fine-tuned from
the FLUX.1 Fill [dev] model to produce initial edits. For
removals, we use an object-removal LoRA model fine-tuned
from FLUX.1 Fill [dev] to cleanly remove specified regions.
Text Creation. For replacement operations, we adapt instruc-
tion templates to reflect the desired transformations, such as
“replace [source] with [reference]” for the transi-
tion from source to target. For addition operations, we use
the format “add [label]” to describe the transition.
Reference Mask Extraction. We extract reference masks us-
ing the same method as in Mask-Prompt Editing.

More details on dataset construction can be found in §D
in the supplementary material.

Dataset Overview

Anylnsertion dataset consists of training and testing sub-
sets. The training set includes 136,385 samples across two
prompt types: 58,188 mask-prompt image pairs (reference
images, reference masks, target images, and target masks)
and 78,197 text-prompt image pairs (reference images, ref-
erence masks, source images, target images, and texts). As
shown in Fig. 3b, the dataset covers diverse categories in-
cluding human subjects, daily necessities, garments, furni-

9100

ture, and various objects. This diversity enables the dataset
to supports multiple insertion tasks including person inser-
tion, object insertion, and garment insertion, thereby sup-
porting a wide range of real-world applications. For eval-
uation, we curated a test set consisting of 158 data pairs:
120 mask-prompt pairs and 38 text-prompt pairs. The mask-
prompt subset includes 40 pairs for object insertion, 30 pairs
for garment insertion, and 60 pairs for person insertion (30
simple scene insertions and 30 complex scene insertions).
The text-prompt subset contains 16 pairs for object insertion
and 22 pairs for garment insertion.

Insert Anything Model

Overview. The image insertion task requires three key in-
puts: a reference image containing the element to be in-
serted, a source image providing the background context,
and a control prompt (either mask or text) that guides the
insertion process. The goal is to generate a target image that
seamlessly integrates the element from the reference image
(hereafter referred to as the “reference element”) into the
source image while preserving the identity of reference el-
ement (i.e., the visual features that define the reference ele-
ment), and adhering to the specifications in the prompt. As
illustrated in Fig. 4, our approach integrates three compo-
nents: (1) a in-context format that organizes inputs to lever-
age contextual relationships, (2) semantic guidance mech-
anisms that extract high-level information from either text
prompts or reference images, and (3) a DiT-based archi-
tecture that combines these elements through multimodal
attention. Together, these components enable flexible con-
trol while maintaining visual harmony between inserted ele-
ments and their surrounding context.

In-Context Editing

In-context editing involves integrating reference elements
into a source image while maintaining the contextual rela-
tionships between them. To achieve this, we first perform a
background removal step to isolate the reference element.
Following the approach (Chen et al. 2024b; Shin et al.
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Figure 5: Qualitative comparison of mask-prompt object insertion results. Ours preserves object identity and visual coherence
better than prior methods (Paint-by-Example (PbE), ObjectStitch, AnyDoor, MimicBrush, Ace++).

2024), we utilize the background removal process R, us- Multiple Control Modes
ing Grounding-DINO and SAM to remove the background
of the reference image, leaving only the object to be inserted.

Once the reference element is obtained, we perform in-
context editing using two distinct approaches, corresponding
to the mask-prompt and text-prompt modes.
Mask-Prompt Diptych. For mask-prompted editing,
we propose a two-panel structure (diptych), which concate-
nates the processed reference image with a partially masked
source image:

Our framework supports two control modes for image in-
sertion: mask-prompt and text-prompt. These modes en-
able flexible, task-specific editing by allowing users to spec-
ify insertion regions either manually through masks or via
textual descriptions. To seamlessly integrate these input
modalities, we leverage the multimodal attention mecha-
nism of DiT (Peebles and Xie 2023), utilizing two dedicated
branches: an image branch and a text branch.

In our framework, the image branch handles visual in-
puts, including the reference image, source image, and cor-

Lsiptyeh = [Rseg (ref); Tmasked sec]; @ responding masks. These inputs are encoded into feature
where I; represents the reference image and Imasked_src 15 representations and concatenated with noise along the chan-
the source image with its insertion region masked. We com- nel dimension to prepare for generation. In parallel, the text
plement this visual input with a binary mask Mipiycn that branch encodes the textual description to extract semantic
designates the reference image region (left panel) with zeros guidance for image editing. The outputs from both branches
and the insertion region (right panel) with ones: are then fused via multimodal attention, enabling the model

Mipyeh = [Onxw; M, ) to jointly attend to visual and textual cues. This integration

) . is formalized as:
where 0j,x ., has the same dimensions as each panel and M

represents the insertion region. This structure provides clear _ .. _ T Y

spatial guidance while maintaining contextual relationships @=[QsQ. K = [Kiy Ki], V = [Vis VI] )
between the reference and target regions.

Text-Prompt Triptych. For text-prompted editing,
we employ a three-panel structure (triptych) consisting of

T
MMA(Q, K, V) = softmax (Qj(a ) v, (6)

the processed reference image, the unmodified source im- where [;] represents the concatenation operation, and @, K,
age, and a fully masked region to be filled: gnd V are thf: query, key, anq value cqrnponents of the att@:n-

tion mechanism. The following describes how the attention

Liptyen = [Rseg(fref)5 Iie; 0], (3) mechanism operates under the two control modes.

where I, represents the source image and () is the empty Mask-Prompt. In mask-prompted editing, the insertion re-
region to be generated. Similarly, we create a corresponding gion in the source image is specified using a binary mask.
binary mask Miipyen that marks the reference and source This mask, along with the VAE-processed diptych, is con-
regions with zeros and the generation region with ones: catenated with noise along the channel dimension and fed

into the image branch of the DiT model. Simultaneously,

Muiptyen = [Onxw; Onxw; Tnxwl, “ semantic features from the reference image are extracted us-
where each component has the same dimensions as its cor- ing a CLIP image encoder and passed into the text branch to
responding panel. provide contextual guidance.
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Figure 7: Mask-prompt garment insertion results.

Text-Prompt. In text-prompted editing, the insertion is
guided by a textual description. The reference image informs
the desired modifications, while the text prompt specifies the
changes. The source image is modified accordingly to reflect
the changes described in the text. To implement this, we de-
sign a specialized prompt template: “A triptych with three
side-by-side images. On the left is a photo of [1abel]; on
the right, the scene is exactly the same as in the middle but
[instruction] on the left.” This structured prompt pro-
vides semantic context, where the [label] identifies the
reference element type, and the [instruction] speci-
fies the modification. The input is processed through the text
encoder, which provides guidance to the text branch of DiT.
The triptych structure is processed by VAE and fed into the
image branch, and the text token is concatenated with image
features to enable joint attention between branches.

Experiments
Experimental Setup

Implementation Details. Our method builds upon FLUX.1
Fill [dev], a DiT-based inpainting model. It uses a T5 (Raf-
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Methods Anylnsertion (Object) DreamBooth
SSIM 1 LPIPS | FID | [SSIM 1 LPIPS | FID |
PbE 0.7612 0.0867 68.92]0.6110 0.1352 122.59
ObjectStitch | 0.7386 0.1148 83.81| 0.5709 0.1876 141.49
AnyDoor 0.7648 0.1831 67.99| 0.5898 0.3029 95.14
MimicBrush| 0.7371 0.2178 67.19| 0.6039 0.2849 88.59
ACE++ 0.6922 0.1485 40.11]0.5695 0.1823 64.39
Ours 0.8791 0.0820 28.31| 0.7820 0.1350 47.09

Table 2: Quantitative comparison on mask-prompt ob-
ject insertion tasks. On the Anylnsertion and DreamBooth
datasets, Insert Anything outperforms existing methods.

Anylnsertion (Object)
Methods SSIM% LPIPS | FD T
OminiGen | 0.5558 0.3334 177.17
AnyEdit 0.5488 0.3473  226.25
Ours 0.6678 0.2011 95.90

Table 3: Quantitative comparison on fext-prompt object in-
sertion. On the Anylnsertion dataset, Insert Anything out-
performs baselines (OminiGen, AnyEdit) across all metrics.

Methods AnylInsertion (Garment) VTON-HD
SSIM 1 LPIPS | FID |[|SSIM 1 LPIPS | FID |
Ootdiffusion| 0.8151 0.0970 87.38|0.8643 0.0605 28.36
CatVTON | 0.8477 0.0607 36.62|0.8903 0.0513 24.80
Ours 0.8665 0.0522 28.54|0.9161 0.0484 19.51

Table 4: Quantitative comparison on mask-prompt garment
insertion. Insert Anything achieves the best SSIM, LPIPS,
and FID on both datasets.

fel et al. 2020) text encoder and a SigLIP (Zhai et al. 2023)
image encoder, fine-tuned using LoRA (rank 256). For train-
ing, we use a batch size of 8 for mask prompts and 6 for
text prompts, with all images at 768x768 resolution. We
employed the Prodigy optimizer (Mishchenko and Defazio
2023) with safeguard warmup and bias correction enabled,
applying a weight decay of 0.01. All experiments were con-
ducted on 4 NVIDIA A800 GPUs (80GB each). Our AnyIn-
sertion dataset served as our primary training set. We trained
the model for 5000 steps across both prompt types (mask
and text). For the sampling process, we performed denois-
ing over 50 iterations. Our training loss function follows the
flow matching (Lipman et al. 2022).

Test Datasets. We evaluate our method on three datasets:
Anylnsertion, DreamBooth (Ruiz et al. 2023), and VTON-
HD (Choi et al. 2021). From Anylnsertion, we select 40
samples for object insertion, 30 for garment insertion, and
30 for person insertion (simple scenes). For DreamBooth,
we construct a test set of 30 group images, where one image
serves as the reference and another as the target. We also
evaluate on VTON-HD, the standard benchmark for virtual
try-on and garment insertion.

Metrics. In experiments, evaluation metrics include Struc-
tural Similarity Index (Wang et al. 2004), Learned Percep-
tual Image Patch Similarity (Zhang et al. 2018), and Fréchet
Inception Distance (Heusel et al. 2017).



Reference

Source

Text2Place

AnyDoor

Ours

Figure 8: Mask-prompt person insertion results.

Reference w/o Semantic ~ w/o IC Editing w/o AnyInsertion

G, P & L g :

« . - L T o -
[T B T Somte T oy T amme—
~ Ly ~ - ~ N ~ N

Figure 9: Ablation study on mask prompt insertion. Omit-
ting in-context editing (IC Editing), semantic guidance, or
Anylnsertion data degrades visual fidelity, sacrificing fine
details and semantic cues.

Comparisons with Existing Works

We evaluate Insert Anything against state-of-the-art methods
on object, garment, and person insertion tasks.

Object insertion. For mask-prompt insertion, we compare
to Paint-by-Example (Yang et al. 2023), AnyDoor (Chen
et al. 2024b), MimicBrush (Chen et al. 2024a), Ace++ (Mao
et al. 2025), and our reproduction of ObjectStitch (Song
et al. 2022). For text-prompt insertion, we include Omni-
Gen (Xiao et al. 2025) and AnyEdit (Yu et al. 2024). As
shown in Table 2, Insert Anything improves SSIM from
0.7648 t0 0.8791 on Anylnsertion and from 0.6039 to 0.7820
on DreamBooth. In the text-prompt setting (Table 3), LPIPS
decreases from 0.3473 to 0.2011, indicating better percep-
tual quality. Fig. 5 and 6 demonstrate that compared to prior
methods, our approach handles challenging cases such as re-
flections on toys and car surfaces, interactions between ani-
mals and people, and composing a person with a cup, while
preserving identity and achieving seamless integration.

Garment insertion. We benchmark against OOTDiffu-
sion (Xu et al. 2024a) and CatVTON (Chong et al. 2024).
Table 4 shows that on Anylnsertion we achieve the highest
SSIM and lowest LPIPS and FID, and on VTON-HD we
reduce LPIPS by 6%. Fig. 7 highlights our ability to pre-
serve logos and text on garments and to adapt to large shape
changes (e.g. skirt—trousers) with more realistic results.

Person insertion. We compare to Text2Place (Parihar et al.
2024) and AnyDoor (Chen et al. 2024b). Table 5 demon-
strates that Insert Anything cuts LPIPS and FID by over
50% on Anylnsertion. Fig. 8 demonstrates that Insert Any-
thing more effectively maintains facial identity and back-
ground consistency, yielding smoother interactions both be-
tween people and between a person and their surroundings.
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Anylnsertion (Person)
Methods SSIM Ty LPIPS |  FID |
TextZPlace* | 0.8100 02641  138.26
AnyDoor 0.6807 03613  217.17
Ours 0.8457 01269 5277

Table 5: Quantitative comparison on person insertion. * in-
dicates the method requires both mask and text prompts.

Methods SSIMt+ LPIPS| FIDJ|
w/o In-Context Edting 0.8495 0.1095 59.97
w/o Semantic Guidance 0.8635 0.0876 39.63
w/o Anylnsertion 0.8483 0.1129 61.03
Ours 0.8653 0.0865 35.72

Table 6: Ablation results on mask-prompt insertion.

Ablation Study

We conducted an ablation study on mask-prompt image in-
sertion. The values in Table 6 are weighted averages over
person, object, and garment insertion, with weights match-
ing their proportions in the mask-prompt test set (4:3:3 for
object, garment, and person). Additional ablation results are
provided in the supplementary.

In-Context Editing. As shown in Fig. 9, when we remove
the polyptych in-context editing during training, the gen-
erated images fail to retain fine-grained details (e.g., tex-
tures) from the reference image and produces less natural
person—cup interactions. This results in a significant drop in
SSIM, and LPIPS values in Table 6, demonstrating the effec-
tiveness of polyptych in-context editing in preserving high-
frequency details and maintaining realistic compositing.
Semantic Guidance. As shown in Fig. 9, when we remove
the semantic guidance for the reference image during train-
ing, the generated images lose high-level semantic informa-
tion (e.g., color) from the reference image. This indicates
that semantic guidance plays a crucial role in retaining the
coarse, high-level semantic features.

Anylnsertion. When we remove our custom training data
and rely solely on a training-free model for inference, Ta-
ble 6 shows a noticeable drop in all evaluation metrics.
Moreover, Fig. 9 illustrates that the model’s ability to pre-
serve facial details in person insertion is compromised.

Conclusion

This paper introduces Insert Anything, a unified frame-
work for reference-based image insertion that overcomes
the limitations of specialized approaches by supporting both
mask- and text-guided control across diverse insertion tasks.
Built on Anylnsertion, a large-scale dataset with 136K
prompt—image pairs, we leverage DiT’s multimodal mod-
eling to implement an in-context editing mechanism with
diptych and triptych prompts that preserves identity and vi-
sual coherence. Extensive experiments on three benchmarks
show that our method outperforms state-of-the-art methods
across person, object, and garment insertion, establishing a
strong baseline for real-world applications.
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