VideoSketcher: A Training-Free Approach for
Coherent Video Sketch Transfer

Huining Li'-2; Bangzhen Liu'4; Rui Yang?3; Yang Zhou'.?; Chenshu Xu'; Xufang Pang®; Shengfeng He

1Singapore Management University, 2Baidu Inc, S3Huagiao University, 4City University of Hong Kong
5South China University of Technology, ¢ Shenzhen Institute of Artificial Intelligence and Robotics for Society

WACYV 2026

e

EEHHARE
City University of Hong Kong

.
S MU Bai @ BE

SINGAPORE MANAGEMENT
UNIVERSITY




overview

Motivation

Limitations of Prior Work
Method

Experiments

Conclusion



Motivation

e Motivation:Generating high-quality sketches

The Semantic & from video requires a nuanced understanding

Structural Gap of semantic content and visual structure.

e The Dilemma:

e Distribution Mismatch (No color/background)

e Structural Conflict

Dense & Dynamic Video Abstract & Sparse Sketch ® The Goal: To achieve training-free, style-
controllable sketch video generation that

strictly preserves frame structure while
applying specified sketch aesthetics.



Limitations of Prior Work

e Limitations of Prior Work
e Training-Based Methods (e.g., ref2sketch): Require expensive training
optimization and are restricted to limited styles.
e Training-Free Methods (e.g., StylelD): Rely on broad descriptors rather than
explicit sketch-specific semantics. This semantic gap leads to noticeable style

distortions and temporal jitter across video frames.
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Our Solution: VideoSketcher

e A novel, training-free framework that strictly maintains temporal coherence and
preserves structural integrity.




VideoSketcher Overview
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Time-Linked Attention (TLA)

e motivation: preserve structural integrity and transfer local sketch details from

reference images. e
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Figure 3. Ablation study of o in TLA.



Sketch Directive Amplification (SDA)

e motivaion: The distortions result from variance shifts in the SA’s attention map after

the key-value exchange.

e idea: a dynamic adjustment to focus attention on the semantically rich areas of the

sketch image.
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Stroke Graph Regularization (SGR)

e motivation: traditional query-based approaches could compromise structural
consistency across video frames, particularly under variable lighting conditions.

e |ldea: explicit structure regularization at the pixel space.
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Experiments & Results

e Comparison with Single-image Sketch Style Transfer

s/ i

L “{_ S R

= e A

1L
2y : 1’:g‘ ‘é}‘h
AN S D
&'e L% o

T v Y/

Reference Input StyleID IP-Adapter Cross-TA Ref2sketch



[P-Adapter Ref2sketch

Cross-1A

Input Video

VideoSketcher(ours)

Semi-Ref2sketch

StyleID

IIIIIIIIIIIIIIIIIIIIIIIIIIIIIIII

Reference Style




Experiments & Results

e Qualitative comparison of video style transfer results.
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Quantitative Results & Ablation Study

e Quantitative comparison
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Methods  |CLIP-Image 1 Pixel-MSE | FID | LPIPS | ArtFID | @)
AnyV2V 0.9489 0.1078  26.5821 0.7316 47.7184 SR T Sm &
Videocomposer 0.9746 0.0321 22.4721 0.7181 40.4158
Ours 0.9720 0.0219 24735 0.5703 40.3031 Ablation Study

Comparison with style transfer methods on video style transfer



Conclusion & Future Work

e Key Contributions: Proposed VideoSketcher, a novel training-free framework for
coherent video sketch transfer.

e Designed TLA (temporal consistency), SDA (edge reinforcement), and SGR (stroke
continuity) to mitigate spatial artifacts and preserve fine details.

e Limitations & Future Work:
e Current performance may be limited by highly dynamic content and extremely
abstract styles.

e Future work will focus on adapting to greater scene variability and diverse
animation effects.



Code available

e the code and resources available at: https://github.com/lihuining/VideoSketcher
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