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Overview

Control Params

With one or several image inputs, we can reconstruct a controllable head avatar.



Different from Related Works
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Compared with previous work, our method avoids the loss of expression details caused by over-processing.



Method Overview
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Here is an overview of our method, and we will introduce it step by step.



Canonical Feature Encoder
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We use our Multi Tri-planes Attention (MTA) module to leverage information from multiple images with tri-planes.



Canonical Feature Encoder
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MTA can accept any number of images as input, including one image or multiple images.



Canonical Feature Encoder
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And use query planes to determine the weights of different planes and then merge them.



Point-based Expression Field
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To achieve the re-driving capability, we design a point-based expression field (PEF).



Point-based Expression Field
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The point cloud is generated by FLAME and aligned with the canonical tri-planes feature space.



Point-based Expression Field
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We associate learnable parameters with each point.



Point-based Expression Field
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During the volume rendering, we query the nearest K points and merge features based on distance.



Rendering Module
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Finally, we map canonical and expression features to RGB and density, perform volume rendering and SR.



Results

Closed Eyes
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These results suggest that our method can capture subtle expressions effectively.



Results

Quantitative Results on VFHQ Dataset

Self Reenactment
Method LPIPS] CSIMT LI}
ROME(Khakhulin et al., 2022) 0237 0.679 0.060
StyleHeat(Yin et al., 2022) 0251 0.603 0.065
OTAvatar(Ma et al., 2023) 0346 0.660 0.092
Next3D(Sun et al., 2023) 0.281 0.631 0.066 0.036
HideNeRFLi et al. (2023a) 0.204 0.056
Ours One-in
Ours Two-in

* For a fair comparison, we compare and highlight all single-input methods. The multi-input method Ours-MT provided only for reference.

Quantitative results also support this conclusion.



Results

Here are some results of our model.



Results

Here are some results of our model.



Results

slPévatar Results

Explore Expressions

More results can be found from our project website.
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