Figure 5.Qualitative reconstruction comparisons on BUFFOur method reconstructs better details and generates less artifacts compared
to IP-Net. The implicit shape representation enables accurate reconstruction of complex geometry (hair, trouser heel) compared to methods
with explicit representations, i.e., CAPE and DSFN.

Figure 6.Qualitative animation comparison on CAPE.IP-Net produces unrealistic animation results potentially due to over tting and
wrong skinning weights. The deformation eld of SCANimate is de ned in the deformed space and thus limits its generalization to unseen
poses. This is made worse in SCANimate (2.5D) which only uses partial point clouds as input. In contrast, our method solves this problem
naturally via joint optimization of skinning eld and shape in canonical space.

Results: Tab. 4 shows the quantitative results. Our Method Input loU " C "># NC"

method outperforms IP-Net and SCANimate (2.5D), and IP-Net[7] 3D 0916 Q786 0843

achieves comparable results to SCANimate (3D) which is SCANimate [53] 3D 0:941  0:596  0:906

trained on complete and noise-free 3D meshes. Fig. 6 shows SCANimate [53] 2.5D 0:665 3704 Q785

that the clothing deformation of the blazer is unrealistic Ours 2.5D 0:946 0:666  0:906

when animating IP-Net. This may be due to over tting

to the training data. Moreover, the animation is driven by Table 4. Quantitative evaluation on CAPE. Our method out-

skinning weights that are learned from minimally-clothed Performs IP-Net and SCANimate (2.5D) by a large margin and

human bodies. As seen in Fig. 6, SCANimate also leads toachleves comparable resultvlvlth'SCANlmat.e (3D) yvhlch is trained

unrealistic animation results for unseen poses. This is be-O" comPlete 3D meshes, a signi cantly easier setting compared to
. . . using partial 2.5D data as input.

cause the deformation eld in SCANimate depends on the

pose of thedeformedobject, which limits generalization to

unseen poses [13]. Furthermore, we nd that this issue is

ampli ed in SCANimate (2.5D) with partial point clouds.

In contrast, our method solves this problem well via jointly

learned skinning eld and shape in canonical space.

Our method is able to reconstruct complex cloth geome-
tries like hoodies, high collar and puffer jackets. Moreover,
we demonstrate reposing to novel out-of-distribution mo-
tion sequences including dancing and exercising.

4.5. Real-world Performance 5. Conclusion

To demonstrate the performance of our method on noisy  In this paper, we presented PINA to learn personalized
real-world data, we show results on additional RGB-D se- implicit avatars for reconstruction and animation from noisy
guences from an Azure Kinect in Fig. 7. More speci cally, and partial depth maps. The key idea is to represent the im-
we learn a neural avatar from an RGB-D video and drive the plicit shape and the pose-dependent deformations in canon-
animation using unseen motion sequences from [34,36,57]ical space which allows for fusion over all frames of the






