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Abstract

Recent techniques on implicit geometry representa-
tion learning and neural rendering have shown promis-
ing 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
animated human poses. In this work, we introduce
PGAHum, a prior-guided geometry and appearance
learning framework for high-fidelity animatable human
reconstruction. We thoroughly exploit 3D human pri-
ors 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 geometry 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 learning in
the empty 3D space, the neural rendering can recover
more appearance details. Last, we propose a novel it-
erative backward deformation strategy to progressively
find the correspondence for the query point in obser-
vation space. A skinning weights prediction model is
learned based on the prior provided by the SMPL model
to achieve the iterative backward LBS deformation. Ex-
tensive quantitative and qualitative comparisons on var-

ious 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. Code will be released.
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Figure 1. Given sparse input videos, our PGAHum can recon-
struct high-fidelity animatable avatar with fine-grained geometry
and appearance details on various datasets, e.g., ZJU-Mocap [36]
(top), PeopleSnapshot [ 1] (middle) and MonoCap [35] (bottom).

* Corresponding authors.



The digitization of the human body is crucial for var-
ious applications such as gaming, film, mixed reality, re-
mote interaction and the metaverse. In the industries, high-
fidelity human body reconstruction typically requires ac-
quiring data by multi-camera systems in well-equipped stu-
dios and building pre-captured templates with the assistance
from skilled artists. These requirements prohibit the con-
ventional 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 im-
portant 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 series of clothing-aware body reconstruc-
tion methods use explicit mesh or fixed-resolution truncated
signed distance fields (TSDFs) to represent the geometric
shape of humans, while the textures are represented by ver-
tex colors or UV maps. Based on existing statistical hu-
man models [25, 32, 30, 15], these methods [26, 33, 16] ini-
tialize 3D human avatar in some geometry representations
of fixed-resolution, and then learn geometry offsets or dis-
placements to enhance surface details. While the spatiotem-
poral consistency of 3D human avatar can be obtained by
building their human representation on top of models such
as SMPL [25], the capability to express details is limited
since the geometry offset learning is bound to a fixed num-
ber of geometric vertices. Moreover, the appearance of the
reconstructed human is not realistic enough.

With the success of neural implicit representations [31,

, 28], recent reconstruction methods combine neural im-
plicit representations with neural rendering techniques and
achieve promising results in geometry or appearance learn-
ing of 3D human. Some methods [12, 52, 10, 14] aim to
learn implicit representations of the human body which are
capable of handling various topologies, adapting to differ-
ent characters and clothing, as well as supporting anima-
tions with different poses. Meanwhile, a series of neural
rendering methods [18, 23, 13, 24, 51, 47, 46, 49] mainly
focus on synthesizing photorealistic novel viewpoint im-
ages, 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 ren-
dering process. On the other hand, there exist several works
[36, 42, 34, 35] simultaneously performs human geometry
reconstruction and appearance learning. While the recon-
struction results capture the overall body shape, these meth-
ods struggle with finer geometry details, such as clothing
wrinkles. The main reason is the inherent non-rigid mo-
tion characteristics of humans and clothing may cause chal-
lenges for the correspondence searching during the implicit
representation learning. As the result of the sub-optimal ge-
ometry learning, the quality of view synthesis may also be

affected to some extent.

In this work, we aim for high-fidelity animatable human
reconstruction, 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. To this end, we propose PGAHum, a novel frame-
work which extensively utilizes 3D human priors to recon-
struct high-fidelity animatable clothed humans from sparse
videos. Specifically, we first 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 sur-
face 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. Comparing to existing methods
[28, 41] which mainly use the stratified sampling to sam-
ple 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 backward 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 generate skinning weights for the iterative backward Lin-
ear Blend Skinning (LBS) deformation. Comparing to the
forward deformation [42], our iterative backward deforma-
tion does not need to solve the root-finding problem to find
the correspondances for the query points. Also, it can effec-
tively finds the appropriate correspondences through mul-
tiple backward deformation, alleviating the errors for the
one-step backward deformation. Compared to analytical
root-finding methods, such as Newton’s method, our itera-
tive neural update does not rely on explicit Jacobian compu-
tation or well-conditioned derivatives. In practice, analytical
solvers can be sensitive to initialization and local nonlinear-
ity, and may become unstable or fail to converge when the
deformation field is complex or noisy. Compared to one-
step inverse networks, which attempt to directly predict the
inverse deformation in a single forward pass, our method
allows progressive refinement of the solution. This iterative
process enables the network to correct intermediate errors
and handle harder cases that are difficult to invert accurately
in one step, which we empirically find to be beneficial, espe-



cially for suiface recorstruction. Thest results sucges that the implicit function of human body. PaMIR [52] combines
the itelative baclwarc deformetion strikes a beter balance the features derived from a parametric body model and the
betweer expressivenes: anc rabusnes:in practice. image to learn an implicit function for human body. ARCH
By combining above schemes, our PGAHum takes a[12] and ARCH++ [9] combine pixel-aligned features from
solid step further to high- delity animatable human recon- semantic-aware geometric encoders and appearance en-
struction, obtaining avatar with appealing geometry and ap-coders to learn a joint-space human body model. These
pearance details for novel pose or view synthesis (see Fig-methods mainly train networks to predict implicit values
ure 1). Extensive quantitative and qualitative comparisonswith the enhancement of appearance features. Though cer-
are conducted and the results demonstrate the superiority ofain level of geometry details can be recovered, they can-
our framework. Ablation studies also verify the effective- notlearn ne-grained geometry details by only learning one
ness of each scheme for geometry and appearance learninglobal implicit representation. In contrast, our method uses
In summary, our contributions are as follows: a neural implicit representation to learn ne-grained de-
tails based on prior geometry. Note that, unlike approaches
that learn high-frequency details in static scenes [44], our
method targets dynamic scenes. Moreover, our base geom-
etry relies on strong priors from SMPL rather than learning
a neural implicit eld from scratch. This allows our geome-
try detail layer to focus on capturing high-frequency details,
« We disentangle the 3D clothed human with a prior- without the need to rst learn the overall shape as in [44].

based implicit geometry representation. Such fully Neural rendering for human novel view synthesis.Neu-
implicit representation not only supports disentangled ra| rendering [28] has been explored by recent methods for
surface detail modeling, but also ts well for following  synthesizing novel views of human [16, 18, 46, 49, 5, 17].
NeRF learning. The key of these methods is to learn a deformation eld or

- We leverage the priors of the human model and pro- mo_del to warp or transform the query poiqt in the ob.ser—
pose a novel prior-guided sampling strategy to avoid vation space to the canonical space, allowing the radiance

the unnecessary learning in empty 3D space, so that eld to be optimized across different poses. However, the_se
the neural rendering can recover more appearance de_methods ma_ur_lly focu_s on the appearance model learning
tails. and synthesizing realistic novel view images, and overlook
the geometry model learning. Without the guidance of hu-

* We develop an iterative backward deformation strategy man geometry, the images synthesized at unseen poses may

which reduces the computation cost for the forward de- contain artifacts or lack details.
formation and the error for one-step backward defor- Geometry and appearance learning for human recon-

mation. To achieve the iterative backward LBS defor- qi,ction Instead of only learning geometry or appearance
mation, a skinning weights prediction model is learned ity NeRF, some recent methods simultaneously learn both
based on the prior provided by the SMPL model. of them for human reconstruction. Neural Body [36] an-
2 Related Works chors a set of structured Ielttent. cpdes to the vertices. of the
SMPL mesh to learn the implicit geometry and radiance
Geometry-conditioned human reconstruction.Based on elds from sparse videos. A-NeRF [40] estimates the 3D
existing statistical models [25, 32, 30, 15], some reconstruc-skeleton structure of a human body and performs skeleton-
tion methods [3, 29, 19] learn human geometry from image relative encoding for geometry and appearance learning.
inputs. To represent clothed human bodies, some methodShe skeleton pose has also been used to de ne a pose-
[26, 33, 2] learn geometry offsets on top of the base geom-driven deformation eld for optimizing geometry and color
etry model. However, these representations mainly suppor34, 35]. ARAH [42] integrates ray-surface intersection
compact clothing types and the reconstructed geometry isand correspondence search to identify transformed query
often coarse. For higher- delity reconstructions, some ap- points in the canonical space, followed by SDF-based vol-
proaches [48, 7, 8] use character-speci c templates to as-ume rendering to predict SDF and color values. Recently,
sist in pose tracking and performance capture. However,some methods [11, 37, 22, 45] have leveraged 3DGS [20]
these methods rely on explicit geometry templates or xed- to reconstruct human appearance from videos. While these
resolution representations, limiting ne-grained geometry methods can synthesize impressive novel view images, they

¢ We propose PGAHum, a novel framework which ex-
tensively exploits the 3D human priors for high- delity
animatable human reconstruction. Our results show
more ne-grained geometry and appearances details
than existing SOTA methods.

and appearance reconstruction. struggle to recover accurate geometry due to the sparse and
Implicit representation learning for human reconstruc- unstructured point cloud representatio DEGAS focuses
tion. The PIFu series [38, 39, 10] utilize pixel-aligned fea- on moceling detailec full-body Gaussiar avatar with an

ture fusion to predict high-precision depths for estimating enphesis on agpeaance refresetrtation, wherea our work



primaiily taigets accurate geameric recorstruction. GA- parameters. More concretely, tig, contains a tri-plane
vatal is a gereiative agproact for arimaable 3D Gau:sian representatioil = ( Tyy; Tyz Txz) and a shallow Multi-Layer

avatar anc is not speciically designec for humar recor- Perceptron (MLP), wher&,y, Ty,, andTy, are three learn-
struction, making direci corrpaiisor less agprcpriate TaoA- able feature planes that are orthogonal to each other and
vatal anc MoGA are more closely relatec to our proklem form a 3D cube of siz&.3 centered a{0;0;0). To learn
seting anc were prcposet recently the delta SDF5yeita(X) at positionx, we projectx onto each

In contrast, we extensively use human priors to enhanceof the three planes and query the corresponding features on
both geometry representation and neural rendering strateeach plane by bilinear interpolation. By concatenating these
gies for more ne-grained geometry and appearance learn-features and passing them into the MLP, we ob&if(X).

ing. Finally, we combine both th§,;seandSyeita to yield a com-
plete SDF for any positior in canonical space as:
3. Method
S (X) = SbasdX)*+ S deita(X): (1)

Our method aims to learn high- delity animatable hu-
man avatars from videos. The pipeline is shown in Fig- Based on this representation, when querying the SDF
ure 2. Speci cally, we rst de ne a prior-based implicit ge-  value for a pointxcn in canonical space, we rst sample
ometry representation based on the SMPL model. It modelstheS pasdXcni) from SDF volume, and then predict the cor-
the global body shape and local surface details in a fully responding delta SDF valu® geita(Xcni) Via g to com-
implicit and disentangled manner (Sec. 3.1). To learn this pute the nal SDF value. Thanks to the strong SDF prior
representation, given an input view with human pose, we from S pase the network can focus on learning ne-grained
design a prior-guided sampling scheme to sample 3D spa-geometry details on clothed human rather than the overall
tial points in observation space (Sec. 3.2). By leveraging body shape. In addition to the SDF value, a feature vector
the SMPL model, our sampling focuses more on spatial M also output by, is passed to a color branch to predict
points within or near the human body. Then, we present View-dependent RGB values. The color branch is repre-
an iterative backward deformation strategy to progressively sented by a shallow MLP, denotedfas.
warp the sampled points to the canonical space (Sec. 3.3)3 2 pri
. . . . 2. Prior-
Finally, the warped points in the canonical space are used
for volume rendering to compose the nal rendered images  Following [41, 42], we leverage the volume rendering
(Sec. 3.4). By imposing a series of loss functions on the technique to render images and supervise the SDF learning.
rendered images and the geometry representation (Sec. 3.5)n the vanilla volume rendering process [28, 41], a strati ed
our method learns a personalized animatable avatar that exsampling strategy is used to sample spatial points on a ray,
hibits ne-grained surface geometry details and can be pho-which introduces many unnecessary spatial point queries,
torealisticlly rendered from different viewpoints and under hindering the ef ciency and effectiveness of volume render-
novel poses. ing 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
3.1. Prior-Based Implicit Representation leverages the prior information of human poses and shapes.

Some methods [42, 14] have represent and learn the Speci cally, for a ray emitted from the camera center,
overall geometry of human avatars using one global SDF.We determine whether it will intersect with the human body
However, we observe that these methods cannot reconstructhape which is represented by the SMPL model estimated
ne geometry details. Hence, we propose a prior-based im-at current viewpoint. We compute all intersection points
plicit geometry representation to effectively learn the under- With the human body and keep the depth vatong the
ling body shape and surface details in a disentangled manfay. Since the camera center must be outside the human
ner. model, there must be an even number of intersection points,

Speci cally, our proposed representati® is de ned corresponding to a set of depth value®;z;:::;zn 19
in the canonical space with the star-pose. It consists of basd" an ascending order, where the number of intersection
geometry prior eldS paseand geometry detail lay& geita, points is 21. Each pair of intersection points with depth
which effectively combines the advantages of the global Of (Z2i;zi+1) forms an intersection interval with length
body consistency derived from the prior SMPL model and Wherei = 0;1;:::;n 1.
the local detail modeling by the tri-plane representation [4]. 10 make our sampled points within and near the body
The base geometry prior €l® paseis represented by the surface, we extend the intersection interval (@

SDF volume derived from the SMPL model tted to each 0:1li;zsi+1+ 0:1l;). According to the length of each in-
subject. Then, we use a neural netwdik to learn the Fersection interval, the sell_mpling number of each interval
delta SDFS geita fOr S pase Wheref s represents learnable 1S computed afNum = a.”_ilolh Nspi, WhereNsp denotes

Guided Sampling



Figure 2. Overview of our pipeline. Given an input view with estimated human pose, we rst utilize prior-guided sampling to sample points
inside and around the prior SMPL human body. For a sampled pgigtwe deform it to the corresponding poigy, in a canonical space

through the iterative backward deformation. We then learn a prior-based implicit geometry representation which combines the prior SDF
volume S pase derived from SMPL withS geita predicted by a tri-plane network . for modeling the human body with surface details.
Finally, volume rendering is performed to render images, normal maps and subject mask for the loss computation.

Algorithm 1 Iterative Backward Deformation ical space, while forward deformation refers to the inverse
INput: X obs Vobs B;W; R, progress. We follow [17, 35] and adopt the backward de-
1: Initialize:m 0O formation for more ef cient deformation model learning.
2: Find theK nearest neighbor vertices to poigps in However, the backward deformation in one step is hard to
Vobs guarantee accuracy. To address this issue, inspired by it-
3: Computewin from W based on Equation 3 erative root nding algorithm of forward deformation in
4 skinningweights ~ Winit [42, 14], we propose an iterative backward deformation
5 repeat module so that the points in the observation space are pro-
60 XM LBYXops skinningweightsB 1) gressiyely transformed to thef ap.propr.iate positi.ons in the
7. skinningweights R, (X™,n0) canonical space through multiple iterations. In this way, the
& m m+1l non-rigid and pose-dependent deformation is also naturally
9 until m t handled. This module will learn a skinning modre|,, a 4-
10: Xen LB Xops SkinningweightsB 1) layer MLP with trainable parametefsg, in canonical space
Output: Deformed poinien in canonical space to predict skinning weights for LBS deformation.

Speci cally, we rst nd the K nearest neighbor vertices
in the meshV s derived from the posed SMPL for each
the total number of sampling points required along a ray. sampled point, and calculate the initial skinning weight for
Within each intervalNum points will be uniformly sam-  each sampled point as:
pled. If the ray does not intersect with the human body, we
will uniformly sample points in the whole sampling span.
1 d(k)

be b= &)

K
3.3. Iterative Backward Deformation Wint = & W(K) K ;

1
It is important to calculate accurate correspondences be-

tween the observation space and canonical space such that

the appearance information in the observation space can bevhere théV/(k) denotes the prior skinning weights of tke
used to optimize the geometry and appearance representah vertex, andi(k) denotes the distance between the current
tion in the canonical space. Backward deformation refers sampled point and thle-th nearest vertex. Afterwards, we
to transforming points from observation space to the canon-deform the sampled points to canonical space by back-



ward LBS deformation: the learning of surface details. Formally, the foreground
o _ _ - mask is obtained by:

Xtrans = LB Xobs Winit; B *) (
(©) 0 ifSpasdX) t>0

J
:(é_ Winit (i) B; Xobs M(x) = 1 ifSpasdX) t 0 ©

i=1
wherex?,,. denotes the point in canonical space deformed wheret (empirically set to 0.05) is a distance threshold for
fom Xobrsané - £B;g® denotes the bone-based transforma- considering a point that is outside from the shape surface
tion matrix which deforms from the canonical pose to the represented b paseas foreground.

observation pose, andinit(i) is the weight corresponding 35 optimization

to boneB;.
We then query skinning modef, with X0ans 1O The pal loss, including s_everal photqmetn_c losses in
get predicted skinning Weightwgred = R, (XCan) for observation space and multiple regularizers in canonical

Xobs and transformxgps t0 Xians UsSing EqQ. (3) by space, is de ned as:

LB Xobs W,e: B 1). However, thegians maybe not be the
accurate correspondencexgf,s since thewiy; is computed I Al o + | el erinning+ | L :
from the prior SMPL model which only has an estimated 4% eikonal™ T 5% skinning™ 1 61- mask
base geometry. Hence, we additionally iterativémes

to get a more appropriate corresponding point in canoni-
cal space. Finally, we obtain the corresponding printin
canonical space for poitts. L rgp = é jjé(r) c(niji (8)

For a more convenient understanding, the whole iterative r2rR

backward deformation process is summarized in Algorithm
1. We seK = 10 andt = 3 in our current implementation.

L total =1 1L rgb+ I 2L 1pips* | 3L nssin*

Q)

L rgb is reconstruction loss by comparing the ground truth
colorC(r) and rendered colo€(r):

whereR denotes the set of rays. nssimis similarity loss
derived from Structural Similarity Index Measure (SSIM)

3.4. Animatable Human Volume Rendering and de ned as:

For the volume rendering, we follow [43] and incorpo- L nssim= 1 SSIMC(r);E(r)): 9)
rate the SDF values during the radiance eld learning pro- _ o _ o
cess. Speci cally, with the corresponding canonical points L skinning iS 11 loss for regularizing predicted skinning
fx,,gMe for sampled pointé xi, g"s»' along the ray, we  Weights and prior ground truth.
query S pase and S gelta t0 compute nal SDF values by

Eq. (1). Besides, we query radiance e, to get radi- L skinning= [ Wirea  Winitlj 1 (10)
ance (both radiance eld and SDF are de ned in canonical ) - )
space). Finally, we accumulate the queried radidicgg\sp wpergwinit is sampled fronW by K nearest neighbors, and
along the ray to get pixel col@: Wired 1S sk|nn|n'g nghts queneq frqrﬁw at the |terat|pn
stept. L eikonal IS Eikonal regularization [6], antl maskis
Nspi used to supervise the SDF with mask [35]. The coef cients
C= 34 6(1 aj)c; ai=1 exp sid); (4) | 1 tol ¢ are the weights of each loss function. Welset
i=1j<i 10,l2=13=15=1g= 1,1 4= 0:1. After the rst 50K

iterations) s is set to 0.

si=s (F(S (en) DNS (n) Vi O 4 pooriments
whered; = jixt1 xi jj1 is the distance between two ad-
jacent sampled points; s( ) is the sigmoid functions2 R

is a learnable scale parameter, arid the view direction. Datasets. Following [42], we use theZJU-MoCap [36]

To further ensure the volume rendering to focus on the dataset as our primary testbed and maintain the same train-
foreground region, we also synthesize a foreground masking/test splits as them. We evaluate our method on three
based on the human shape represented by the SDF eldtasks: novel view synthesis on training poses (NVS), un-
Different from previous works [35] which use the learned seen pose synthesis (Unseen), and geometry reconstruction
global SDF to obtain the mask, we directly use the prior (Recon). We also conduct unseen pose synthesis experi-
base SDF for mask rendering to enhance the stability andments on thé?eopleSnapsho{1] dataset, which contains
facilitate the convergence of network learning. In addition, monocular video of human subjects rotating in front of a

we slightly in ate the mask with a certain distance to enable camera. We follow the evaluation protocol in [17].

4.1. Experimental Settings



Table 1. Quantitative results for novel view synthesis and unseen pose synthesis tasks. We compal'¢, RENFS{ = LIPIPS 10 #)
metrics on ZJU-MoCap dataset for novel view synthesis and unseen pose synthesis tasks, denoted as NVS and Unseen respectively. We
bold the values with thbestmetric value and underline the second-hests.

NVS/Unseen| 377 | 387 | 386 | 393 | 394
Method | PSNR  LPIPS*| PSNR  LPIPS*| PSNR  LPIPS*| PSNR  LPIPS*| PSNR  LPIPS*

Ani-NeRF | 24.2/22.6 1.24/1.53 25.4/23.1 1.31/1.45 25.6/25.5 1.99/1.87 26.1/23.8 1.51/1.58 27.5/24.1 1.42/1.71
ARAH 27.925.5 0.71/0.93 27.024.2 0.79/0.99 29.227.0 1.05/1.27 27.724.4 0.93/1.04 28.925.2 0.84/1.11
InstantNVR | 26.1/24.0 0.94/1.20 24.5/23.5 1.29/1.41 28.3/26.9 1.24/1.55 25.9/23.8 1.17/1.32 26.8/24.3 1.13/1.38
GoMAvatar | 26.125.9 0.650.71 | 25.625.5 0.690.68 | 27.6/27.7 1.021.01 | 25.4R5.5 0.820.74 | 26.926.0 0.750.80
ours 27.925.6 0.470.70 | 26.925.0 0.660.73 | 29.227.8 0.820.92 | 27.725.4 0.740.79 | 29.026.0 0.630.86

Table 2. Generalization to unseen poses on PeopleSnapshot.

Methods | male-3-casual | male-4-casual
Method ‘ PSNR LPIPS* ‘ PSNR LPIPS*
NB 24.94 0.326 24.71 0.423

InstantAvatar | 29.65 0.192 27.97 0.346
GoMAvatar 33.91 0.226 30.56 0.344

Ours 30.47 0.270 28.86 0.281
Methods | female-3-casual | female-4-casual
Method PSNR LPIPS* | PSNR LPIPS*

NB 23.87 0.361 24.37 0.382

InstantAvatar | 27.90 0.249 28.92 0.180
GoMAvatar 29.48 0.359 23.21 0.790
Ours 30.86 0.358 32.49 0.218

Figure 3. Qualitative results on ZJU-MoCap dataset for novel view

synthesis on training poses. the best or comparable performance in terms of PSNR and
LPIPS metrics in most cases compared to state-of-the-art
Metrics. To assess the synthesized images in the methods.
NVS/Unseen tasks, we use the PSNR and LPIPS [50] met-Generalization to unseen poses.On the ZJU-MoCap
rics to compare rendered and corresponding ground-truthdataset, we typically train using the rst 300 frames, while
(GT) images. For geometry reconstruction, we use Cham-the frames after the 300th are used as unseen poses for test-
fer Distance (CD) to evaluate our method and baselines oning generalization ability. In Table 1, it can be observed that
the training poses. As it is dif cult to obtain GT geome- our method exhibits superior generalization performance on
try for dynamic humans, we follow ARAH [42] to generate unseen poses. This can be attributed to the use of prior
pseudo-GT geometry for ZJU-MoCap by Pet-NeuS [43].  knowledge of the human body to achieve accurate defor-
Implementation details. Our method is implemented with  mation (Sec. 3.3) and sampling (Sec. 3.2). In addition,
the PyTorch framework. The Adam [21] is adopted for the the results in Table 2 demonstrate that our method achieves
training. The learning rate starts frone 8 and decays ex-  promising generalization performance on the PeopleSnap-
ponentially to & ° along the optimization. The training is  shot [2] dataset as well. It should be noted for unseen poses,
conducted on 4 A40 GPUs. The overall training and infer- the results of GoMAvatar [45] and ours are comparable,
ence time are similar to ARAH. Please refer to the supple- while our method can consistently produce competing re-

mentary for more details. sults since we have explicitly learned the human geometry
. based on prior guidance. In contrast, GoMAvatar may still
4.2. Comparisons produce inferior results for certain cases, e.g., the female-4-

Novel view synthesis. In Table 1 and Figure 3, we re- casual. Please refer to the supplementary for more qualita-
port the results of our method on novel view synthesis on tive results.

ZJU-MoCap [36] dataset. In Figure 3, it can be observed Geometry reconstruction. In Figures 4, we qualitatively
that our method produces synthetic images with clearer hu-compare our method with others [42, 45] on ZJU-MoCap
man hands and heads, to the extent that even the numbedataset. It can be observed that our method the recon-
of ngers can be discerned. This is very dif cult for other structs geometry with ne surface details due to the design
methods. As shown in Table 1, our approach demonstratef prior-based implicit representation (Sec. 3.1). In Table



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

Table 3. Quantative comparison for geometry reconstruction in 4 3 apjation Study
training poses. We compare Chamfer Distarfer{etric on ZJU-

MoCap.dataset. We conduct ablation studies on subject 377 of ZJU-
Subject 377 386 387 393 394 mean  \oCap dataset to assess our proposed modules. In Table 4,
NB 1.4417 1.3705 1.0814 1.4898 1.2034 1.3174 clear improvements can be observed when the components

ARAH  0.6846 0.2032 _0.31680.8284 1.0341 0.6134 are sequentially added. The last line shows the percentage

GoMAvatar 0.6561 0.1791 0.3397 0.8688_1.02560.6138 increased between the full model and the baseline.
Ours  0.6366 0.1758 0.3051 0.8009 1.0048 0.5863

Prior-based implicit representation.  Our proposed
method employs a combination of prior base geometry eld
S pase@nd geometry detail lay& 4114 to represent an over-

all human SDF. To validate its effectiveness, we conduct
3, we present a quantitative comparison of our method with experiments by removing pasemodule and solely utilizing

NB [36], ARAH [42] and GoMAvatar [45] on the recon-  a tri-plane network to learn the overall SDF. As shown in
structed geometries from the ZJU-MoCap dataset. It canTable 4, whers pas¢iS dropped (row A+B w.r.t. A+B+C),

be observed that our method consistently achieves the besthere is a certain degree of performance decline in PSNR
results in terms of the Chamfer Distance (CD). and LPIPS for both novel view synthesis and generalization



Table 5. Analysis of the Number of Iterations of Iterative Back-
ward Deformation. LIPIS*=LIPIPS 10.

Times | 1 | 2 | 3 | 4 | 5

Subjects| PSNR  LIPIS* | PSNR  LIPIS*| PSNR  LIPIS*| PSNR  LIPIS*| PSNR  LIPIS*
377 | 2792 044 | 2804 042 | 2805 041 | 2805 041 | 2801 042
386 | 2936 079 | 2934 078 | 2937 077 | 2934 078 | 2936 078
387 | 2688 062 | 26.96 062 | 27.04 061 | 27.01 0.61 | 27.03  0.60
393 | 2758 076 | 2762 077 | 27.66 077 | 2762 077 | 2764 076
394 | 2891 066 | 2897 065 | 2903 064 | 290 065 | 29.03 065

Iterative backward deformation. To investigate the ef-
fectiveness 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 baseline (w.r.t. A) of Table 4, without
this module, there is a decrease of performance in PSNR
Table 4. Ablation study. A: baseline+iterative backward deforma- and LPIPS for all tasks. In Figure 5(d), we notice blurry
tion, B: tri-plane, C:S pase D: prior-guided sampling, full model:  patches and noise in the hand and pants regions of the sub-

Figure 5. Qualitative results for ablation study.

A+B+C+D. Improvement is w.r.t. baseline. ject. These results verify the iterative backward deforma-
Component| NVS \ Unseen | Recon tion module can effectively transform points from the obser-
Metric | PSNR LPIPS| PSNR  LPIPS| CD vation space to the canonical space. By performing multi-

Baseline | 2592 0080 | 2523  0.078 | 0.7001 ple deformations, the transformed pomts. can gr_adually con-

A 2658 0071 | 2542  0.070 | 06912 verge to the actual correspondmg cfanomcal points, alleylat—

A+B 27.05 0065 | 2562 0063 | 0.6819 ing the errors by performing the single-step deformation.

A+B+C 27.10 0.055 | 25,54  0.062 | 0.6570 We also added experiments and analysis about the number

Full Model | 27.95  0.047 | 25.84  0.062 | 0.6366 of iterations of Iterative Backward Deformation module, as
Improvemenq 7.8320% 41.25004J 2.418% 20.513% 9.070% shown in the Table 5. We will include this table in the

supplementary materials to help understand. As shown in

Table 5, after three iterations, we nd more accurate cor-
a|Eesponding points between the observation and canonical
space, and the metrics improve. Then, they gradually con-
verge without further enhancement.

to unseen poses. In Figure 5(a), we can also observe th
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 suf ciently robust

and ne-grained representations for certain areas which are  \we introduce PGAHum, a novel framework that takes a
textureless or near the boundary. solid step further to high- delity animatable human recon-
In our method, we use a tri-plane representation to modelstruction from multi-view or monocular videos. To achieve
S delta- Similarly, we conduct an ablation experiment by re- ne-grained geometry and appearance learning, we effec-
placing it with a naive MLP network. In the row A of Ta-  tively use human priors in three novel modules. First, the
ble 4 and Figure 5(b), it can be seen that, due to the power-prior-based implicit geometry representation combines the
ful expressive capability of the tri-plane representation, our gdvantages of the global body consistency derived from the
method is able to achieve improved geometry reconstruc-prior SMPL model and the powerful local detail modeling
tion and novel view synthesis. by the tri-plane representation, allowing the network to fo-
Prior-guided sampling. To validate the effectiveness of cus on learning ne surface details of clothed human. Sec-
our proposed prior-guided sampling strategy, we conductond, the prior-guided sampling leverages prior human pose
experiments by replacing this module with naive uniform and shape information to constrain sampling around human
sampling. As observed in Table 4, upon removing this mod- body, which encourages the volume rendering to learn more
ule D, there is a certain degree of performance decline inappearance details. Last, the iterative backward deforma-
PSNR and LPIPS for both NVS and Unseen tasks. In Fig- tion warps the query points using the skinning weight model
ure 5(c), we notice obvious blurring in the arms and facial learned based on the initial SMPL weights, ensuring ef -
regions of the synthesized images. This is because the unicient and accurate space transformation to facilitate the op-
form sampling distracts the model's focus on learning the timization in the canonical space. The experimental results
representative regions of the human body and introducesdemonstrate that our method achieves superior ne-grained
unnecessary points in empty space, which may lead to degeometry and appearance reconstruction compared to the
graded performance on geometry and appearance learningcurrent state-of-the-art methods.

5. Conclusion



