





A common approach to tackle this challenge is to learn a
backward mapping that transports query points from ob-
servation space with the posed person to the canonical space
with the person in rest pose (e.g., T-pose) [7, 14, 22, 28,

, 41, 47]. The rendering is then done by neural fields
defined in the canonical space. While learning backward
mapping allows for high-quality reconstructions of dynamic
human geometry and appearance, these methods typically
require 3D scans for training [7, 28, 41, 47], need a texture
map [22], or depend on a surface prior [14, 34]. Addition-
ally, the backward mapping is difficult to learn as it requires
solving many-to-one mapping [5, 19]. These approaches
are thus prone to artefacts when rendering unseen poses.

Alternatively, some existing methods rely on a forward
mapping that moves features in the canonical space to
the observation space. Earlier approaches anchor neural
features to SMPL vertices [16, 35] and deform the body
mesh to the observation space via linear blend skinning
(LBS) [18]. Per-vertex features are then diffused by a 3D
CNN around the posed mesh, and the neural field is defined
on top of the resulting voxel feature grid. These methods
are still limited by the quality of the underlying LBS model
and inability to capture non-linear deformations, which of-
ten results in blurry reconstructions.

An alternative backward mapping that was recently
popularized is to apply a differentiable root-finding algo-
rithm [19, 50] on learned forward mappings. TAVA [19] is
a template-free approach that performs iterative root-finding
to solve for a point in canonical space. ARAH [50] proposes
a joint root-finding method that finds ray intersection on the
NeRF body model initialized using a pre-trained hypernet-
work [1 1, 49] for rendering. Although TAVA and ARAH
are template-free and show state-of-the-art synthesis quality
on unseen poses, both methods are computationally heavy
at train and test time, and ARAH additionally requires a
surface prior which is built using 3D scans. Compared to
these approaches, NPC uses sparse point clouds to create
efficient forward mapping between a canonical and obser-
vation space, which provides better query feature localiza-
tion with lower computational cost, and does not rely on
pre-trained surface priors.

Conceptually related to our method are SLRF [62], Key-
pointNeRF [27], and AutoAvatar [3]. SLRF shares a similar
concept of leveraging surface points for anchoring separate
radiance fields to represent local appearances. In contrast,
NPC explicitly represents local structure using much denser
feature point clouds and enabling dense correspondence
across body poses without relying on pre-defined paramet-
ric meshes. KeypointNeRF uses sparse key points to tri-
angulate 2D pixel-aligned features extracted from multi-
view imagery for 3D face reconstructions. Unlike Key-
pointNeRF, NPC stores point features directly in 3D space,
captures pose-dependent deformation, and is drivable. Au-

toAvatar uses K-NN-based encodings for dynamic neural
body deformation fields, but does not model textures.

3. Method

NPC reconstructs a neural character that can be animated
from a single video {I;,---,Ixy} with N frames. Fig-
ure 2 provides an overview. The representation includes
neural fields [29] in canonical space with the character in
rest pose and a set of surface points {p1,--- ,pp} that de-
form dynamically and map between canonical and obser-
vation space. In the following, we explain how we obtain
these representations and how we combine them to form the
geometry and appearance of the NPC.

3.1. Skeleton and Point Representation.

Pose and shape initialization. Each frame I; of the in-
put video is processed with an off-the-shelf pose estima-
tor' followed by refinement with A-NeRF [44] or if avail-
able, multi-view triangulation. The resulting pose 6; =
{Rio,-- Ry -1} € R7*3 the joint angle rotations of
a pre-defined skeleton with .J joints, is then used as input
to train the existing neural body model DANBO [43]. This
body model is set to a T-pose, and the iso-surface of the un-
derlying implicit model is extracted with marching cubes.
Note that we train DANBO with a much-reduced number
of ray samples and small number (10k) of iterations, which
corresponds to ~2.5% of the full training set; this process
runs under 30 mins on a single NVIDIA RTX 3080 GPU.
Part-wise point cloud sampling. We obtain the location
of the sparse surface points p by farthest point sampling
on the isosurface until we obtain 200 points {p; ;}2% for
every body part j of the skeleton. We drop the part sub-
script for simplicity when the part assignment is irrelevant.
As demonstrated in Figure 2, the resulting point cloud is a
very coarse approximation of the underlying geometry. In
what follows, we describe our main contributions, which
allow learning high-quality details on top of this rough esti-
mate, without strict assumptions on a clean surface imposed
by existing model-based approaches, and with sharper de-
tails and better texture consistency compared to DANBO
and other surface-free models.

Canonical to observation space (forward mapping). The
extracted points p; € R? live in canonical space and are
fixed for the entire video. Deformations in frame ¢ are mod-
elled by a learnable mapping p; ; to the posed observation
space,

Pf it = LBS(0;, w,pij) + Re j(0:)Api ;(0), (1)

comprising a linear blend skinning (LBS) [18] term to
model rigid deformations and a non-linear term Ap(6;) that

'We follow recent template-free human NeRFs [ ] in using
SMPL-based pose estimators to acquire joint angle rotations, but other
pose estimators would work equivalently.
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