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Abstract
Text-driven video editing aims to modify desired
semantic content while preserving the motion, lay-
out, and temporal coherence of a source video.
However, velocity-based editing methods often
leave source residue when the target edit requires
a large object-level transformation. To address
this issue, we propose Dual-PAG, a bidirectional
Perturbed Attention Guidance framework that sup-
presses source-side structural traces while rein-
forcing target-side geometry. Dual-PAG further
uses cross-attention-based masking to localize the
correction to the edit region. Dual-PAG preserves
the single-trajectory nature of inversion-free video
editing while more effectively reducing source
residue in challenging object replacement scenar-
ios.

1. Introduction
Recent advances in large-scale video generation mod-
els (Wan et al., 2025; Liu et al., 2024b; Kong et al., 2024;
Blattmann et al., 2023) have enabled increasingly realistic
and temporally coherent video synthesis, making text-driven
video editing an important research problem for modifying
existing videos with natural-language instructions. Given
a source video, a source prompt, and a target prompt, the
goal is to modify the source video according to the target
prompt while preserving the source motion, layout, and
temporal coherence. Among recent inversion-free (Kulikov
et al., 2025; Liu et al., 2022; Lipman et al., 2022; Ho & Sali-
mans, 2022; Wu et al., 2024; Cong et al., 2024) approaches,
FlowDirector (Li et al., 2025) serves as a representative and
strong baseline for velocity-based video editing, achieving
competitive editing quality through rectified-flow trajectory
steering.

Despite its effectiveness, velocity-discrepancy-based editing
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Figure 1. Velocity-level analysis of source-residue artifacts. Each
row compares FlowDirector and Dual-PAG using the edited frame,
source-region crop, edited crop, and final velocity-update mag-
nitude map. The heatmaps visualize where the editing update is
concentrated.

often struggles when the target edit requires a substantial
object-level structural change. Rather than fully replacing
the source structure, the model may preserve a source-like
silhouette and overlay target appearance on top of it, pro-
ducing ghost-like residue and unnatural object geometry.
Figure 1 illustrates this failure mode. FlowDirector changes
the object appearance, but residual structures remain near
the original contour, while the velocity-level editing update
is weak or diffuse around the edited region. Such residual
source cues can persist across frames, reducing the reliabil-
ity of the intended transformation.

These observations indicate a limitation of the base editing
direction. The source-to-target velocity discrepancy can pro-
vide an effective global transformation signal, but it does not
explicitly distinguish source-preserving components from
target-forming components. A straightforward alternative
is to tune the source or target CFG scales (Ho & Salimans,
2022). However, scale adjustment primarily changes the
overall strength of prompt-conditioned predictions rather
than isolating structure-sensitive components. This distinc-
tion is important because prior diffusion editing studies have
shown that self-attention is closely tied to structure preser-
vation and content consistency. Self-attention features help
preserve source layout in image-to-image translation (Tu-
manyan et al., 2023), mutual self-attention enables consis-
tent non-rigid editing by querying source contents (Cao
et al., 2023), and recent attention analysis shows that self-
attention is crucial for retaining geometric and shape details
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Figure 2. Overview of Dual-PAG. (a) Given a source video and a source-to-target prompt, PAG perturbs selected self-attention layers in
the DiT-based editing pipeline. (b) Dual-PAG adds Target-PAG for target formation and subtracts Source-PAG for residue suppression,
while a cross-attention mask localizes the correction to the edited region. (c) The resulting trajectory reduces source residue and improves
target formation compared with FlowDirector.

during text-guided editing (Liu et al., 2024a).

We therefore revisit Perturbed Attention Guidance
(PAG) (Ahn et al., 2024), which perturbs self-attention to
expose structure-sensitive prediction components. Since the
base source-to-target velocity edits along a single direc-
tion without explicitly separating source removal from tar-
get construction, applying PAG to the source- and target-
conditioned branches can reveal complementary structural
cues associated with source persistence and target forma-
tion. Based on this observation, we propose Dual-PAG. Our
contributions are threefold: (i) we identify source residue
as an entanglement failure in velocity-based editing; (ii)
we introduce Source-PAG and Target-PAG to guide source
suppression and target formation; and (iii) we demonstrate
through velocity-level analyses that bidirectional guidance
produces more localized source-to-target editing updates in
challenging object replacement scenarios.

2. Preliminaries
2.1. Rectified Flow-based Editing.

Rectified Flow models (Kulikov et al., 2025; Liu et al.,
2022; Lipman et al., 2022; Ho & Salimans, 2022) formulate
generation as a continuous transport process over latent
states. Let Zt be the latent video state at time t ∈ [0, 1], and
let C be the text condition. The text-conditioned trajectory
is defined by

dZt

dt
= Vθ(Zt, t, C), (1)

where Vθ denotes the learned velocity field that predicts the
instantaneous update direction of Zt under condition C.

Building on inversion-free rectified-flow editing, the editing
direction is defined as the discrepancy between target- and
source-prompt velocities, and the editing state is updated by

∆Vt = Vθ(Z
tar
t , t, P ∗)− Vθ(Z

src
t , t, P ) (2)

Zedit
ti−1

= Zedit
ti + (ti−1 − ti)∆Vti (3)

Here, P and P ∗ denote the source and target prompts, re-
spectively. In practice, we follow the original framework
and use CFG-guided velocity predictions. Our method fur-
ther augments this rectified-flow editing velocity with an
auxiliary semantic correction signal.

2.2. Perturbed Attention Guidance.

Perturbed Attention Guidance (PAG) (Ahn et al., 2024) con-
structs an auxiliary degraded prediction by perturbing the
self-attention (SA) (Vaswani et al., 2017) operation. Given
query Q, key K, and value V , the standard self-attention
operation computes token-to-token interactions through an
attention map A and aggregates the value features as

SA(Q,K,V) = AV, A = softmax

(
QK⊤
√
d

)
, (4)

where d denotes the feature dimension. PAG replaces the
attention map A with the identity matrix I in order to remove
off-diagonal token-to-token interactions while preserving
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Prompt: A (woman→man) walking in the grass near a tree

Figure 3. Temporal comparison on the Lucia sequence. Rows
show the source video, FlowDirector, and our Dual-PAG results;
columns show three timestamps. Our method maintains better
temporal consistency and identity preservation.

each token’s own value feature:

PSA(Q,K,V) = IV = V. (5)

Since self-attention maps encode structural relationships
among visual tokens, this identity substitution selectively at-
tenuates self-attention-mediated structural aggregation with-
out directly corrupting the value features. The resulting
perturbed prediction serves as a structurally degraded coun-
terpart to the original prediction. This property motivates
our use of the PAG-induced discrepancy as an additional
guidance signal for rectified-flow video editing.

3. Method
3.1. Overview

Figure 2 summarizes the proposed Dual-PAG framework
for reducing source residue and reinforcing target-specific
structure. Given a source video and source/target prompts,
we query the Wan2.1 (Wan et al., 2025)-based DiT (Pee-
bles & Xie, 2023) under normal and attention-perturbed
conditions to obtain the base editing velocity and PAG cor-
rection signals. Source-PAG suppresses source-preserving
cues, while Target-PAG reinforces target-specific structure.
Cross-attention responses localize the editing region. The
following subsections describe the PAG corrections, mask
construction, and localized velocity composition.

3.2. Source-Target PAG

The base editing velocity ∆Vt gives the main source-to-
target direction, but it does not explicitly separate source
removal from target formation. To address this, we decom-
pose PAG into two complementary branches: Source PAG,
which suppresses source-preserving structure, and Target
PAG, which enhances target-specific structure.
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Figure 4. Cropped comparisons across object-editing examples.
Rows show the source video, FlowDirector, and our Dual-PAG
results. Red boxes highlight regions where source-residue artifacts
or local structural remnants remain.

3.2.1. SOURCE PAG: RESIDUE SUPPRESSION

A common failure in text-driven video editing is source
residue, where the outline or structural cues of the origi-
nal object remain after editing. We attribute this to source-
conditioned velocity components that preserve source-
specific semantics and structure. To estimate these com-
ponents, we apply PAG to the source-conditioned branch
and compute the discrepancy between the normal and self-
attention-perturbed source velocities:

δsrct = Vθ(Z
src
t , t, P )− Ṽθ(Z

src
t , t, P ), (6)

where P is the source prompt and Ṽθ denotes the velocity
predicted with perturbed self-attention. Because this dis-
crepancy is computed within the source-conditioned branch,
it isolates attention-dependent components that support the
source prompt. We therefore subtract δsrct from the edit-
ing direction to weaken source-preserving structure in the
editable trajectory.

3.2.2. TARGET PAG: STRUCTURE ENHANCEMENT

Another failure case in text-driven video editing is weak
target formation, where the edited region changes in texture
but does not fully develop the distinctive structure of the
target object. To enhance such components, we apply PAG
to the target-conditioned branch and compute the discrep-
ancy between the normal and self-attention-perturbed target
velocities:

δtart = Vθ(Z
tar
t , t, P ∗)− Ṽθ(Z

tar
t , t, P ∗), (7)

where P ∗ is the target prompt and Ṽθ denotes the velocity
predicted with perturbed self-attention. Since the perturbed
target prediction weakens attention-mediated structure for-
mation, δtart emphasizes target-conditioned components that
are lost under perturbation. We therefore add this target-side
correction to the editing direction to reinforce target-specific
structure rather than merely changing local appearance.
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Table 1. Quantitative comparison between FlowDirector (Li et al., 2025) and Dual-PAG on DAVIS-Edit (Pont-Tuset et al., 2017) using
manually written editing prompts. We report both editing-oriented metrics and VBench (Huang et al., 2024) video-quality metrics. ↑
denotes higher is better.

METHOD
EDITING-ORIENTED METRICS VBENCH METRICS

CLIPT ↑ CLIPF ↑ WARP-SSIM ↑ QEDIT ↑ PICKSCORE ↑ SUBJECT CONS. ↑ AESTHETIC QUALITY ↑ IMAGING QUALITY ↑ TEMPORAL STYLE ↑ OVERALL CONS. ↑
FLOWDIRECTOR (LI ET AL., 2025) 0.2842 0.9566 0.4104 0.1168 20.4382 0.8876 0.5169 65.5998 0.1250 0.1250
OURS 0.2935 0.9604 0.3861 0.1129 20.6200 0.8978 0.5262 66.1564 0.1292 0.1292

Table 2. Ablation study of Dual-PAG on DAVIS-Edit (Pont-Tuset
et al., 2017). ↑ denotes higher is better.

METHOD CLIPT ↑ CLIPF ↑ PICKSCORE ↑
W/O SOURCE PAG 0.2930 0.9600 20.6153
W/O TARGET PAG 0.2851 0.9566 20.4612
OURS 0.2935 0.9604 20.6200

3.3. PAG-Guided Edit Masking

To prevent Dual-PAG from perturbing background re-
gions, we localize the correction using cross-attention re-
sponses, following the attention-guided localization strategy
of FlowDirector (Li et al., 2025). At each rectified-flow
timestep t, we aggregate the corresponding cross-attention
maps over selected DiT layers and heads, resize them to the
latent resolution, and obtain binary spatial masks:

Msrc
t = B(Asrc

t ), M tar
t = B(Atar

t ), (8)

where Asrc
t and Atar

t denote the aggregated source- and
target-word attention maps, respectively. Msrc

t and M tar
t

are the resulting source and target binary masks in the latent
space, and B(·) denotes normalization followed by thresh-
olding.

The final edit mask is defined as the union of the source and
target masks:

Medit
t = clip

(
Msrc

t +M tar
t , 0, 1

)
, (9)

where Medit
t specifies the latent spatial region where the

Dual-PAG correction is applied. The clipping operation lim-
its overlapping mask values to one.

3.4. Optimization

At each rectified-flow timestep t, we compute the base edit-
ing velocity ∆Vt and the source/target PAG discrepancies
in the latent space. The final localized editing direction is

∆V ours
t = ∆Vt +Medit

t ⊙
(
λtarδ

tar
t − λsrcδ

src
t

)
, (10)

where ⊙ denotes element-wise multiplication over the latent
velocity tensor. The mask Medit

t spatially gates the Dual-
PAG correction at each timestep, applying it only to prompt-
relevant latent regions.

4. Experiments
We evaluate on DAVIS-Edit (Pont-Tuset et al., 2017) using
our manually written editing prompts, with FlowDirector (Li

et al., 2025) as the main baseline. Due to limited compu-
tational resources, we use a reduced inference setting with
fewer sampling steps and a smaller averaging parameter
navg than the default configuration. For a fair comparison,
the same inference setting is applied to both FlowDirector
and Dual-PAG.

4.1. Qualitative Analysis

As shown in Figure 3, Dual-PAG produces a clearer target
identity across timestamps while preserving the source mo-
tion and background layout. FlowDirector follows the input
motion, but the edited subject remains visually ambiguous
and retains source-like appearance. In Figure 4, FlowDirec-
tor also leaves local source-residue artifacts in the cropped
regions, including residual silhouettes and incomplete struc-
tural replacement. Dual-PAG suppresses these remnants and
forms more target-consistent structures, supporting the ef-
fectiveness of explicitly separating source suppression and
target formation.

4.2. Quantitative Analysis

As shown in Table 1, Dual-PAG improves the main semantic
and preference-based metrics over FlowDirector, including
CLIPT, CLIPF, and PickScore. It also improves all VBench
metrics, suggesting better target alignment and overall video
quality. Warp-SSIM and Qedit are lower than FlowDirec-
tor, which should be interpreted together with Figure 1.
FlowDirector can obtain higher structure-similarity scores
by preserving the original source silhouette, even when visi-
ble source-residue artifacts remain. In contrast, Dual-PAG
suppresses such residual structures and forms new target ge-
ometry, which can reduce preservation-oriented scores. This
suggests that Warp-SSIM and Qedit are limited as standalone
criteria for residue-free object replacement.

4.3. Ablation Study

Table 2 shows the contribution of each PAG branch. Re-
moving Target PAG clearly decreases CLIPT, CLIPF, and
PickScore, showing that target-side guidance is important
for target formation. Removing Source PAG gives scores
close to the full model, but remains consistently lower across
all metrics. This suggests that Source PAG provides a com-
plementary effect by suppressing source-residue cues that
are not fully captured by prompt-alignment metrics. The full
Dual-PAG model achieves the best scores, supporting the
need to separate source suppression and target formation.
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5. Conclusion
We presented Dual-PAG, a bidirectional perturbed-attention
guidance framework for residue-free text-driven video
editing. Dual-PAG separates source-residue suppression
from target-structure formation by subtracting source-side
PAG residuals and adding target-side PAG residuals within
rectified-flow editing. This branch-specific correction re-
duces source-preserving structural traces while reinforcing
target-consistent geometry. These results show that branch-
specific PAG correction is effective for residue-free object
editing in rectified-flow video models.
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Hornung, A., and Van Gool, L. The 2017 davis chal-
lenge on video object segmentation. arXiv preprint
arXiv:1704.00675, 2017.

Tumanyan, N., Geyer, M., Bagon, S., and Dekel, T. Plug-
and-play diffusion features for text-driven image-to-
image translation. In Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition
(CVPR), pp. 1921–1930, June 2023.

Vaswani, A., Shazeer, N., Parmar, N., Uszkoreit, J., Jones,
L., Gomez, A. N., Kaiser, Ł., and Polosukhin, I. Atten-
tion is all you need. Advances in neural information
processing systems, 30, 2017.

5



Dual-PAG: Bidirectional Perturbed-Attention Guidance for Residue-Free Video Editing

Wan, T., Wang, A., Ai, B., Wen, B., Mao, C., Xie, C.-W.,
Chen, D., Yu, F., Zhao, H., Yang, J., et al. Wan: Open
and advanced large-scale video generative models. arXiv
preprint arXiv:2503.20314, 2025.

Wu, B., Chuang, C.-Y., Wang, X., Jia, Y., Krishnakumar, K.,
Xiao, T., Liang, F., Yu, L., and Vajda, P. Fairy: Fast par-
allelized instruction-guided video-to-video synthesis. In
Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition, pp. 8261–8270, 2024.

6


