


layouts and geometric details. To address this, existing
video generation methods [2, 25, 73] utilize images as addi-
tional conditions but raise the questions of how to generate
input images and achieve detailed editing. Sketching serves
as a user-friendly interaction tool to capture spatial content
and shape details accurately. One or two sketches are al-
ready sufficient to convey desired scene structures and mo-
tion information for short video clips (around 6 seconds),
which are the target of our and most existing video gen-
eration methods. However, using such sparse keyframe
sketches presents several challenges, including reasonably
completing the missing frames, improving memory effi-
ciency, and addressing the limited size of video datasets.

A naive solution is to translate the input keyframe
sketches into images and then utilize interpolation meth-
ods [16, 37, 70] for video generation. However, it is
nontrivial to ensure consistency during keyframe sketch-
to-image generation, which significantly affects the video
quality. This approach also struggles to generate extrap-
olation frames when applying conditions in intermediate
frames rather than beginning and ending time points. An-
other possible approach is to utilize white placeholders to
fill missing condition frames and directly apply Control-
Net [77] into video models, similar to SparseCtrl [22].
However, this requires the same network to process both
sketches and white placeholders simultaneously, while the
pretrained blocks handle tasks far from this sparse propa-
gation. Additionally, for DiT-based video frameworks [27,
84], the traditional strategy [ 1] that copies half of the pre-
trained model as a condition network easily causes the out-
of-memory issue.

To address these issues, we propose a novel sketch
condition network specifically designed for the DiT-based
video generation architecture (CogVideoX [73] in our
work). Following ControlNet [11, 77], we employ a train-
able copy of CogVideoX’s DiT block to process only the
sketch inputs and generate control features. No white place-
holder is processed to align with the pretrained weights and
reduce learning complexity. To propagate these keyframe
features, we design an inter-frame attention mechanism that
captures the relationship between the control keyframes and
all video frames. Our approach computes query and key
features from noisy latent while extracting value features
from sketch conditions. This design leverages frame-to-
frame similarity for control propagation. The above com-
ponents consist of a single sketch control block. Instead
of copying a half number of the pretrained blocks to con-
struct the control network [11], we use only 5 sketch control
blocks out of the 30 DiT blocks available in CogVideoX-
2b. We design a novel uniformly distributed skip structure
to add the control signals to different levels of features in
discrete blocks (0, 6, 12, 18, and 24), achieving effective
spatial control while improving memory efficiency. During

training, an external image dataset is incorporated to solve
the challenge of limited video data.

Beyond generation, interactive editing of real or syn-
thetic videos further enhances creative flexibility. Exist-
ing methods [34, 40, 45, 71] achieve interesting text-based
editing or effectively propagate single image editing into
videos. Despite their effectiveness in appearance modifica-
tion, they struggle with shape manipulation and object in-
sertion, as they preserve the original temporal motion. Such
information is missing for newly introduced content. More-
over, precisely identifying and preserving unedited regions
for localized editing remains a challenge.

We propose a sketch-based editing method for detailed
local modification. Rather than editing a single image and
propagating changes, we directly construct an editing net-
work based on our sketch control network. To analyze
the relationship between edited regions and the original
video, we incorporate a video insertion module that takes
the original video with masked edited regions as inputs. The
modified sketch control blocks generate residual features
that capture temporally and spatially coherent contents in
the edited areas. To accurately preserve unedited regions
and achieve seamless fusion, the newly edited regions are
blended with the original video in the latent space.

Extensive experiments demonstrate that our method out-
performs existing approaches in video generation and edit-
ing. Our contributions are summarized as follows: 1) We
propose SketchVideo, a novel sketch-based video genera-
tion and editing framework that enables detailed geome-
try control and manipulation using keyframe sketches, as
shown in Fig. 1. 2) We design a sketch condition network
that predicts skipped control features for the DiT frame-
work, with an inter-frame attention mechanism to propagate
one or two sketch conditions across the video. 3) We pro-
pose a video insertion module that analyzes the relationship
between drawn sketches and original videos, utilizing a la-
tent fusion strategy to preserve unedited regions accurately.

2. Related Work

Sketch-based Image Generation. GAN-based meth-
ods [21] have achieved great success in category-restricted
sketch-to-image translation [13, 14, 50, 65, 75, 85]. Re-
cently, diffusion-based text-to-image models [51, 53] han-
dle general categories with conditional models like Control-
Net [77], T2I-Adapter [41] and further advances [30, 46,
48, 76, 83]. Beyond U-Net, the DiT backbone [12] enables
image generation, with PIXART-6 [11] utilizing the first
half of the pretrained model’s blocks as a trainable network
to predict corresponding control residual features. Video
generation, however, introduces additional challenges. For
ease of interaction, we expect sketches specified only for
a sparse set of keyframes, making it difficult to generate
frames without sketch inputs. Additionally, video genera-
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Figure 2. Our framework for sketch-based video generation and editing. (a) Our sketch condition network for the DiT-based video
generation architecture has a skip structure and five sketch control blocks that predict residual features. (b) For generation, features are
extracted from temporally sparse input sketches and propagated through inter-frame attention. The input sketches are provided for one or
two keyframes (the second sketch is shown as a dotted line). In the top left corner of (b), the prompt and timestep inputs are shown. (c)
For editing, the same sketch control block (b) is utilized, with an additional video insertion module and video masks MYV to analyze the
relationship between edited and unedited regions. The 3D causal VAE is omitted to save space.

video clips that respect the input text prompts and sketches.
As shown in Fig. 2, we design a sketch condition net-
work for effective control. The input sketches are encoded
into the latent space by the pretrained VAE, followed by
patchifying and time-aware positional embedding to gener-
ate sketch latents s

Skip Residual Structure. In sketch-based image gen-
eration, methods like ControlNet [77] and PIXART-6 [11]
copy the half of the base model as their sketch encoder
to fully utilize the pretrained text-to-image models. How-
ever, applying this to video generation, as done in SparseC-
trl [22], is memory inefficient because it requires adding
half of the base model’s parameters. Unlike the U-Net ar-
chitecture, the DiT network does not have an explicit en-
coder and decoder. Therefore, the assumption in PIXART-
6 [11] that the first half of blocks serve as the encoder can
be improved.

Instead of borrowing local consecutive blocks of the base
model as the encoder and predicting their residual features,
we recognize that blocks at different depths process distinct
feature levels, which should be considered for sketch con-
trol. As illustrated in Fig. 2 (a), we propose a novel skip
residual structure that reduces the number of blocks while
enabling effective sketch control and high-quality genera-
tion. Our sketch condition network contains 5 sketch con-
trol blocks, uniformly distributed across the pretrained gen-
eration network to predict residual features for blocks 0,
6, 12, 18, and 24 of the original video generation model.
This structure efficiently integrates sketch control informa-

tion into multiple feature levels, enhancing the analysis of
input conditions and original semantic features.

Sketch Control Block. In the i-th sketch control block,
the input consists of hidden video features h}*" and sketch

. . —1:N
features sfl_’iz, and the output is the residual features h;

and updated sketch features sil’tz. As shown in Fig. 2 (b),
the sketch feature s/*'!? is processed:
si+'? = FeedForward(s/*(?), 2)

where the output sketch feature szfl 2 js used for sketch con-

trol propagation and as the input to the next sketch control
block.

To propagate the sketch inputs, a direct approach [22]
replaces missing sketches with white images and employs a
trainable copy of the pretrained DiT block to predict resid-
ual features. However, as shown in Fig. 5, this leads to fuzzy
details in challenging cases, as the network randomly pro-
cesses both sketches and white images. This mixed input is
far from the pretrained model’s task. To address the above
issue, we employ a trainable copy of pretrained DiT block
to process only the sketch inputs (no white placeholder),
aligning with the pretrained weights and reducing learning
difficulty. The resulting keyframe sketch features, denoted
as c/*"?, are propagated to all frames through an inter-frame
attention approach.

Inter-frame Attention. We utilize the input hidden fea-
tures of all frames to calculate () and the hidden features
corresponding to the control frames to calculate K. During
attention computation, this approach captures the internal












The video captures a
wooden boat with
coastal landscape.
small wooden boat

rich textures, with
rustic texture.

(@) wio Video Module ~ (b) wlo Pretrain  (¢) wio Latent Fusion —— (d) Ours
Figure 8. The ablation study results of sketch-based video editing.
Our method generates realistic results faithful to sketches. We uti-
lize heat maps (top right) to visualize the difference between the
edited and original frames.

Metric  w/o Inter-Frame Sketch K,V w/o Skip w/o Image Ours

LPIPS | 36.33 32.59 31.91 34.58 30.79
CLIP 1 98.10 98.19 97.60 98.24 98.48
Metric w/o Video module w/o Pretrain w/o Latent Fusion  Ours

LPIPS | 9.31 12.60 9.77 9.74
CLIP 1 97.97 98.12 98.44 98.34
PSNR 1 33.61 36.05 31.69 36.48

Table 3. The qualitative results of ablation study for sketch-based
generation and editing, with each cell colored to indicate the best

and second best .

sketch features for both Key and Value (b), the sketch fi-
delity is also degraded due to the lack of effective control
propagation. If we remove the skip structure and predict
residual features for the first 5 blocks (c), the realism of the
generated results is negatively influenced due to less control
ability. Removing image data during training (d) causes sig-
nificant geometry mismatch with input sketches. Compared
to these alternatives, our method produces the most realistic
and faithful results. As shown in Table 3, our method has
the lowest LPIPS values (supporting the best sketch fidelity)
while the CLIP metric has similar results (human eyes can-
not recognize temporal coherence difference).

In sketch-based video editing (Fig. 8), removing the
video insertion module (a) and solely utilizing the sketch
condition encoder results in good sketch fidelity but ob-
vious inconsistency with unedited regions. Training the
sketch condition encoder from scratch without generation
pretraining (b) reduces the faithfulness to the input sketches
in the edited regions, which is also validated by the high
LPIPS in Table 3. We use heat maps to reveal differences
between edited and original frames. Removing the latent
fusion strategy changes unedited region details (c), such as
mountains and waves, as shown in the heat maps. The low
PSNR value in unedited regions also supports this, as shown
in Table 3. Our method maintains strong sketch fidelity,
consistency, and unedited region preservation.

4.5. User Study

We conducted a user study to validate that our method out-
performs existing approaches. For video generation, we

randomly selected 10 examples from the test set in Sec. 4.3.
In the questionnaire, participants were shown the results of
different methods in random order. 20 participants ranked
the methods results by three criteria: Sketch Fidelity, Tem-
poral Consistency, and Video Realism. The rankings pro-
vided by the participants were used as scores. As shown in
Table 1, our method outperforms existing methods in all cri-
teria, demonstrating its superior performance. For sketch-
based editing, we used the same 10 examples from the test
set in Sec. 4.3. The same participants ranked the methods
based on three criteria: Sketch Fidelity, Unedited Region
Preservation, and Video Realism. As shown in Table 2, our
method also outperforms existing approaches in editing.

5. Conclusion and Discussion

We presented SketchVideo, a unified method for sketch-
based video generation and editing. For generation, we
proposed a sketch condition network that predicts residual
features for skipped DiT blocks of the base models to save
the memory and achieve effective control. An inter-frame
attention is further proposed to propagate the keyframe
sketches, achieving interesting motion interpolation or ex-
trapolation. We also introduce a hybrid image and video
training strategy. For editing, we incorporate a video inser-
tion module to ensure the newly generated content is spa-
tially and temporally coherent with the original video. Dur-
ing inference, a latent fusion approach preserves unedited
regions accurately.

Limitation and Future Work. While our method gen-
erates high-quality videos, its capabilities are still limited by
the pretrained text-to-video model. Enhancing performance
with more powerful pretrained models and generating long
videos instead of video clips is a potential avenue. Addi-
tionally, similar to image generation, our method struggles
with too complex scenarios, such as human hands and in-
teraction between multiple objects. Incorporating 3D pri-
ors [59, 63, 86] like SMPL-X [47] helps address these issues
in human scenarios. Moreover, while our method focuses
on geometry control, exploring appearance customization
through tools like color strokes presents an intriguing area
for future research.
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