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Challenges of multiple character animation: | G ’, R ) > We propose a multi-condition guided framework with multiple

* Due to the prevalent camera shake in | . 11 '5*‘ | L guiders for multiple-character image animation. Our framework {8
datasets, existing models are affected by the ¥ | | Tt A |
noise, leading to abrupt changes, flickering . | i /l/ ‘ effectively handles the multiple-character image animation.
and artifacts in the generated background I Ay j ‘ ‘ » We enhance the Implicit decoupling capability of the model.
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* when generating animated videos with | Technically, the optical flow guider decouples the background
multiple characters, existing methods tend to | o ccluded Bo dy : Clipping Body | momentum to ensure background stability; the depth order guider
produce chaotic character identities and | | Y4 , [ provides multiple character positional information to address the
erroneous occluded body parts. | e 1\, , . . —

| A VINS Sy, / | occlusion among body parts; and reference pose guider introduces
|dea |- | : the source pose to better align the character with the target pose.

v We enables the model to implicitly learn to ' al A | > We address the lack of a benchmark in multiple character image
decouple the background and characters. I = s I . . . .

v We carefully design guidance to enhance the “J% : / .0 | animation by introducing Multi-Character Bench, a new dataset
implicit decoupling capability of the model. - | A N | containing about 4,000 frames for comprehensive evaluation.
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