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Fig. 1. Our method achieves identity-preserving subject insertion in the novel scene harmoniously, simultaneously enabling diverse text-driven control.
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Recent advances in diffusion models have enhanced multimodal-guided
visual generation, enabling customized subject insertion that seamlessly
“brushes” user-specified objects into a given image guided by textual prompts.
However, existing methods often struggle to insert customized subjects with
high fidelity and align results with the user’s intent through textual prompts.
In this work, we propose In-Context Brush, a zero-shot framework for
customized subject insertion by reformulating the task within the paradigm
of in-context learning. Without loss of generality, we formulate the object
image and the textual prompts as cross-modal demonstrations, and the tar-
get image with the masked region as the query. The goal is to inpaint the
target image with the subject aligning textual prompts without model tuning.
Building upon a pretrained MMDiT-based inpainting network, we perform
test-time enhancement via dual-level latent space manipulation: intra-head
latent feature shifting within each attention head that dynamically shifts
attention outputs to reflect the desired subject semantics and inter-head
attention reweighting across different heads that amplifies prompt controlla-
bility through differential attention prioritization. Extensive experiments
and applications demonstrate that our approach achieves superior identity
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preservation, text alignment, and image quality compared to existing state-
of-the-art methods, without requiring dedicated training or additional data
collection. Project page: https://yuci-gpt.github.io/In-Context-Brush/.
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vision/language conditions agueriesgenerating images that in-
corporate information from demos while following the speci ed
conditions [Zeng et al. 2024].

However, current ICL-based image generation methods [Wang
et al 2023b,a; Najdenkoska et aD24] primarily focus on shallow
task adaptation of image-text correspondences in demonstration
pairs (e.g., pixel-to-caption matching) while failing to disentangle
and transfer abstract subject semantics (e.g., cross-demo categorical
invariants or relational patterns). Furthermore, these task-speci c
conditioning mechanisms con ate subject identity with environ-

Juan Cao, and Tong-Yee Lee. 2025. In-Context Brush: Zero-shot Customizedmental context, thereby constraining zero-shot generalization to

Subject Insertion with Context-Aware Latent Space ManipulationSiG-

novel subject-scene combinations. As a result, directly leveraging
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1 Introduction

Image customization [Ruiz et aP023; Gal et al2023; Xu et al
2025], where users aim to render speci ¢ subjects into new contexts,
has received increasing attention with the advancement of text-to-
image di usion models [Rombach et.#022; Peebles and Xie 2023;
Podell et al2024; Esser et &024]. Beyond synthesizing new scenes
from scratch, a more practical and challenging task is to insert a
customized subject into a speci ¢ region of existing images. This
task requires maintaining high semantic delity to the customized
subject, ensuring contextual harmony with the background, and
enabling exible contextual adaptation (e.g., varying pose, attributes,
interactions) with textual prompts provided by users.

Initial attempts [Yang et al2023; Song et a2023; Chen et al
2024b,a; Song et.&024] for customized subject insertion typically
replace text prompts with subject embeddings, allowing visual spec-
i cation of the subject but inherently limiting the generation under
textual guidance. Later e orts [Choi et aR023; Li et al2023; Gu
etal 2024a,b] adopt a more straightforward way of learning subjects
by ne-tuning the model, and then inserting them into target scenes
via additional editing modules. However, such a work ow su ers
from subject over tting and reduced editing controllability. Recent
approaches [Wang et a2024; Li et al2024] share the core objective
using techniques, such as inversion and blending, to learn and insert
subjects in a training-free manner. However, the low-dimensional
latent representations derived from inversion processes inherently
restrict textual control precision. Achieving customized subject in-
sertion that harmoniously integrates the subject with visual context
(targetimages) while maintaining identity consistency and adhering
to textual context (prompts) with a training-free framework remains
challenging to be explored.

Large-scale pre-trained models [Achiam et2023; Touvron et al
2023] demonstrate remarkable capabilities for context understand-
ing and give rise to in-context learning (ICL) [Brown et.&020; Min
et al 2022; Dong et ak022], a powerful paradigm that transfers
knowledge and facilitates predictions by leveraging input-output
pairs, termed aslemonstrations (demos) a zero-shot manner. Sim-
ilarly, Di usion Transformers (DiTs) [Peebles and Xie 2023; Chen
et al. 2024c; Esser et.a2024; blackforestlabs.ai 2024] present a
promising avenue to incorporate ICL to enable controllable text-
to-image generation by utilizing text-image pairs a@mosand
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signi cant challenge.

In this paper, we dive into the ICL framework to enable zero-shot
subjectinsertion. Subjectimages and textual prompts sernaessos
while target images act agueriesfor conducting regional insertion.
Following the ICL paradigm, where demos and queries are con-
catenated as input, we also concatenate prompt tokens and subject
image tokens with target image tokens in DiTs to construct an ICL-
based inpainting framework. With this framework, we formulate

ne-grained subject-level transfer as shifting hidden states in DiTs
and propose an intra-heaktent feature shiftnjection mechanism

to incorporate hidden states of subjects and textual prompts into
queries. This enables customized subject-level injection, maintaining
consistency between subject and output images while aligning with
textual prompts. Additionally, we introduce inter-head attention
activation to improve textual control to subjects according to vari-
ous prompts, and token blending to improve consistency between
the inserted subject and the background. Experiments on bench-
mark datasets show that our method successfully inserts customized
subjects into new scenes, enables diverse prompt-driven control,
preserves subject delity, and achieves coherent visual integration.
Our contributions can be summarized as follows.

We proposdn-Context Brush , a zero-shot customized sub-
jectinsertion framework that leverages ICL to transfer subject-
level features in large-scale text-to-image di usion models,
and achieves superior identity preservation, prompt align-
ment, and image quality compared to state-of-the-art meth-
ods.

We reformulate subject insertion under the ICL paradigm
as a latent feature shifting problem, and introduce a feature
shift injection mechanism to enable accurate and consistent
transfer of subject semantics into target scenes.

We further introduce attention head activation for prompts
expressiveness enhancement, and propose a token blending
strategy to ensure visual coherence between the inserted
subject and the surrounding context.

2 Related Work
2.1 In-context learning for image generation

With the scaling of model and dataset sizes, large language mod-
els (LLMs) [Devlin 2018; Radford et 2019; Achiam et aR023;
Touvron et al 2023] have demonstrated remarkable ICL capabili-
ties [Brown et al 2020; Wei et al2022]. ICL enables models to learn
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Fig. 2. Pipeline of our method. We mainly introduce latent space shi ing for subject present in target images in a training-free manner. In the Latent
Feature Shiing part, features from the reference are shi ed to output. We propose a ention heads activation for further enhance representation of textual
prompts and token blending for consistency injection within the image.

from contextual demonstrations and apply the extracted knowledge Zhu et al 2024] rst learn subject-speci c embeddings through cus-
to queries. This approach facilitates task execution by conditioning tomization techniques [Ruiz et a2023; Gal et aP023], and then

on a combination of demonstrations and query inputs, eliminating perform insertion into target scenes. While enabling prompt-driven
the need for parameter optimization. In recent years, the use of ICL editing, it comes at the cost of subject-speci c training, reducing
has extended beyond natural language processing to encompassapplicability in real-world scenarios. Recently, training-free meth-
image generation. Prompt Di usion [Wang et a2023a] introduces ods [Wang et al2024; Lu et al2023; Li et al2024; Zhang et al

a framework that employs in-context prompts for training across  2025] have emerged to avoid tuning. These approaches perform

various vision-language tasks, enabling the generation of images
from vision-language prompts. Building on this, iPromptDi [Chen

et al 2023] enhances visual comprehension in visual ICL by de-
coupling the processing of visual context and image queries while
modulating the textual input using integrated context. Furthermore,
Context Di usion [Najdenkoska et al2024] separates the encoding
of visual context from the query image structure, enabling the model
to e ectively leverage both visual context and text prompts. How-
ever, previous works primarily focus on learning task relationships
from demonstrations and transferring them to queries. In contrast,

our approach emphasizes learning the semantic feature relation-

inversion of both the subject and scene images into the di usion
latent space, then combine them via a training-free mechanism.
However, these methods provide limited controllability through tex-
tual prompts due to the lack of explicit alignment between subject
semantics and prompt guidance. StyleAligned [Hertz et24124]
and ConsiStory [Tewel et aR024] explore the feature sharing be-
tween reference and target images for stylization and consistency
generation tasks, While StyleAligned focuses on stylistic control,
it lacks structural precision, limiting its use for subject insertion.
ConsiStory ensures image consistency but struggles to preserve
identity when learning from given images. ObjectDrop [Winter et al

ships between subject and target images, enabling subject features 2024a], OmniGen [Xiao et &#025], and UniReal [Chen et &025]

insertion into speci ¢ regions through a training-free mechanism.

2.2 Customized subject insertion with di usion models

Previous methods [Yang et.&023; Chen et aP024b; Song et al
2024, 2023; Chen et @2024a; Yu et aR025] typically encode the

also leverage in-context learning for object insertion or customized
generation and show promising results following a training-based
fashion, whereas our method operates purely at inference time.
IC-LoRA [Huang et al2024] activates the in-context generation
capabilities of DiTs by training task-speci ¢ LoRA modules using
paired datasets, but its reliance on data collection and retraining
limits practicality. In contrast, our method is training-free and uses

subject image into embeddings that serve as input conditions to ICL to transfer subject features across tasks e ciently. A concurrent
di usion models. However, text conditions are replaced by image work, Diptych Prompting [Shin et al2024] also leverages atten-
embeddings in the models, making it hard to guide the generation tion in a training-free manner. However, it re-weights attention to
process with prompts. As a result, the output often does not match emphasize reference in uence, which may overlook subject rela-
the user's intended description, reducing its usefulness. Recent zero- tionships and cause identity inconsistency. In contrast, our method
shot approaches [He et a2024; Winter et al2024b; Song et al integrates visual features and textual guidance via ICL, achieving
2025] construct large-scale datasets to train subject insertion mod- stronger alignment with prompts while preserving subject identity.
els. However, the prompts used in training are typically limited
to task-level instructions (e.g., object replacement or removal) or
coarse descriptions of the entire scene, which restricts the ability to
perform ne-grained control over the inserted subject. Two-stage
approaches [Gu et aP024a,b; Avrahami et &023; Li et al2023;

3 Method

Given a subjectimage 2 R
inserted, a target images 2 R

3 containing the subject to be
3 providing the background
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context, a textual promp?® describing the desired output subject, blocks can be formulated as:
and a binary mask 2 fOr1g - specifying the insertion region,
we aim to transfer the subject from into the mask region ofg with

guidance from user provide@, and get nal outputimageea=. To where -, 2, grepresent the hidden states corresponding to each
do so, in Sec. 3.1, we formulate customized image insertion with ICL component in- . We put the detailed derivation in supplementary
in DiTs. In Sec. 3.2, we introduce our core mechanism, latent feature aterials.

shifting, which enables subject transfer in latent space. In Sec. 3.3, Although in attention blocks, the overall feature is processed

we present head-wise reweighting to enhance textual control. In - 5 self-attention manner, there also exist relationships in the form
Sec. 3.4, we describe token blending, which ensures better visual ¢ ~ross-attention among di erent pairs of its components. For

consistency between the inserted subject and the background.

"=Am -, @-, .-, £ =Concatenté o+ 22 g% (2)

example, gis directly composed of two parts: one part is derived
from the self-attention computation ofg; the other part is obtained
3.1 Preliminary through the interaction with features provided by the textual prompt
and the reference subject, i.€, andG. We only focus on gbecause
the generated resul4-=is directly related to it.

This characteristic activates us to leverage contextual information
from other features in the latent space from the perspective of in-
context learning. Whers andG interact through cross-attention
with Ggrespectively, they serve as demo providing semantic feature-
wise contextual information and generating the attention output

134<> ?° and 134<> 2°. As for the position for insertion, the
self-attention computation of3 itself yields the original output
1@D4Awithout demo. Therefore, we rewrite the formula o in

We adopt multi-modal di usion transformers (MM-DiTs) [Esser et al
2024; blackforestlabs.ai 2024] as the backbone of our generation
framework. In each sampling step, MM-DiTs take a combination
of text and image token embeddings as input and progressively
denoise a latent representation to synthesize the output image. To
integrate customized subject insertion into MM-DiTs, we introduce
an ICL paradigm to model the subject-level relationships.

In the setting of ICL in LLMs, consider the translation task, given
a few demo prompts, the model will infer task rules based on this
task-wise contextual information and translate new input queries. ) .
In our scenario, we propose a feature-wise ICL paradigm instead, the form of the attention operation:
which transfer subject feature from demo to query. Speci cally, to
utilize ICL, we construct input demonstrations analogous to those B=So%maxG® @G @& @G & oG E
in large language models: the promptand subject image jointly ' £ (3)
serve aglemonstration (demg)roviding contextual information, U, 134<> 70 U 134<>2® Us 1@D4Pe
while the target imageg is the querywhose corresponding region ! - -
will be inserted. Formally, we concatenatgand ginto a single where, @. =, @ .. We put the detailed derivation in supple-
inputimage g== »2; gvand the mask is correspondingly extended  mentary materialslicogis the scalar that represents the sum of

as" =»0;<% In this ICL-based con guration, MM-DiT implicitly normalized attention weights between di erent hidden states:
learns to transfer subject-level features from the derfio §) into

the query image @) by latent space shifting, detailed in Sec. 3.2. ! exp G @:Q;oe
To precisely insert the subject into the background image, we ad- Ucos= f i f .
ditionally apply Grounding DINO [Liu et al2025] and Segment exp G @G . exp G @G . exp G oG
Anything Model (SAM) [Kirillov et al 2023] to remove the original 4
background in2, isolating the desired subject clearly. As aresult, whereU, , U, Us = 1. Therefore, the essence of this subject-
with a generation model | , the outputimagegs=2 R+ S3can level relationship ICL can be regarded as a latent feature shifting
be formally predicted as: on the original attention output *@D4Aen the direction gured
by 134<> ?°and 134<> 2°. The attention mechanism of DiTs
»2; gen/E | 1?% ne" O automatically determines the distance of the shift.
1) Based on our conclusion, we propose a method nanfedture

=\ Pegph0 < shift injection , a straightforward way that manipulates the shift

of attention feature outputs directly related te4=, to enhance
3.2 Latent feature shi ing for subject injection the utilization and focus of DiTs on in-context information from

In this section, we prove that subject-level features can be injected inputconditions in customized subject insertion. Speci cally, we can
by shifting hidden states within the framework of ICL, e ectively  divide the weight map for each attention head within the attention
leveraging information from multi-modal demos. In Sec. 2Bnd blocks into multiple patches, as shown in Fig. 2.

» are concatenated within attention blocks and used to compute the ~ For the convenience of representation, we usgdo represent
nal hidden states through a joint-attention mechanism. Speci cally, ~attention map in position of patcl& @.G;, and de ne value feature
let- = Concatenaté G+ G+ @ ° represent the input embedding, + =Concat Bek*lg =Concat &, G, @ e . Theresults
where&, G andGs represent input token embeddings at the same  of the hidden statesg are determined solely by the bottom three
concatenating positions &, 2 and g, respectively. Let @, -, and attention maps g.3 B.2 and p.g According to Eq. 3, they are

, ebethe learnable key, query, and value matrices for computing the respectively computed with the corresponding three parts of the
attention feature®, , and+, the output hidden states of attention value feature+ to obtain 134<> ?°, 134<> 2° and @D4A~

, Vol. 1, No. 1, Article . Publication date: September 2025.



In-Context Brush: Zero-shot Customized Subject Insertion with Context-Aware Latent Space Manipulation5

To shift the latent features from:@D4A-we directly amplify the
values of scalars,, andU, because they are controlling the in uence
of 134<> ?%°and 34<> 2°onthe original latent feature *@D4A~
without demos. In fact, this corresponds to adding the weighted
results of separately computing attention mapg.,and g.pwith
B andE onto the output latent statesg:

‘8= 8, U B2, U pbr %)

where Uy and W, control the strength of shift like Eq. 3. During
inference, the products of g.# and pg.fgare integrated into the
attention mechanism ademoinformation. The shifting refers

to this adjustment process of hidden states using injectiino
information (which include the features of the subject and the tex-
tual prompt) at inference time, enabling capture the subject-level
relationships from in-context conditions and generate consistent
subjects. This process requires no ne-tuning and operates purely
through the injection ofdemoinformation into the attention com-
putation of the pre-trained model.

3.3 Head-wise reweighting for textual control injection

While latent feature shifting mechanism enables subject transfer,
e ective control with diverse prompts remains challenging due
to strong priors encoded in the reference image. In practice, we
observe that inserted subjects often retain undesired attributes (e.g.,
colors, materials) from the subject image, even when the prompt
speci es changes. This common limitation stems from the lack of
selective control over semantic attention during generation. To
address this, we introduce a head-wise reweighting mechanism
that improves the alignment between the generated image and
the prompt by adaptively adjusting the contribution of di erent
attention heads. This is motivated by recent ndings [Gandelsman
etal 2024; Xu et aR024] that attention heads in transformers exhibit
semantic specialization di erent heads respond to di erent types
of features. Our key insight is to leverage the attention activation
in the demo of the ICL setup to estimate which attention heads are
most activated by the prompt tokens, and then reweight these heads
during generation. As shownin Eq. 3, we leverag84<> ?°to soft
activate '@D4Aacross di erent attention heads. Speci cally, for
134<> ?°, we measure the attention maps.gacross all attention
heads and assign di erent weights to queries based on activation

values. The activation value of,.gin attention head! can be
formed as: o)
+ = s o 6)
1= 2+B
89 8+9

. . i 0 .
where8and 9are indices of ,.g. Then we normalize alt, across
attention heads following:

+ mini+°
= el =162 e

maxi+° mini+° k2" )
where! isthe index of attention heads, artdl is the total number of
heads<8=1+0 = <8=f+1¢ +p¢ "o 1 §,<0G+° = <OGf+1¢ +p* """ 1y 0.
The nal output of hidden states on each attention head are:

"\ 1@D4A= | @D4A~H *

A

®)

improves semantic controllability and leads to more faithful editing
with respect to user intent.

3.4 Token blending for insertion consistency

In this section, we tackle the challenge of ensuring intra-image
consistency when inserting customized subjects by re ning feature
interactions to mitigate distribution shifts. Speci cally, as the subject
is injected into a new contextual environment, we further analyze
the challenge of ensuring intra-image consistency on customized
subject injection.

Due to the semantic di erences between the inserted subject and
the background, the latent feature of the insertion region within
mask< in gcould be incongruous with the background (i.ez, 11
<9), pis expected to guide the inserted subjeci@to be consistent
with target regions in distribution. However, a ected b% and
& after each sampling step, the semantic distribution of target
region in Gs deviates from the original input after each sampling
step. In the next step, the distribution-bias€dwill, in turn, provide
erroneous guidance for the subject insertion of the target region (i.e.,
G <) due to the interaction of contextual information in DiTs.
Multiple sampling steps will gradually amplify this bias, resulting
in an inharmonious fusion e ect between the inserted subjects and
the background in the result (such as irregular edges or di erences
in tone).

To prevent the deviation caused by inconsistent distribution in
multi-step sampling, we propose e ective token blending for in-
sertion consistency. Speci cally, suppose the output hidden states
of denoising stefCis F G, we add noise td1 " © g-=to obtain
w§_1 after each steftto C 1. Subsequently, we fuse§_t with the
output wSpkof the current step according to the mask:

C1

—wC1 C 1n
Wout = Win . M Wout

9)

By this method, we ensure that in each step, the inserted re-
gion can be correctly guided by unbiased background semantics in
distribution, thus enhancing the consistency between the inserted
subjects and the context of the background ga-=.

4 Experiments

In this section, we rst introduce the experiment settings, and
present qualitative and quantitative results in Sec. 4.2 and Sec. 4.3.
We further evaluate two-stage methods that combine subject in-
sertion methods with customization methods or editing methods
for a comprehensive comparison. Finally, we conduct an ablation
study on hyperparameters and proposed modules. For more de-
tails on multiple seeds and time cost, please refer to supplementary
materials.

4.1 Experiments se ings

BaselinesWe compare our method with eight state-of-the-art text
and image-guided image generation methods, including training-
based methods Break-a-scene [Avrahami eR@P3], Swap-anything

This encourages the model to emphasize semantic that are relevant [Gu et al 2024b], DreamEdit [Li et aR023], IC-LoRA [Huang et al

to the user prompt while suppressing prompt-irrelevant heads. This

2024], and training-free methods TF-ICON [Lu et2023], TIGIC [Li
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Fig. 3. alitative comparison on subject injection and editing with baseline methods. Results of our results maintain identity consistency with
reference while preserving fine-grained features, and are also aligning with the prompts. Masks are labeled as white boxes on target images.
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