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Abstract

With the prosper of video diffusion models, video editing
have been significantly promoted without consuming much
computational cost. One particular challenge in this task
lies at the motion transfer process from the source video
to the edited one, where it requires the consideration of
the shape deformation in between, meanwhile maintain-
ing the temporal consistency in the generated video se-
quence. However, existing methods fail to model compli-
cated motion patterns for video editing, and are fundamen-
tally limited to object replacement, where tasks with non-
rigid object motions like multi-object and portrait editing
are largely neglected. In this paper, we observe that op-
tical flows offer a promising alternative in complex motion
modeling, and present FlowV2V to re-investigate video edit-
ing as a task of flow-driven Image-to-Video (I2V) genera-
tion. Specifically, FlowV2V decomposes the entire pipeline
into first-frame editing and conditional I2V generation, and
simulates pseudo flow sequence that aligns with the de-
formed shape, thus ensuring the consistency during edit-
ing. Experimental results on DAVIS-EDIT with improve-
ments of 13.67% and 50.66% on DOVER and warping er-
ror illustrate the superior temporal consistency and sam-
ple quality of FlowV2V compared to existing state-of-the-
art ones. Furthermore, we conduct comprehensive abla-
tion studies to analyze the internal functionalities of the
first-frame paradigm and flow alignment in the proposed
method.

1. Introduction
With the exponential growth of digital content, video has
become a central medium for daily recording, where this
data modality has prompted multiple applications in the
field of computer vision, typically including video editing.
To achieve video editing, traditional methods are normally
labor-intensive due to the manual operations, and inher-
ently limited in scalability, where automatic solutions are

thus expected. With the development of diffusion models
[6, 8–10, 16, 19, 23, 25, 33, 37], video editing has been
promoted to a new era, enabled with their strong gener-
ative capabilities. To perform the task of video editing,
early-proposed methods [14, 15, 18, 26, 35, 39, 43] mainly
rely on the motion trajectories of the original video, where
they perform the editing process under the assumption that
edited objects do not undergo significant shape changes and
use techniques like DDIM inversion [13, 15, 18] and one-
shot tuning [15, 18]. However, these methods fall short
in the scenarios involving significant shape deformation,
as is noted by StableV2V [14], where in real-world edit-
ing cases, users might expect to modify the geometry of
objects—particularly in tasks such as multi-object replace-
ment or facial editing—where preserving rigid structure is
thus largely neglected in these studies. Considering the
alignment of shape deformation, StableV2V constructs its
pipeline based on the first-frame-based methods—which se-
quentially edits the first video frame and then propagates it
to the others through a conditional Image-to-Video (I2V)
process—and utilizes depth maps as the intermediate media
for motion control. Yet, depth map inherently struggles to
handle complex and non-rigid shape transformations, as it
fails to represent motion trajectories when complicated pat-
terns like occlusion, rotation, facial expression changes oc-
cur. More effective condition to represent complex motion
patterns is thus expected for the field of video editing.

In this paper, we propose FlowV2V to re-organize video
editing as the flow-guided I2V generation process, where
we follow the first-frame-based paradigm, and adopt shape-
aligned flow for motion control throughout the editing pro-
cess. Our method comprises four main components, in-
cluding First Frame Editing (FFE), Iterative Motion Prop-
agation (IMP), Shape-Consistent Flow Calibration (SCFC),
and Flow-Driven Image-to-Video Generation (FD-I2V). Se-
quentially, FFE processes prompts of various modalities
(e.g., text, instruction, reference image, and so on) and ed-
its the first video frame and latter plays as the initial image
condition for the I2V model in FD-I2V. IMP performs an it-
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Figure 1. Qualitative comparisons of non-rigid motion editing (top), including face rotation, and additional applications (bottom), such as
face editing and multi-motion, using our proposed FlowV2V.

erative alignment process, where it obtains a pseudo optical
flow sequence with the consideration of shape alignment
to the edited objects, and afterward, SCFC further refines
the flow sequence to facilitate its preciseness. Eventually,
FD-I2V utilizes a flow-driven I2V model to propagate the
contents in first edited frame to all others, and outputs the
entire edited video sequence in the manner of I2V gener-
ation. To prove the validity of FlowV2V, we evaluate our
method on DAVIS-EDIT [14], where results show our su-
perior sample quality, controllability, and flexibility, along
with comprehensive ablation studies analyzing the impacts
of the modality of control signal and various edited frames.

2. Related Works
Video Diffusion Model. Diffusion models have achieved
remarkable success in a wide series of visual generation
tasks [4, 5, 7, 36]. Two particular video-based topics are pri-
marily studied—Text-to-Video (T2V) and Image-to-Video
(I2V) generation. For T2V generation, methods such as
WAN [32] and Hunyuan-DiT [12] jointly model spatial
and temporal dimensions with the network architecture of
Diffusion Transformer (DiT) [33]. For I2V generation,
I2VGen-XL [27] and Step-Video1 are two most relevant
studies in recent years. Besides, SVD [2] adopts a spatial-
temporal decoupling strategy to balance spatial quality and
temporal modeling efficiency, so as to conduct better I2V
generation. Generally speaking, the aforementioned mod-
els enables a wide series of applications, e.g., style trans-
fer, video editing, and etc., especially without tuning task-
specific models, where they serve as the fundamental sup-

1https://github.com/stepfun-ai/Step-Video-Ti2V

port for future development of the visual generation com-
munity.
Video Editing. In recent years, video editing has emerged
as an important topic. Existing diffusion-based video
editing methods can be broadly categorized into four
groups—one-shot tuning methods, DDIM inversion-based
methods, learning-based methods, and first-frame-based
methods [14, 15, 18, 26, 28, 35, 39, 43]. Specifically,
one-shot tuning methods [15, 35] adapt model weights for
a given video through video-specific tuning, where it en-
ables diverse editing results conditioned on different user-
provided text prompts. DDIM inversion-based methods
[13, 15, 18] reconstruct latent representations by invert-
ing diffusion trajectories, then capture motion patterns and
enforcing temporal consistency across generated frames.
Learning-based methods [41, 43] integrate motion modules
into pre-trained image diffusion models and tune dedicated
video-based inpainting models with a large ammount of
video-text pairs. Compared to all the aforementioned meth-
ods, first-frame-based methods [13, 14, 21] offer a flexible
paradigm to process various prompts from different modal-
ities, starting by modifying the first frame and propagating
the results to subsequent frames via motion trajectory con-
trol, with more details provided in the next paragraph.
First-Frame-based Editing Methods. This type of
methods leverage the modified first frame to drive the en-
tire editing process. Specifically, one prominent approach is
AnyV2V [13], which utilizes image editing models to mod-
ify the first frame, and then uses an I2V model to propagate
the edited contents via temporal feature injection. Based
on AnyV2V, I2VEdit adaptively preserves both the visual
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and motion integrity of the source video and adjusts the at-
tention maps considering both global and local modifica-
tions. However, due to a lack of effective alignment be-
tween the transferred motion and the edited content, video
editing cases with significant shape changes normally fail.
To address this issue, StableV2V [14] aligns the depth map
sequence with the edited objects, and establishes alignment
between the transferred motion and the user prompts, thus
enabling a shape-consistent video editing process. Even so,
depth-map contains its intrinsic problem, where it normally
struggle to represent complicated motion patterns like oc-
clusions and rotation, where more effective ways to handle
such scenarios are expected, thus promoting our work in
this paper.

3. Methods

To implement FlowV2V, we follow previous first frame-
based methods [13, 14, 21] to decompose the entire video
editing pipeline into two parts, i.e., first frame editing and
conditional image-to-video generation, where the overview
of this work is shown in Figure 2. As demonstrated,
FlowV2V contains four procedures, including First Frame
Editing (FFE), Iterative Motion Propagation (IMP), Shape-
Consistent Flow Calibration (SCFC), and Flow-Driven
Image-to-Video Generation (FD-I2V). Specifically, FFE ac-
cepts external text or image prompts to add edited contents
into the first frame of the input video. Afterward, IMP ex-
tracts the optical flow from the input video, and propagates
the averaged motions from the regions of the original object
to the ones of edited object, and iteratively perform such
operation until all edited frames are processed, resulting in
the pseudo optical flow to control I2V generation. To fur-
ther ensure the precision of obtained pseudo flow, we draw
inspiration from existing video inpainting studies [42] to
calibrate redundant motion information in SCFC. Eventu-
ally, we integrate the aforementioned control and transfer
the edited contents in the first video frame to all others in a
manner of conditional image-to-video generation. For de-
tailed illustration of the above procedures, we construct our
paper in the structures below, with Section 3.1, 3.2, 3.3, and
3.4 illustrating FFE, IMP, SCFC, and FD-I2V, respectively.

3.1. First Frame Editing
Similar to previous first-frame-based studies [13, 14, 21],
the first step is to process the external prompt into edited
contents in the first video frame. To achieve so, we con-
sider off-the-shelf image editors to process prompts from
various modalities accordingly. Let P denotes the exter-
nal prompt offered by users, we send the first video frame
I1 ∈ V = {Ii}Ni=1 into the image editor Gimg (·), with V as
the input video sequence and N referring to its number of
frames, respectively, where we simply write the mathemat-
ical formulation of this process:

Î1 = Gimg(I1, P ), (1)

where Î1 represents the edited first frame. For selection
of Gimg (·), particularly, we use SD Inpaint [25], Instruct-
Pix2Pix [30], and Paint-by-Example [3] to handle external
prompts in modalities of text, instruction, and reference im-
age, respectively. For the editing scenarios in the human
portrait domain, we adopt a portrait editing toolkit in Ji-
meng AI2.

3.2. Iterative Motion Propagation
Once we obtained the edited first frame Î1, the next step is
to perform the conditional image-to-video generation pro-
cess and generate the entire edited video. Previous stud-
ies like StableV2V [14] specifically address the shape mis-
alignment problem in the task of video editing, where it
utilizes an iterative alignment algorithm to obtain shape-
aligned depth maps as the control signal. Although such
problem is addressed to some extents, we observe that depth
maps are often suboptimal to represent motions of moving
objects, where depth-based methods are fundamentally lim-
ited to the editing cases of rigid body motion. When han-
dling non-rigid editing scenarios, especially the ones with
object occlusions and rotation (as is shown in Figure 1),
depth-based methods struggle to propagate the edited con-
tents, since depth map normally fails to precisely depict
object motions in such cases. Optical flow seems to be a
promising alternative for such problem, yet obtaining feasi-
ble flows with shape alignment to the edited object poses a
significant challenge, which motivates our proposal of Iter-
ative Motion Propagation (IMP) in this work.

Optical Flow Extraction. The first step in IMP is to ex-
tract the optical flow from the input video sequence V .
Given the i-th video frame Ii ∈ V = {Ii}Ni=1, we denote
the optical flow considering the direction of Ii to Ii+1 as
−→
F i. Then, we use a pre-trained optical flow extractor, i.e.,
RAFT [29], which predicts

−→
F i with the inputs of Ii and

Ii+1, with the overall process formulated by:

−→
F = {

−→
F i}N−1

i=1 = {Eflow (Ii, Ii+1)}N−1
i=1 (2)

where Eflow (·) denotes the optical flow extractor and
−→
F

represents the entire optical flow sequence.

Shape-Aware Flow Deformation. With the optical flow
sequence extracted, we acquire a control signal for the
Image-to-Video (I2V) generation model, yet it is not feasi-
ble to directly apply

−→
F on the I2V model for the reason that

there exists shape misalignment between the edited object
and the original one. To alleviate such misalignment, it is
vital to deform the original optical flow sequence with con-
sideration of the shape changes, where we propose Shape-
Aware Flow Deformation to conduct this process. Since the

2https://jimeng.jianying.com/ai-tool
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Figure 2. The overall architecture of our proposed FlowV2V. It consists of a first-frame editor, an iterative motion propagator, a shape-
consistent flow calibration module, a reference encoder capturing multi-scale features from the source image, and a trainable SVD encoder
initialized from SVD, serving as the final spatial-temporal feature merger in generation guidance.

edited object and the original one are required to contain
consistent motion information under the task of video edit-
ing, it is feasible to assume that the average flow values in
both regions are theoretically the same. Therefore in IMP,
we utilize the binary mask sequence as an intermediate con-
dition in order to transfer the motion information from the
edited regions to the original ones. In details, we first adopt
a pre-trained image segmentation model (i.e., SAM [11]) to
obtain a binary mask sequence M = {Mi}Ni=1 and the first
frame mask M̂1 from the input video V and the edited first
frame Î1. Let

−→
F (m,n) denote the flow value at the m-th

column and n-th row, we compute the average flow value
termed F within M , and assign F to each flow point in M̂1,
where the aforementioned processes are written as:

M = {Mi}Ni=1 = Eseg (I1, · · · , IN ) ,

M̂1 = Eseg
(
Î1

)
,

F 1 =
1

|M1|
∑

(m,n)∈M1

−→
F (m,n) ,

−→
F̂ 1 = F 1 ⊙ M̂1 +

−→
F 1

(
1− M̂1

)
,

(3)

where
−→
F̂ 1 represents the pseudo optical flow of the first

frame with alignment to the shape of Î1; ⊙ indicates the
Hardamard production between matrices ; |M1| denotes the
number of pixels in M1; Eseg (·) is the image segmenta-
tion model; 1 refers to an all-one matrix. For further il-

lustration of this process,
−→
F̂1 (m,n) is the same as the av-

erage flow value F 1 when (m,n) ∈ M̂ , otherwise equals
to

−→
F 1 (m,n). One challenge herein is that segmentation

masks of other frames, i.e., {M̂i}Ni=2, are not available, but
we require them to acquire the entire psuedo optical flow

sequence
−→
F̂ = {

−→
F̂ i}N−1

i=1 . Based on the binary-valued na-
ture of M̂ , we utilize

−→
F i to obtain M̂i+1 through warping

M̂i. Let
−→
F i (m,n) = (ui (m,n) ,vi (m,n)) represents the

displacement of each pixel from its position (m,n) in M̂i

to its next-frame position (m+ ui (m,n) , n+ vi (m,n))

in M̂i+1, where ui and vi represents two vectors of i-th
frame representing the motion directions along the height
and width dimensions, respectively. Then, we use

−→
F i to

perform the warping operation on M̂i as follows:

M̂i+1 (m,n) = M̂i (m+ ui (m,n) , n+ vi (m,n)) . (4)

By implement Equation 4 on 3, we can obtain the segmen-
tation mask M̂2 of the second edited frame, which allows us
to conduct Equation 3 based on the 2-nd frame elements to

obtain
−→
F̂ 2. Eventually, we repeat the aforementioned itera-

tion with the elements of the i-th frame starting from i = 1
to i = N − 1, and eventually get the pseudo optical flow

sequence
−→
F̂ = {

−→
F̂ }N−1

i=1 of the edited video.
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Table 1. Quantitative comparison on DAVIS-EDIT [14] with respect to DOVER [34], FVD [31], WE, CLIP-Temporal, and CLIP score
[1]. We highlight the scores tested under the original height-width ratio with “∗”. T̄ represents the average inference time per example in
minutes across both DAVIS-EDIT-S and DAVIS-EDIT-C. The optimal and suboptimal results are in red and blue, respectively.

Method DAVIS-Edit-S DAVIS-Edit-C
T̄↓

DOVER ↑ FVD ↓ WE ↓ CLIP-T ↑ CLIP-S ↑ DOVER ↑ FVD ↓ WE ↓ CLIP-T ↑ CLIP-S ↑
Text-based Evaluation Settings

TokenFlow 66.36 17.33 18.58 95.84 24.89 67.47 17.45 18.60 95.61 24.12 5.81
DMT 59.27 19.53 16.65 94.11 24.91 57.45 21.64 19.89 93.58 24.51 8.88
I2VEdit 69.63 15.63 16.94 96.18 24.99 69.57 17.62 16.16 96.50 24.92 10.25
AnyV2V 66.82 14.87 15.35 95.66 25.09 65.01 17.83 18.26 94.36 24.32 8.28
StableV2V 67.78 13.77 15.95 96.34 25.46 70.80 17.18 15.27 96.83 25.68 3.14

FlowV2V 77.20 15.56 5.61 97.05 25.17 76.96 17.28 11.43 96.94 24.98 2.01
FlowV2V∗ 71.77 17.10 9.31 96.99 24.20 72.49 18.37 9.54 96.93 25.43 4.26

Image-based Evaluation Settings

AnyV2V 65.83 12.97 24.47 95.89 25.41 64.56 15.25 25.61 96.13 24.79 8.43
StableV2V 67.58 12.36 22.17 96.51 26.24 68.42 14.87 21.23 96.71 26.55 3.23

FlowV2V 80.62 13.98 14.88 97.18 25.51 77.18 14.63 6.02 96.74 24.83 2.23
FlowV2V∗ 76.36 17.06 11.41 97.19 24.97 70.32 16.63 14.74 96.84 24.98 4.57

3.3. Shape-Consistent Flow Calibration
With both FFE and IMP finished, we are to offer a control
signal for the I2V model to propagate the first-frame edited
contents to all others, however in real practices, we ob-
serve that such pseudo optical flow may contain redundant
regions that tend to misguide the I2V generation process.
This observation particularly occurs when the edited object
has non-overlapped regions with the original one, making
it an urgent need to improve the preciseness of the control
signal by removing these redundant parts in the pseudo op-
tical flow sequence. On one hand, regarding the require-
ment of content removal, the task of inpainting fundamen-
tally offers a reference paradigm to solve this requirement,
by training neural networks to learn the inpainting process
in a self-supervised manner. From another aspect, we ex-
pect to preserve the established shape alignment through
the flow calibration process, which thus needs specific con-
dition to guide the refinement networks. To this end, we
draw inspiration from previous flow-based inpainting and
editing studies [22, 42] with a tailored network to perform
Shape-Consistent Flow Calibration (SCFC) for FlowV2V.
Note that in this paper, we only use the SCFC on the editing
cases with obvious shape deformation, otherwise we use the
default optical flow from the original video sequence with-
out specified.

Flow Calibration Network. We design our flow calibra-
tion network for purpose of shape-consistent flow refine-
ment based on the one from ProPainter [42], where it ac-
cepts three inputs, i.e., the corrupted flow sequence

−→
F m,

the binary mask sequence Mr, and the shape guidance S.
To obtain the above elements, we first corrupt the ground-
truth optical flow

−→
F with Mr, and then send the concate-

nation of the resulting flow sequence along with Mr and S
into the flow calibration network Gflow (·), where the afore-

mentioned processes are formulated as:

−→
F m =

−→
F ⊙Mr,

−→
F̂ r = Gflow

(−→
F m,Mr, S

)
,

(5)

where
−→
F̂ r denotes the refined optical flow sequence that

is used to control the I2V model afterwards. Here, we
compute two types of

−→
F to enhance the temporal model-

ing ability of the flow calibration network, i.e., forwarding
and backward flows, which are termed as

−→
F f and

−→
F b, re-

spectively. In training, we follow the random masking al-
gorithm in FGT [40] to obtain Mr randomly corrupt

−→
F . In

inference, we use the pseudo flow sequence
−→
F̂ from IMP

instead of F̂ in Equation 5 in order to achieve flow calibra-
tion. As for S, we use the segmentation mask M1 of the
first video frame I1 in training, and adopt the one (denoted
as M̂1) of edited first frame Î1 in inference.

Network Architecture. We implement a recurrent flow
completion network that performs both forward and back-
ward flow estimation to achieve temporally consistent
and high-fidelity results. The network follows an en-
coder–decoder architecture, where the encoder consists of
multiple P3D blocks that progressively downsample the in-
put flow sequences (by a factor of 8) and extract hierarchical
spatio-temporal representations. In the bottleneck, a dilated
convolution module is employed to enlarge the receptive
field and capture long-range motion dependencies. To en-
sure temporal coherence, a Bidirectional Propagation Mod-
ule with Second-Order Deformable Alignment propagates
flow features between adjacent frames in both temporal di-
rections, where the downsampled features are warped ac-
cording to their estimated optical flows and refined through
stacked deformable convolution layers that predict adaptive
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offsets. The decoder then reconstructs dense flow fields via
multi-stage upsampling and convolutional refinement, in-
corporating skip connections from the encoder to recover
fine-grained motion details. Finally, an auxiliary edge de-
tection branch is adopted to enhance motion boundaries and
maintain structural consistency across frames.
Optimization Objective. To optimize the flow calibra-
tion network, we compute the reconstruction loss Lrec

through the L1 norm-based Euclidean distance between es-
timated flow sequence and the ground-truth one. Besides,
we adopt a second-order smoothness loss Lsmooth follow-
ing UnFlow [17] to promote the smoothness of neighbor
regions in the estimated flow3.

3.4. Flow-Driven Image-to-Video Generation
Once the calibrated flow sequence is obtained, we are fi-
nally able to produce the final edited video. In details, we
use Stable Video Diffusion (SVD) [2] as our foundation
generative model, and insert flow-based adapter layers into
SVD, similar to the ones in MOFA-Video [20]. To pro-
duce the final edited video V̂ = {Î}Ni=1, we send the edited

first frame Î1 and the refined optical flow sequence
−→
F̂ r into

SVD to propagate the edited contents in Î1 to all others in a
conditional I2V manner.

Hierarchical Feature Warping and Aggregation. The
flow-based adapter composes a reference encoder and a fea-
ture fusion encoder, where the former adopts multi-scale
convolutional blocks to extract hierarchical features from
the input first frame; the latter warps the extracted features
and fuses them to the corresponding layers in a duplicated
SVD encoder network, following a similar strategy of Con-
trolNet [16]. Then, the outputted features of the duplicated
SVD encoder are aggregated to the SVD decoder, and con-
trol the I2V process in producing a motion-aligned edited
video sequence.

4. Implementation Details
Evaluation Setting. We follow the evaluation setting of
in StableV2V [14], where we utilize its proposed DAVIS-
EDIT dataset. Specifically, the dataset consists of two sub-
sets to address editing cases with Similar (S) and Changing
(C) shape deformation, i.e., DAVIS-EDIT-S and DAVIS-
EDIT-C, respectively. In total, it contains 50 editing in-
stances, with 28 and 22 videos for text-based and image-
based evaluations, where we employ its official annotations.

Experiment Setting. We employ RAFT [29] for optical
flow estimation, using 20 inference iterations to balance ac-
curacy and computation. Following the estimated flows, we
synthesize video frames using pre-trained text-to-image dif-
fusion models. However, due to the resolution constraints

3We illustrate more implementation details of the calibration network
in Section A of our Appendix.

of these models (mostly based on Stable Diffusion [25]),
we primarily generate video frames under the resolution of
512× 512, where notably, StableV2V also follows this set-
ting. Yet, we discover that videos from DAVIS [24] (the
data source of DAVIS-Edit) contain a certain height-width
ratio, where the setting of 512 × 512 resolution fundamen-
tally compress the video to an unnatural size. Therefore,
we adopt both the default setting (with height-width ratio of
1 : 1) as well as the original ratio when conducting video
editing, where quantitative results under the latter setting
are highlighted with ∗.

Evaluation Metrics. We benchmark methods along three
dimensions, i.e., visual fidelity, temporal coherence, text-
image alignment, where we adopt DOVER, FVD, inter-
frame Warping Error (WE), CLIP-Temporal (CLIP-T), and
image-text CLIP score. Besides, we conduct a user study to
measure the human preferences of different methods.

5. Experiment
5.1. Comparison with State-of-the-Art Methods
In this section, we demonstrate and compare FlowV2V
against several state-of-the-art video editing approaches,
including StableV2V, AnyV2V, I2VEdit, TokenFlow and
DMT. Methods based on the first frame use the same ini-
tial frame to ensure fairness.

Performance Comparison. Table 1 presents the quan-
titative evaluation of FlowV2V against existing methods
on the DAVIS-EDIT [14]. Here, TokenFlow [18] and
DMT [38] exhibit deficiencies in maintaining fidelity of
the original video and obtain inferior temporal consistency
on WE and CLIP-Temporal. Relatively, I2VEdit, AnyV2V
and StableV2V achieve improved performance, yet the vi-
sual quality of their results are still limited. In contrast,
FlowV2V demonstrates superior performance upon all eval-
uated metrics, particularly achieving outstanding sample
quality and temporal consistency on DOVER, WE, and
CLIP-Temporal, meanwhile preserving comparable perfor-
mance on the other metrics, where this comparison confirms
the effectiveness of our flow-driven editing paradigm. No-
tably, StableV2V points out that most studies present poorer
on DAVIS-Edit-C rather than DAVIS-Edit-S, since the edit-
ing cases with significant shape changes are intrinsically
more challenging, where FlowV2V performs consistently
owing to the stable control from the aligned flow.

Despite of the classical usage shown in Figure 3,
FlowV2V demonstrates superior on other challenging ap-
plications with complicated motion patterns, where the re-
sults are illustrated in Figure 4. Here, we particularly com-
pare FlowV2V with depth-guided (StableV2V) and latent
features-guided methods (AnyV2V), to show the advan-
tages of optical flow under challenging scenarios. In Fig-
ure 4, StableV2V and AnyV2V produce still contents when
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Figure 3. Qualitative comparison of FlowV2V with state-of-the-art methods.

editing human portrait, since both depth map sequence and
latent features are fundamentally limited to model such
complex motion patterns. Conversely, FlowV2V consis-
tently edits all frames, especially when shape deformation
occurs, confirming that the superior ability and robustness
of our method. Similar phenomenon is observed under
multi-object editing, where the compared methods produce
videos with artifacts, and such observation is eliminated in
our results4.

4We present more results in Section B of our Appendix.

5.2. Ablation Studies
Evaluating First Frame Editors for Video Editing. We
evaluated the impact of various first-frame editors on
FlowV2V, where results are presented in Figure 5. Specif-
ically, we applied SD Inpaint [25], Paint-by-Example [3],
InstructPix2Pix [30] to explore the impacts of text, image,
and instruction prompts, respectively. Although different
editors exhibit some visual differences in the edited frames,
the overall quality of the final edited videos remains con-
sistent, with no significant degradation or variation caused
by the selection of editor. It is worth mentioning that align-
ing the motions offers a potential improvement on visual
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Figure 4. Human portrait and multi-object editing results.

Figure 5. Qualitative results of different first-frame inputs.

quality, when editing a bus into a fire ambulance with SD
Inpaint, where FlowV2V produces plausible with photore-
alistic details like flashing lights.

Evaluating the Impact of Different Control Signals. To
verify the effectiveness of our optical flow-based condition-

Figure 6. Qualitative results of different condition types.
ing strategy in the I2V task, we compare two different vari-
ants for the optical flow: depth and edge, as shown in Figure
6. Here, we highlight the local details by different meth-
ods so as to straightforward show their effects. Specifically,
in scenarios involving relatively small deformations, using
depth or edge as control inputs often leads to object drag-
ging artifacts and motion blur in certain regions of the gen-
erated videos. As the deformation becomes more severe,
artifacts become increasingly prominent, affecting larger ar-
eas and further degrading the video quality. For further il-
lustration, depth and edge serve as two extreme cases in
offering control signal for I2V models, where the former
condition is natively coarse for fine-grained motion model-
ing; the latter condition might cause over-control problem5.

6. Conclusion
In this paper, we propose FlowV2V, a novel method to per-
form video editing through a flow-driven image-to-video
generation process, along with a shape-aware flow align-
ment and a refinement procedures to ensure the precise-
ness of propagated motions during editing. Experiments on
DAVIS-Edit validates the effectiveness and superior sam-
ple quality of FlowV2V, with further ablation studies of-
fering more potential insights of it. Yet, we observe that
FlowV2V might struggle to handle some editing scenar-
ios, since its performance upper bound is fundamentally re-
stricted by the generative power of the used I2V backbone,
where we expect to investigate more possible applications
with FlowV2V as stronger foundation models merge.

5We analyze the impact of RAFT’s estimation error in Section C, con-
duct an efficiency study in Section D, and discuss the limitations in Section
E of our Appendix.

4632



References
[1] Alec Radford, Jong Wook Kim, Chris Hallacy, Aditya

Ramesh, Gabriel Goh, Sandhini Agarwal, Girish Sastry,
Amanda Askell, Pamela Mishkin, Jack Clark, Gretchen
Krueger, and Ilya Sutskever. Learning Transferable Visual
Models From Natural Language Supervision. In ICML,
pages 8748–8763, 2021. 5

[2] Andreas Blattmann, Tim Dockhorn, Sumith Kulal, Daniel
Mendelevitch, Maciej Kilian, Dominik Lorenz, Yam Levi,
Zion English, Vikram Voleti, Adam Letts, Varun Jampani,
and Robin Rombach. Stable Video Diffusion: Scaling Latent
Video Diffusion Models to Large Datasets. arXiv, 2023. 2, 6

[3] Binxin Yang, Shuyang Gu, Bo Zhang, Ting Zhang, Xue-
jin Chen, Xiaoyan Sun, Dong Chen, and Fang Wen. Paint
by Example: Exemplar-based Image Editing with Diffusion
Models. In CVPR, pages 18381–18391, 2023. 3, 7

[4] Yuren Cong, Mengmeng Xu, Christian Simon, Shoufa Chen,
Jiawei Ren, Yanping Xie, Juan-Manuel Pérez-Rúa, Bodo
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