FlowDirector: Training-Free Flow Steering for Precise Text-to-Video Editing
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This supplementary material provides comprehensive
implementation details, in-depth algorithmic descriptions,
and extensive experimental analyses to further validate
the effectiveness of FlowDirector. We begin by outlining
the specific experimental configurations and hyperparame-
ter settings in Section A, followed by the complete infer-
ence pseudocode in Section B. Section D details the pro-
cess of mask generation via cross-attention maps. Subse-
quently, we present a deeper investigation into our core con-
tributions, including a qualitative ablation analysis of the
Direction-Aware Flow Correction in Section E, a parameter
study of the Motion-Appearance Decoupling Flow Correc-
tion in Section F, and a detailed efficiency analysis of the
Differential Averaging Guidance strategy in Section G. Fi-
nally, we discuss current limitations in Section H and show-
case an extensive gallery of additional qualitative results
across diverse editing scenarios in Section I.

A. Detailed Experimental Settings

Our implementation leverages the pre-trained Wan-2.1 1.3B
model [6] as the foundational backbone. The editing pro-
cedure is executed over a full 50-step denoising trajectory
without employing skip sampling strategies. During infer-
ence, we disable Classifier-Free Guidance (CFG) for the
source video branch, whereas the target video generation
utilizes a fixed CFG scale of 10.5. To better align the tem-
poral dynamics, a timestep shift of 12 is applied throughout
the sampling process. Regarding the specific hyperparame-
ters of FlowDirector, the Direction-Aware Flow Correction
is configured with an amplification factor « = 0.25 and a
softening coefficient A = 0.25. For mask generation, we ap-
ply average pooling with a kernel size of 9 to ensure bound-
ary smoothness. The Motion-Appearance Decoupling Cor-
rection adapts its regularization strength (¢, ¢) according to
the editing magnitude: we assign (¢, ¢) = (0.01, 0.3) for
edits involving significant motion changes, and (0.007, 0.5)
for those with subtler dynamics. Furthermore, the Differen-
tial Averaging Guidance (DAG) is computed using a guid-
ance weight of w = 2.75, deriving a robust velocity esti-
mate from Lgg = 3 stochastic samples and establishing
the baseline from the K = 2 candidates with the lowest co-
sine similarity. To stabilize the final output details, the noise
realization remains frozen during the last eight denoising
steps.

B. FlowDirector Inference Algorithm

We present the complete inference procedure of FlowDirec-
tor in Algorithm 1. Our framework operates in an inversion-
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Figure 1. The final mask is obtained by merging the Source Mask
and the Target Mask and softening the edges. Lighter colors indi-
cate lower attention values.

free manner, initializing the denoising trajectory directly
from the source video X*°. At each timestep ¢, the up-
date process integrates three core strategies: (1) Direction-
Aware Flow Correction (DA-FC) is applied during the
candidate generation phase, where we amplify anti-parallel
flow components to facilitate structural changes; (2) Differ-
ential Averaging Guidance (DAG) aggregates these cor-
rected candidates to estimate a robust editing velocity vegit,
utilizing a baseline formed by high-variance samples to re-
duce trajectory jitter; and (3) Motion-Appearance Decou-
pling Flow Correction (MAD-FC) rectifies the state up-
date. Specifically, we estimate the clean data states Zg
and their temporal averages (anchors Ay) to enforce mo-
tion consistency while allowing appearance changes via the
parameter ¢. The final state Z;_; is updated by combin-
ing the masked editing flow with this decoupling correction
term.

Table 1. Same-backbone comparison on Wan2.1-1.3B.

Method Pick (%)? CLIP-T{ CLIP-F{ WarpSSIMT QouicT
FLATTEN (+Wan2.1) 21.35 34.12 95.18 78.01 26.65
TokenFlow (+Wan2.1) 21.43 33.72 95.73 76.85 25.92
VideoDirector (+Wan2.1) 21.28 33.65 96.52 77.35 26.08
FlowDirector 21.82 34.64 97.34 78.49 27.19

Table 2. Quantitative comparison with the v2v frameworks.

Method Pick (%)} CLIP-Tt WarpSSIM{ Qcq; T

Training free  FRESCO-V2 20.66 31.82 72.96 2333
ining- FlowDirector  21.82 34.64 78.49 27.19
Training-based VACE 22.43 34.35 80.74 27.81

C. Extended Comparisons

To eliminate the influence of different foundation models
and enable a fairer comparison, we re-implement the com-
patible components of FLATTEN [1], TokenFlow [2], and
VideoDirector [7] on the same Wan2.1-1.3B backbone [6].
In this way, the performance gap can be attributed more
directly to the editing framework itself rather than to dif-
ferences in the underlying generative model. As shown
in Table 1, FlowDirector consistently achieves the best re-



Algorithm 1 FlowDirector Inference Algorithm
Input: Source X*°, Prompts Cgc, Car, Steps N, Hyperparams
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25: return Zp

sults across all evaluation metrics. These results show that
our method maintains clear advantages even under the same
backbone setting, demonstrating that the gains of FlowDi-
rector come from the proposed framework and flow correc-
tion strategies rather than from a stronger foundation model.

We further compare FlowDirector with two recent
video-to-video editing frameworks, FRESCO V2 [8] and
VACE [3], in Figure 2 and Table 2. The results show that
FlowDirector consistently outperforms FRESCO V2 across
all metrics and remains competitive with VACE, despite the
latter being supported by extensive training. This compari-
son suggests that FlowDirector is not only effective against
methods adapted to the same backbone, but also highly
competitive among broader video-to-video editing frame-
works. Taken together, these results further support the ef-
fectiveness of our design in improving editing alignment,
temporal consistency, and overall edit quality.

Input FRESCO V2 VACE
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Figure 2. Qualitative comparison with v2v frameworks.

D. Mask Generation via Cross-Attention Maps

Although the editing flow V g effectively drives the se-
mantic transformation, applying it globally can cause unin-
tended modifications in the background. To address this, we
construct an explicit spatial mask by leveraging the intrinsic
localization capabilities of Diffusion Transformers (DiTs).
By visualizing the cross-attention maps across different net-
work depths (see Figure 4 and Figure 5), we empirically
identified the 18th block as the optimal block. The maps
extracted from this block exhibit high activation concentra-
tions on object structures, enabling us to cleanly separate
editable regions from the background.

Attention Extraction and Aggregation. During the de-
noising step ¢, we perform a forward pass with the source
prompt cg. and extract the cross-attention map A €
RB*NnxLvsxLiew  Here, N}, denotes the number of atten-
tion heads, while L5 and Ly, represent the visual and tex-
tual token counts. Given a set of indices .S corresponding to
the key editing tokens in the prompt (e.g., “jeep”), we ag-
gregate the attention scores to obtain a consolidated spatial
map a € REvw:

Np,

1
ai:mZZAE?. (1)

h=1j€S

This vector a is then reshaped into a spatiotemporal patch

gr1d g c RFpXHpXWp_

Mask Construction and Refinement. To generate a ro-

bust binary mask M., we process G through the following

steps:

1. Spatial Smoothing: We apply 2D average pooling with
a kernel size of 9 to each frame in G. This mitigates
high-frequency noise in the raw attention maps.

2. Upsampling: The smoothed map is upsampled to the
original video resolution via trilinear interpolation and
replicated along the channel dimension to form A €
REXTxHx W.

3. Binarization: We perform a numerically stable normal-
ization A = A/(max(A) + ¢) and derive a binary mask
using an adaptive threshold 7 = mean(A):

1, if flc,t(x,y) >,
0, otherwise.

(Msrc)c,t(xyy) = { 2)

An analogous procedure yields the target mask My, from
the target prompt c,,. The comprehensive editing region is
defined as the union M := My, U M.



Soft Blending. To ensure a seamless transition between
the edited object and the background, we soften the binary
mask using a Euclidean distance transform d. ;(z,y) com-
puted on the background region. The final soft mask M is
formulated as:

Mc,t(xv y) = Mc,t(xa y) + (1 - Mc,t(xu y)) e—kdc,t(a:,y).

3)

We set the decay rate A = 0.25. This mask directly mod-

ulates the editing velocity field, freezing irrelevant regions

while preserving the structural integrity of the edited sub-
ject:
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Figure 3. Ablation study of Direction-Aware Flow Correction.
Without DA-FC, it is difficult to achieve an effective balance be-
tween editing strength and consistency. In contrast, incorporating
DA-FC enables significant semantic modifications of the target ob-
ject while effectively preserving irrelevant regions and maintain-
ing motion consistency. Our modules are crucial for achieving
high-quality video editing.

E. Qualitative Ablation Analysis Of Direction-
Aware Flow Correction

We conduct a qualitative analysis to investigate the impact
of Direction-Aware Flow Correction (DA-FC) on editing fi-
delity and structural integrity. As illustrated in Figure 3,
relying solely on the basic FlowDirector (Direct ODE)
presents a dilemma. When configured without skip steps,
the direct integration accumulates errors along the path,
leading to severe deviations in both appearance and motion
consistency compared to the source video. Conversely, em-
ploying skip steps to mitigate this drift imposes excessive
constraints on the generative trajectory, which heavily re-
stricts the editing magnitude and fails to produce significant
structural changes.

Consequently, without DA-FC, the editing process strug-
gles to strike an effective balance between semantic trans-
formation and content preservation. Our Direction-Aware
Flow Correction resolves this by intervening at the veloc-
ity level: it amplifies the anti-parallel components essential

for structural editing while suppressing the parallel compo-
nents that contribute to drift. This enables FlowDirector to
achieve robust semantic transformations without the consis-
tency degradation seen in the full ODE or the conservative
limitations of skip sampling.

F. Ablation Study of Motion-Appearance De-
coupling Flow Correction

The Motion-Appearance Decoupling Flow Correction
(MAD-FC) module serves a critical role in balancing source
motion fidelity with target appearance transformation. This
balance is governed by two key hyperparameters: the ap-
pearance anchor coefficient ¢ and the overall correction
strength (. In this section, we analyze their individual im-
pacts on editing quality based on our empirical observa-
tions.

We first examine the influence of the appearance anchor
coefficient ¢. This parameter regulates the adherence to the
source video’s visual attributes. As illustrated in Figure 10,
setting ¢ to an excessively high value (e.g., ¢ = 2) imposes
rigid constraints derived from the source appearance an-
chors. Consequently, the generated output remains visually
nearly identical to the original bear, effectively suppressing
the desired semantic transformation. Even at ¢ = 1, the
result retains significant bear-like morphological features,
such as the head shape and fur texture. Conversely, lower-
ing ¢ relaxes these constraints, allowing the target seman-
tics to manifest. We observe that ¢ = 0.3 strikes an optimal
balance, facilitating a successful morphological transforma-
tion into a dinosaur—characterized by changes in skin tex-
ture and body structure—while preserving the underlying
walking motion of the original video.

Next, we investigate the correction strength ¢, which de-
termines the intensity of the motion consistency enforce-
ment. As shown in Figure 11, a low correction strength
(e.g., ¢ = 0.003) provides insufficient guidance to coun-
teract the stochastic variance of the diffusion process. This
results in slight pose misalignments and temporal instabil-
ity, where the edited character fails to strictly follow the
source motion. Increasing ¢ to 0.01 significantly improves
alignment, ensuring the edited subject’s posture and trajec-
tory align precisely with the source video. Based on these
findings, we utilize a configuration of (( = 0.01,¢ = 0.3)
for edits involving complex structural changes, and adjust
to (0.007,0.5) for milder motion scenarios to prioritize sta-
bility.

G. Detailed Analysis of Differential Averaging
Guidance

A conventional averaging strategy performs multiple rounds
of iterative inference to obtain several editing flows, each
corresponding to a different editing direction. These flows
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Figure 4. Visualization of the cross-attention maps of the keyword “jeep” in the source prompt across different DiT blocks. The attention

map of the 18th block clearly outlines the shape of the jeep.
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Figure 5. Visualization of the cross-attention maps of the keyword “Porsche car” in the source prompt across different DiT blocks. The

attention map of the 18th block clearly outlines the car.

are then averaged to produce a more robust and consolidated
direction, which is subsequently used to update the video
features. In this section, we compare our Differential Av-
eraging Guidance (DAG) with this conventional averaging
strategy to demonstrate both the effectiveness and efficiency

of DAG. As illustrated in Figure 6, when editing the source
video (e.g., a bear) into the target video (e.g., a dinosaur),
the regions undergoing substantial semantic changes are
mainly concentrated on the bear’s back. Without any dedi-
cated guidance strategy, noticeable artifacts and inter-frame
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Figure 6. Qualitative comparison between the editing results of a multi-round inference averaging strategy and using a DAG. The
Sample Average strategy is set to use a regular averaging strategy for 20 rounds of iterative inference at every denoising step to obtain
the editing flow. The DAG setting uses 3 rounds of iterative inference to obtain a high-quality estimate and perform reinforcement-guided

generation of the editing flow. Best viewed zoomed in.

w=1 w=2 w=27 w=5H
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Figure 7. Ablation study of guidance strength w. The w controls
the guidance strength of the differential signal. By enhancing the
differential signal, artifacts can be effectively eliminated and the
editing results can be optimized. We use w = 2.75 as the default
value. Best viewed zoomed in.

Source Video  HQ=2,BL=1 HQ=3,BL=1 HQ=3,BL=2 HQ=4, BL=2

Figure 8. By taking different averages to construct high-quality
estimates and baseline estimates, different guidance enhancement
effects are produced. Best viewed zoomed in.

texture flickering appear in this region (second row of Fig-

Table 3. Efficiency Comparison. We report the inference time
and peak GPU memory usage for editing a 41-frame video on a
single NVIDIA H800 80G GPU. The upper section compares ex-
isting SOTA methods, while the lower section analyzes the effi-
ciency of different strategies within our framework. The symbol
“~” indicates cases where the method exceeded the single-GPU
memory limit and required specific optimization strategies to exe-
cute; consequently, these metrics are omitted to ensure a fair com-
parison of native performance.

Method Editing Time GPU Memory
FateZero [5] - —
FLATTEN [1] 6 min 13s 44.7GB
TokenFlow [2] 1 min 15s 29.7GB
RAVE [4] Smin 46s 26.4GB
VideoDirector [7] - -

w/o DAG 57s 18 GB
Conventional Averaging 19 min 3s ~18 GB

w/ DAG 2 min 54s ~18 GB

ure 6). Although these defects are visually salient, they are
not adequately reflected by standard quantitative metrics,
which are often insensitive to localized artifacts and tem-
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A large brown bear is walking slowly across a rocky terrain in a zoo enclosure, surrounded by stone walls and scattered greenery.
The camera remains fixed, capturing the bear's deliberate movements.
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A large dinosaur is walking slowly across a rocky terrain in a zoo enclosure, surrounded by stone walls and scattered greenery.
The camera remains fixed, capturing the dinosaur's deliberate movements.
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A large dinosaur is walking slowly across a rocky terrain in a zoo enclosure, surrounded by stone walls and scattered greenery.
The camera remains fixed, capturing the bear's deliberate movements.

Figure 9. An example of editing failure due to incomplete target text replacement. When attempting to edit a “bear” into a “dinosaur,”
if the target prompt erroneously retains descriptions of the “bear” (e.g., “...capturing the bear’s deliberate movements” instead of a full
replacement with dinosaur-related descriptions), the edited video exhibits significant residual features of the original “bear.”
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Figure 10. Ablation study on the appearance anchor coeffi-
cient ¢. We fix ¢ = 0.003 and vary ¢ in the “bear — dinosaur”
task. A very high ¢ (2.0) imposes excessive source constraints,
causing the result to revert to the original bear appearance. As ¢
decreases, the constraints relax, allowing the dinosaur features to
emerge. ¢ = 0.3 successfully achieves the semantic transforma-
tion while maintaining the original motion pattern.

poral texture instability. To quantify this effect, we com-
pute the CLIP similarity between the edited videos and two
defect-related prompts, namely “artifact” and “distortion”.
As shown in Table 4, enabling DAG consistently reduces
the similarity to both prompts, decreasing the score from
0.2404 to 0.2012 for “artifact” and from 0.2363 to 0.2115
for “distortion.” These results provide quantitative support
for the qualitative observations and confirm that DAG effec-
tively suppresses perceptually disturbing artifacts.

We further compare DAG with the conventional averag-
ing strategy. When conventional averaging is applied us-
ing the results from twenty rounds of iterative inference

Figure 11. Ablation study on the correction strength (. We fix
¢ = 0.3 and vary (. Increasing ¢ from 0.003 to 0.01 significantly
improves motion alignment with the source input, ensuring that
the edited character strictly follows the original movements.

Table 4. CLIP similarity to defect-related prompts (lower is bet-
ter).

Setting Artifact Distortion
w/o DAG 0.2404 0.2363
w/ DAG 0.2012 0.2115

(third column of Figure 6), the artifacts are largely allevi-
ated. However, this improvement comes at a substantial
computational cost. As reported in Table 3, editing a 41-
frame video requires about 19 minutes on a single NVIDIA
H800 80G GPU.

In contrast, our DAG approach requires only three
rounds of iterative inference to obtain a high-quality esti-
mation, which is then used to construct a differential signal
that guides and reinforces the editing flow. As shown in Fig-



ure 6 (fourth row), DAG not only removes artifacts more ef-
fectively than the twenty-round averaging strategy, but also
better resolves incomplete edits, yielding a dinosaur with a
morphology more clearly separated from the original bear.
Meanwhile, it edits the same 41-frame video in only 2 min-
utes and 54 seconds on a single NVIDIA H800 80G GPU,
with comparable memory usage. These results demonstrate
that DAG is both more effective and substantially more ef-
ficient than conventional averaging.

Effect of the Guidance Strength w. To determine the op-
timal guidance strength w, we conducted a comprehensive
ablation study. The primary objective of this analysis was
to investigate the impact of varying w values on the quality
of the video editing results. As illustrated in Figure 7, our
experiments reveal a clear correlation between the guidance
strength and the final output. Specifically, as the value of w
increases, a noticeable reduction in artifacts from the source
video is observed. Concurrently, the semantic deformations
in the edited output become more pronounced and accurate.
For instance, the morphological structure of the dinosaur
in our test case undergoes a more significant and semanti-
cally appropriate transformation with a higher w. However,
our study also indicates that an excessively high guidance
strength can be detrimental. When w surpasses a certain
threshold, the model begins to introduce unnatural color
shifts and motion inconsistencies, which degrade the overall
quality of the edited video.

Through a systematic process of experimental analysis
and evaluation, we identified w = 2.75 as the optimal value.
This specific setting strikes a balance between artifact sup-
pression and meaningful semantic deformation. At this
guidance strength, the model effectively eliminates visual
artifacts while producing edits that are semantically coher-
ent and visually compelling, thereby yielding superior edit-
ing outcomes.

Effect of high-quality estimates and baseline estimates.
We construct high-quality and baseline estimations by aver-
aging the results of multiple inference runs, a strategy that
effectively refines the output. As illustrated in Figure 8,
we evaluated configurations with varying ensemble sizes,
specifically (Lyg, K) € {(2,1),(3,1),(3,2),(4,2)}. Our
analysis reveals that as the number of averaging iterations
for both estimations increases, there are discernible im-
provements in the final output, particularly in aspects such
as color fidelity and overall appearance. Based on these ob-
servations, we have standardized our experimental protocol
to the (3, 2) setting. Consequently, the high-quality estima-
tion is generated by averaging the results of three separate
inference runs, while the baseline estimation is derived from
the average of two of these runs.

Inference Acceleration Strategies. To further enhance
the computational efficiency of FlowDirector, we ex-
plored several optimization strategies regarding the guid-
ance mechanism. First, we investigated the necessity of ap-
plying Classifier-Free Guidance (CFG) to the source gen-
eration branch. Our empirical analysis indicates that em-
ploying CFG on the source video yields negligible per-
ceptual differences in the final editing results compared to
using standard text conditioning alone. Consequently, we
adopted an asymmetric guidance strategy: we disable CFG
for the source branch (utilizing only text-conditional gen-
eration) while retaining it exclusively for the target branch.
This reduction effectively halves the computational load for
the source velocity estimation. Furthermore, we observe
that FlowDirector is compatible with orthogonal acceler-
ation techniques designed for diffusion models. For in-
stance, caching the CFG residual (the difference between
conditional and unconditional noise predictions) for the tar-
get branch can be seamlessly integrated into our framework,
providing further reductions in inference time without com-
promising editing performance.

H. Limitation

Our method aims to construct a direct editing path from the
source video to the target video, bypassing the inversion
process, which is prone to structural loss. Since the pri-
mary driving force for this direct editing path stems from
the discrepancy between the source and target texts, vary-
ing degrees of textual difference can lead to markedly dif-
ferent editing outcomes. This results in incomplete text re-
placement, which causes substantial remnants of the origi-
nal video content (Figure 9). For example, modifying the
source prompt cg. (i.e., “A large brown bear is walking
slowly across a rocky terrain in a zoo enclosure, surrounded
by stone walls and scattered greenery. The camera remains
fixed, capturing the bear’s deliberate movements.”) to an
incompletely substituted target prompt cy (i.e., “A large
dinosaur is walking slowly across a rocky terrain in a zoo
enclosure, surrounded by stone walls and scattered green-
ery. The camera remains fixed, capturing the bear’s de-
liberate movements.”) leads to significant residual “bear”
information in the edited video. Furthermore, we observe
that the quality of the source text cy. also substantially af-
fects the editing results; more comprehensive source texts
tend to yield better editing outcomes compared to simpler
prompts.

Similarly, our method excels in structure preservation,
which is evident in tasks such as significant object editing,
texture replacement, object addition/deletion, or composi-
tional tasks. However, its performance in video style trans-
fer is relatively limited. We attribute this to a combination
of its tendency towards result preservation and being less
driven by textual differences.



I. More Qualitative Results

In this section, we present additional qualitative results to
further demonstrate the effectiveness and high quality of
our video editing method. Figures 12 to 16 provide further
examples of our method performing precise and semanti-
cally faithful edits while preserving the spatial content and
motion dynamics of unedited regions. These results con-
sistently exhibit strong alignment with the editing instruc-
tions, high visual fidelity, and consistent temporal coher-
ence across frames. Figure 17 also shows some editing re-
sults using Wan 2.1 14B [6], achieving higher editing qual-
ity and better consistency compared to the 1.3B model.
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A large brown bear is walking slowly across a rocky terrain in a zoo enclosure.
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A large tiger is walking slowly across a rocky terrain in a zoo enclosure.
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A cute and adorable flufy chinchilla wearing a witch hat in a halloween autumn evening
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cat wearing a witch hat in a halloween autumn evening forest.

Figure 12. More Qualitative Results. Our method performs precise and semantically faithful edits while preserving the spatial content and
motion dynamics of unedited regions. The results exhibit strong alignment with the editing instructions, high visual fidelity, and consistent
temporal coherence across frames. Best viewed zoomed-in.



A black swan with a red beak swummmg in a river near a wall and bushes.

Figure 13. More Qualitative Results. Our method performs precise and semantically faithful edits while preserving the spatial content and
motion dynamics of unedited regions. The results exhibit strong alignment with the editing instructions, high visual fidelity, and consistent
temporal coherence across frames. Best viewed zoomed-in.



A silver jeep driving down a curvy road in the countryside.

Figure 14. More Qualitative Results. Our method performs precise and semantically faithful edits while preserving the spatial content and
motion dynamics of unedited regions. The results exhibit strong alignment with the editing instructions, high visual fidelity, and consistent
temporal coherence across frames. Best viewed zoomed-in.
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A colorful, film-noir style medium close-up shot of a woman.
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Figure 15. More Qualitative Results. Our method performs precise and semantically faithful edits while preserving the spatial content and
motion dynamics of unedited regions. The results exhibit strong alignment with the editing instructions, high visual fidelity, and consistent
temporal coherence across frames. Best viewed zoomed-in.



In the gym, a woman in workout clothes runs on a treadmill. Side angle. Realistic, Indoor lighting, Professional.

Figure 16. More Qualitative Results. Our method performs precise and semantically faithful edits while preserving the spatial content and
motion dynamics of unedited regions. The results exhibit strong alignment with the editing instructions, high visual fidelity, and consistent
temporal coherence across frames. Best viewed zoomed-in.



A delicate, light-blue origami paper boat floats gently on the surface of a shallow, rain-slicked puddle.
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A large dinosaur is walking slowly across a rocky terrain in a zoo enclosure, surrounded by stone walls and scattered gre

Figure 17. Qualitative Results for Wan 14B. Our method performs precise and semantically faithful edits while preserving the spatial
content and motion dynamics of unedited regions. The results exhibit strong alignment with the editing instructions, high visual fidelity,
and consistent temporal coherence across frames. Best viewed zoomed-in.
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