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Abstract

Localized subject-driven image editing aims to seamlessly integrate user-specified
objects into target scenes. As generative models continue to scale, training becomes in-
creasingly costly in terms of memory and computation, highlighting the need for training-
free and scalable editing frameworks. To this end, we propose PosBridge—an efficient
and flexible framework for inserting custom objects. A key component of our method is
positional embedding transplant, which guides the diffusion model to faithfully replicate
the structural characteristics of reference objects. Meanwhile, we introduce the Corner
Centered Layout, which concatenates reference images and the background image as
input to the FLUX.1-Fill model. During progressive denoising, positional embedding
transplant is applied to guide the noise distribution in the target region toward that of the
reference object. In this way, Corner Centered Layout effectively directs the FLUX.1-
Fill model to synthesize identity-consistent content at the desired location. Extensive
experiments demonstrate that PosBridge outperforms mainstream baselines in structural
consistency, appearance fidelity, and computational efficiency, showcasing its practical
value and potential for broad adoption.

1 Introduction
Subject-driven image generation aims to insert identity-consistent objects into target scenes
using reference images or text prompts. It has broad applications in personalized content
creation, virtual environments, and image editing. Existing approaches typically extract fea-
tures from reference images and inject them into diffusion models via fine-tuning.

We propose PosBridge, a training-free framework for identity-aware and spatially con-
trollable subject-driven image editing. Built on pre-trained MMDiT[2] models, PosBridge
achieves accurate object synthesis without requiring any dataset-specific training. Our method
transplants positional embeddings from reference images to enforce structural alignment and
adopts a Corner Centered Layout with token-level restructuring to mitigate reference bias
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and reduce computation. Figure 1 shows a representative result produced by our method,
illustrating faithful identity preservation and seamless scene integration.

In particular, the core framework operates completely without training. An optional
lightweight LoRA module can be incorporated to enhance fine-grained appearance fidelity.
Extensive experiments demonstrate the effectiveness of our approach. We introduce Pos-
Bridge as a diffusion-based framework that enables structure-aware object insertion via po-
sitional embedding transplant, improves reference alignment through token restructuring in
Corner Centered Layout, and optionally boosts visual realism using a class-agnostic LoRA
enhancement module. Our method achieves state-of-the-art performance on both single- and
multi-reference benchmarks in terms of semantic consistency and visual fidelity.

The main contributions are summarized as follows: 1) We propose PosBridge, a training-
free editing framework that enables identity-consistent object insertion by transplanting po-
sitional embeddings from reference images. 2) We design a Corner Centered Layout
with token-level restructuring to mitigate over-reliance on any single reference image, re-
ducing copy-paste effects and improving object-scene integration. 3) We introduce a class-
agnostic, lightweight LoRA module to boost detail realism in a parameter-efficient man-
ner. 4) Our method achieves competitive or superior performance on semantic consistency
and visual fidelity benchmarks, outperforming state-of-the-art baselines in both single- and
multi-reference settings.

Figure 1: A dog generated using our training-free method. Left: generated image. Right:
reference image.

2 Related Work

2.1 Positional Embedding in Vision Models
Positional embeddings are critical for enabling spatial reasoning in transformer-based vi-
sion models. Early methods relied on absolute encodings, such as sinusoidal functions [16],
which were not adaptive to variable input resolutions. Relative encodings improved gener-
alization by modeling pairwise positional relationships. More recently, techniques such as
Rotary Positional Embedding (RoPE) [15] encode position as rotations in attention space,
offering enhanced spatial modeling capabilities.

Positional embeddings are critical for enabling spatial reasoning in transformer-based vi-
sion models. Early methods relied on absolute encodings, such as sinusoidal functions [16],
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which were not adaptive to variable input resolutions. Relative encodings improved gener-
alization by modeling pairwise positional relationships. More recently, techniques such as
Rotary Positional Embedding (RoPE) [15] encode position as rotations in attention space,
offering enhanced spatial modeling capabilities.

2.2 Subject-Driven Image Editing

Subject-driven image editing involves inserting identity-preserving objects into new scenes.
Early approaches like DreamEdit [9] and Cones 2 [10] rely on iterative diffusion or instance-
specific token embeddings for personalized synthesis. More recent zero-shot methods, such
as AnyDoor [1], IMPRINT [14], and BIFRÖST [8], introduce mask-free or 3D-aware pipelines
that improve compositional realism and spatial flexibility. Despite progress, achieving struc-
tural control, semantic alignment, and natural blending simultaneously remains a challenge.
Our method addresses these limitations by leveraging positional embedding transplant and
the Corner Centered Layout to enable structure-aware and editable object integration.

2.3 Modifying RoPE in Diffusion Models

Two recent training-free approaches manipulate diffusion transformers’ positional represen-
tations to control generation. RoPECraft warps the rotary positional embeddings (RoPE) of
a diffusion transformer using dense optical flow from a reference video and then aligns mo-
tion trajectories during denoising [3]. It also employs a Fourier-based regularization to sup-
press high-frequency artifacts and achieve realistic motion transfer without fine-tuning [3].
GrounDiT, targeting spatial grounding, modifies RoPE in a different way: it enforces se-
mantic sharing by assigning the same RoPE to tokens belonging to a bounding-box region,
causing separate patches and the full image to share positional embeddings and thus become
semantic clones [7]. These aligned RoPEs enable the model to generate and denoise patches
jointly and transplant them back into the main image at each denoising step [7], providing
precise spatial control. Together, these works show that careful manipulation of rotary posi-
tional embeddings—whether warping them with optical flow or sharing them among region
tokens—can endow diffusion models with motion or layout control without retraining.

3 Method

FLUX.1-Fill [6] enables localized image editing by using a binary mask to restrict modifi-
cations while preserving the unedited background. Building on this foundation, we propose
a training-free, subject-driven editing framework that transplants positional embeddings and
leverages reference images arranged in Corner Centered Layout to guide the synthesis of
identity-consistent objects at specified locations. Figure 2 summarizes the overall workflow,
and Figure 3 illustrates a typical result. The generated composition faithfully preserves the
cup’s identity while seamlessly matching the scene’s depth, focus blur, and angled sunset
illumination, demonstrating the framework’s ability to reconcile object appearance with its
visual context.
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