PGAHum: Prior-Guided Geometry and Appearance Learning for
High-Fidelity Animatable Human Reconstruction

Hao Wang’
Jilin University
Changchun, China
whao22@mails.jlu.edu.cn

Hongyuan Chen
Jilin University
Changchun, China
chenhy5521@mails.jlu.edu.cn

ABSTRACT

Recent techniques on implicit geometry representation learning
and neural rendering have shown promising results for 3D clothed
human reconstruction from sparse video inputs. However, it is still
challenging to reconstruct detailed surface geometry and even more
difficult to synthesize photorealistic novel views with animatated
human poses. In this work, we introduce PGAHum, a prior-guided
geometry and appearance learning framework for high-fidelity ani-
matable human reconstruction. We thoroughly exploit 3D human
priors in three key modules of PGAHum to achieve high-quality
geometry reconstruction with intricate details and photorealistic
view synthesis on unseen poses. First, a prior-based implicit ge-
ometry representation of 3D human, which contains a delta SDF
predicted by a tri-plane network and a base SDF derived from the
prior SMPL model, is proposed to model the surface details and
the body shape in a disentangled manner. Second, we introduce a
novel prior-guided sampling strategy that fully leverages the prior
information of the human pose and body to sample the query points
within or near the body surface. By avoiding unnecessary learn-
ing in the empty 3D space, the neural rendering can recover more
appearance details. Last, we propose a novel iterative backward
deformation strategy to progressively find the correspondence for
the query point in observation space. A skinning weights predic-
tion model is learned based on the prior provided by the SMPL
model to achieve the iterative backward LBS deformation. Exten-
sive quantitative and qualitative comparisons on various datasets
are conducted and the results demonstrate the superiority of our
framework. Ablation studies also verify the effectiveness of each
scheme for geometry and appearance learning. Codes will be re-
leased in https://github.com/JLU-ICL/PGAHum.
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1 INTRODUCTION
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Figure 1: Given sparse input videos, our PGAHum can re-
construct high-fidelity animatable avatar with fine-grained
geometry and appearance details on various datasets, e.g.,
ZJU-Mocap [35] (top), PeopleSnapshot [1] (middle) and Mono-
Cap [34] (bottom).

The digitization of the human body is crucial for various appli-
cations such as gaming, film, mixed reality, remote interaction and
the metaverse. In the industries, high-fidelity human body recon-
struction typically requires acquiring data by multi-camera systems
in well-equipped studios and building pre-captured templates with
the assistance from skilled artists. These requirements prohibit
the conventional applications for consumers, such as personalized
avatars used in AR/VR, body measurements, virtual try-on, etc.

Human body reconstruction has been a popular and important
research topic in recent years. Recent methods can reconstruct
the clothed 3D human body from sparse videos, making the 3D
human avatar acquisition more convenient and flexible. One se-
ries of clothing-aware body reconstruction methods use explicit
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mesh or fixed-resolution truncated signed distance fields (TSDFs)
to represent the geometric shape of humans, while the textures
are represented by vertex colors or UV maps. Based on existing
statistical human models [15, 23, 29, 31], these methods [16, 25, 32]
initialize 3D human avatar in some geometry representation of
fixed-resolution, and then learn geometry offsets or displacements
to enhance detailed surface geometry. While the spatiotemporal
consistency of 3D human avatar can be obtained by building their
human representation on top of models such as SMPL [23], the
capability to express details is limited since the geometry offset
learning is bound to a fixed number of geometric vertices. Moreover,
the appearance of the reconstructed human is not realistic enough.

With the success of neural implicit representations [26, 27, 30],
recent reconstruction methods combine neural implicit represen-
tations with neural rendering techniques and achieve promising
results in geometry or appearance learning of 3D human. Some
methods [11, 12, 14, 48] aim to learn implicit representations of
the human body which are capable of handling various topologies,
adapting to different characters and clothing, as well as support-
ing animations with different poses. Meanwhile, a series of neural
rendering methods [13, 18, 21, 22, 42, 43, 45, 47] mainly focus on syn-
thesizing photorealistic novel viewpoint images, while not explicitly
performing optimization for the geometry. However, high-quality
dense multi-view data may still be needed as the supervision for
the neural rendering process. On the other hand, there exist sev-
eral works [33-35, 40] simultaneously performs human geometry
reconstruction and appearance learning. While the reconstruction
results capture the overall body shape, these methods struggle with
finer geometry details, such as clothing wrinkles. The main reason
is the inherent non-rigid motion characteristics of humans and
clothing may cause challenges for the correspondence searching
during the implicit representation learning. As the result of the
sub-optimal geometry learning, the quality of view synthesis may
also be affected to some extent.

In this work, we aim for high-fidelity animatable human recon-
struction, i.e., high-quality geometry reconstruction with intricate
human body and clothing details, as well as photorealistic image
synthesis on novel views and unseen poses. Comparing to previ-
ous works, we propose to more thoroughly exploit the priors from
the 3D human models, e.g., SMPL [23], to enhance the geometry
and appearance learning from the following aspects: 1) More fine-
grained 3D human geometry representation, which is capable of
expressing the surface geometric details as well as maintaining
the spatiotemporal consistency for both the geometry and appear-
ance reconstruction; 2) More human-centric implicit representation
learning scheme, which is suitable for learning the 3D human mod-
els instead of treating the learning process similar to other objects
or scenes; 3) Improved space transformation learning, which is
important to learn a unified 3D human model in a canonical space
with improved geometry and appearance details. Specifically, we
propose PGAHum, a novel framework which extensively utilizes
3D human priors to reconstruct high-fidelity animatable clothed
humans from sparse videos. The overall pipeline of PGAHum is
similar to works [34, 40] which simultaneously learn the geome-
try and appearance of the 3D human, we make improvements on
three key modules to achieve reconstruction with more fine-grained
geometry and appearance details.
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First, we define a prior-based implicit geometry representation to
effectively learn the underlying body shape and surface details in
a disentangled manner. On top of the base signed distance field
(SDF) derived from the SMPL model fitted to the subject, a tri-plane
network is learned to predict a delta SDF layer for encoding the
surface details. With the strong prior from the SMPL model, the
network can focus on learning the fine-grained geometry details
rather than the overall body shape. Second, to further confine the
geometry and appearance learning on the fine details of the human
body, a prior-guided sampling scheme which fully leverages the
prior information of the human pose and body is proposed. Com-
paring to existing methods [27, 39] which mainly use the stratified
sampling to sample query points in the full space, we first compute
the ray-body intersection and only sample the points within or near
the body surface, so that unnecessary sampling in empty 3D space
can be avoided and the learned neural radiance filed (NeRF) can
recover more appearance details. Last, we propose an iterative back-
ward deformation strategy to warp query points in the observation
space to the canonical space in a progressive manner, so that both
the geometry and appearance of the unified human model can be
better optimized. Notably, we learn a backward skinning weights
prediction model which takes the transformed query points to gen-
erate skinning weights for the iterative backward Linear Blend
Skinning (LBS) deformation. Comparing to the forward deforma-
tion [40], our iterative backward deformation does not need to
solve the root-finding problem to find the correspondances for the
query points. Also, it can effectively finds the appropriate corre-
spondences through multiple backward deformation, alleviating
the errors for the one-step backward deformation.

By combining above schemes, our PGAHum takes a solid step
further to high-fidelity animatable human reconstruction, obtaining
avatar with appealing geometry and appearance details for novel
pose or view synthesis (see Figure 1). Extensive quantitative and
qualitative comparisons are conducted and the results demonstrate
the superiority of our framework. Ablation studies also verify the
effectiveness of each scheme for geometry and appearance learning.
In summary, our contributions are as follows:

e We propose PGAHum, a novel framework which extensively
exploits the 3D human priors for high-fidelity animatable
human reconstruction. Our results show more fine-grained
geometry and appearances details than existing SOTA meth-
ods.

e We disentangle the 3D clothed human with a prior-based
implicit geometry representation. Such fully implicit rep-
resentation not only supports disentangled surface detail
modeling, but also fits well for following NeRF learning.

e We leverage the prior information of the human model and
propose a novel prior-guided sampling strategy to avoid the
unnecessary learning in the empty 3D space, so that the
neural rendering can recover more appearance details.

o We develop an iterative backward deformation strategy which
reduces the computation cost for the forward deformation
and the error for one-step backward deformation. To achieve
the iterative backward LBS deformation, a skinning weights
prediction model is learned based on the prior provided by
the SMPL model.
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2 RELATED WORKS

Geometry-conditioned human reconstruction. Based on exist-
ing statistical models [15, 23, 29, 31], some reconstruction methods
[3, 19, 28] use the prior human geometry and topology as the con-
dition and learn to acquire model parameters from image inputs.
To represent clothed human bodies, geometry offsets on top of the
base geometry model are also learned [2, 25, 32] to express the
clothing geometry. However, these representations mainly support
compact clothing types and the reconstructed geometry is often
coarse. Meanwhile, the clothing geometry can also be modeled
separately [16, 24] so that the base and surface geometry can be
modeled in a more disentangled manner. Additionally, to obtain
more high-fidelity reconstruction, a series of works [8, 9, 44] use
a character-specific template to assist in pose tracking and perfor-
mance capture. In general, these methods rely on explicit geometry
templates or fixed-resolution representations, making it difficult to
achieve fine-grained geometry and appearance reconstruction.
Implicit representation learning for human reconstruction.
Learning the neural implicit representation [26, 39] of 3D human
has been widely studied in recent years. The PIFu series [11, 36, 37]
utilize pixel-aligned feature fusion to predict high-precision depth
information for estimating the implicit function of human body.
PaMIR [48] combines the features obtained based on parametric
body model and the image to learn an implicit function for human
body. ARCH [12] and ARCH++ [10] combine pixel-aligned features
from semantic-aware geometric encoders and appearance encoders
as inputs to learn a joint-space human body model represented as
an occupancy field. These methods mainly train networks to predict
the implicit values with the enhancement of the appearance features.
Though certain level of geometry details can be reconstructed, they
cannot learn the fine-grained geometry details by only learning
one global implicit representation.

Neural rendering for human novel view synthesis. Different
from geometry reconstruction, neural rendering [27] has been ex-
plored for synthesizing novel views of human. Also, methods [6, 16—
18, 42, 45] that support learning neural radiance field (NeRF) from
dynamic animation sequences are also developed so that human in
novel unseen poses can be rendered. The key of these methods is to
learn a deformation field or model to warp or transform the query
point in the observation space to the canonical space, in which the
radiance field can be optimized using input human with different
poses. However, these methods mainly focus on the appearance
model learning and synthesizing realistic novel view images, and
overlook the geometry model learning. Without human geometry
as guidance, the images synthesized at unseen poses may either
contain artifacts or lack of details.

Geometry and appearance learning for human reconstruc-
tion. Instead of only performing geometry reconstruction or ap-
pearance learning with NeRF, some of recent methods simultane-
ously learn models for both geometry and appearance for human
reconstruction. Neural Body [35] anchors a set of structured latent
codes to the vertices of the SMPL mesh to represent an implicit
human body and learns the implicit geometry and radiance fields
from sparse videos. A-NeRF [38] estimates the 3D skeleton structure
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of a human body through pose estimation and performs skeleton-
relative encoding for geometry and appearance learning. The skele-
ton pose has also been used to define a pose-driven deformation
field [33, 34] for the observation-to-canonical space transformation
so that the geometry and color can be optimized in the canonical
space. ARAH [40] performs simultaneous ray-surface intersection
search and correspondence search to find the transformed query
points in the canonical space using a joint root-finding algorithm.
Then, an SDF-based volume rendering is conducted to learn net-
works to predict the SDF and color values. Comparing to these
methods, we extensively use the human prior to enhance the ge-
ometry representation and neural rendering strategies for more
fine-grained geometry and appearance learning.

3 METHOD

Our method aims to learn high-fidelity animatable human avatars
from videos. The pipeline is shown in Figure 2. Specifically, we first
define a prior-based implicit geometry representation based on the
SMPL model. It models the global body shape and local surface
details in a fully implicit and disentangled manner (Sec. 3.2). To
learn this representation, given an input view with human pose, we
design a prior-guided sampling scheme to sample 3D spatial points
in observation space (Sec. 3.3). By leveraging the SMPL model, our
sampling focuses more on spatial points within or near the human
body. Then, we present an iterative backward deformation strategy
to progressively warp the sampled points to the canonical space
(Sec. 3.4). Finally, the warped points in the canonical space are
used for volume rendering to compose the final rendered images
(Sec. 3.5). By imposing a series of loss functions on the rendered
images and the geometry representation (Sec. 3.6), our method
learns a personalized animatable avatar that exhibits fine-grained
surface geometry details and can be photorealisticlly rendered from
different viewpoints and under novel poses.

3.1 Preliminary

We adopt the SMPL model [23] to provide strong priors for our
key modules. SMPL is a parametric representation of human bodies
in a neutral pose and allows for easy manipulation using shape
parameters f§ and pose parameters 6. It typically defines 24 joints,
including the hands, feet, head, torso, and other major body parts.
The model also consists of a Linear Blend Skinning (LBS) model that
deforms a template mesh to fit the shape of the human body, and a
pose space model that parameterizes body pose using joint angles. It
is generally used in body shape and pose estimation tasks. We utilize
the prior bone matrix B, prior skinning weights W € RN*J | prior
signed distance field volume Sp 45, € R2%0%256X256 of 3 canonical
posed mesh, and vertices V,p; € RN*3 of observation posed mesh
for each subject in our method. N and J represents the number
of vertices and joints. The skinning weights are used in the LBS
algorithm to deform points in observation space to canonical space.

3.2 Prior-Based Implicit Representation

SDF is a powerful implicit 3D shape representation that takes a
3D point as input and outputs the closest distance from that point
to the object surface. Some methods [14, 40] have represent and
learn the overall geometry of human avatars using one global SDF.
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Prior-Guided Sampling
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Figure 2: Overview of our pipeline. For an input view from the multi-view video frames with estimated human pose, we first utilize
prior-guided sampling to sample points inside and around the human body based on the ray-body intersection, where the SMPL is used a
prior for the body model. For a sampled point x,,, we deform it to the corresponding point x.,,; in a canonical space through the iterative
backward deformation. With the transformed points, we learn a prior-based implicit geometry representation which combines the prior SDF
volume Sy, derived from SMPL with Sy, predicted by a tri-plane network Fy for modeling the human body with surface details in
canonical space. In addition, a feature vector y produces from Fy_as well as view direction v is passed to the color branch Fy_ to get color
value. Finally, volume rendering is performed to render images, normal maps and subject mask for the loss computation.

However, we observe that these methods cannot reconstruct fine
geometry details. Hence, we propose a prior-based implicit geom-
etry representation to effectively learn the underling body shape
and surface details in a disentangled manner.

Specifically, our proposed representation S is defined in the
canonical space with the star-pose. It consists of base geometry
prior field Sp 45, and geometry detail layer Sy, which effectively
combines the advantages of the global body consistency derived
from the prior SMPL model and the local detail modeling by the
tri-plane representation [4]. The base geometry prior field Sy, is
represented by the SDF volume derived from the SMPL model fitted
to each subject. Then, we use a neural network F¢s to learn the
delta SDF Syejsq for Spase, where @s represents learnable parame-
ters. More concretely, the Fy_ contains a tri-plane representation
T = (Txy, Tyz, Txz) and a shallow Multi-Layer Perceptron (MLP),
where Ty, Tyz, and Ty are three learnable feature planes that are
orthogonal to each other and form a 3D cube of size L? centered at
(0,0,0). To learn the delta SDF S,;;,(x) at position x, we project x
onto each of the three planes and query the corresponding features
on each plane by bilinear interpolation. By concatenating these fea-
tures and passing them into the MLP, we obtain Sj,;,(x). Finally,
we combine both the Sy . and Sy.;, to yield a complete SDF for
any position x in canonical space as:

S(%) = Spase(X) + Sgeira(X). (1)

Based on this representation, when querying the SDF value for a
point x.,,; in canonical space, we first sample the Sy, (X¢p7) from

SDF volume, and then predict the corresponding delta SDF value
Sdelra(Xcn1) via Fy_ to compute the final SDF value. Thanks to the
strong SDF prior from Sp., the network can focus on learning
fine-grained geometry details on clothed human rather than the
overall body shape. In addition to the SDF value, a feature vector y
that is also output by Fy_ is forwarded to a color branch to predict
view-dependent RGB values. The color branch is also represented
by a shallow MLP, denoted as Fy, .

3.3 Prior-Guided Sampling

Following [39, 40], we leverage the volume rendering technique
to render images and supervise the SDF learning. In the vanilla
volume rendering process [27, 39], a stratified sampling strategy
is used to sample spatial points on a ray, which introduces many
unnecessary spatial point queries, hindering the efficiency and
effectiveness of volume rendering on learning details. Considering
the simple human body topology, accessible poses and easy-to-use
SMPL model, we propose a prior-guided sampling strategy, which
fully leverages the prior information of human poses and shapes.
Specifically, for a ray emitted from the camera center, we deter-
mine whether it will intersect with the human body shape which is
represented by the SMPL model estimated at current viewpoint. We
compute all intersection points with the human body and keep the
depth value z along the ray. Since the camera center must be outside
the human model, there must be an even number of intersection
points, corresponding to a set of depth values {zo, z1, ..., z2n-1} in
an ascending order, where the number of intersection points is 2n.
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Each pair of intersection points with depth of (zy;, z2;+1) forms an
intersection interval with length [;, where i = 0,1,...,n— 1.

To make our sampled points within and near the body surface,
we extend the intersection interval to (z2; — 0.1[;, zoi+1 + 0.1L;).
According to the length of each intersection interval, the sampling
number of each interval is computed as:

Num; = ﬁ * Nsampless @)

where Nygmples denotes the total number of sampling points re-
quired along a ray. Within each interval, Num; points will be uni-
formly sampled. If the ray does not intersect with the human body,
we will uniformly sample points in the whole sampling span.

3.4 Iterative Backward Deformation

It is important to calculate accurate correspondences between the
observation space and canonical space such that the appearance
information in the observation space can be used to optimize the
geometry and appearance representation in the canonical space.
Backward deformation refers to transforming points from observa-
tion space to the canonical space, while forward deformation refers
to the inverse progress. We follow [17, 34] and adopt the backward
deformation for more efficient deformation model learning. How-
ever, the backward deformation in a single step is hard to guarantee
accuracy. To address this issue, we propose an iterative backward
deformation module so that the points in the observation space
are progressively transformed to the appropriate positions in the
canonical space through multiple iterations. This module will learn
a skinning model Fy_ , a 4-layer MLP with trainable parameters ¢y,
in canonical space to predict skinning weights for LBS deformation.

Specifically, we first find the K nearest neighbor vertices in the
mesh V¢ derived from the posed SMPL for each sampled point,
and calculate the initial skinning weight for each sampled point as:

K
Winit = Y W) - = f = )
k=1 k

p K dk)
where the W(k) denotes the prior skinning weights of the k-th
vertex, and d(k) denotes the distance between the current sampled
point and the k-th nearest vertex. Afterwards, we deform the sam-
pled point x, to canonical space by backward LBS deformation:

J
X?rans = LBS(XthsWinit,B_l) = (Z Winit (i) 'Bi_l)xobSa (4)
i=1
where x(t)r ans denotes the point in canonical space deformed from
Xops: B = {B;}?* denotes the bone-based transformation matrix
which deforms from the canonical pose to the observation pose,
and wip;; (i) is the weight corresponding to bone B;.
We then query skinning model Fy  with X?r ans to get predicted
skinning weights wgre d = Fou (x(t)r ans) for Xops, and transform

-1
red’B ). How-

ever, the x}r ans Maybe not be the accurate correspondence of x4
since the wipj; is computed from the prior SMPL model which only
has an estimated base geometry. Hence, we additionally iterative ¢
times to get a more appropriate corresponding point in canonical
space. Finally, we obtain the corresponding point x.,,; in canonical

X,ps tO x}mns using Equation (4) by LBS(X,ps, wg
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Algorithm 1 Iterative Backward Deformation

Input: X,ps, Vops, B, W, Fy.,
1: Initialize: m « 0

2: Find the K nearest neighbor vertices to point X5 in V
3: Compute wip;; from W based on Equation (3)

4: skinning_weights «— Wini;

5: repeat

6 X[ ans < LBS(Xopss skinning_weights,B~!)

7. skinning_weights « Fg (X[},

8: mee—m+1

9: untilm > ¢t

10: Xgp < LBS(Xops, skinning_weights, B~1)
Output: Deformed point x.,; in canonical space

space for point x,5s. The whole iterative backward deformation
process is summarized in Algorithm 1. We set K = 10 and t = 3 in
our current implementation.

3.5 Animatable Human Volume Rendering

For the volume rendering, we follow [41] and incorporate the SDF
values during the radiance field learning process. Specifically, with
the corresponding canonical points {x, nl}N-W'"Ples for sampled

points {xébs}N-‘“'"l'l“ along the ray, we query Spuse and Sgeiza
to compute final SDF values by Equation (1). Besides, we query
radiance field Fy_ to get radiance (both radiance field and SDF are
defined in canonical space). Finally, we accumulate the queried

radiance {c; }Nsamples along the ray to get pixel color C as:
Nsamples
C= Z H(l —aj)ci, @ =1-exp(-0id)), (5)
=1 j<i
oi =s5# (0s(S(x ) - VS ) -V, (6)
where §; = ||Xi+bls - XibsHl is the distance between two adjacent

sampled points, @ (-) is the sigmoid function, s € R is a learnable
scale parameter, and v is the view direction.

To further ensure the volume rendering to focus on the fore-
ground region, we also synthesize a foreground mask based on the
human shape represented by the SDF field. Different from previous
works [34] which use the learned global SDF to obtain the mask,
we directly use the prior base SDF for mask rendering to enhance
the stability and facilitate the convergence of network learning.
In addition, we slightly inflate the mask with a certain distance
to enable the learning of surface details. Formally, the foreground
mask is obtained by:

. ; )
1 if Spgse(x) —7<0

M) = {0 if Spase (X) = 7> 0
where 7 (empirically set to 0.05) is a distance threshold for consid-
ering a point that is outside from the shape surface represented by
Spase as foreground.
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3.6 Optimization

The final loss, including several photometric losses in observation
space and multiple regularizers in canonical space, is defined as:

Liotal :AILrgb + AZLlpips + A3 Lnssim+

®
MaLeikonal + ASLskinning + A6 Limask-

L, gp is reconstruction loss by comparing the ground truth color
C(r) and rendered color C(r):

Lrgp = ) NIEE) =COll1, ©)

reR

where R denotes the set of rays.
Lskinning is loss for regularizing predicted skinning weights and
prior ground truth:

t
Lskinning = ”wpred = Winitl1, (10)

where wip;; is sampled from w by K nearest neighbors, and w; red

is skinning weights queried from Fy_ at the iteration step ¢.

Lipips is learned perceptual image patch similarity loss, Lnssim
is similarity loss measured by Structural Similarity Index Measure
(SSIM), Likonar is Eikonal regularization [7], and L,k is used to
supervise the SDF with mask [34]. The coefficients A1 — Ag are the
weights of each loss function. We set A1 = 10, A2 = A3 = A5 = A¢ = 1,
A4 = 0.1. After the first 50K iterations, A5 is set to 0.

4 EXPERIMENTS

4.1 Experimental Settings

Datasets. Following [40], we use the ZJU-MoCap [35] dataset
as our primary testbed. We also adopt the same setup with four
cameras evenly spaced around the human subject and same train-
ing/test splits as [40] on this dataset. We also conduct experiments
on the PeopleSnapshot [1] dataset, which contains monocular
video of human subjects rotating in front of a camera. We follow
the evaluation process implemented in [17]. Additionally, follow-
ing the setting of [34], we conduct extra experiments on the Syn-
theticHuman++ provided by [34] to illustrate the quality of our
reconstructed geometries. The dataset contains several sets of male
and female animation sequences with both pose change and self-
rotating motions.

Metrics. We evaluate our method on three tasks: novel view syn-
thesis on training poses (NVS), generalization to unseen poses
(Unseen), and geometry reconstruction (Recon). To evaluate the
quality of synthesized images in the first two tasks, we use the
PSNR, SSIM and LPIPS [46] metrics between rendered and corre-
sponding ground-truth (GT) images. For geometry reconstruction,
we evaluate our method and baselines on the training poses. As it
is difficult to obtain GT geometry for dynamic humans, we follow
ARAH [40] to generate pseudo-GT geometry for ZJU-MoCap by
Pet-NeuS [41] and use Chamfer Distance (CD) to quantitatively
evaluate geometry reconstruction.

Implementation details. Our method is implemented with the
PyTorch framework. The Adam [20] is adopted for the training. The
learning rate starts from 5e~* and decays exponentially to 5e~>
along the optimization. The training is conducted on 4 A40 GPUs.
Please refer to the supplementary for more details.
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Figure 3: Qualitative results on ZJU-MoCap dataset for novel
view synthesis on training poses.

4.2 Comparisons

Novel view synthesis. In Table 1 and Figure 3, we report the results
of our method on novel view synthesis on ZJU-MoCap [35] dataset.
In Figure 3, it can be observed that our method produces synthetic
images with clearer human hands and heads, to the extent that even
the number of fingers can be discerned. This is very difficult for
other methods. As shown in Table 1, our approach demonstrates the
best or comparable performance in terms of PSNR and LPIPS metrics
in many cases compared to state-of-the-art methods. However, it
shows inferior performance in terms of SSIM, possibly due to the
limitations of our prior-guided sampling strategy in rendering the
areas near the human contours, despite we can produce much better
results within the contours. We will attempt to address this issue
in our future works.

Generalization to unseen poses. On the ZJU-MoCap dataset, we
typically train using the first 300 frames, while the frames after the
300th are used as unseen poses for testing generalization ability.
In Table 2, it can be observed that our method exhibits superior
generalization performance on unseen poses. Similar to the above,
although our method shows inferior performance in SSIM, it con-
tinues to maintain a lead in PSNR and LPIPS. In addition, the results
in Table 3 demonstrate that our method achieves promising gener-
alization performance on the PeopleSnapshot [2] dataset as well.
Please refer to the supplementary for more qualitative results.
Geometry reconstruction. In Figures 4 and 5, we qualitatively
compare our method with others [33-35, 38, 40] on ZJU-MoCap
and SyntheticHuman++ dataset. It can be observed that our method
reconstructs geometries with fine surface details. In Table 4, we
present a quantitative comparison of our method with NB [35] and
ARAH [40] on the reconstructed geometries from the ZJU-MoCap
dataset. It can be observed that our method consistently achieves
the best results in terms of the Chamfer Distance (CD).

4.3 Ablation Study

We conduct ablation studies on subject 377 of ZJU-MoCap dataset
to analyze the effectiveness of our proposed modules.
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Table 1: Quantitative results for novel view synthesis on training poses. We compare PSNR (), SSIM (T), and LPIPS (|) metrics on
ZJU-MoCap dataset for novel view synthesis task. We bold the values with the best metric value and underline the second-best ones.

\ 377 \ 387 \ 386 \ 393 \ 394
Method | PSNR SSIM LPIPS | PSNR SSIM LPIPS | PSNR SSIM LPIPS | PSNR SSIM LPIPS | PSNR SSIM  LPIPS
NB [35] 28.1 0956 0080 | 267 0942 0101 | 290 0935 0112 | 27.7 0939 0105 | 287 0.942 0.098
Ani-NeRF [33] | 242 0925 0124 | 254 0926 031 | 256 0878 0199 | 261 0916 0151 | 275 0924 0.142
A-NeRF [38] | 27.2 0951 0080 | 263 0937 0100 | 285 0928 0.127 | 268 0931 0113 | 281 0936 0.103
ARAH [40] | 278 0956 0071 | 27.0 0.945 0079 | 29.2 0.934 0.105 | 27.7 0.940 0.093 | 289 0.945 0.084
InstantNVR [6] | 26.1 0926 0.094 | 245 0902 0129 | 283 0916 0.124 | 259 0911 0117 | 268 0914 0.113
Ours 279 0931 0.047 | 269 0918 0.066 | 29.2 0893 0.083 | 27.7 0910 0.074 | 29.0 0919 0.063

Table 2: Quantitative results on ZJU-MoCap dataset for generalization to unseen poses.

\ 377 \ 387 \ 386 \ 393 \ 394
Method | PSNR SSIM LPIPS | PSNR SSIM LPIPS | PSNR  SSIM LPIPS | PSNR SSIM LPIPS | PSNR  SSIM  LPIPS
NB [35] 242 0917 0119 | 227 0902 0135 | 261 0894 0171 | 235 0900 0132 | 241 0888 0.150
Ani-NeRF [33] | 226 0900 0.153 | 231 0906 0.145 | 255 0.884 0.187 | 238 0897 0155 | 241 0887 0.171
A-NeRF [38] | 226 0890 0.165 | 224 0885 0162 | 248 0858 0241 | 221 0875 0175 | 227 0861 0.199
ARAH [40] | 255 0.933 0093 | 242 0.917 0099 | 27.0 0910 0.127 | 244 0915 0104 | 252 0.908 0.111
InstantNVR [6] | 240 0896 0120 | 235 0888 0.141 | 269 0888 0155 | 238 0.892 0132 | 243 0884 0138
Ours 256 0904 0.070 | 256 0.907 0.073 | 27.8 0895 0.092 | 254 0891 0.079 | 26.0 0866 0.086

NB[35]

A-NeRF([38] Ani-NeRF[33]

ARAH[40]

§
?

Ours Example Input Frame

Figure 4: Qualitative results on ZJU-MoCap dataset for geometry reconstruction.

Prior-based implicit representation. Our proposed method em-
ploys a combination of prior base geometry field Sy, and ge-
ometry detail layer Sy,;, to represent an overall human SDF. To
validate its effectiveness, we conduct experiments by removing
Spase module and solely utilizing a tri-plane network to learn the
overall SDF. As shown in Table 5, when Sy, is dropped (w/o
Spase)s there is a certain degree of performance decline in PSNR,
LPIPS, and SSIM for both novel view synthesis and generalization
to unseen poses. In Figure 6(a), we can also observe that without
this module, some ghosting artifacts appear at the end of the left
elbow and on the pants in the synthesized images. We attribute
this to the lack of underlying models to support the neural network

in learning sufficiently robust and fine-grained representations for
certain areas which are textureless or near the boundary.

In our method, we use a tri-plane representation to model Syejq-
Similarly, we conduct an ablation experiment by replacing it with
a naive MLP network. In the row w/o tri-plane of Table 5 and
Figure 6(b), it can be seen that, due to the powerful expressive capa-
bility of the tri-plane representation, our method is able to achieve
improved geometry reconstruction and novel view synthesis.
Prior-guided sampling. To validate the effectiveness of our pro-
posed prior-guided sampling strategy, we conduct experiments by
replacing this module with naive uniform sampling. As observed
in Table 5, upon removing this module, there is a certain degree of
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Table 3: Generalization to unseen poses on PeopleSnapshot
dataset.

‘ male-3-casual ‘ male-4-casual

Method ‘ PSNR  SSIM  LPIPS ‘ PSNR  SSIM  LPIPS
NB [35] 2494 09428 0.0326 | 24.71 0.9469  0.0423
Anim-NeRF [5] 29.37 0.9703 0.0168 | 28.37 0.9605 0.0268

InstantAvatar [17] | 29.65 0.9730 0.0192 | 27.97 0.9649 0.0346
Ours 30.47 0.9478 0.0270 | 28.86 0.9606  0.0281

female-4-casual

female-3-casual ‘
Method ‘ PSNR  SSIM LPIPS ‘ PSNR  SSIM LPIPS
NB [35] 23.87 0.9504 0.0346 | 2437 0.9451 0.0382
Anim-NeRF [5] 2891 0.9743 0.0215 | 28.90 0.9678 0.0174

InstantAvatar [17] | 27.90  0.9722  0.0249 | 28.92 0.9692 0.0180
Ours 30.86 0.9503 0.0358 | 32.49 0.9689 0.0218

A 4 = g " o ¢
A-NeRF[38] NB[35] Animatable NeRF[34] Ours GT

Example Input Frame

Figure 5: Qualitative results on SyntheticHuman++ dataset
for geometry reconstruction.

Table 4: Quantative comparison for geometry reconstruction
in training poses. We compare Chamfer Distance (|) metric on
ZJU-MoCap dataset.

Subject 377 386 387 393 394 mean

NB [35] 14417 13705 1.0814 1.4898 1.2034 1.3174
ARAH [40] 0.6846 0.2032 0.3168 0.8284 1.0341 0.6134
Ours 0.6366 0.1842 0.3051 0.8009 1.0048 0.5863

Table 5: Ablation study. IBD stands for iterative backward defor-
mation and PGS stands for prior-guided sampling.

‘ NVS ‘ Unseen

Component | PSNR SSIM  LPIPS | PSNR  SSIM  LPIPS | CD

w/oIBD | 27.32 0923 0056 | 2565 0904 0.070 | 0.6454
w/o tri-plane | 27.48 0928 0.051 | 25.64 0.904 0.069 | 0.6459
Ww/0 Spase | 27.90 0931  0.057 | 25.92 0.907 0.063 | 0.6615
w/oPGS | 27.10 0.935 0.055 | 2554 0.907 0.062 | 0.6570
full model | 27.95 0.931 0.047 | 2584 0.908 0.062 | 0.6366

‘ Recon

performance decline in PSNR, LPIPS, and SSIM for both NVS and
Unseen tasks. In Figure 6(c), we notice obvious blurring in the arms
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Figure 6: Qualitative results for ablation study.

and facial regions of the synthesized images. This is because the
uniform sampling distracts the model’s focus on learning the rep-
resentative regions of the human body and introduces unnecessary
points in empty space, which may lead to degraded performance
on geometry and appearance learning.

Iterative backward deformation. To investigate the effective-
ness of our proposed iterative backward deformation, we conduct
an ablation experiment by replacing this module with one-step
backward skinning deformation module. As observed in the row
w/o IBD of Table 5, without this module, there is a decrease of
performance in PSNR, SSIM, and LPIPS for all tasks. In Figure 6(d),
we notice blurry patches and noise in the hand and pants regions
of the subject. These results verify the iterative backward deforma-
tion module can effectively transform points from the observation
space to the canonical space. By performing multiple deformations,
the transformed points can gradually converge to the actual corre-
sponding canonical points, alleviating the errors by performing the
single-step deformation.

5 CONCLUSION

We introduce PGAHum, a novel framework that takes a solid step
further to high-fidelity animatable human reconstruction from
multi-view or monocular videos. To achieve fine-grained geom-
etry and appearance learning, we effectively use human priors in
three novel modules. First, the prior-based implicit geometry repre-
sentation combines the advantages of the global body consistency
derived from the prior SMPL model and the powerful local detail
modeling by the tri-plane representation, allowing the network to
focus on learning fine surface details of clothed human. Second,
the prior-guided sampling leverages prior human pose and shape
information to constrain sampling around human body, which en-
courages the volume rendering to learn more appearance details.
Last, the iterative backward deformation warps the query points
using the skinning weight model learned based on the initial SMPL
weights, ensuring efficient and accurate space transformation to
facilitate the optimization in the canonical space.
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Despite our PGAHum achieves promising results with intricate
geometry details such as clothing wrinkles and more photorealis-
tic novel view synthesis for human in unseen poses, it still faces
some limitations. First, due to the more computation cost on the
ray-body intersection for the prior-guided sampling and the tri-
plane network optimization for learning the disentangled geometry
representation, the whole pipeline takes a relatively long training
time. Next, similar to existing works [34, 40], our method may still
not work well for reconstructing human with loose clothing, as our
point sampling is constrained to the inner or near-body region for
improved body surface learning. Also, the geometry representation
and the point deformation model learning may also be challeng-
ing if the points sampled for lose clothing are too far from the
human body. How to improve the computation efficiency of our
prior-guided framework and generalize it to reconstruct human
with lose clothing are interesting directions for future works.
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6 SUPPLEMENTARY

In this supplementary material, we first introduce some additional
implementation details in Section 6.1, including how the prior data
is preprocessed, some specific implementation details of our method,
and the reproduction details of the baseline methods. Then, we
present more experimental results in Section 6.2, including the
three main tasks our method focuses on: novel view synthesis,
generalization to unseen poses, and geometry reconstruction.

6.1 More Implementation Details

Prior data preprocessing. We use SMPL model provided by the
datasets, such as ZJU-MoCap and MonoCap, as prior for prior-
guided sampling and iterative backward deformation. Specifically,
given the SMPL shape and pose parameters in the observation space,
we aim to obtain a dilated mesh so that when performing the prior-
guided sampling, more points could be sampled near the boundary
region. To achieve goal, we first obtain the SMPL model mesh and
convert it into a Signed Distance Function (SDF) representation.
Then, from this SDF, we extract the level set with distance equal to
0.05 meters and perform Marching Cube to obtain a dilated mesh
corresponding to this level set. Meanwhile, from the SMPL shape
and pose parameters (star-pose) in the canonical space, we obtain
the prior SDF volume field as Spq, € R290%256%256 t4 represent the
base geometry field. Additionally, we maintain the prior skinning
weights W from the default SMPL model, which will be utilized in
the iterative backward deformation module.
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Figure 7: Additional qualitative comparison results for novel
pose synthesis on H3.6M dataset.

Implementation details. Both the Fy_and Fy_ contain a 3-layer
MLP. The Adam optimizer is adopted for training. For the skin-
ning weights prediction model Fy _, we set the initial learning rate
to le-4, while for the SDF model F¢S and F¢C, we set the initial
learning rate to 5e-4. All of these models utilize the exponential
learning rate decay method, where the learning rate gradually de-
creases exponentially as the global step increases. We train our
models with a batch size of 1, using 4 patches of 32 X 32 in height
and width dimensions, resulting in 4096 rays per batch. With the
patch sampling method, we can introduce L;y;ps and Lnssim as
supervision terms. As mentioned in the main paper, we cast the
rays and obtain the intersection points with the prior posed mesh
to define the intersection interval bounded by two depth values
along the ray. We then sample 154 (= [128 * (1 + 0.2)]) points on
each ray. Our model is trained for approximately 200-300K itera-
tions, depending on the amount of training data, and takes about 3
days on 4 NVIDIA A40 GPUs for one subject. For comparison, it
takes about 1.5 days for ARAH [40] to train 80K iterations for one
subject on 4 NVIDIA 2080Ti GPUs. All the train-test splits follow
the methods we compared.

Implementation details for baselines. For the quantitative eval-
uation on the geometry reconstruction task in Table 4 of Neural
Body [35] and ARAH [40], we use the official code and provided
pretrained weights without modification to obtain the first view
and first frame posed mesh. For the quantitative evaluation on novel
view synthesis and generalization to unseen pose in Tables 1, 2,
and 3, we use the reported data in [40] and [17]. It’s worthy noting
that when comparing with the InstantNVR [6] method, we directly
use their official code and train on the original ZJU-MoCap dataset
[35] for a fair comparison. Additionally, when computing the PSNR,
SSIM, and LIPIS metrics, we use the bounding box mask to crop
out the main human region from the original images. This is the
reason why their results in Tables 1 and 2 are slightly inferior than
those reported in their papers.



PGAHum

-

A-NeRF[38] NB[35]

NeRF-NBW[34] NeRF-PD

Conference, 2024, City, Country

‘e

F[34] SDF-PDF[34] Ours Example Input Frame

Figure 8: Additional qualitative comparison results for geometry reconstruction on MonoCap dataset.

6.2 More Experimental Results

Novel view synthesis on training poses. The proposed method
can synthesize images from various novel viewpoints, allowing
us to carefully observe the human pose. In Figure 9, we present
additional qualitative results for novel view synthesis on the ZJU-
MoCap training poses. The figure illustrates the rendered images
of the posed human from multiple views in the first five columns,
and the last column shows the corresponding ground truth of the
last novel view.

Generalization to unseen poses. The proposed method can syn-
thesize images from various novelviewpoints and human poses. In
Figure 7, we present additional qualitative comparison results with
[34, 35] for unseen pose synthesis on the H3.6M dataset [34]. It can
be observed that the feet and elbow parts rendered by our method
are clearer than those of other approaches, such as NeRF-NBW,
NeRF-PDF, and SDF-PDF, which were reported in [34]. Furthermore,

we showcase more qualitative results for novel pose synthesis on
the ZJU-MoCap training poses in Figure 10, i.e., images of different
unseen poses are rendered from the same viewpoint.

Geometry reconstruction. The proposed method can reconstruct
geometry in various human poses with fine geometric details. In
Figure 8, we present additional qualitative comparison results with
[34, 35, 38] for geometry reconstruction on the MonoCap dataset.
We can observe that the geometry reconstructed by our method
exhibits superior performance in terms of geometric details, such
as the folds of the shirt and trousers. Furthermore, we show more
qualitative results for geometry reconstruction on the ZJU-MoCap
datasets in Figure 11 and Figure 12. Additionally, we illustrate
more qualitative results for geometry reconstruction on additional
datasets, such as MonoCap [34] and SelfRecon Synthetic [14], in
Figure 13.
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Novel View Synthesis GT of the Last Novel View

Figure 9: Additional qualitative results for novel view synthesis on ZJU-MoCap training poses.
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Generalization to Unseen Poses GT of the Last Unseen Pose

Figure 10: Additional qualitative results for novel pose synthesis on ZJU-MoCap unseen poses.
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Geometry Reconstruction

Figure 11: Additional geometry reconstruction on ZJU-MoCap datasets.
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Figure 12: Additional geometry reconstruction on PeopleSnapshot datasets.
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Figure 13: Additional geometry reconstruction on more datasets.
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