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Abstract: Objective Constructing vivid personalized 3D head avatar models at the lowest possible cost from 2D images is
an important research problem in the fields of computer graphics and virtual reality. Although recently the 2D video genera-
tion models have achieved significant breakthroughs, explicit 3D avatars still play an irreplaceable role in fields such as vir-
tual reality and human—computer interaction. Using 3D Gaussian Splatting (3DGS) as the rendering and 3D representation
method can effectively improve the rendering quality and efficiency of the avatar models. However, the existing avatar mod-

eling methods based on 3DGS either require several hours or even days of training time or have difficulty reconstructing fine
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wrinkle details, making it hard to achieve both fast and high-quality reconstruction simultaneously. In the term of the
implementation details of these methods, during the training of the avatar models, the existing methods all rely on the mesh
that tracked from the original data in the preprocessing stage to provide geometric information for the avatar model, but at
the same time, the texture map corresponding to the mesh model is discarded as an additional output of the preprocessing
stage. This leads to the avatar model having to learn the appearance information from scratch from the original image. In
addition, the existing methods achieves the expression animation of avatar models through the linear combination of Gauss-
ian attribute blendshapes. However, taking the rotation attribute of Gaussians as an example, the addition of quaternions is
mathematically meaningless. This will lead to unreasonable rotation interpolation during the expression animation process,
affecting the stability of the animation and the rationality of the final avatar model’s geometry. To solve these problems, we
propose TPAvatar (Head Avatar with Texture Prior) , a novel method to create photorealistic head avatars from the multi-
view video sequences or monocular video sequence of the subject based on 3DGS, achieving real-time and high-fidelity ani-
mation. Method By learning a latent feature space for Gaussian atiributes, TPAvatar achieves a significant reduction in
neural network parameters, resulting in a compact neural network model. Specifically, TPAvatar is the first to leverage a
pre-trained DINOv2 model to extract view-independent identity appearance prior from the texture map of the specific sub-
ject, construct a UV-aligned identity feature map, and provide improved initialization for the Gaussian model. For expres-
sion driving, TPAvatar establishes a set of implicit expression feature blendshapes for each Gaussians within the local
space of each triangle of the mesh. By combining mesh binding with linear combinations of these expression feature blend-
shapes, it enables efficient and expressive animation of the avatar. The identity feature map and the expression feature map
are first summed pixel-by-pixel, and then decoded by a Gaussian decoder to obtain Gaussian attribute maps defined in the
UV-local coordinate.. These Gaussian attributes are subsequently transformed into the global coordinate, and the final
images are rendered using 3DGS. Result Experimental results on the multi-views dataset NeRSemble and the monocular
dataset INSTA demonstrate that TPAvatar can effectively handle multi-view reconstruction and monocular reconstruction
tasks. Comparing with existing methods such as GaussianAvatars, GEM, and RGBAvatar, TPAvatar achieves shorter train-
ing time, faster inference speed, and higher-quality reconstruction and animation, effectively balancing high fidelity and
real-time performance. Specifically, we evaluate these methods on subjects of different ages and genders under two tasks:
novel view synthesis on the validation set and novel expression synthesis on the test set. In the multi-view reconstruction
scenario, compared with the baseline method GaussianAvatars/GEM, TPAvatar has shortened the reconstruction time from
8/12 hours to 1.5 hours while achieving higher reconstruction quality: on the test set, PSNR increased by 1.5608/
10. 3556, and LPIPS decreased by 0.0037/0. 01313 compared with the baseline method RGBAvatar, TPAvatar signifi-
cantly improved the generalization of new view synthesis while maintaining the advantage of fast reconstruction, with PSNR
increasing by 0. 5139 and LPIPS decreasing by 0. 0155. In the monocular reconstruction scenario, compared with the exist-
ing SOTA baseline method RGBAvatar, TPAvatar's PSNR increased by 0. 1176 and LPIPS decreased by 0. 0016. TPAva-
tar achieves an animation speed of 164 FPS, enabling real-time animation performance. Ablation studies further verify the
effectiveness of both the identity feature module and the expression driving module. Conclusion By integrating texture fea-
tures and constructing expression feature bases, TPAvatar enhances the animation quality and perspective generalization of
the 3DGS head avatar model, making it a practical and efficient 3D avatar reconstruction method that capable of real-time
rendering and animation. It suitable for personalized 3D head avatar reconstruction tasks under multi-view or monocular
video input. The decoupled design of identity and expression endows the proposed method with the potential to be extended
to single-image avatar reconstruction. Code is available in:https://doi. org/10. 57760/sciencedb. j00240. 00128
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Fig. 1 Comparison between TPAvatar and existing methods.
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Fig. 3 Visualization of Gaussian positions of the two methods
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Fig. 4 Qualitative comparisons of different methods on the NeRSemble validation set(novel-view synthesis task ).
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Fig. 5 Qualitative comparisons of different methods on the NeRSemble and INSTA test set (novel-expression synthesis task ).
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&1 NeRSemble3iFsk (FIMMAAMMES) LHEEER
Table 1 Quantitative comparison on the NeRSemble vali-

dation dataset (Novel viewpoint synthesis task)

LPIPS

PSNRT SSIM T ! L1l
GaussianAvatars 36.0578 0.9772 0.0577 0.0065
GEM 24.6180 09146 0.1042 0.0165
RGBAvatar 35.6082 0.9724 0.0680 0.0067
TPAvatar(4 %) 36.1221  0.9779 0.0525 0.0061

TE AT A 7 R S R A SR G ML R R %55
AU ALAE R, T RIZR IR USSR 5 1 R7m %A b (R oy
i, | BRSSP A B

&2 NeRSemble ik & (FREAMES) LHEEER
Table 2 Quantitative comparison on the NeRSemble test

dataset (Novel expression synthesis task )

LPIPS

PSNRT SSIM T ! L1}
GaussianAvatars 324721  0.9598 0.0727 0.0089
GEM 23.6773 0.9106 0.1158 0.0182
RGBAvatar 33.0322  0.9610 0.0821 0.0077
TPAvatar(AJ71%)  34.0329 09668 0.0690 0.0074

*3 INSTAMIKE(FRBEERES) LHEEER
Table 3 Quantitative comparison on the INSTA test data-

set (Novel expression synthesis task )

LPIP
PSNRT SSIM T ! > Ll
GaussianAvatars 33.0254 0.9613 0.0488 0.0075
GEM 247057  0.8809 0.0982 0.0191
RGBAvatar 34.1444  0.9692 0.0409 0.0064
TPAvatar(4 %) 342620 0.9698 0.0393 0.0062

&4 NeRSemble ##F4& F I Fh 77k Bl 2 5 HETE B AR

Table 4 The training and inference costs of the four meth-

ods on the NeRSemble dataset
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R5 B EMEERREHIEER
Table 5 Ablation results of the Identity Feature Module

pigi WikeS PSNR 1 SSIM 1 LPIPS | L1}
o7 -4 i(PE) 32.4188 0.9587 0.1211 0.0115
. DINOv2 32.9274 0.9644 0.1039 0.0108
e v 0.1039 0.0108
DINOv2+PE
; 33.2555 0.9653 0.0998 0.0103
(AT73)

37 B 45 (PE) 25.7081 0.9245 0.1447 0.0165
. DINOv2 25.6105 0.9247 0.1359 0.0165

4 4 '

DINOv2+PE
. 25.4306 0.9234 0.1336 0.0168
(AT7%)
Fo REEIFEHHMIWER
Table 6 Ablation results of the Expression driving Module
e WiRiS PSNR 1 SSIM 1 LPIPS | L1l

MLP+PE 31.9045 0.9508 0.1411 0.0106
AR MLP+DINOv2 29.8322 0.9393 0.1835 0.0128
RIERF LR A (BT 33.2555 0.9653 0.0998 0.0103
MLP+PE 25.8048 0.9258 0.1539 0.0165
ke MLP+DINOv2 25.7808 0.9260 0.1913 0.0175
FIERERER A (BT 25.4306 0.9234 0.1336 0.0168

(a) 17 B4 (PE) (b) DINOv2 (¢) DINOV2+PE (A7) (d) BLAHE%
((a)Positional Encoding(PE) ; (b) DINOv2; (c) DINOv2+ PE(Ours) ; (d)Ground Truth)
6 Py FRAE A AR (14 7 il S 90 25 5 (3R — AT R i R A28 88 AT R IR L as )

Fig. 6 Ablation study of the Identity Feature Module (First row for validation set, the second row for test set)
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((a) MLP+PE;(b) MLP+DINOv2; (¢) Expression Feature Blendshapes(Ours) ; (d) Ground Truth)
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Fig. 7 Ablation study of the Expression driving Module (First row for validation set, the second row for test set)
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Fig. 8 Visualization of the effects of different expression feature blendshapes of TPAvatar.
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