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Table 1 Comparative analysis of mainstream 3D morphable models
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2 g Az A B A B 2 JL AT S0 RS S o L AR A B 09 A% 0 7E T T 3 TR A T (Multiplicative
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2.2.2 ATV#EANALEARGT X

O F W] 28 W A% 5 TUART £ A 5 1 28 5 S I AE B0 B s AL A0 T S 2 AR RE O T, [ I B AR 2B B kE
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e A I AR v BE S RS AR " S % R I SCHE SO, NI AR R T AR R AN — 3k . S T SEEL
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Morphable Diffusion™ i — 6 = 2 — SOk 5085 40 3 il 5 ) 96 10 307 5 % . % T A 5 76 sk %
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Fig.8 Training pipeline of the tri-plane representation in EG3D""
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fih b, Next3D"/ ik — 454 7 1 38 AR (19 9K 35 26 565 e 28 28 8 9 186 A vt e SO0k L 48 1 < 7 sk s Hke
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THT F ¥ T o
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Fig.9 Training pipeline of GAF™
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Table 2 Comparison of primary methods combining generative models and 3D base representations
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GAF!" B A TR P ™ BOASE 78 2t 56 fige e T R0 48 O 50 1) U 1 6 6 i) R

S bR T HIOSE A A O ok A T DX T R R (AT 2 RO TR S S B A
(N FLAME) , iX S S AE 4 3k H0 45 0 CAn i 30080 ) | 101 0 PR LA B 52 4 U i) 4 B A A B ) Bl AN A2
R R Sk K B A B 5 RO TE G, ik i 2 B RGHE — AP AR T ST, S SR — BRI S5 Rr 4 B
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P B AR B35 3R T T8O NI B O R A DR A 5 0 SR X 7 1 ] DL Sy A AR A A AR — e

SE R 1Y, T G B M T 0 00 = 4R SK LR Se g, pHIORE Y 5 X S SR AR 45 5 1Y O R S — R

AT I 1] o

g5 B RRIR X — AR ARG Wi R 1 = 4 A AR i A s A A Ll R 5 R 2 88 e
B S P EE ORI A T S AR A Y e
3

=4 AR R
TES 2 P E TR A T =48 N 2R B AR 59 K e ik 4%, ol LT A ) H B A = 2 A AR R AR



556 R EBLE Journal of Data Acquisition and Processing Vol. 41, No. 2, 2026

C & LUEEA IR 90 B S 2 00/ A L VB 2 Hoe 1 e — 281 il 1 An = 4k ALK
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Fig.10 Editing results of 3DAvatarGAN""
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Table 3 Comparison of key techniques in 3D face attribute editing
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Table 4 Comparative analysis of primary techniques for talking head generation
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A Survey on 3D Face Generation Technology

WANG Wei'?, HE Yikang"?, WEI Yunchao"?, ZHAO Yao"*

(1. Institute of Information Science, Beijing Jiaotong University, Beijing 100044, China;2. Visual Intelligence + X International
Cooperation Joint Laboratory of the Ministry of Education, Beijing 100044, China)

Abstract: In recent years, benefiting from the rapid development of computer vision and graphics, 3D face
generation technology has achieved significant breakthroughs; 3D vision technologies, such as digital
avatar creation, have become increasingly popular on the internet, attracting extensive attention from both
academia and industry. This generation technology synthesizes realistic multi-view face images by
reconstructing geometric structures and texture details from explicit or implicit underlying representations.
3D face generation technology has sparked many related entertainment and interactive applications, such as
using attribute editing technology to modify facial features via text descriptions, or using talking head
generation technology to drive a static portrait to generate a talking video. However, early technologies
based on linear parametric models suffered from poor realism and detail performance. And the subsequently
emerging implicit neural representation technologies, while significantly improving visual quality, face the
challenges of high computational costs and difficulty in achieving real-time interaction, which have brought
great limitations to practical deployment and application. In order to overcome the contradiction between
speed and quality, numerous scholars have conducted in-depth research on novel representations based on
explicit Gaussian primitives and generative models based on probabilistic diffusion, and have proposed a
series of hybrid generation methods from different perspectives. However, due to problems such as
difficulty in generalizing from small sample data, incomplete modeling of full-head physical structures, and
insufficient consistency in dynamic driving, there is still a long way to go for generation technology on the
path to becoming fully photorealistic and capable of real-time interaction. In fact, research on 3D face
generation and driving technology is still in a developmental stage, and the connotations and extensions of
its technology are rapidly updating and iterating. This review provides a systematic summary of the main
research works to date, along with a brief analysis of the limitations of current technologies. It also explores
potential challenges and future directions for 3D face generation and application technologies, offering a
guidance for future research.

Highlights:

1. Evolution of 3D representations. Systematically reviews the technological transition from explicit
parametric models (3DMM) to implicit neural fields (NeRF), and to the latest explicit 3D Gaussian
Splatting (3DGS).

2. Taxonomy of generation methods. Categorizes current techniques into direct optimization, generative
models (GAN/Diffusion), and hybrid approaches, emphasizing their performance in data-scarce scenarios.
3. Applications &. challenges. Highlights advancements in text-driven attribute editing and real-time talking
head generation, while identifying future bottlenecks like complete full-head modeling and mobile
deployment.

Key words: 3D face generation; 3D morphable models; neural radiance field; 3D Gaussian splatting;

diffusion models; generative adversarial network
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