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Abstract
For reconstructing high-fidelity human 3D models from monocular videos, it is crucial to maintain consistent large-scale body
shapes along with finely matched subtle wrinkles. This paper explores how per-frame rendering results can be factorized into a
pose-independent component and a corresponding pose-dependent counterpart to facilitate frame consistency at multiple scales.
Pose adaptive texture features are further improved by restricting the frequency bands of these two components. Pose-independent
outputs are expected to be low-frequency, while high-frequency information is linked to pose-dependent factors. We implement this
with a dual-branch network. The first branch takes coordinates in the canonical space as input, while the second one additionally
considers features outputted by the first branch and pose information of each frame. A final network integrates the information
predicted by both branches and utilizes volume rendering to generate photo-realistic 3D human images. Through experiments,
we demonstrate that our method consistently surpasses all state-of-the-art methods in preserving high-frequency details and
ensuring consistent body contours. Our code is accessible at https://github.com/ChunjinSong/facavatar.
CCS Concepts
• Computing methodologies → Reconstruction; Shape inference;

1. Introduction

Neural body models [HLX→23,KLF→23,PZK→24] now yield person-
alized, almost photorealistic 3D human avatars even from a single
2D video [WCS→22, JYS→22, YCL→23, GJC→23]. Recently, they
have garnered significant attention from both academia and industry
due to their broad range of downstream applications in virtual real-
ity, gaming, and e-commerce. The most widespread models learn
a Neural Radiance Field (NeRF) [SYZR21, SBR22, WCS→22] or a
set of 3D Gaussians [QWM→24, KCG→24, MSD→24, LWP→24] by
conditioning the underlying neural network on the input pose. In de-
tail, existing models impose constraints by learning the neural field
relative to the skeleton and restricting pose-dependent changes, e.g.,
to be local through a GNN [NSLH21, SYZR21, SBR23, SWR24].
However, they risk overfitting, as a high-capacity model may learn to
render training views without reconstructing a temporally consistent
3D shape. In turn, they are typically parameterized to smooth over
high-frequency details leading to artifacts in shape and texture, even
with explicitly chosen frequency-based representation [SWR24].

The use of a canonical reference frame [JYS→22, LTV→22,
WSGT22] in which the shape and appearance of the character are
defined statically, e.g. in a T-pose, is an alternative direction to the
models described above that predict in the observation space per-
frame. A 3D model can be learned from videos by deforming the
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single canonical model to the pose visible in every frame with ex-
plicit surface meshes [XCZ→18], Gaussian representations [RRR→15,
RRC→16], or NeRF based [SYZR21, SBR22, WCS→22] methods.
They either explicitly learn a mapping [SYZR21,WCS→22,YCL→23]
or implicitly use root finding [LTV→22, WSGT22] to enable a warp
field from observation to canonical space. However, learning and
constraining this deformation also has generalization difficulties due
to the inferior frame consistency.

Fig. 1 gives an overview of our method. Taking a monocular video
as input, our goal is to learn an accurate human representation which
preserves consistent body shapes along with finely matched details.
To achieve this, after mapping positions in observation spaces to the
canonical space through skeletal deformation [WCS→22, GJC→23],
previous methods attempt to either directly compute geometry and
appearance outputs with canonical positions and per-frame poses
[GJC→23, SBR23] (sketch in Fig. 2 (a)), or explicitly estimate pose-
dependent deformation in canonical coordinate spaces [WCS→22]
(sketch in Fig. 2 (b)). While these, in principle, are good ideas,
they cannot maintain frame consistency and adaptive fine-grained
details simultaneously due to lacking constraints on the highly non-
linear outputs from neural networks. In contrast, inspired by works
on signal decompositions [SWZ→19, WSC→22] and private-shared
component analysis in other contexts [SEUD10, BTS→16, WSZ→20]
which explicitly extract common features to enhance generalization,
our model decomposes the network outputs into pose-independent
and pose-dependent components. In Fig. 2 (c), we employ a neural
network to explicitly extract pose-independent outputs with canoni-
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Figure 1: Motivation illustration. (a) In canonical space, we separate the per-frame rendering output into a pose-independent component
and its pose-dependent equivalent. These two components are modeled with distinct frequency bands, thus yielding smooth base outputs and
corresponding high-frequency residuals (see Fig. 4 for details). The residual image here is amplified for better visualization. (b) Our frequency-
aware factorization improves the state-of-the-art methods in novel view synthesis, novel pose rendering and human shape reconstruction.

cal coordinates. These operations are shared across all frames and
enable pose-independent information, which represents the com-
mon characteristics of the subject throughout the video, to directly
enhance frame consistency and advance network generalization.

As shown in Fig. 4, increasing frequencies in the pose-
independent output facilitates more geometric details. However,
it prevents the full model from synthesizing sharper pose-dependent
wrinkles as the high frequency leaves the shared representa-
tions vulnerable to contamination by specific pose-dependent pat-
terns [SEUD10, BTS→16], making the model harder to generalize.
We thus enforce the per-frame high-frequency details to only be
modeled by pose-dependent output factors. Fig. 1 (a) illustrates
the effect of this frequency assumption. The pose-independent and
pose-dependent components characterize the smooth shared shape
contours and adaptive high-frequency residuals respectively. The
final result is computed by mixing these two components.

Moreover, we follow [YGKL21, GJC→23] to enable detailed ge-
ometry modeling by applying the Signed Distance Function (SDF)
for NeRF-based volume rendering. We also design an objective
for the pose-independent branch to encourage as much informa-
tion as possible to be encoded in the shared outputs for improved
generalization. Our contributions can be summarized as:

• Introducing a novel neural network to generate high-fidelity hu-
man representations via the frequency-aware factorized field.

• Designing a simple objective for the pose-independent branch
that maximizes the shared information to improve generality.

• Demonstrating significant improvements on the state-of-the-art
methods in novel view synthesis, novel pose rendering and shape
reconstruction simultaneously.

2. Related Work

In the two following sections, we review related methods in neural
field modeling [XTS→22] and delve into the latest and most relevant
approaches in neural avatar modeling.

Neural Fields. Due to the impressive performance, neural
fields [PFS→19, WWL→19, PSSS19, MON→19, GCV→19, GCS→20,
TLY→21, MESK22] are extensively studied to enhance their general-
ization [YYTK21], compactness [WJMY23, RLN→23], level of de-
tail [TLY→21,MESK22,TET→22], camera self-calibration [LMTL21,
YCFB→21], and resource efficiency [MESK22, SSC22]. A notable
advancement in neural fields is Neural Radiance Fields (NeRF)
[MST→20], developed for rendering images from arbitrary camera
views in static scenes. Subsequent efforts have extended NeRF to
dynamic scenes [GSKH21, LSZ→22, LNSW21, DZY→21, PSB→21,
PSH→21, TTG→21, YLSL21] and apply the multi-band NeRF meth-
ods [LVVPW22,SLFB22] to explicitly extract multi-scale frequency
components for static scenes. However, all of these methods do not
take human body priors (e.g. skeleton) into account and do not ad-
dress significant time-dependent non-rigid deformations commonly
encountered in learning human avatar representations [SYZR21,
SBR22, LTV→22, OMT→21, PZX→21, XAS21]. Some other works at-
tempt to apply the Signed Distance Function (SDF) for NeRF-based
models to extract accurate 3D shapes [YGKL21,WLL→21,WSW22]
but not for neural avatar modeling as well.

Neural Fields for Avatar Modeling. In textured avatar model-
ing, the parametric SMPL body model serves as a common foun-
dation [ZHY→22, ZZZ→23]. Conversely, approaches such as A-
NeRF [SYZR21] and NARF [NSLH21] lack a surface prior, di-
rectly transforming input query points into relative coordinates
of skeletal joints. TAVA [LTV→22] and ARAH [WSGT22] use
root finding to enable a warp field from observation to canonical
space. Inspired by the disentanglement learning [HLBK18,LTH→18,
SWZ→19,WSZ→20,WSC→22,SZP→23,WCT→24], DANBO [SBR22]
and NPC [SBR23] model the per-part feature space using a
graph neural network for better scalability. Moreover, some meth-
ods [LHR→21, PZX→21, PDW→21, DFG→22] aim to improve results
with an image-to-image translation network and a per-frame latent
code while others [GPX→23,JCSH23] try to model dynamic humans
based on learnable grid structures [MESK22] and enable more effi-
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Figure 2: Conceptual differences. Taken a position xc in canonical space and conditioned on a pose, Vid2Avatar [GJC→23] directly regresses
the SDF and appearance values {s,c} with a uniform frequency band and thus models pose-independent information implicitly (a). In
(b), HumanNeRF [WCS→22] and MonoHuman [YCL→23] perform decomposition for input coordinates in the canonical space to enable
non-rigid deformation. In comparison, we associate the pose-independent network outputs {s1,c1} with low frequencies and pose-dependent
counterparts {s2,c2} with high-frequencies to preserve multi-scale signals (c). Here xc is computed by a skeletal deformation [WCS→22,
GJC→23] as described in Sec. 3.1. MLP networks colored in red and green correspond to high and low frequencies respectively.

cient training and inference. For the human modeling from monocu-
lar videos, [WCS→22,YCL→23,GJC→23] learn a canonical space for
all frames to improve frame consistencies and testing generalization.
Recently, some works [QWM→24, KCG→24, MSD→24, LWP→24,
HZZ→24] apply the Gaussian Splatting framework [KKLD23] for
better inference speed, but they lack geometric detail. Differing from
all these methods, we explicitly separate a rendering image into a
pose-independent factor and pose-dependent counterpart to improve
frame consistency and synthesize adaptive details.

Fig. 2 further illustrates the conceptual differences between our
method and the two most closely related baselines that incorporate
deformations into the canonical space. Both Vid2Avatar [GJC→23]
and our method apply SDF to possess constant shape contours and
improve frame consistencies. However, Vid2Avatar directly maps
the input positions at the canonical space and poses to geometry
and appearance with uniform frequencies and does not model the
pose-invariant information for better generalization. Thus it either
introduces unwanted artifacts or blurs the desired high-frequency
textures (e.g. 2nd row in Fig. 6). Both HumanNeRF [WCS→22]
and LS-Avatar [SWS→25] decompose the deformation into a rigid
pose-independent part and its non-rigid pose-dependent counterpart
in the canonical coordinate space. While they can synthesize fine-
grained details, outputs from the highly non-linear MLP twist the
body shape with fuzzy boundaries as shown in the 1st row of Fig. 6.
In contrast, our method has superior frame consistency in body
outlines and better generalization to precise textures due to explicit
pose-independent modeling and accurate frequency associations of
network outputs.

Moreover, both PM-Avatar [SWR24] and our method conceptu-
ally utilize frequency modeling to improve human avatar modeling.

However, the main idea of PM-Avatar is to modulate query points’
frequency transformation based on part-level pose contexts while
we improve baselines with a frequency-aware factorization strategy
for network outputs. In detail, we differ as follows: 1) We explicitly
decompose outputs into pose-independent and pose-dependent com-
ponents, whereas PM-Avatar implicitly models pose-independent
components; 2) We associate these components with low and high
frequencies respectively while PM-Avatar uses uniform frequency
bands for modulation; 3) We input whole skeletons for simplicity
while PM-Avatar focuses on part-level pose modeling; 4) While
PM-Avatar only models pose-dependent features, we additionally
leverage a canonical space for better generalization; 5) Instead of
density-based rendering, we adopt an SDF representation to enable
surface-based rendering and improve shape reconstruction. These
differences enable superior robustness in monocular settings.

3. Method

We aim to reconstruct a 3D animatable avatar by leveraging a collec-
tion of N images. Fig. 3 provides a method overview with three main
components. First, we compute a query point xo in the per-frame
observation space as xo = O+ t ↑d, where O is the position of the
camera center, d is the ray direction and t indicates the distance along
the ray. Then we estimate the body pose for an input frame, which
is represented as the sequence of joint angles [!k]

NB
k=1. These joint

angles are used to perform the skeletal deformation for xo and obtain
the coordinate xc in canonical space. Next the computed position xc
is passed to the two-branch network to output the pose-independent
SDF and color values and the pose-dependent counterparts. Finally,
we merge the pose-independent and pose-dependent outputs, which
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Figure 3: Architecture overview. We compute the canonical coordinate xc of the query point xo in observation space by performing the
skeletal deformation. Then xc is fed into two branches with the low-frequency (green) and high-frequency (red) positional encoding for
pose-independent ({s1,c1}) and pose-dependent ({s2,c2}) outputs respectively. We input their combinations {s,c} to volume rendering to
generate images under different view directions and human poses.

are then mapped to the corresponding density and radiance at that
location as in the SDF-based NeRF framework.

3.1. Skeletal Deformation

Modeling 3D avatars in a canonical space is crucial to form a tem-
porally consistent representation. We follow Vid2Avatar [GJC→23]
to perform the skeletal transformation from xo in observation to xc
in canonical space. Given the NB joint angles ! = [B1, . . . ,BNB ] of
the given body pose, the inverse of linear-blend skinning computes

xc =

(
NB

∀
i=1

#iBi

)↑1

xo, (1)

where {#i} denotes the skinning weight of the i-th bone and is
based on the point-to-point distances to the nearest SMPL vertices
in observation space; see [GJC→23] for details. Compared to the
learnable skinning weights [WCS→22], this SMPL-based weights
can significantly reduce GPU memory consumption. This procedure
also stabilizes the network training with faster convergence speed.

3.2. Factorized Neural Fields

Our main contribution is to factorize the rendering results of an-
imatable avatars into pose-independent and pose-dependent parts
and associate these components with low and high frequencies, re-
spectively. To achieve this, we design a novel factorized two-branch
network as shown in Fig. 3. Taken the canonical position xc as input,
we first feed xc into a low-frequency positional encoding [MST→20]

∃1(xc) = (xc,sin(20%xc),cos(20%xc), . . . ,

sin(2Lind↑1%xc),cos(2Lind↑1%xc)),
(2)

where Lind indicates the highest mapping frequency in ∃1(xc). Then
the processed feature ∃1(xc) is fed to the upper branch !ind , which
consists of two MLPs with ReLU activations, to estimate the pose-
independent geometry {s1} and appearance {c1} components. To
leverage the relationships between pose-independent and pose-
dependent information and synthesize adaptive details, the upper
branch also learns to output a feature vector for the SDF network
and color network on the bottom branch respectively

s1, f 1
sdf = !ind

sdf

(
∃1(xc)

)
; c1, f 1

c = !ind
c

(
f 1
sdf,

↓→n 1

)
. (3)

Here ↓→n 1 indicates the normalized gradient of s1 computed at xc.
!ind

sdf and !ind
c denote the SDF network and color network of the

upper branch, respectively.

As mentioned above, we observe that the pose-dependent patterns,
such as dynamically changing wrinkles on clothes, should process
higher frequencies than its pose-independent analogue. Thus, we
feed xc into another high-frequency positional encoding as:

∃2(xc) =(xc,sin(20%xc),cos(20%xc), . . . ,

sin(2Ld↑1%xc),cos(2Ld↑1%xc)).
(4)

Similar to Lind in ∃1(xc), Ld here stands for the highest transforma-
tion frequency of ∃2(xc). We then give the concatenation of ∃2(xc),
f 1
sdf and the input pose ! to the bottom branch !d to output pose-

dependent geometry {s2} and appearance {c2} components as

s2, f 2
sdf = !d

sdf

(
[∃2(xc), f 1

sdf,!]
)
, c2 = !d

c

(
[ f 2

sdf, f 1
c ,
↓→n ,!]

)
. (5)

To combine the low-frequency pose-independent and high-
frequency pose-dependent outputs, we compute the final SDF and
color outputs for further processing as

s = s1 + s2, c = c1 + c2. (6)

© 2025 The Author(s).
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Figure 4: Frequency constraints. To validate our frequency assumption, we train a set of two-branch models with different Lind and Ld.
For simplicity, we denote a model with Lind = x and Ld = y as [x,y]. Adhering to our network design, the pose-independent branch outputs
the low-frequency base normal map as [5,10]l f while our full model estimates an output with all frequencies as [5,10]l f+h f . Increasing
frequency in the pose-independent output, denoted as [8,10], can yield more grainy geometric patterns in [8,10]l f but stops the full model from
generating sharp pose-dependent wrinkles in [8,10]l f+h f . Simply training the pose-dependent branch ([10] with Ld = 10) fails to synthesize
desired multi-scale patterns. See Sec. 3.2 and Sec. B in appendix for more discussions.

Note that we apply the gradient vector ↓→n of the learned signed
distance function s to the color network to facilitate the disentangle-
ment of geometry and appearance [YGKL21]. Although s represents
the final geometry signals as SDF values, both s1 and s2 do not nec-
essarily encode meaningful geometric information. We set Ld = 10
and halve Lind = 5 for simplicity across all experiments.

Discussions on frequency bands. We enforce the high-frequency
information to only be encoded in pose-dependent output for im-
proving the synthesis of pose adaptive results. A few high-frequency
patterns, such as the facial structures and shoe textures in Fig. 4, only
deform lightly, and could be encoded into a pose-independent output
with high frequency. However, we only use one single positional
encoding setting for all parts and such part-dependent properties are
not known as prior and may change from part to part. We trade off
how much information each part contributes to the shared features.
As shown in Fig. 4, simply increasing frequency helps create more
realistic facial patterns and introduce more geometric details in the
highlighted torso. But it also goes against the generalization to novel
poses and leads to blunt pose-dependent wrinkles as in [8,10]l f+h f .
Similar to Vid2Avatar, the one-branch network with uniform fre-
quency band fails to reproduce multi-scale geometries. Moreover,
the distinct frequency assignments help penalize redundant informa-
tion between the pose-independent and pose-dependent branches.
See Tab. I in the appendix for additional quantitative results.

3.3. SDF-based volume rendering

We utilize a SDF-based representation opposed to classical NeRF or
Gaussian Splatting as it provides the most faithful geometry. With

the output SDF and color signals {s,c}, we first compute the density
via a learnable transformation [YGKL21], namely

& =
1
∋ ·(∋(↓s), (7)

where ∋ is a learnable parameter and ( is the Cumulative Distribu-
tion Function (CDF) of the Laplace distribution with zero mean and
∋ scale.

Following the existing neural radiance rendering pipelines for
human avatars [SYZR21, SBR22, WSGT22, SWR24], we output the
image of a subject for a ray r as in the original NeRF:

Ĉ (r) =
n

∀
i=1

Ti (1↓ exp(↓&i)i))ci,Ti = exp

(
↓

i↑1

∀
j=1

& j) j

)
. (8)

Here, Ĉ and )i indicate the synthesized image and the distance
between adjacent samples along a given ray respectively. Finally,
we compute the L1 loss ↔·↔1 for training as

Lrec = ∀
r↓R

∥∥Ĉ(r)↓Cgt(r)
∥∥

1 , (9)

where R is the whole ray set and Cgt is the ground truth.

Following [YGKL21, GJC→23], we apply the Eikonal loss to
satisfy the Eikonal equation such that the learned s = s1 + s2 can
approximate a signed distance function as

Leik = Exc

(∥∥∥∥
ds
dxc

∥∥∥∥↓1
)2

. (10)

We observe that it is crucial to maximize the amount of informa-
tion in the pose-independent (upper) branch to improve generality.

© 2025 The Author(s).
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To avoid that the upper branch degrades and the pose-dependent
branch takes most information, we render the human image by
volume rendering with the pose-independent SDF and color compo-
nents {s1,c1} and compute the L1 loss for common data as

Lcom = ∀
r↓R

∥∥C̄(r)↓Cgt(r)
∥∥

1 , (11)

where C̄ is the synthesized image created by {s1,c1}.

Besides the aforementioned L1 loss, a perceptual loss,
LPIPS [ZIE→18], is employed to provide robustness to slight mis-
alignments and shading variation and to improve detail in the recon-
struction as LLPIPS.

Thus, given a video sequence of a human, we aim to optimize the
following combined loss function:

L= Lrec +∗eikLeik +∗comLcom +∗LPIPSLLPIPS. (12)

Here ∗eik, ∗com and ∗LPIPS are weights for Eikonal loss, common
loss and LPIPS loss, respectively.

4. Results

In this section, we compare our approach with the state-
of-the-art methods for rendering and 3D shape reconstruc-
tion, comparing to canonical and observation space based
methods: HumanNeRF [WCS→22], MonoHuman [YCL→23],
NPC [SBR23], Vid2Avatar [GJC→23], PM-Avatar [SWR24], 3DGS-
Avatar [QWM→24] and GoMAvatar [WZR→24]. We also conduct
ablation studies to analyze and discuss the effects of factorized
avatar representation, common loss function and the dependencies
between pose-independent and pose-dependent branches. Source
code will be released upon publication.

4.1. Experimental Settings

We assess the effectiveness of our approach using well-established
benchmarks for body modeling. Following HumanNeRF and Mono-
Human, we conduct evaluations across the eight sequences of the
ZJU-Mocap dataset [PZX→21]. To measure the geometry reconstruc-
tion, we also adopt SynWild examples [GJC→23] as testing protocol.
Additionally, we utilize two publicly available YouTube sequences
as an in-the-wild dataset to gauge performance on everyday monoc-
ular videos. We follow Vid2Avatar to process all sequences and
obtain approximate camera and body pose with off-the-shelf estima-
tors. We employ the SAM model [KMR→23] to generate foreground
maps of all images for precise segmentation.

To ensure comparison fairness, we follow former experimental
settings, including dataset splits and metrics [WCS→22, YCL→23,
SBR23]. Our evaluation covers standard image metrics like pixel-
wise Peak Signal-to-Noise Ratio (PSNR) and Structural Similar-
ity Index Metric (SSIM) [WBSS04] to assess image quality. We
also utilize perceptual metrics such as Learned Perceptual Im-
age Patch Similarity (LPIPS) [ZIE→18], Kernel Inception Distance
(KID) [BSAG18], and Fréchet Inception Distance (FID) [HRU→17]
to evaluate structural accuracy and textured details of generated
images. All metrics are computed across entire generated images.
And both LPIPS and KID metrics are multiplied by 1000 for better
comparisons. Similar to ARAH [WSGT22], we additionally report

Table 1: Novel-view and novel-pose synthesis results on the ZJU-
Mocap test set. For both novel view synthesis and novel pose ren-
dering, our method notably improves baselines in LPIPS and KID
which are reported to be more informative than PSNR and SSIM in
the monocular setting [QWM→24].

Novel view Novel pose

PSNR↗ SSIM↗ LPIPS↘ KID↘ PSNR↗ SSIM↗ LPIPS↘ KID↘

HumanNeRF 29.66 0.967 36.78 14.23 29.57 0.966 34.17 12.32
MonoHuman 30.18 0.967 31.45 13.18 29.90 0.967 32.21 12.61
NPC 30.01 0.967 37.18 53.24 29.61 0.967 36.52 49.79
PM-Avatar 30.27 0.969 38.38 39.64 29.87 0.969 39.26 40.16
Vid2Avatar 29.76 0.969 35.61 27.65 29.53 0.969 35.69 31.51
3DGS-Avatar 30.09 0.968 31.30 15.33 29.77 0.968 30.69 13.24
GoMAvatar 30.29 0.968 32.40 12.80 30.20 0.968 32.03 13.81

Ours 30.11 0.970 29.64 11.72 29.98 0.970 28.60 11.09

Chamfer Distance (CD) and Normal Consistency (NC) to estimate
the quality of reconstructed shapes.

4.2. Novel View Synthesis

We utilize ZJU-Mocap sequences as a multi-view dataset to evaluate
the generalization capability under different camera views. Specifi-
cally, we use images captured by the first provided camera (“camera
1”) for training and the remaining images for evaluation.

We visualize the results in the upper row of Fig. 6 for NeRF based
methods and those in the left part of Fig. 7 for 3DGS based methods
respectively. Comparing to baselines, our method shows superior
capabilities in recovering fine-grained details (e.g. the vertical pat-
terns). Additionally, our method better preserves the body shape,
such as cloth contours. We attribute this to the explicit separation in
output space which mitigates grainy artifacts and reserves consistent
large-scale outlines. We compare quantitatively in Tab. 1 to further
support our previous findings.

Table 2: We report L2 Chamfer Distance (CD) and Normal Con-
sistency (NC) over the ZJU-Mocap and SynWild sequences for ge-
ometry reconstruction evaluation. Our model shows better overall
perceptual quality and shape reconstruction from monocular videos.
→The imperfect pseudo-ground-truth smooths details, benefiting
Vid2Avatar for the NC metric. Despite the clear visual improve-
ments, the inaccurate pose estimation prevents fully convincing
results on SynWild examples. See Sec. 4.4 and appendix for details.

ZJU-Mocap SynWild Average

CD↘ NC↗ CD↘ NC↗ CD↘ NC↗

HumanNeRF 0.242 0.649 0.182 0.667 0.212 0.658
MonoHuman 0.318 0.636 0.229 0.642 0.274 0.639

NPC 0.079 0.795 0.217 0.640 0.148 0.718
PM-Avatar 0.054 0.770 0.212 0.666 0.133 0.718
Vid2Avatar 0.053 0.878→ 0.196 0.741 0.125 0.808

3DGS-Avatar 0.316 0.612 0.232 0.586 0.274 0.599
GoMAvatar 0.048 0.823 0.201 0.715 0.125 0.769

Ours 0.047 0.863 0.180 0.731 0.113 0.798

© 2025 The Author(s).
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GT NPC HumanNeRF MonoHuman Vid2Avatar OursPM-Avatar

Figure 5: Novel pose rendering on Youtube sequences. While baselines distort the marked arms with floating noise, our method yields more
visually appealing body outlines. We also improve Vid2Avatar with more realistic textures like cloth buttons.

4.3. Novel Pose Rendering

Rendering under novel poses is critical to many down-streamed ap-
plications like computer animations. To evaluate the generalization
to unseen human poses, we train all models on the first part of a
video and test on the remaining frames. During evaluation, only the
3D human pose is used as input.

Also on the ZJU-Mocap dataset, Fig. 6 and the right part of Fig. 7
present the visual comparisons for the NeRF based and 3DGS based
methods respectively. Our method demonstrates superior results,
with sharper body boundaries (e.g., arms) and more detailed tex-
tures (e.g., wrinkles). In contrast, baselines either introduce blurry
patterns (e.g. Vid2Avatar) or distort the shape contours with noisy
artifacts (e.g. MonoHuman). Fig. 5 additionally presents the results
of Youtube sequences. While our method succeeds in generating
reasonable multi-scale patterns, baselines severely distort the high-
lighted arms under challenging poses. Tab. 1 and Tab. 3 further
quantitatively verify our strong generalization to unseen poses. Al-
though we achieve slightly superior or comparable PSNR and SSIM
metrics to baselines, here we mainly apply the perceptual metrics,
LPIPS and FID, to evaluate outdoor sequences as they are more
robust to the varying lighting conditions than pixel-based alterna-
tives as suggested by NPC [SBR23], Note that none of the methods
achieve perfect alignment with wrinkle locations due to their chaotic
formation on unseen poses. Addressing this issue using physics
falls outside the scope of this paper. Notably, generalizing to novel
poses is more challenging than novel view synthesis and the case
where we attain the largest relative improvements compared to base-
lines. This empirical evidence substantiates the effectiveness of our
frequency-aware factorized avatar representation.

Generating realistic wrinkles in response to varying human mo-
tions is essential for neural avatar methods. To illustrate this, Fig. 8
shows the synthesis of dynamic cloth wrinkles across different
frames. Specifically, the T-shirt wrinkles, highlighted by the red ar-
row, appear as diagonal stripes that gradually fade and shift direction

as the subject moves. These smooth wrinkle dynamics demonstrate
our method’s adaptability to diverse input poses.

4.4. Geometry Comparisons

In Fig. 9, we analyze the 3D meshes reconstructed with our approach
against reconstructions from the baselines. Our method better cap-
tures the smooth body surfaces and detailed geometry (e.g. the
wrinkles). In contrast, the baselines predict more noisy blobs near
the body surface whose structured patterns (e.g. facial expressions)
cannot be faithfully recognized. While Vid2Avatar does provide
a complete body outline, it tends to overly smooth out sharp tex-
tures and generate flat patterns. The ‘ZJU-Mocap’ column in Tab. 2
additionally complies with our empirical advantages in a quantita-
tive manner. Note that we follow ARAH [WSGT22] to compute
pseudo ground truth which by itself smooths surface details, more
than our method does. Fig. 10 and the ‘SynWild’ column in Tab. 2
provide the visual demonstration and quantitative comparisons on
the SynWild dataset correspondingly. Being consistent with better
generalization of novel view synthesis and novel pose rendering, the
improvements of geometry reconstruction suggest that more precise
modeling of geometry is beneficial for the visual fidelity.

Table 3: Unseen pose animation on Youtube videos. Our model
shows better perceptual quality from in-the-wild videos.

Story Invisible Average

LPIPS↘ FID↘ LPIPS↘ FID↘ LPIPS↘ FID↘

HumanNeRF 31.35 63.28 33.72 72.29 32.54 67.79
MonoHuman 32.73 65.23 34.39 79.94 33.56 72.59

NPC 29.59 53.62 35.28 80.17 32.44 66.90
PM-Avatar 35.15 78.86 42.67 109.49 38.91 94.18
Vid2Avatar 36.85 187.24 40.52 198.51 38.69 192.88

Ours 28.52 56.57 31.74 69.13 30.13 62.85

© 2025 The Author(s).
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Figure 6: Visual comparisons with NeRF based methods on ZJU-Mocap. Our method can render superior sharp contours and synthesize
more adaptive textures under novel camera views (upper) and novel avatar poses (bottom).

GT 3DGS-Avatar GoMAvatar Ours GT 3DGS-Avatar GoMAvatar Ours

Figure 7: Comparisons with 3D Gaussian Splatting (3DGS) based methods on ZJU-Mocap. Our method can more vividly reproduce
structured patterns (e.g. the vertical pattern designs and cloth folds) without introducing distorted artifacts than baselines.

4.5. Ablation studies

We conduct ablation studies with the following ablated models:
1. Only preserve the bottom branch network with pose-dependent de-
formations as ‘w/o {s1,c1}’; 2. Only preserve the upper branch net-

work with pose-independent deformations as ‘w/o {s2,c2}’; 3. We
remove the common loss function as ‘w/o Lcom’; 4. For the bottom
branch, we only input the target pose and xc as ‘w/o feat’; 5. We
feed the body pose to the pose-independent branch instead of the
pose-dependent branch as Posel f . These experiments are performed

© 2025 The Author(s).
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Figure 8: Dynamic wrinkle synthesis. As highlighted by the red arrow, the generated wrinkles on the T-shirt, initially appeared as the diagonal
stripes, gradually vanish and shift directions as human moves.

GT NPC HumanNeRF MonoHuman Vid2Avatar OursPM-Avatar 3DGS-A GoMAvatar

Figure 9: Geometry reconstructions on ZJU-Mocap. Our factorized avatar representation achieves state-of-the-art performance in respect of
seamless human surfaces and precise geometric details.

GT NPC HumanNeRF MonoHuman Vid2Avatar Ours3DGS-A GoMAvatarPM-Avatar

Figure 10: Geometry reconstructions on SynWild. While most baselines synthesize bumpy surface outlines, Vid2Avatar and GoMAvatar
overly smooth out the desired geometric variations, yielding generally flat surface patterns. In contrast, our method can produce better
wrinkles and facial structures with reasonable large-scale appearances.

to evaluate the effectiveness of the factorized fields, the common
loss Lcom and the dependency between two branches respectively.
Posel f is further trained to evaluate the importance of common in-
formation among frames. We perform comparisons in both novel
view synthesis and novel pose rendering on the ZJU-Mocap S394
sequence. The quantitative results shown in Tab. 4 consistently high-
light the importance of all network components. We additionally
offer more ablation study results and discussions in the appendix.

5. Limitation and Discussions

Due to the dense MLP computation in the volume rendering frame-
work, computation time remains a constraint for real-time appli-
cations. To address this issue, some works apply the grid-based
implementation to constrain the representation computation in a
local area [MESK22, CXG→22, WJMY23]. Our method requires
individual training for each actor and cannot generalize to other
humans without additional training. Training a generalizable hu-
man representation with foundation models is a promising direction.
Since we do not explicitly consider pattern editing in our current

© 2025 The Author(s).
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Figure 11: Failure cases on ZJU-Mocap. How to generalize to challenging cases is still an open problem, where all methods fail to preserve
the visually pleasing textures and body outlines under this pose.

HumanNeRF Vid2Avatar OursPM-AvatarGT 3DGS-A

Figure 12: Failure cases on ActorsHQ. While our method avoids fragmenting the subject’s body or introducing floating artifacts in empty
space, extending it to better model loose clothing is a promising area for future exploration.

Table 4: Ablation study on ZJU-Mocap sequence. Our full model
outperforms all ablated baselines across all metrics.

Novel view Novel pose

PSNR↗ SSIM↗ LPIPS↘ PSNR↗ SSIM↗ LPIPS↘

w/o {s1,c1} 30.13 0.965 31.00 29.36 0.962 31.01
w/o {s2,c2} 29.56 0.963 32.46 29.26 0.962 31.30

w/o Lcom 30.08 0.964 31.40 29.47 0.963 30.90
w/o feat 29.49 0.962 33.41 29.15 0.961 32.77
Posel f 30.11 0.965 29.83 29.28 0.963 30.53

Ours 30.68 0.967 29.74 29.69 0.965 29.41

framework design, how to enhance it with editing features is also
our future work.

In Fig. 11, we demonstrate that, under extreme challenges, when
the test pose is very different from the training poses, our method
cannot fully adaptively reproduce the target textures but distorts the
body contours. However, it is important to recognize that addressing
these issues remains an open problem in neural avatar modeling.

Recently, there has been growing attention on modeling loose-

fitting garments. Different from the tight cloth learning which as-
sumes that both apparels and human skeleton follow the same mo-
tion trajectories, the movements of human body and loose cloths are
weakly entangled. Thus we extend our empirical comparisons to Ac-
torsHQ dataset [IRG→23] to verify the generalization of each method
to this difficult case. Fig. 12 illustrates the rendering results. While
our method is capable of synthesizing overall reasonable geome-
try contours, it blurs the cloth deformation which is an interesting
question to address.

6. Conclusions

We introduce a novel two-branch framework to enhance the accuracy
of avatar representation learning. Our primary contribution lies in a
unique frequency-aware field factorization design, which enhances
frame consistency and boosts the ability to produce adaptive details.
In comparison to existing methods, our approach demonstrates em-
pirical advantages in novel view synthesis, novel pose rendering,
and shape reconstruction.

© 2025 The Author(s).
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