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Figure 1. Editing results. Our method uses a source video and prompt to generate precise, semantic edits while preserving background
content and motion, yielding high visual fidelity and temporal coherence results.

Abstract

Text-driven video editing aims to modify video content
based on natural language instructions. While recent
training-free methods have leveraged pretrained diffusion
models, they often rely on an inversion-editing paradigm.
This paradigm maps the video to a latent space before edit-
ing. However, the inversion process is not perfectly accu-
rate, often compromising appearance fidelity and motion
consistency. To address this, we introduce FlowDirector, a
novel training-free and inversion-free video editing frame-
work. Our framework models the editing process as a di-
rect evolution in the data space. It guides the video to
transition smoothly along its inherent spatio-temporal man-
ifold using an ordinary differential equation (ODE), thereby
avoiding the inaccurate inversion step. From this founda-
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tion, we introduce three flow correction strategies for ap-
pearance, motion, and stability: 1) Direction-aware flow
correction amplifies components that oppose the source di-
rection and removes irrelevant terms, breaking conserva-
tive streamlines and enabling stronger structural and tex-
tural changes. 2) Motion-appearance decoupling optimizes
motion agreement as an energy term at each timestep, sig-
nificantly improving consistency and motion transfer. 3)
Differential averaging guidance strategy leverages differ-
ences among multiple candidate flows to approximate a low
variance regime at low cost, suppressing artifacts and sta-
bilizing the trajectory. Extensive experiments across vari-
ous editing tasks and benchmarks demonstrate that FlowDi-
rector achieves state-of-the-art performance in instruction
following, temporal consistency, and background preserva-
tion, establishing an efficient new paradigm for coherent
video editing without inversion.



1. Introduction

Text-driven video editing aims to modify video content
based on natural language instructions, offering a pow-
erful and intuitive interface for content creation and ma-
nipulation. The rapid development of this field has been
largely fueled by recent advances in generative artificial in-
telligence, particularly the emergence of large-scale pre-
trained diffusion models [11, 40] such as Stable Diffu-
sion [31, 34]. These models are trained on extensive image-
text datasets [3, 23, 36] and encode rich visual and seman-
tic priors, enabling them to synthesize high-quality and se-
mantically aligned images from textual descriptions. Build-
ing upon these capabilities, recent research efforts [5, 7,
14, 15, 17, 26, 32, 37, 47] have extended diffusion mod-
els from static image generation to dynamic video domains.
Such extensions have given rise to training-free video edit-
ing [5, 7, 15, 25,32, 45, 46, 50], which directly manipulates
video frames under textual guidance by reusing the knowl-
edge embedded in pre-trained diffusion backbones.

Despite promising progress, text-driven video editing
presents unique and significant challenges that distinguish it
from image editing. Videos are inherently high-dimensional
sequences with rich temporal dynamics, requiring coher-
ence not only within each frame but also across time. Most
existing training-free methods [5, 7, 15, 32, 46] rely on an
inversion-based [29] paradigm, mapping the input video to
a latent trajectory. This approach works effectively for im-
ages, but it presents significant challenges for video. In-
verting an entire video sequence coherently requires gener-
ating a temporally smooth latent trajectory, which existing
image-based inversion techniques are not designed to pro-
duce. In practice, producing such a coherent latent trajec-
tory is difficult. For instance, [46] shows that the recon-
structed results have significant differences in appearance
and motion compared to the source video. Small per-frame
inversion errors accumulate and cause temporal drift and
flicker. Attention misalignment across frames disrupts lay-
out and identity, and mixing motion and appearance leads to
style inconsistency and unrealistic motion. Together, these
issues substantially degrade edit quality.

In this work, we explore a novel inversion-free frame-
work for text-driven video editing that overcomes the fun-
damental limitations of prior methods. Inspired by recent
progress in flow-based inversion-free image editing [22,
49], we develop an editing paradigm that models the trans-
formation from the original video to the edited result as a di-
rect evolution in data space, governed by a learned ordinary
differential equation (ODE). Unlike traditional approaches
that attempt to recover precise latent representations for
each frame through inversion, the inversion-free paradigm
constructs a smooth transformation path that guides the
video along its native spatiotemporal manifold, achiev-
ing significant improvements in editing fidelity and tempo-
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ral consistency compared to traditional inversion methods.
However, a straightforward application of this paradigm to
video editing still presents significant challenges. First,
the temporal dimension introduces substantially richer ap-
pearance and structural information across frames, mak-
ing it more difficult to achieve drastic semantic transfor-
mations while preserving spatiotemporal plausibility. Sec-
ond, the lack of explicit strong constraints leads to severe
motion distortion and drift in the editing results. Besides,
the compounded sampling noise across frames makes the
system exceptionally sensitive to perturbations, undermin-
ing stability throughout the video sequence. To tackle these
challenges, we develop three complementary, training-free
flow correction strategies that jointly optimize appearance
preservation, motion stability, and spatiotemporal coher-
ence, yielding significantly improved editing quality and ro-
bustness.

Standard inversion-free methods often skip early high-
noise diffusion steps to maintain structural consistency.
This is in contrast to traditional inversion-based paradigms,
which actively disrupt these strong structural constraints by
mapping data to noise, thereby creating the necessary lati-
tude for significant manipulation. As a result, inversion-free
method retains strong content information from the source
video, creating a “semantic gravitational pull” that resists
drastic alterations. In this regime, the standard editing flow
is frequently overwhelmed by the dominant source priors,
resulting in overly conservative edits. To overcome this
inherent resistance, we introduce Direction-Aware Flow
Correction (DA-FC). Our key insight is that the raw editing
flow contains opposing forces: components aligned with the
source that cause redundant drift, and components oppos-
ing the source that drive actual semantic change. DA-FC
mathematically decouples these forces, actively suppress-
ing the aligned components while significantly amplifying
the opposing ones. This strategy effectively breaks the se-
mantic dominance of the source video, enabling profound
structural transformations without sacrificing the stability
benefits of the inversion-free paradigm.

Another critical challenge in direct ODE editing is the
entanglement of motion and appearance flows. In many
editing scenarios, we aim for conflicting goals: drastic
appearance transformations (e.g., turning a person into a
bear) must coexist with strict motion preservation (e.g.,
maintaining the exact trajectory of a dribbled basketball).
Unlike inversion-based approaches that can inject explicit
structural guidance (e.g., cross-attention maps) from the
source video, inversion-free methods lack such isolated
constraints. Consequently, during complex dynamics like
occlusions, errors in motion can accumulate and be mis-
interpreted by the model as necessary appearance changes,
leading to severe distortion (e.g., objects shifting incorrectly
in depth). Simply enforcing similarity to the source video to



fix this is counterproductive, as it would actively revert the
desired appearance edits. To resolve this conflict, we pro-
pose Motion-Appearance Decoupling Flow Correction
(MAD-FC). The core motivation is to establish an orthog-
onal control plane: by mathematically isolating “pure mo-
tion” features from static appearance information, we can
formulate an energy function that strictly penalizes motion
deviations while remaining completely agnostic to the in-
tended semantic transformations. This allows for continu-
ous, “safe” rectification of temporal drift without compro-
mising the magnitude of the edit.

Finally, direct ODE editing faces the challenge of high-
variance velocity estimates, where single-sample noise in-
troduces directional jitter that accumulates into severe tem-
poral flickering. While brute-force averaging [22] can mit-
igate this in image editing, it is computationally intractable
for the high-dimensional video domain. We propose Differ-
ential Averaging Guidance (DAG) to transcend this limi-
tation. Instead of passively relying on massive sampling to
dilute noise—which is too costly for video—DAG adopts
an active navigation strategy. By explicitly contrasting a
high-quality consensus estimate against a baseline of high-
variance outliers, we extract a “noise drift” signal. DAG
then uses this signal not just to average out errors, but to ac-
tively steer the trajectory away from these noisy deviations,
efficiently locking the editing process onto a stable, low-
variance manifold with minimal computational overhead.

These three correction strategies, integrated with our di-
rect editing ODE, constitute our framework, FlowDirec-
tor. Extensive experiments on standard benchmarks demon-
strate that our method consistently outperforms existing
training-free baseline methods across multiple key dimen-
sions, including adherence to editing instructions, semantic
consistency, motion consistency, and background preserva-
tion. Overall, our contributions are summarized as follows:
* We propose FlowDirector, a novel training-free video
editing framework. It employs a novel inversion-free
paradigm and can perform various video editing tasks,
providing new understanding and insights for effective
video editing.

We propose three training-free flow correction strategies:
direction-aware flow correction, motion-appearance de-
coupling flow correction, and differential averaging guid-
ance, which significantly improve appearance editing,
motion preservation, and editing stability.

Extensive experiments demonstrate that our method
achieves state-of-the-art performance across various edit-
ing scenarios and benchmarks. The code will be publicly
released to facilitate further research.

2. Related Works

Text-to-Image Editing. Diffusion model-based [11, 24,
40] image editing is primarily classified into two paradigms.
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Inversion-based methods [2, 10, 16, 18, 28, 29, 48] use an
invert-then-denoise strategy: source images are mapped to
latent noise via deterministic sampling (e.g., DDIM Inver-
sion [29, 39]), with editing by manipulating internal rep-
resentations during denoising. Their limitation is that in-
version approximation errors degrade reconstruction qual-
ity and editing fidelity. To overcome this, inversion-free
methods emerged. InfEdit [49] uses Denoising Diffusion
Consistent Models for virtual inversion. FlowEdit [22] uses
Flow Matching Models to construct a direct ordinary dif-
ferential equation (ODE) trajectory between the source and
target distributions, bypassing inversion. FlowAlign [19]
improves editing quality by optimizing the sampling path.
Text-to-Video Editing. This field is primarily catego-
rized by the underlying generative model. Early approaches
adapted T2I models [6, 31, 34, 35], facing temporal consis-
tency challenges due to a lack of temporal understanding.
Some are zero-shot (FateZero [32], TokenFlow [7], Flat-
ten [5], RAVE [15]), others require fine-tuning (Tune-A-
Video [47], Video-P2P [26]). These T2I-based methods of-
ten struggle with temporal consistency. Recent work lever-
ages native T2V models [1, 4, 9, 12, 13, 21, 38, 42-44]
and their learned spatiotemporal priors for improved tempo-
ral consistency (e.g., VideoSwap [8], VideoDirector [46]).
However, all the aforementioned video editing methods are
inversion-based. Similar to image editing, their inherent
limitations restrict substantial visual transformations, re-
sulting in insufficient editing precision. Furthermore, the
accumulation of temporal errors in the two stages of inver-
sion and denoising often causes motion distortion or drift.

3. Method

3.1. Preliminary

Our framework builds on two standard components in flow-
based generative modeling.

Flow Matching. Flow Matching learns a time-
dependent vector field that transports a simple prior (e.g.,
N(0, I)) to the data distribution. A neural network vg(z, t)
is trained by minimizing

LM :E[va(x,t) —Ut(x‘xl)”Q] ) (D

where t ~ U(0,1), z1 ~ p1,  ~ p(-|21), pr(x|21) is a
prescribed path from pg to 21, and v;(x | z1) is its oracle
velocity.

Rectified Flow. Rectified Flow [27] specializes Flow
Matching to linear paths between py and p;. Given zg ~ pg
and x1 ~ py, it considers x; = (1 — t)xg + tz; and learns

Lrp = E[ lve(xe,t) — (21 — x0)||2] ) 2)

where ¢t ~ U(0,1), ¢ ~ po, ©1 ~ p1. This linearization
simplifies the oracle velocity and enables efficient, stable
ODE integration driven by vg.
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Figure 2. We compare inversion-based methods, FlowDirector (Direct ODE), and the full FlowDirector. Inversion-based methods
first map the source video into a Gaussian latent space and then use this inverted state as the starting point for the subsequent editing
process. FlowDirector (Direct ODE) instead constructs source-side and target-side states at each timestep, estimates their velocity fields,
and uses the difference between them as an editing flow that drives video editing directly in data space. Building on this formulation, the full
FlowDirector further corrects the editing flow at every timestep, yielding a shorter and more efficient editing trajectory and substantially

improving the final editing quality.
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Figure 3. Illustration of proposed Direction-Aware Flow

Correction (DA-FC, a) and Differential Averaging Guidance
(DAG, b). DA-FC strengthens editing through orthogonal decom-
position of the editing flow, amplifying parallel components that
oppose the source semantics while eliminating co-directional com-
ponents. (a) shows the case of amplifying the inverse component.
DAG guides the editing flow toward a stable state by generating
differential signals.

3.2. Editing Flow Generation

To avoid the inversion stage that often harms visual fidelity
and motion consistency, we directly construct an editing tra-
jectory in the data space using a pre-trained text-to-video
(T2V) model vy. Given a source video X, with prompt cgc
(or an automatically inferred description by an LLM if ¢
is not provided) and a target prompt c,;. We define the edit-
ing state at time ¢ € [0, 1] as Z84. Following FlowEdit [22],
this state is constructed via the unified editing equation:
Zfdit _ Xsrc _ Ztsrc + Z;ar’ (3)
where Z5™ and Z{ are the perturbed source and target
states at time t. The evolution of Z{% is governed by an
ODE whose velocity field is the difference between target
and source velocities:
d Ztt:dit

dt - edlt(t) - UQ(Z?I’ t7 Ctar) -

vo(Z7, 1, Csre). (4)

The trajectory starts from the source video Zfdi‘ = Xgc and
converges to the edited result Z&% as ¢ — 0.
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To compute Vq;i(t), we need the intermediate states Z;*
and Z{*. Following Rectified Flow [27], we obtain the
source state by linear interpolation Z;™ = (1 —t) X+t Ny,
where N; ~ MN(0,1I). Since the target video is not ob-
served, we derive Z™ by rearranging Eq. (3): Z}
Zit 4 75 — X . This construction ensures that Z; and
Z2" share the same noise Ny, so noise and other random
perturbations cancel in the difference Vegi((t), and the re-
sulting editing flow primarily captures the semantic change
induced by the prompts.

3.3. Direction-Aware Flow Correction

To promote thorough edits while improving stability, we
introduce Direction-Aware Flow Correction (DA-FC). At
each timestep we obtain the source and target velocities
Ve = v9(Z5,t, cee) and Vigr = vg(Z*, ¢, crar), and de-
fine the editing velocity Vigir = Viar — Vire (We omit ¢ below
for brevity). We perform a token-wise orthogonal decom-
position of Vg along Vi:

< V;:dit ) ‘/;rc >

V= Vi
I HVsrcH2+5 SIC)

Vi = Veair — V|, ()
where (-,-) and || - || denote the Euclidean inner product
and /5 norm, and € > 0 is a small constant for numerical

stability. We then apply the direction-aware correction:

‘7edit = {

where o > 0 is an amplification factor. Thus, components
aligned with the source direction are suppressed to reduce
redundant drift, while anti-aligned components are ampli-
fied to encourage meaningful structural changes, yielding a
more decisive and stable editing trajectory.

The corrected flow still acts on the full spatial extent and
may alter irrelevant regions. To localize edits, we derive
an editing mask from cross-attention maps of the source
and target prompts. We aggregate cross-attention maps over

VJJ if <Vv||a‘/src> > 07

(6)
(I+a)Vy+ Ve, if(V),Vie) <0,
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Figure 4. Qualitative results of FlowDirector. Our method can perform various types of editing tasks. The results demonstrate high
fidelity to prompts, preservation of unedited regions and motion, temporal coherence, and visual plausibility.

heads and token dimensions, apply 2D average pooling and
normalization per frame, and then threshold by the mean
to obtain My,.. The same procedure on target-prompt key-
words yields My,,, we define M := Mg, UMy,,. To allow
smooth transitions between edited regions and background,
we soften this mask by applying a Euclidean distance trans-
form d to the background and an exponential decay:

Mc,t(xv y) = Mc,t(xa y) + (1 - Mc,t (xa y)) ei)\ dc,t(m,y)7
(7
where (z,y) indexes spatial locations, ¢ and ¢ denote chan-
nel and time, and A > 0 controls the decay rate. Finally, we
apply the softened mask to the corrected editing flow:

Veaic = Vear © M, ¥

where ©® denotes element-wise multiplication.

3.4. Motion-Appearance Decoupling Flow Correc-
tion

To maintain motion consistency in an inversion-free setting,
we introduce Motion-Appearance Decoupling Flow Cor-
rection (MAD-FC), which enforces a dynamic motion con-
straint at each denoising step. At time ¢, we first estimate
the noiseless source and target states using the Tweedie es-
timator, Z5'¢ = Z5'° — t Ve and Z§* = Z1* — t Viay,
and compute temporal averages on each side to obtain an-
chor frames (A5, A}2") as appearance references. Motion
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representations are then defined by subtracting the anchors,
Gare = 25— A5 and Gray = Z§ — A", which suppress
static appearance and emphasize motion. Finally, we mea-
sure motion disagreement between source and target using
the energy:

Jt(Z) = % ||Gtar - Gsrc”%- )

After the standard ODE update Zgdit < Zgdit
At Veqis, we further minimize J; with respect to Z; by per-
forming a single gradient-descent step. Using the first-order
approximation V z, J; & Giar — Gsre, We update the edited

state in the negative gradient direction:
Ztedlt — Ztedlt - C (Gtar - Gsrc)‘

Rewriting this in terms of Z; and the anchors yields the
practical update rule:

(10)

Z;:dit « Ztedit o g[(Zgar o (S)I‘C) _¢ (A;Lar o Airc) ] )

appearance

motion

Y

Here At is the ODE integration step size, ¢ > 0 controls the
overall correction strength, and ¢ € [0, 1] modulates how
strongly appearance alignment via the anchors is enforced.
In effect, MAD-FC reduces the motion energy between
source and target at every timestep, transferring source mo-
tion to the edited video while allowing a tunable trade-
off between appearance correction and motion preservation



through ¢. This yields stable edits that remain consistent
even under occlusions and complex dynamics.

3.5. Differential Averaging Guidance

To stabilize the editing trajectory and reduce variance, we
introduce Differential Averaging Guidance (DAG). The key
idea is to form a high-quality velocity estimate by averag-
ing multiple stochastic editing flows, and to use their dis-
crepancy from a conservative baseline as a guidance signal.
At each sampling step ¢, we compute a high-quality esti-
mate Vg by averaging Lyq velocity fields obtained under
different noise samples:

LHQ

§ (£) ( rrtar  rysic tar src
V:adit(Zt 7Zt ,t7C € )

(=1

Vi(Z54 1) = THQ

(12)
From the same pool, we construct a baseline estimate VL,
by selecting the K candidates with the lowest cosine simi-
larity to Viq and averaging them:

i 1 i
VaL(ZE 1) = 2 3 Vil (),
1€LK

13)

where 7y indexes the K least similar velocity fields, K <
Lyq, and (-) denotes the same arguments as in Eq. 12. The
differential signal D Vg — VaL is then used to guide
the final velocity:

Voag = Vo +w D, (14)

with w > 0 controlling the guidance strength.

In flow-matching generative models, large shift values
create wide step intervals late in sampling. Different noise
draws then perturb the editing trajectory and cause texture
flicker. We fix a single noise sample for the late denoising
phase. After a chosen cutoff timestep, we stop resampling
and reuse this noise for all remaining steps. This stabilizes
textures and other fine details.

4. Experiments

4.1. Experimental Setups

We build FlowDirector on the Wan-2.1 1.3B model [42]
and perform inversion-free video editing with 50 denois-
ing steps without skip sampling. For Direction-Aware
Flow Correction, we fix a = 0.25 to amplify anti-parallel
components and A = 0.25 to soften the attention mask.
Motion-Appearance Decoupling Flow Correction uses task-
dependent hyperparameters (¢, ¢): for edits with strong
motion we set (¢,¢) = (0.01, 0.3), while for milder mo-
tion we use (0.007, 0.5). Differential Averaging Guidance
(DAG) estimates a high-quality velocity from three stochas-
tic samples, forms a baseline by averaging the two candi-
dates with the lowest cosine similarity to this mean, i.e.,
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Lyg = 3,K = 2, and applies guidance with strength
w = 2.75, reusing a fixed noise realization in the last eight
denoising steps.

For qualitative and quantitative evaluation, we construct
150 video-text editing pairs from Internet videos and the
DAVIS [30] dataset, covering insertion, deletion, and ob-
ject editing. We evaluate at 41 and 81 frames and report
results for both settings. Unless otherwise specified, all ex-
periments for FlowDirector are run on a single NVIDIA
H20 141G GPU. We compare against five state-of-the-art
video editing methods: FateZero [32], FLATTEN [5], To-
kenFlow [7], RAVE [15], and VideoDirector [46], using
their official implementations and default hyperparameters.
All main results are obtained with the 1.3B model. Addi-
tional results for the 14B model and further implementation
details are provided in the supplementary material.

4.2. Qualitative Results

We conduct a qualitative evaluation of FlowDirector on di-
verse video content under a variety of editing prompts. Our
method handles large-scale object editing, video coloriza-
tion, local attribute modification, object addition and re-
moval, multi-object editing, and compositions of these op-
erations (Figure 1 and Figure 4). For large-scale object
editing, FlowDirector seamlessly converts the primary sub-
ject from one category to another while allowing substantial
shape deformation (e.g., the first and second rows, “brown
bear” — “horse”, and the fifth and seventh rows, “paper
boat” — “duck”). For video colorization, it can colorize
black-and-white videos while preserving the original struc-
ture and content (e.g., the third and fourth rows, “color-
ful video”). For fine-grained object editing, FlowDirector
modifies small objects while keeping the rest of the scene
unchanged (e.g., “watermelon” — “apple” in the third and
fourth rows). It also maintains complex motion, such as the
continuous falling motion in the “paper boat” case, and in
challenging long-occlusion scenarios it preserves the iden-
tity and appearance of the edited object consistently before
and after the occlusion (e.g., the last two rows, “bike” —
“motorcycle” with ~20 occluded frames). Furthermore,
FlowDirector adeptly handles attribute insertion on human
subjects under strong appearance changes, simultaneously
altering identity (“Leonardo” — “Donald Trump”), gesture
(“raising the glass” — “giving a thumbs up”), and adding
an extra red hat (fifth to seventh rows). Across these cases,
the edits remain faithful to textual prompts, preserve de-
tails and motion in unedited regions, and exhibit strong
temporal coherence and visual plausibility. We also com-
pare FlowDirector with several state-of-the-art video edit-
ing methods (Figure 5), where FlowDirector consistently
produces higher-quality edits with fewer artifacts. More
comprehensive qualitative results and detailed comparisons
are provided in the supplementary material.
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Table 1. Quantitative comparison. We report Pick-Score, CLIP-T, CLIP-F, WarpSSIM, and Q.gic for 41-frame and 81-frame videos. Each

entry is reported as a/b, corresponding to 41-frame and 81-frame results, respectively. 1 indicates that higher is better. The
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indicates cases where a method cannot be evaluated at a given length due to memory limits or lack of support. We bold the best value for
each metric and underline the second-best value, both computed excluding FlowDirector (14B).

Perceptual Quality Temporal Quality
Method

Pick Score (%) CLIP-T (x10~2)1 CLIP-F (x10~2)1 WarpSSIM (x10~2)+  Qegit (x10~6) 1

FateZero [32] 20.41/ - 32.01/- 92.25/- 78.37 /- 25.09 /-
FLATTEN [5] 20.84/20.18 33.56/33.12 92.80/92.35 77.44/78.21 26.01/25.90
TokenFlow [7] 20.99/20.63 32.69/32.27 93.82/94.15 74.98 /75.43 24.51/24.34
RAVE [15] 21.01/20.76 33.25/33.10 94.03 /93.58 76.32/75.91 25.38/25.13

VideoDirector [46] 20.61/ - 32.56/- 95.48 / - 75.89/ - 24.70/ -
FlowDirector (1.3B)  21.82/21.69 34.64 / 34.63 97.34/96.90 78.49/79.10 27.19/27.31

FlowDirector (14B) 22.61/- 3495/ - 97.30/ - 79.86 / - 28.67/ -

4.3. Quantitative Results

We conduct a quantitative comparison between FlowDi-
rector and other state-of-the-art methods. Following prior
work [5, 15, 32], we evaluate text-content alignment us-
ing CLIP-T, the average CLIP [33] embedding similarity
between the text prompt and video frames. Temporal co-
herence is measured by CLIP-F, the average pairwise frame
CLIP similarity. Structure preservation during editing is as-
sessed via WarpSSIM, the average SSIM between the final
edited video and the source video warped using RAFT [41]
optical flow. Consistent with [5, 15], we utilize the com-
posite metric Qg5+ (WarpSSIM-CLIP-T) for a holistic eval-
uation of editing performance. Furthermore, we use Pick-
Score [20] to evaluate overall perceptual quality and prompt
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alignment based on human preferences. Our experimen-
tal results (Table 1) demonstrate that our proposed method
significantly outperforms current state-of-the-art techniques
regarding both text alignment and temporal consistency, and
achieves strong performance on Pick-Score. Furthermore,
our method achieves superior results on the comprehensive
Qcqit metric. This demonstrates that our method achieves
the best overall results across diverse editing tasks.

4.4. Ablation Study

Direction-Aware Flow Correction. As shown in Table 2
and Table 3, removing the parallel component aligned with
the source direction effectively improves the consistency
of the editing results. As the scaling factor « increases,



Table 2. Ablation results for Direction-Aware Flow Correc-
tion (DA-FC), Motion-Appearance Decoupling Flow Correc-
tion (MAD-FC) and Differential Averaging Guidance (DAG).
We highlight the best values for each metric.

Method CLIP-T 1t CLIP-F1 WarpSSIM 1T Qegit T
Director ODE (no skip) 34.59 94.66 62.71 21.69
Director ODE (skip) 32.23 96.84 78.90 25.43

w/o DA-FC 32.25 95.70 78.83 25.42
w/o MAD-FC 34.71 97.10 69.26 24.04
w/o DAG 34.62 97.19 78.32 27.11

FlowDirector 34.64 97.34 78.49 27.19

Table 3. Ablation results for Direction-Aware Flow Correction
(DA-FC). Para denotes the parallel component aligned with the
source semantic direction. Therefore, w/o Para indicates removal
of only this component, while a ’-’ value for « signifies no ampli-
fication of the opposite component. We highlight the best values
for each metric.

Method @ CLIP-T1 CLIP-F+ WarpSSIM 1 Qeait
wioDA-FC - 3225 95.70 78.83 25.42
+wloPara - 33.02 96.51 78.85 26.04
+wioPara 005  33.14 96.49 78.80 26.11
+wioPara 0.15 3457 97.30 78.48 27.13
+woPara 025 34.64 97.34 78.49 27.19

the semantic change of the edited object becomes progres-
sively stronger. However, the optical-flow-based metric
keeps decreasing. We attribute this to the fact that stronger
edits introduce pronounced shape deformations, so warp-
ing the edited frame using optical flow estimated from the
source video leads to severe misalignment, lowering the
WarpSSIM score. In addition, we performed a qualitative
ablation analysis of DA-FC and present an ablation study
on mask generation in the supplementary materials.
Motion-Appearance Decoupling Flow Correction. Fig-
ure 6 illustrates that FlowDirector (Direct ODE) suffers
from motion distortion and drift in complex action editing
due to accumulated inter-frame errors (red boxes, w/o corr
row: the ball incorrectly appears in front), whereas MAD-
FC preserves coherent motion even under fast movement
with occlusion (red boxes, ours row: the crossover drib-
ble is correctly maintained). Quantitative results in Table 2
show a clear improvement in WarpSSIM computed from the
source-video optical flow, confirming that MAD-FC better
preserves motion consistency before and after editing. In
the supplementary material, we further provide ablations on
the MAD-FC parameters ¢ (overall guidance strength) and
¢ (appearance alignment strength), offering a detailed anal-
ysis of their impact on the final editing quality.
Differential Averaging Guidance. As shown in Figure 7,
without DAG the high variance of sampling noise makes the
editing trajectory jitter across timesteps, which introduces
visible artifacts and texture flicker. With DAG, these issues
are largely suppressed, and the textures remain temporally
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Figure 6. Ablation study of Motion-Appearance Decoupling
Flow Correction. Without MAD-FC, the edited video exhibited
severe distortion. After using MAD-FC correction, the motion
of the edited video remained largely consistent with the original
video.

7w/o DAG Zoom

W/ DAG

7 Input
Figure 7. Ablation study of Differential Averaging Guidance.
In the “Zoom” column: Top row is with DAG, bottom row is with-
out DAG.

stable and consistent with the underlying motion. As re-
ported in Table 2, enabling DAG leads to slight improve-
ments on all metrics. The numerical gains are relatively
modest because many perceptual degradations, such as arti-
facts, texture flicker, and other local inconsistencies, are not
fully reflected by these metrics. For example, optical-flow-
based WarpSSIM and CLIP-T are often insensitive even
when such issues are clearly noticeable to human observers.
In the supplementary materials, we provide a detailed anal-
ysis of runtime and resource consumption, and propose sev-
eral optimization and acceleration strategies for DAG.

5. Conclusion

In this paper, we propose FlowDirector, a novel training-
free video editing framework that operates without inver-
sion, instead modeling video transformation as a continuous
evolution in data space. We propose three training-free flow
correction strategies to optimize the editing path. Direction-
aware flow correction amplifies components opposite to the
source semantics to promote thorough editing. Motion-
appearance decoupling flow correction models the motion
consistency before and after editing as an optimizable en-
ergy term and continuously minimizes it to preserve tem-
poral structure. Differential averaging guidance achieves
variance reduction close to that of multiple averaging with
fewer averaging operations and improves trajectory stabil-
ity. Extensive experiments show that FlowDirector achieves
state-of-the-art performance in text-driven video editing.
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