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Figure 1. We introduce the Parametric Gaussian Human Model (PGHM), a generalizable prior for efficient and realistic human avatar
modeling. After being trained on a large-scale, high-quality multiview human dataset, PGHM can be efficiently fine-tuned using monocular
single-person videos. This enables accurate avatar reconstruction and supports both free-viewpoint rendering and animation.

Abstract

Photorealistic and animatable human avatars are a key
enabler for virtual/augmented reality, telepresence, and
digital entertainment. While recent advances in 3D Gaus-
sian Splatting (3DGS) have greatly improved rendering
quality and efficiency, existing methods still face fundamen-
tal challenges, including time-consuming per-subject op-
timization and poor generalization under sparse monocu-
lar inputs. In this work, we present the Parametric Gaus-
sian Human Model (PGHM), a generalizable and efficient
framework that integrates human priors into 3DGS for
fast and high-fidelity avatar reconstruction from monocu-
lar videos. PGHM introduces two core components: (1)
a UV-aligned latent identity map that compactly encodes
subject-specific geometry and appearance into a learnable
feature tensor; and (2) a disentangled Multi-Head U-Net

that predicts Gaussian attributes by decomposing static,
pose-dependent, and view-dependent components via con-
ditioned decoders. This design enables robust rendering
quality under challenging poses and viewpoints, while al-
lowing efficient subject adaptation without requiring multi-
view capture or long optimization time. Experiments show
that PGHM is significantly more efficient than optimization-
from-scratch methods, requiring only approximately 20
minutes per subject to produce avatars with comparable vi-
sual quality, thereby demonstrating its practical applicabil-
ity for real-world monocular avatar creation.

1. Introduction
Photorealistic and animatable human avatars represent a
crucial research direction in 2D and 3D vision, enabling ap-



plications in virtual/augmented reality, telepresence, digital
entertainment, etc.. Traditional mesh-based or point-based
human avatars suffer from fundamental limitations - prede-
fined topologies and unstructured representations, respec-
tively - that hinder realistic avatar creation. In recent years,
while the emergence of NeRF has significantly advanced
human avatar quality, NeRF’s intrinsic slow rendering and
expensive optimization remain fundamental bottlenecks.

Recently, the explicit 3D Gaussian Splatting representa-
tion has emerged as a breakthrough technology that com-
bines accelerated rendering speeds with superior visual
quality, thereby significantly benefiting photorealistic hu-
man avatar creation. However, current Gaussian avatar ap-
proaches still face fundamental challenges. On one hand,
human avatar from multi-view video inputs, e.g., Animat-
able Gaussians [45], achieve high-quality rendering re-
sults and pose-dependent dynamics by introducing pose-
dependent Gaussian maps, yet require 1-2 days of train-
ing per subject. Besides, multi-view inputs require compli-
cated data capture setups. On the other hand, avatars from
monocular inputs [24, 49] combine 3DGS with SMPL-UV
or SMPL-X geometric models to learn the pose-dependent
effects, yet suffer from blurriness and lack appearance de-
tails, as monocular inputs tend to struggle with generaliz-
ing to diverse or unseen poses due to incomplete observa-
tions and inherent limitations in the training data. There-
fore, to achieve efficient and high-quality human avatars
from monocular inputs, the key lies in developing a gener-
alizable parametric model that can learn human priors from
large-scale data while maintaining the representational ad-
vantages of 3D Gaussians.

We argue that incorporating parametric human priors
into the Gaussian-based human avatar is essential, as it en-
ables rapid subject-specific adaptation through the learned
prior, and more robust performance under challenging in-
put conditions. In this paper, we propose Parametric Gaus-
sian Human Model, which learns generalizable avatar priors
from large-scale data while enabling fast adaptation to novel
subjects. Our Parametric Gaussian Human Model achieves
this through two key designs. Firstly, we introduce the
UV-Aligned Latent Identity Map, which encodes identity-
specific attributes such as facial features and clothing geom-
etry into a compact, learnable feature tensor. This approach
differs from the GaussianAvatar’s [24] reliance solely on
UV position maps for pose information. Our design en-
hances the original framework by utilizing the UV-Aligned
Latent Identity Map as a control signal for identity. During
the fine-tuning phase, we can optimize this map alone to ef-
fectively capture personalized characteristics. This method
contributes to rapid fine-tuning and improved identity con-
trol. Secondly, for better learning Gaussian attributes from
the Latent Identity Map, we propose the disentangled Multi-
Head U-Net that explicitly models static, dynamic, and

view-dependent effects through pose/view-conditioned de-
coders, achieving consistent performance across unseen
identities, diverse poses and challenging viewpoints. To-
gether, we achieve robust and high-fidelity human avatars
through parametric Gaussian priors learned from large hu-
man datasets combined of selected MVHumanNet [81] and
DNA-Rendering[13] datasets, enabling fast adaptation for
a personalized avatar from a monocular video. Compared
with the concurrent work Vid2Avatar-Pro [18], our method
achieves comparable optimization time for monocular-input
personalized avatars, while Vid2Avatar-Pro requires an ad-
ditional 36–48 hours for per-identity mesh template re-
construction. Experiments demonstrate that our method
achieves SOTA avatar rendering quality and avatar training
efficiency. The contributions of our paper are summarized
as follows:

• We propose the Parametric Gaussian Human Model, a
framework that integrates parametric human priors with
3D Gaussian Splatting, enabling fast and high-fidelity
avatar adaptation to novel subjects.

• A UV-aligned latent identity map that compactly encodes
subject-specific attributes into a learnable feature tensor,
allowing memory-efficient personalization while preserv-
ing fine details.

• A disentangled Multi-Head U-Net architecture that dy-
namically decomposes Gaussian properties into static,
pose-dependent, and view-aware components through
conditioned decoders, ensuring dynamic details under
challenging poses and viewpoints.

2. Related Work

2.1. 3D Human Avatar Modeling

Avatar Modeling from Monocular Video. The advent of
neural radiance fields (NeRF) [48] has spurred a wave of
implicit avatar reconstruction approaches that fit articulated
NeRFs to monocular video[8, 16, 30, 32, 68–70, 74, 78].
Given the inherent noise in monocular pose estimation,
many of these methods jointly refine motion trajectories
during inverse rendering [17, 31, 32, 78, 87]. Although ef-
fective, the learned deformation fields often overfit to train-
ing sequences, resulting in artifacts under novel or out-of-
distribution poses.

Recent advances replace implicit volumetric represen-
tations with explicit 3D Gaussian Splatting (3DGS), sig-
nificantly improving rendering speed and simplifying op-
timization. Some approaches optimize Gaussian parame-
ters per subject [39, 42, 66, 73], while others utilize neural
networks to predict Gaussian attributes for more efficient
personalization [24, 25, 36, 41, 49, 60, 77? ]. Despite
the efficiency gains, current per-subject fittings often suffer
from blurry textures and limited generalization to novel mo-
tions. Our method addresses these limitations by pretrain-



ing a 3DGS human prior on a large corpus of dynamic hu-
man sequences, then adapting it to short monocular videos
for sharper textures and improved motion robustness.

Avatar Modeling from Multi-View Videos. Calibrated
multi-camera systems enable high-fidelity avatar recon-
struction by jointly modeling geometry and appearance
across views [2, 11, 20, 26, 29, 43, 44, 46, 52, 57, 59,
62, 65, 67, 75, 80, 84, 86, 95–97]. Early works often rely
on canonical implicit fields to support non-rigid deforma-
tion, but they come at a high computational cost. With the
introduction of 3DGS [35], recent methods replace volu-
metric rendering with Gaussian splatting and attach Gaus-
sians to skeletal joints [34, 45, 51, 54, 94, 99]. To further
enhance the representation capability for human dynamics
and regularize surface reconstruction, 2D-map parameteri-
zations are employed to guide geometry and texture learn-
ing [24, 45, 54]. Nevertheless, current designs are either
manually engineered or limited to a fixed identity, restrict-
ing generalization and scalability.

2.2. Avatar Prior Models

Statistical and Regression Priors. Full-body statistical
models such as SMPL and SMPL-X, along with part-
specific 3DMMs for facial modeling, offer low-dimensional
shape spaces governed by joint angles [33, 47, 56].
However, their minimalist templates lack garment wrin-
kles and fine-scale facial details. Pixel-aligned regres-
sors—including PIFu, PIFuHD, ICON, ECON, SITH,
ARCH/ARCH-H, and MIGS [7, 21, 22, 28, 63, 64, 82,
83]—predict high-resolution surface detail from single im-
ages, but they are trained on limited-scale static scan
datasets. As a result, the reconstructed avatars are typi-
cally non-rigged or exhibit unnatural deformations during
animation. Generalizable human rendering methods [9,
10, 37, 38, 53, 71, 90, 91] synthesize novel views from
sparse camera inputs but offer limited articulation con-
trol. In contrast, part-specific priors such as HeadGap,
SEGA, URAvatar, URHand, OHTA, CAFCA, and Lisa [4–
6, 12, 14, 19, 40, 50, 92, 93] reconstruct highly detailed
and realistically deformable heads or hands, yet they do
not generalize to diverse full-body clothing. Our concur-
rent work [18] introduces a unified clothed-human prior that
enables high-fidelity reconstruction across varied identities
and garments, with robust generalization to novel poses.

Generative Avatar Priors Recent progress in generative
3D avatar modeling can be broadly categorized into GAN-
based and diffusion-based approaches. GAN-based meth-
ods have demonstrated strong capabilities in generating 3D-
aware avatars from single-view image datasets [1, 3, 15, 23,
72, 85, 89]. GSM [1] proposes a surface-constrained Gaus-
sian representation based on shell maps, which enhances

training efficiency while preserving visual quality. On the
diffusion side, latent diffusion models (LDMs) have en-
abled more flexible and semantically grounded 3D avatar
generation. StructLDM [27] introduces a structured, 3D-
aware LDM trained on a semantically aligned latent space
to facilitate controllable generation and editing. Recently,
IDOL [98] and LHM [61] employ transformer-based archi-
tectures in a feed-forward manner with single image input,
enabling fast and scalable 3D human avatar modeling, while
limited in capturing dynamic deformation details.

3. Parametric Gaussian Avatar Prior
In this section, we present the Parametric Gaussian Avatar
Prior. In contrast to person-specific training tasks, initializ-
ing and training Gaussian-based multi-human prior models
pose distinct challenges. This section introduces the Gaus-
sian human representation, the carefully designed Gaussian
Parametric Human Model, and how to utilize our model for
avatar creation when given an input monocular video.

3.1. Preliminaries

3D Gaussian Splatting [35] is a 3D point-based representa-
tion for efficient and realistic rendering. It is represented by
a set of 3D Gaussians, each of which is parameterized by its
3D center position µ ∈ R3, scale s ∈ R3, rotation parame-
terized as a quaternion q ∈ R4, color c ∈ R3, and opacity
σ ∈ R, and distributed as:

f(x | µ,Σ) ∝ exp

(
−1

2
(x− µ)⊤Σ−1(x− µ)

)
,

where the covariance matrix Σ = RSS⊤R⊤ is factorized
into a scaling matrix S and a rotation matrix R given by the
quaternions q and scaling s.

To enhance the adaptability of Gaussian representa-
tions for generating and driving digital humans, inspired
by GaussianAvatar[24] and ExAvatar[49], we constrain all
Gaussian assets to be isotropic. This is achieved by fixing
the scale degree of freedom to 1, while setting the rotation
to the identity matrix and the opacity to 1.

3.2. UV-aligned Gaussian Human Representation

To learn a Gaussian attribute representation that incorpo-
rates human semantics, we define a UV-position map to
represent the posed SMPL-X mesh vertex positions and a
UV-Gaussian map to encode the attributes of the gener-
ated Gaussian points and their correspondence to the ini-
tial SMPL-X mesh, instead of using an orthogonal projec-
tion position map as in Animatable Gaussians [45]. The use
of UV maps enables the placement of a greater number of
effective Gaussian points per unit area, thereby improving
model efficiency. Furthermore, by allocating a larger pro-
portion of the UV map to the facial region, our approach
captures richer facial details.



UV Position Map. We adjust the SMPL-X human model
to a predefined neutral A-pose. Then, the mesh position at-
tributes are unwrapped and mapped to their corresponding
positions on a UV map, constructing a UV map represen-
tation of the Gaussian digital human. This strategy enables
efficient 2D representation for storing 3D position informa-
tion. Finally, based on the initialized SMPL-X mesh infor-
mation, we can obtain the UV map Uθ ∈ RL×L×3 corre-
sponding to the digital human in pose θ.

UV Gaussian Map. Building upon the UV Position Map
as the initial position map for the Gaussian points, we fur-
ther predict the pixelwise offsets for position (δposition),
scale (δscale), and color (δcolor) through the model. Sim-
ilar to the UV Position Map, we organize these attributes
into corresponding UV Gaussian maps: the position offset
map Up ∈ RL×L×3, the scale map Us ∈ RL×L×1, and the
color map Uc ∈ RL×L×3. In this way, each Gaussian point
is aligned with the UV points sampled from the mesh.

3.3. Parametric Prior Model Training

To effectively learn a generalizable Gaussian avatar prior
from diverse human subjects, we propose a unified para-
metric model that encodes large-scale human data into com-
pact latent representations while preserving distinctive indi-
vidual characteristics. Specifically, we formalize our Gaus-
sian avatar prior as a pipeline that first embeds each subject
into a compact latent map, then expands this map through a
lightweight decoder into a dense identity tensor, and finally
feeds the tensor—together with pose and view cues—into
a disentangled Multi-Head U-Net whose static, dynamic,
and view branches jointly predict the canonical geome-
try/texture, pose-driven deformations, and view-dependent
color of the UV-aligned Gaussian atlas. In the following,
we provide detailed descriptions of each component.

UV-Aligned Latent Identity Map. To parametrize the
identity information of different characters (such as appear-
ance, clothing, etc.), we employ a UV-aligned per-identity
feature map to encode these attributes. The feature map
contains n features F ′ ∈ RC×L′×L′

, where each feature
represents the characteristic information of a distinct char-
acter identity. To maintain training efficiency and memory
economy, we utilize a Feature Decoder to decode each fea-
ture into a tensor F ∈ RC×L×L, where L is twice the size of
L′. This approach ensures that the feature maps remain con-
sistent while containing richer information, which is bene-
ficial for subsequent single-character fine-tuning.

Disentangled Multi-Head U-Net. For a specific charac-
ter, there is a static geometric offset and static appearance
relative to the SMPL-X body model. As the character
moves, dynamic changes in geometry and appearance are
introduced. Furthermore, varying viewpoints and lighting
conditions induce view-dependent color shifts. Modeling

such complex requirements therefore calls for a carefully
designed architecture. To address this, we propose a Multi-
Head U-Net to predict the Gaussian properties of the char-
acter. This design enables the network to model static ge-
ometric and appearance offsets (w.r.t. SMPL-X), dynamic
deformations, as well as view-dependent appearance varia-
tions in a unified manner.

To accurately model the Gaussian representations, we
designed a MultiHead U-Net architecture, which consists of
a feature code encoder head Eunet and three decoder heads
Dstatic, Dpose, and Dview. The output from each layer of the
encoder is connected in a U-shaped manner to all three de-
coders. For decoders Dpose and Dview, we inject pose infor-
mation and view information, respectively.

For the pose and view injection, we employ two
lightweight convolutional encoders Ep and Ev to extract fea-
ture information. To obtain pose-dependent information,
we use Ep to encode the UV position map, yielding pose-
dependent feature Fp:

Fp = Ep (Uθ)

For view-dependent information, we first construct a
view direction map V based on the normal map to
model view-dependent variance, similar to NeRF-based ap-
proaches [58]. We then use Ev to extract view features Fv:

Fv = Ev ([Uθ,V])
To extract the identity information of the subject, we

employ the U-Net encoder Eu to extract appearance fea-
tures Fu from the previously mentioned UV-Aligned Latent
Identity Map F :

Fu = Eu (F)

After obtaining the three types of features described
above (Fu, Fp, and Fv), we further utilize the three de-
coder heads of the U-Net to extract Gaussian representation
information.

For the first decoder head Dstatic, we predict the static
Gaussian representations, including the Gaussian position
UV map (Up), Gaussian scale UV map (Us), and Gaussian
color UV map (Uc), as follows:

Up, Us, Uc = Dstatic (Fu)

For the second decoder head Dpose, we predict dynamic,
pose-dependent Gaussian position offset UV map (Uo

p ) and
Gaussian scale offset UV map (Uo

s ), conditioned on both the
identity features Fu and the pose features Fp:

Uo
p , Uo

s = Dpose (Fu,Fp)

For the third decoder head Dview, we predict the Gaussian
color offset UV map (Uo

c ), which is both pose and view-
dependent, by conditioning on the identity features Fu and
the view features Fv:

Uo
c = Dview (Fu,Fv)
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Figure 2. The overall pipeline of the parametric model training involves pre-training our model on a large-scale human dataset to obtain
a robust human prior. This process consists of two key components: 1) a UV-aligned identity map to extract the appearance feature
information of individuals, and 2) a Disentangled Multi-Head U-Net to decouple pose-dependent and view-dependent Gaussian attributes.

Deformation. After all, we obtain the Gaussian position
UV map (Up), Gaussian scale UV map (Us), Gaussian color
UV map (Uc), Gaussian position offset UV map (Uo

p ), Gaus-
sian scale offset UV map (Uo

s ), and Gaussian color offset
UV map (Uo

c ). Due to our UV map design, we can use these
Gaussian UV maps to index various Gaussian attributes, in-
cluding Vp, Vs, Vc, Vo

p, Vo
s , and Vo

c . Based on these at-
tributes, we separately construct pose-independent (static)
and pose-dependent (dynamic) Gaussian deformations. For
the pose-independent Gaussian deformation and the pose-
dependent Gaussian deformation, we compute the canon-
ical space pose-independent Gaussian locations Vsta and
canonical space pose-dependent Gaussian locations Vdyn as
follows:

Vsta = V +Vp

Vdyn = V +Vp +Vo
p

The final vertex positions are then computed using Lin-
ear Blend Skinning (LBS) as:

Vsta = LBS
(
Vsta, θ

)
Vdyn = LBS

(
Vdyn, θ

)
where V denotes the canonical vertex positions, Vp and
Vo

p are the pose-independent and pose-dependent Gaussian
position offsets indexed from the corresponding UV maps,
θ denotes the pose parameters.
Rasterization. To render the animated 3D geometry,
we utilize the 3D Gaussian Splatting (3DGS) rendering
pipeline [22], defined as follows:

Is = f (Vsta,Vc,K,E) ,

Id = f (Vdyn,Vc +Vc
o,K,E) ,

where f denotes the 3DGS rendering function, while K and
E are the camera intrinsic and extrinsic matrices, respec-
tively.

As previously mentioned, all Gaussian primitives are
constrained to be isotropic to enhance generalization capa-
bility. Therefore, both the rotation and the opacity of each
Gaussian are fixed to the identity and unity, respectively,
and are omitted from the above equations for clarity.

Training objectives. During the training process of the
parametric model, we jointly optimize the per-identity fea-
ture map, Feature Encoder, and Multihead-Unet modules.
Additionally, since the pose annotations in the training data
are not entirely accurate, we further optimize the human
poses in the training data during the training process. To
ensure the reliability of both pose-independent and pose-
dependent information, we employ both types of rendered
results as supervision. The final training objective is defined
as follows:

L = λ1

[
L1

(
Is, Igt

)
+ L1

(
Id, Igt

) ]
+ λ2

[
Lssim

(
Is, Igt

)
+ Lssim

(
Id, Igt

) ]
+ λ3

[
Llpips

(
Is, Igt

)
+ Llpips

(
Id, Igt

) ]
+ λ4 Lreg

In our loss function, the regularization term Lreg is de-
signed to prevent unreasonable scale and position values.
Specifically, we apply an (L2) penalty to both the scale off-
set and position offset parameters. This encourages the op-
timized scale and position to remain close to their initial val-
ues, thus avoiding implausible transformations during train-
ing.
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Figure 3. The personalization stage consists of two steps: 1) Iden-
tity Map adaptation and 2) Joint tuning of the Identity Map and
Multi-Head U-Net.

4. Personalization with Parametric Prior
As shown in Fig 3, we adopt a simple two-stage strategy to
personalize our parametric avatar prior to a specific subject
from a monocular video.

Identity Map adaptation. As discussed in Section 3.3,
we usually expand discrete identity map F from a smaller
feature F ′ using a feature encoder. During personalization,
we skip the encoder and instead initialize a new learnable
feature tensor to directly replace the expanded map. This
approach makes the tuning process more efficient and helps
retain subject-specific details that might otherwise be lost
through the encoder.

Joint tuning of Identity Map and Multi-Head U-Net.
Because monocular videos provide only limited supervi-
sion, adapting the feature code alone isn’t enough. To bet-
ter capture subject-specific appearance and geometry, we
further fine-tune both the feature code and the Multi-Head
U-Net together. This joint optimization allows the model to
better generalize to novel inputs while keeping the number
of trainable parameters small.

5. Experiment
5.1. Dataset

We trained our prior model using the MVHumanNet [81]
and DNA-Rendering [13] datasets, both of which are large-
scale multi-view human datasets. Given the limited avail-
ability of accurate pose annotations in DNA-Rendering, we
selectively fit poses for 300 samples from parts 3 to 6 of
this dataset. To further increase the diversity of identities,
we additionally sampled 300 identities from MVHuman-
Net, resulting in a mixed training set. It is worth noting that
the DNA-Rendering dataset exhibits superior temporal con-
tinuity, whereas MVHumanNet consists of frames sparsely
sampled from original videos, leading to lower temporal
consistency.

For our evaluation, we conducted both qualitative and
quantitative experiments on the NeuMan [32] and THu-
man4.0 [95] datasets. The NeuMan dataset consists of
monocular video sequences captured in natural environ-
ments, featuring human subjects walking through various
settings. We followed the methodologies outlined in [32]
for splitting the training and test sets, with pose initializa-
tion based on [49]. In contrast, the THuman4.0 dataset is a

Method PSNR ↑ SSIM ↑ LPIPS ↓ time
iHuman [55] 25.09 0.961 0.0277 15 min
HumanNeRF [79] 27.06 0.967 0.0252 72 hour
InstantAvatar [31] 28.74 0.972 0.0277 5 min
GaussianAvatar [24] 28.90 0.969 0.0242 6 hour
NeuMan [32] 29.32 0.972 0.0201 7 day
ExAvatar [49] 31.42 0.981 0.0190 5 hour
Vid2AvatarPro [18] 31.18 0.982 0.0150 48 hour
Ours 31.85 0.987 0.0171 20 min

Table 1. Quantitative comparisons on Neuman test dataset. We
outperform other methods and achieve a significant improvement
in efficiency compared to other Gaussian-based approaches.

high-resolution multi-view collection (1330 × 1150 pixels)
known for its richly textured and dynamically detailed sub-
jects. Here, we selected 500 frames as the training set and
the subsequent 50 frames for testing, utilizing the dataset’s
original poses for initialization. Our analyses of these two
datasets thoroughly assess the effectiveness of our learned
priors.

5.2. Experiment Settings
During the prior training phase, our model was trained on
a combined dataset consisting of MVHumanNet and DNA-
Rendering samples. We utilized a total batch size of 32, dis-
tributed across eight Nvidia V100 GPUs, for a total of 50k
iterations. This extensive training procedure lasted approxi-
mately seven days. The loss function was composed of sev-
eral terms with their respective weights: L1 with λ1 = 0.8,
SSIM with λ2 = 0.2, LPIPS with λ3 = 0.2, and regulariza-
tion set to λ4 = 0.1.

For the reconstruction process, we typically execute 1k
iterations dedicated to feature map alignment, followed by
another 1k iterations for model fine-tuning on each se-
quence from the NeuMan dataset. This entire procedure re-
quires around 20 minutes per sequence when run on a single
Nvidia V100 GPU.

5.3. Comparison
We mainly compared our method with GaussianA-
vatar [24] and ExAvatar [49], both of which are 3DGS-
based approaches for constructing human avatars. To
quantitatively evaluate performance, we employed estab-
lished image quality metrics, including Peak Signal-to-
Noise Ratio (PSNR), Structural Similarity Index Measure
(SSIM) [76], and Learned Perceptual Image Patch Similar-
ity (LPIPS) [88]. All metrics were computed over the entire
image, with backgrounds set to white.

We present the quantitative evaluation results on two
benchmark datasets. As summarized in Tab 1 and Tab ??
(Tab ?? see Supplementary Material), our proposed method
consistently surpasses all existing baselines across a com-
prehensive set of metrics, demonstrating superior capability
in recovering fine-grained dynamic appearance details and
more plausible cloth movement.
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Figure 4. Qualitative comparisons on NeuMan test dataset. Our method outperforms other approaches in both color appearance and details.

Qualitative comparisons, illustrated in Figures 4 and ??
(Fig ?? see Supplementary Material), demonstrate the ad-
vantages of our approach over baseline methods, produc-
ing reconstructions with significantly enhanced detail fi-
delity and accurate pose-dependent dynamic texture infor-
mation. On the NeuMan dataset, ExAvatar maintains a
reasonable level of detail but struggles on the THuman4.0
dataset, where its performance is limited by complex regu-
larization constraints that oversmooth results and blur fine
details. In contrast, the GaussianAvatar method fails to ef-
fectively disentangle lighting and motion, resulting in un-
realistic lighting artifacts. Our approach addresses these

limitations through two key innovations: the introduction
of learned priors to reduce reliance on heavy regularization,
thus preserving intricate details, and the implementation of
a multi-head U-Net architecture that effectively disentan-
gles pose and illumination information, leading to more ac-
curate and expressive reconstructions.

5.4. Ablation Study
To further validate the effectiveness of our proposed pri-
ors and the multi-head U-Net architecture, we conducted a
series of ablation experiments. These experiments are de-
signed to systematically analyze the contributions of each
component to the overall performance of our framework.
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Figure 5. Ablation on ID number effect on feature map tuning
stage: (a)-(d) 0, 6, 60 and 600 IDs pretrained (e) Jointly finetune
both feature map and unet

Effectiveness of the Learned Priors Figure 5 presents a
comprehensive analysis of the impact of our learned priors.
Subfigures (a)–(d) correspond to models fine-tuned on iden-
tity maps pre-trained with increasing numbers of identities:
specifically, 0, 6, 60, and 600 IDs, respectively. Subfigure
(e) shows the results after jointly fine-tuning both the iden-
tity map and the multi-head U-Net.

The results clearly demonstrate that scaling up the num-
ber of identities used during prior training significantly en-
hances the representational capacity of the identity map. As
the number of pre-trained identities increases, the identity
map exhibits greater generalization ability across unseen
individuals and achieves faster convergence during fine-
tuning. Moreover, even when only the identity map is fine-
tuned, the reconstructed geometry and texture details be-
come noticeably richer and more plausible, highlighting the
benefit of our prior learning strategy.

However, due to the inherent limitations in the diversity
and size of available training data, further fine-tuning of
both the identity map and the multi-head U-Net is neces-
sary to achieve higher fidelity in both texture and geometry.
Importantly, we observe that our two-stage fine-tuning ap-
proach dramatically improves training efficiency: compared
to training the model from scratch, our method achieves su-
perior results using an order of magnitude fewer optimiza-
tion steps (e.g., 2,000 steps versus 20,000 steps).

(a) (b) (c) (d) (e)

(a) GT (b) w/o vd-color (c) w vd-color

(a) (b) (c) (d) (e) (f)
Figure 6. Ablation on multihead-unet: (a) (d) Ground Truth; (b)
(e)Single-head U-Net Result; (c) (f) Multi-head U-Net Result.

Effectiveness of the Multi-Head U-Net Architecture
Figure 6 evaluates the efficacy of our multi-head U-Net de-
sign in disentangling pose and illumination. In each set of
results, subfigures (a) and (d) depict the ground truth im-
ages; (b) and (e) show the single-head U-Net results; while
(c) and (f) present our multi-head U-Net model results.

The comparison demonstrates that our multi-head U-
Net significantly enhances both the realism and accuracy
of synthesized outputs. Specifically, disentangling appear-
ance and lighting yields more plausible illumination in (c),
while finer dynamic details such as wrinkles and folds in
clothing are better preserved in (f), closely resembling the
ground truth. In contrast, the single-head U-Net results (b,
e) are noticeably darker and lack critical dynamic texture
details, highlighting its limitations in modeling lighting and
fine appearance. These results underscore the superiority
of our multi-head U-Net architecture in generating detailed,
physically consistent reconstructions.

Overall, the ablation studies demonstrate that both the
learned priors and the multi-head U-Net architecture play
critical roles in the success of our approach. The learned
priors enhance identity generalization and accelerate con-
vergence, while the multi-head U-Net enables effective dis-
entanglement of pose and lighting, leading to more realistic
and detailed human reconstructions.

6. Conculsion
We present Parametric Gaussian Human Model (PGHM),
a novel framework that integrates parametric human priors
into 3D Gaussian Splatting for efficient and high-fidelity
monocular human avatar reconstruction. By introducing a
UV-aligned latent identity map and a disentangled Multi-
Head U-Net, PGHM enables fast subject-specific adap-
tation and robust rendering under challenging poses and
viewpoints. Compared to existing methods, our approach
achieves efficient training with only ∼20 minutes per sub-
ject, while maintaining competitive visual quality. We be-
lieve our method paves the way for scalable, efficient human
avatar generation in immersive applications.

Our method currently presents two main limitations.
First, it depends on input video sequences for optimizing
the identity map, which restricts its use in cases with lim-
ited subject data. Future work will explore end-to-end feed-
forward architectures that can infer identity features directly
from fewer images, reducing per-subject optimization re-
quirements.Second, the approach is less effective for sub-
jects wearing loose or flowing clothing, like skirts or robes,
due to challenges in modeling large non-rigid deformations.
Addressing these issues will make our system more robust
and widely applicable.
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