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Module design:
T 48module Y
data structure

Technical
advantages
of this module

3.1. Structured latent codes

[T To control the spatial locations ol latent codes with the
human pose, we anchor these latent codes to a deformable
human body model (SMPL) [#5]. SMPL is a skinned
vertex-based model, which is defined as a function of shape
parameters, pose parameters, and a rigid transformation rel-
ative to the SMPL coordinate system. The function outputs
a posed 3D mesh with 6890 vertices. Specifically, we define
a set of latent codes Z = {z,, 22, ..., Zgsgo } On vertices of
the SMPL model. For the frame ¢, SMPL parameters S, are
estimated from the multi-view images {Z{|c = 1,...,N.}
using [26]. The spatial locations of the latent codes are then
transformed based on the human pose .S; for the density and
color regression. Figure 3 shows an example. The dimen-

Slmllar to aie locz-ﬂ lmpllClt representations |~.‘, - 5 l?\l,

the latent codes are used with a neural network to represent

the local geometry and appearance of a human. Anchoring

these codes to a deformable model enables us to represent a
dynamic human. With the dynamic human representation,
we establish a latent variable model that maps the same set
of latent codes to the implicit fields of density and color at
different frames, which naturally integrates observations.
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Motivation
of this module

Module design:

BT 7T 8module

forward process
KT 48module design

3.2. Code diffusion

I-“igure 3(a) shows the process of code diffusion. The|
implicit fields assign the density and color to each point in
the 3D space, which requires us to query the latent codes
at continuous 3D locations. This can be achieved with the
trilinear interpolation. However, since the structured latent
codes are relatively sparse in the 3D space, directly inter-
polating the latent codes leads to zero vectors at most 3D
points. To solve this problem, we diffuse the latent codes

Ldcfined on the surfacc to nearby 3D space, )
[ Tnspired by [55, 56, 101, we choose the SparseConvNet |
[21] to efficiently process the structured latent codes, whose
architecture is described in Table 1. Specifically, based on
the SMPL parameters, we compute the 3D bounding box of
the human and divide the box into small voxels with voxel
size of 5mm x S5mm x 5mm. The latent code of a non-
empty voxel is the mean of latent codes of SMPL vertices
inside this voxel. SparseConvNet utilizes 3D sparse convo-
lutions to process the input volume and output latent code
volumes with 2x,4x,8x, 16 x downsampled sizes. With
the convolution and downsampling, the input codes are dif-
fused to nearby space. Following [56], for any point in
3D space, we interpolate the latent codes from multi-scale
code volumes of network layers 5,9,13,17, and concate-
nate them into the final latent code. Since the code diffusion
should not be affected by the human position and orienta-
tion in the world coordinate system, we transform the code
locations to the SMPL coordinate system.

For any point x in 3D space, we query its latent code
from the latent code volume. Specifically, the point x is first
transformed to the SMPL coordinate system, which aligns
the point and the latent code volume in 3D space. Then,
the latent code is computed using the trilinear interpolation.
For the SMPL parameters S;, we denote the latent code at
point x as ¥(x, Z, S;). The code vector is passed into MLP

networks to predict the density and color for point x.
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3.3. Density and color regression

Figure 3(b) overviews the regression of density and color
for any point in 3D space. The density and color fields are
represented by MLP networks. Details of network architec-
tures are described in the supplementary material.

Density model. For the frame ¢, the volume density at

point x is predicted as a function of only the latent code Module design:
¥(x, Z,S;), which is defined as: St A\ 47

L iTZamodule

0u(x) = M, (¥(x, Z,S,)), ) forward process

F148module design
where M, represents an MLP network with four layers.

Color model. Similar to [17, 44], we take both the latent
code ¥(x, Z, S;) and the viewing direction d as input for
the color regression. To model the location-dependent inci- Module desi gn:
dent light, the color model also takes the spatial location x AN

as inpl‘:gg.1 We observe that temporally-varyi[t:g factors affect /1 ég module ¢'E’\J
the human appearance, such as secondary lighting and self- data structure
shadowing. Inspired by the auto-decoder [4%], we assign a
latent embedding £; for each video frame ¢ to encode the

temporally-varying factors.
!pecgghiy, !or me !:ame 2 me color at x 18 prealcta

as a function of the latent code ¥(x, Z,S;), the viewing
direction d, the spatial location x, and the latent embedding
£,. Following [51, 44], we apply the positional encoding

to both the viewing direction d and the spatial location x, Module design:
which enables better learning of high frequency functions. @ﬁﬂ\ggmodu le

The color model at frame ¢ is defined as: forward process

c(%) = Mo($(x, Z, 51),a(d), (), &), 2 | FIT&Bmodule design

where M, represents an MLP network with two layers, and
~a and 7y are positional encoding functions for viewing di-
rection and spatial location, respectively. We set the dimen-
sion of £; to 128 in experiments.
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