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Figure 1: We propose Follow-Your-Shape, a training- and mask-free image editing framework that
excels at prompt-driven shape transformation. Our method enables flexible modification of arbitrary
object shapes while strictly maintaining non-target content. The examples demonstrate both single-
object and multi-object cases involving significant shape transformation.

ABSTRACT

While recent flow-based image editing models demonstrate general-purpose ca-
pabilities across diverse tasks, they often struggle to specialize in challenging
scenarios—particularly those involving large-scale shape transformations. When
performing such structural edits, these methods either fail to achieve the intended
shape change or inadvertently alter non-target regions, resulting in degraded back-
ground quality. We propose Follow-Your-Shape, a training- and mask-free frame-
work that supports precise and controllable editing of object shapes while strictly
preserving non-target content. Motivated by the divergence between inversion
and editing trajectories, we compute a Trajectory Divergence Map (TDM) by
comparing token-wise velocity differences between the inversion and denoising
paths. The TDM enables precise localization of editable regions and guides a
Scheduled KV Injection mechanism that ensures stable and faithful editing. To
facilitate a rigorous evaluation, we introduce ReShapeBench, a new benchmark
comprising 120 new images and enriched prompt pairs specifically curated for
shape-aware editing. Experiments demonstrate that our method achieves supe-
rior editability and visual fidelity, particularly in tasks requiring large-scale shape
replacement.
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1 INTRODUCTION

Recent advances in generative models have greatly expanded the scope of visual generation, en-
abling more controllable and realistic modifications across diverse scenarios. Image editing methods
based on diffusion (Cao et al., 2023; Tumanyan et al., 2023; Feng et al., 2025) and flow models (Lip-
man et al., 2022; Labs, 2024; Labs et al., 2025; Kulikov et al., 2025) have demonstrated considerable
success in general tasks, yet they often fail when faced with complex, large-scale shape transforma-
tions. These models can struggle to modify an object’s structure as intended or may inadvertently
alter background regions, which degrades the overall image quality. This limitation indicates a criti-
cal gap in their ability to perform precise structural edits while maintaining the integrity of unedited
content.

The primary cause for this limitation lies in the inadequacy of existing region control strategies (Zhu
et al., 2025; Cao et al., 2023). Methods that rely on external binary masks are often too rigid and
struggle with the fine details of object boundaries. Alternatively, strategies that use cross-attention
maps to infer editable regions are frequently unreliable, as these maps can be noisy and inconsistent.
While unconditional Key-Value (KV) injection can preserve background structure, it lacks selectiv-
ity and tends to suppress the intended edits (Avrahami et al., 2025; Wang et al., 2024). We argue that
a breakthrough requires a new approach: one that derives the editable region dynamically from the
editing process itself by analyzing how the model’s behavior shifts between the source and target
conditions.

To address these challenges, we propose Follow-Your-Shape, a training- and mask-free framework
for precise and controllable shape editing. As illustrated in Figure 2, the core innovation of our
pipeline is the Trajectory Divergence Map (TDM). The TDM is generated by computing the token-
wise difference between the denoising velocity fields of the source and target prompts. This map
accurately localizes the regions intended for editing, which in turn guides a selective KV injection
mechanism to ensure that modifications are applied precisely where needed while preserving the
background.

However, directly applying TDM-guided injection across all denoising timesteps is suboptimal be-
cause the TDM can be unstable in the early, high-noise stages of the process. We therefore introduce
a Scheduled KV Injection strategy that adapts its guidance throughout the denoising process. As
visualized in Figure 2, this staged approach first performs unconditional KV injection to stabilize
the initial trajectory, and only then applies TDM-guided editing once a coherent latent structure
has formed. This scheduling and staged editing pipeline ensures a more robust and faithful editing
outcome compared to a direct application.

To validate our approach, we introduce ReShapeBench, a new benchmark with paired images and
refined text prompts specifically designed for evaluating large-scale shape modifications. Beyond
this new dataset, we further evaluate Follow-Your-Shape on the public PIE-Bench (Ju et al., 2023)
to ensure generalizability. Follow-Your-Shape achieves state-of-the-art performance on both bench-
marks, demonstrating superior background preservation, text—image alignment, and overall visual
quality, confirming its effectiveness in both shape-aware and general editing tasks.

Our primary contributions are summarized as follows:
* A novel and training-free editing framework, Follow-Your-Shape, that utilizes a Trajec-

tory Divergence Map (TDM) to achieve precise, large-scale shape transformations while
preserving background content.

* A trajectory-guided scheduled injection strategy that improves editing stability by adapt-
ing the guidance mechanism throughout the denoising process.

* A new benchmark, ReShapeBench, designed for the systematic evaluation of shape-aware
image editing methods.

Reproducibility: We provide our benchmark dataset and source code' to facilitate reproducibility
and future research.

'https://github.com/mayuelala/FollowYourShape
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2 RELATED WORK

Region-Speci c Image Editing. A central challenge in image editing is localizing modi cations

to speci ¢ regions (Barnes et al., 2009; Zhang et al., 2024b; Liu et al., 2025a; Huang et al., 2025;
Ma et al., 2025c;d; Long et al., 2025; Shen et al., 2025; Chen et al., 2025e; Feng et al., 2025).
Early methods often relied on explicit user-provided masks to delineate editable areas (Lugmayr
et al., 2022; Avrahami et al., 2023; Chen et al., 2023; Xiong et al., 2025; Wan et al., 2024). While
effective for certain tasks, this approach requires manual annotation, limiting its applicability. To ad-
dress this, subsequent work explored techniques to infer editable regions directly from text prompts.
Methods such as Prompt-to-Prompt (Hertz et al., 2022) and Plug-and-Play (Tumanyan et al., 2023)
manipulate cross-attention maps to associate textual tokens with spatial areas, enabling localized
edits without explicit masks. Other approaches, such as DiffEdit (Couairon et al., 2022), generate a
mask by computing differences between diffusion model predictions conditioned on source and tar-
get prompts. However, attention-based localization can be imprecise and unstable, especially during
large-scale shape transformations where object boundaries change signi cantly (Pang et al., 2024;
Cao et al., 2023). In contrast, Follow-Your-Shape provides a training-free and mask-free method
for identifying editable regions directly from the model's behavior, avoiding the need for external
masks or noisy attention maps.

Structure Preservation via Inversion and Feature Reuse. Preserving non-target regions is
equally critical for high- delity editing, and this is closely tied to the quality of the model's in-
version process. For diffusion models, signi cant research has focused on improving DDIM in-
version (Song et al., 2020) to better reconstruct a source image from noise. Previous works like
null-text inversion (Mokady et al., 2023) and optimization-based methods (Wallace et al., 2023) aim
to reduce the discrepancy between the reconstruction and editing trajectories. With the shift toward
ow-based models, inversion delity has become even more important due to their deterministic na-
ture. RF-Inversion (Rout et al., 2024) formulates the inversion process as a dynamic optimal control
problem, while RF-Solver (Wang et al., 2024) achieve more accurate reconstructions by incorporat-
ing higher-order derivative information. Beyond improving inversion, another line of work focuses
on explicitly reusing modules or features from the source image's generation process (Zheng et al.,
2024; Ma et al., 2025a; Yan et al., 2025). Techniques based on Key-Value (KV) caching (Zhu et al.,
2025; Avrahami et al., 2025) or feature injection (Wang et al., 2024; Feng et al., 2025) enforce struc-
tural consistency by propagating source-image features into the new generation process. In contrast
to prior methods that rely on simple heuristics, Follow-Your-Shape employs a trajectory-guided
scheduled injection strategy to achieve more precise, content-aware control.

3 METHODOLOGY

Our goal is to enable precise object shape-aware editing while strictly preserving the background.
Motivated by the limitations of existing region control strategies and the need for a more adaptive
mechanism, we introduce Trajectory Divergence Map (TDM) that quanti es token-wise semantic
deviation between inversion and editing trajectories, as shown in Figure 2. The overall pipeline of
Follow-Your-Shape is shown in Figure 3.

3.1 MOTIVATION

Effective image editing requires a precise balance between introducing new content and preserv-
ing the original structure. As illustrated in Figure 2 (left), traditional structure-preserving editing
approaches often produce unstable denoising trajectories that deviate signi cantly from the stable
reconstruction path, leading to severe structural degradation and undesired artifacts. Moreover, prior
methods for localizing edits have notable drawbacks:

« Binary Segmentation Masks: Rely on external tools (Kirillov et al., 2023; Ronneberger
et al., 2015), introducing overhead and a dependency on mask quality. Their rigid bound-
aries hinder large-scale shape changes and often produce artifacts.

» Cross-Attention Masks: Inferred from model's cross attention during the diffusion pro-
cess, these maps are often noisy and inconsistent, proving unreliable for localizing edits,
especially during signi cant shape transformations.
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Figure 2: Motivation for Trajectory Divergence Map (TDM) Guided Editing. Left: Vanilla

editing methods (red) often produce unstable trajectories compared to the stable reconstruction path
(orange). Right: Our staged editing approach better resembles the ideal editing path. The TDM
visualizes the dynamically localized editing region across different timesteps, with different border
colors corresponding to different stages.

» Unconditional Feature Injection: This strategy preserves structure by globally injecting
source features, but its lack of selectivity suppresses intentional edits, creating a con ict
between editability and consistency.

To address these limitations, we propose a new approach from a dynamical systems perspective.
We posit that the semantic difference between the source and target concepts can be measured by
the divergence between their respective denoising trajectories. Based on this, we achieved a precise
and mask-free method (shown in Figure 3) to stabilize the editing trajectory and perform targeted,
shape-aware modi cations without relying on external masks or rigid heuristics.

3.2 FOLLOW-YOUR-SHAPE

We perform shape-aware editing through a staged editing process that combines scheduled Key-
Value (KV) injection with structural guidance, where the edit is localized by the Trajectory Diver-
gence Map (TDM).

3.2.1 TRAJECTORY DIVERGENCE MAP

Our approach is grounded in the perspective of ow trajectories within the latent space, extending
concepts from ow-matching frameworks to the inference setting. As illustrated in Figure 2 (left),
a standard reconstruction follows a stable denoising trajectory guided by the source pgenipt ¢

an editing task, conditioning on a target prompt alters the velocity eld, causing the denoising
trajectory to deviate from this initial path. We posit that the magnitude of this deviation spatially
localizes the semantic difference between the two prompts. Regions intended for modi cation will
exhibit signi cant divergence, while background areas will follow nearly identical trajectories. To
formalize this, let fx g, be the latent sequence from the source image inversion, and, #tfz

be the corresponding sequence during the editing (denoising) process. We de ne the token-wise
Trajectory Divergence Map (TDM) . at timestep t as the 1.norm of the difference between the
velocity vectors predicted under the two prompts:

D= v itew v x0tcso ¥ 1)

where the velocity elds are evaluated at their respective trajectory latengs)dzx . To enhance
interpretability and prepare the map for temporal aggregation, we apply min-max normalization
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Figure 3: Overview of our proposed pipeline. Given a source image and the corresponding prompt,
we rst perform inversion to obtain the initial noisy latent codg.xThe editing process is then
divided into three stages. In Stage 1, we stabilize the initial denoising trajectory by reusing key—
value (KV) features recorded during inversion and injecting them into the early denoising steps.
In Stage 2, we compute a Trajectory Divergence Map (TDM) by comparing denoising trajectories
generated under the source and edit prompts, and process this map to precisely localize regions
intended for editing. In Stage 3, guided by the TDM, blended KV features are injected into the nal
attention blocks to introduce new semantics while preserving non-target content. Simultaneously,
ControlNet conditions are applied to provide auxiliary structural guidance.

across all spatial tokens i at each timestep:

@

; ()
) _ . MmN ¢

= — ! (2)
max; t(J) min j t(’)

As shown in Figure 2 (right), this produces a normalized TDK@? fg, which quanti es the localized
editing strength on a scale of [0; 1].

3.2.2 STAGED EDITING AND STRUCTURAL GUIDANCE

Directly applying TDM-guided injection across all timesteps is suboptimal due to the instability

of the TDM in early, high-noise regimes (Figure 2 right). Early latents provide weak and noisy
spatial signals, which can mislocalize edits if aggressive guidance is applied too soon. To address
this, we introduce a scheduled injection strategy that partitions the N denoising steps into three
distinct phases and adapts the guidance mechanism to the latent state: the rst phase emphasizes
stabilization, the second collects and aggregates TDM evidence while allowing exploration, and the
third enforces structural and semantic conformance.

Stage 1: Initial Trajectory Stabilization. For an initial set of ko timesteps, we perform un-
conditional KV injection from the source inversion path across all spatial tokens. This operation
enforces a global reconstruction objective, equivalent to setting the edit mask 8 which sta-
bilizes the trajectory and prevents semantic drift while the latent representai®astitl dominated

by noise. Intuitively, the model rst anchors to a faithful reconstruction manifold before any region-
speci ¢ modi cation is attempted, reducing the risk of spurious changes to background layout or
texture.

Stage 2: Editing and TDM Aggregation. Once a stable latent structure has emerged, we begin
the editing phase over a prede ned window of timesteps N. During this window, we perform edit-
ing by setting the edit mask M = 1 at every step, allowing the model to explore target-guided
generation path. Simultaneously, we compute and store the normalized TD#gach timestep

within N, capturing the trajectory divergence guided by the source and target prompts. After this
editing window concludes, we aggregate the stored TDNIg &cross time to construct a temporally
consistent and spatially coherent edit mask. Speci cally, throughout the denoising process, a token
that appears unchanged at an individual timestep may still experience evolution at subsequent steps.
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Therefore, to ensure that the aggregation faithfully captures such temporal dynamics, we employ a
softmax-weighted temporal fusion for each token i:

) X ) ) ) exp(~
Ni) = t(l) ~fl) - where 9) = p p( t )~(i) : (3)
2N oon EXP(To )

To ensure spatial coherence and suppress noisy edges, the resultin'\gsmaﬂher re ned via
convolution with a Gaussian kernel ® obtainVts 2 [0; 1]*W

n

Mg = G (4)

We observe that the distribution of valueshiFs typically ex-

hibits a skewed unimodal shape (as shown in Figure 4), charac-

terized by a dominant background mode and a long-tailed fore-

ground response. Such a distribution is well suited for Otsu's

method (Otsu et al., 1975), which selects the threshold that

that maximizes the inter-class variance of values. Formally,

for a candidate threshold , letd; o and !;; 1 denote the

class probabilities and means of the backgroudd ()

and foregroundNr's > ), respectively. The between-class

variance is de ned as:
5 5 Figure 4: Distribution of values of
p() =1 oO)! 2()  o()  2() (5) M. The red dashed line indicates

the Otsu threshold .
The optimal threshold is then given by:

=argmax 2(): (6)

The nal binary mask M is thus obtained by applying this threshold:
h i
Ms=1 Ms> ; Mg2f0;1g"" ; @)

where 1[ ] denotes the indicator function.

Stage3d: Structural and Semantic Conformance. Our framework enforces structural confor-
mance by jointly leveraging TDM-guided feature injection for background preservation and Con-
trolNet residual conditioning for stabilizing structural patterns. The magkdWtained in Stage 2
modulates the fusion of Key-Value features, activating the target featurgs\{i) in edited re-
gions and reverting to the source featured{KV ™) elsewhere. This feature-blending operation is
formulated as:

fk ;Vg Mg fK Wvlg+@d M g) fK ™ vivg: (8)

For structural guidance, ControlNet conditions the process on structural informagigbyinject-
ing a residual stream into each block of the denoising modeFer a latent representation at a
given block, the outputZis computed as:

20 = Block(z{) + ControlNetBlock(z t; Ccond); 9)

where controls the guidance strength. Concurrently, our feature injection mechanism builds on
RF-Edit's background preservation by replacing the standard self-attention with a TDM-guided vari-
ant. The modi ed attention output §; is computed using the blended key-value pairs from Eq. 8:

FO, = Attention(Q'9; K ;V ): (10)

This synergy between ControlNet's geometric enforcement and our TDM-guided semantic preser-
vation enables precise, high- delity edits. The algorithmic implementation can be found in Algo-
rithm 1 in Appendix.
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Figure 5: Construction Process of ReShapeBench. Note that images in Step 3 are generated after
benchmark construction to serve as visual references. Checklist validation is performed on prompt.

4 RESHAPEBENCH: A BENCHMARK FOR LARGE-SCALE SHAPE
TRANSFORMATIONS

Overview. Existing benchmarks for image editing (Wang et al., 2023; Ju et al., 2023; Zhang et al.,
2023) are not tailored to the demands of shape-aware editing, where the goal is to change object
geometry while preserving the surrounding background. In particular, PIE-Bench (Ju et al., 2023)
(700 images) uses concise prompts that often lack spatial or structural detail, and it aggregates het-
erogeneous tasks (object replacement, stylization, background modi cation) rather than isolating
shape transformation as a rst-class target. These properties make it dif cult to diagnose whether
a method truly performs structural change or relies on side effects such as texture shifts or back-
ground re-synthesis. We therefore introduce ReShapeBench, a benchmark that centers on mask-
free, prompt-driven shape transformation with paired prompts and controlled background settings.
This design isolates the factors relevant to structural change and reduces confounds from style or
background alterations, enabling a targeted and reproducible evaluation protocol. It also serves as
a targeted complement to existing evaluation suites, providing shape-focused test cases that |l the
gap left by current general-purpose editing benchmarks.

Benchmark Construction. ReShapeBench contains 120 newly collected images split into three
subsets: 70 single-object scenes for precise shape editing, 50 multi-object scenes for targeted mask-
free edits, and a general evaluation set of 50 images that combines samples from both subsets with
curated PIE-Bench cases to assess generalization. All images are standardized to 512 512 to
normalize spatial scale and reduce variability across methods and backbones. Each new image is
paired with two distinct shape transformations, yielding 240 editing cases across the single- and
multi-object subsets, plus 50 cases in the general set, for a total of 290 shape-aware editing cases;
this pairing increases task coverage and controls dif culty by varying the magnitude of structural
change. Source-target prompts follow a structured template and differ only in the foreground object
description, which stabilizes text-to-image alignment while holding background xed. All prompt
pairs are generated by Qwen-2.5-VL (Bai et al., 2025) and validated by human raters to ensure
alignment and that the transformation satis es the prede ned shape criteria; ambiguous cases are
double-checked to maintain consistency. Figure 5 and the Appendix B present the construction pro-
cedure and sample cases, including the selection checklist and prompt schema used during curation.

5 EXPERIMENT

5.1 EXPERIMENTAL SETUP

We use the open-source FLUX.1-[dev] model (Labs, 2024) as the base and run all experiments in
PyTorch on an NVIDIA A100 (40 GB). We set the number of denoising steps to 14, guidance scale
to 2.0, and kont to 2. We evaluate both ControlNet-free and ControlNet-enabled variants of our
method. If enabled, we apply multi-ControlNet conditioning with depth and Canny branches over
the normalized denoising interval [0:1; 0:3], with respective strengths 2.5 and 3.5. Unless otherwise
stated, we keep the same inference scheduler and tokenizer as the of cial release and x random
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Figure 6: Qualitative comparisons on various shape-aware editing cases. Follow-Your-Shape
successfully performs large-scale shape transformations while preserving the background, demon-
strating advantages in both editing ability and visual consistency over existing baselines.

seeds for reproducibility; additional implementation details and runtime/memory pro les are pro-
vided in Appendix C.

5.2 COMPARISON WITH BASELINES
5.2.1 QUALITATIVE COMPARISON

We compare Follow-Your-Shape with diffusion-based and ow-based methods. Diffusion-based
baselines include MasacCtrl (Cao et al., 2023), PnPInversion (Ju et al., 2023), and Dit4Edit (Feng
et al., 2025), which modulate attention and conditions during the diffusion process. Flow-based
baselines include RF-Edit (Wang et al., 2024), FlowEdit (Kulikov et al., 2025), KV-Edit (Zhu et al.,
2025), FLUX.1 Fill (Labs, 2024), and FLUX.1 Kontext (Labs et al., 2025), which build on Rec-

ti ed Flow. FLUX.1 Fill is designed for prompt-based masked image completion, while FLUX.1
Kontext leverages context-token concatenation for in-context editing. Figure 6 shows that Follow-
Your-Shape achieves stronger shape-aware editing and background preservation. Diffusion-based
methods tend to degrade the background under structural edits and may fail on high-magnitude
shape changes, while ow-based methods produce higher-quality images but still exhibit detail jitter,
ghosting, or incomplete transformations in dif cult cases. Follow-Your-Shape performs large-scale
shape transformations while preserving non-target regions.

5.2.2 QUANTITATIVE COMPARISON

We conduct quantitative evaluations on both ReShapeBench and PIE-Bench against diffusion- and
ow-based baselines to assess both shape-aware editing and general editing performances. To ensure
fairness, we use identical source and target prompts and the same number of denoising steps across
methods. Because we follow RF-Solver with a second-order scheme, we double the number of steps
for methods without a second-order update to match the number of function evaluations (NFE). We
disable the ControlNet modules to isolate the effect of TDM-guided editing.
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