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[Abstract]

Generating 4D humans from textual descriptions has become an important problem in various applications
such as the metaverse and virtual reality. However, previous Text-to-4D generation methods typically
generate appearance and motion jointly, which leads to limited controllability and high computational cost.
In this paper, we propose a novel text-driven 4D human generation pipeline that integrates separately
generated appearance and motion. First, from the given appearance and motion descriptions, a human
appearance image and a motion sequence are generated using Stable Diffusion and Motion Diffusion Model,
respectively. Next, MusePose combines the generated appearance and motion into a frontal-view video, which
is then extended into multi-view videos using SV4D. Finally, Grid4D is employed to learn 4D representation
from the synthesized multi-view videos. To validate the proposed pipeline, we construct a dataset for 4D
human generation and conduct quantitative and qualitative evaluations on rendered videos. Experimental
results show that the proposed method achieves 77.5% in Dynamic Degree, 58.3% in Aesthetic Quality, and
24.8% in Overall Consistency, indicating that while trade-offs exist among some metrics, the method

maintains a balance between dynamic expressiveness and visual quality.

» Key words: Text-to-4D Generation, Dynamic Human Synthesis, Gaussian Splatting, Generative Model,
Deep Learning
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I. Introduction
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Fig. 1. Given the same appearance text and different
motion texts, previous methods fail to preserve consistent
appearance across motions, but our method maintains
stable appearance while generating diverse motions.
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II. Related Work
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Fig. 2. Overview of our proposed pipeline.

III. Methods

QJ2into @ 4D QI7HHuman) AJ#A
Areh 9l olulR] A, SR AR, A
=ato] A3, oA 7Ist 94 A4, 22)n
H:TUE-)] 9.—71]% 6}L’}q E} O]EE}C"_]QE %%l»f‘;]- Eﬂﬂ

4D 2!
9132 AQalck. A B3 Fig. 20] 2w} gloo)
7} ol chet Age ofefet 2.

1. Preliminaries

2 AolN AREElE= 3D mIAR
Splatting[6]2 7|§tC 2 I} Gaussian splatting2 AF
HE 3D 7 Y9] A4A91 Gaussian primitives?] %
stoz Uz, N7Jj9] Gaussian®Z  0]F0ixl
Gaussian Agre x| ¢ e RV *3 3™ e RV*4,
se RVN3, ce RVN*3 EBEEQg

oc RV meulge yEo] AXZE Acjelo] Jhs

3D Gaussian

) Ay

3t 23 ¥lolc}. 3D Gaussian thoat 22 Uk kg
2 gojart
1 -
G(X) = exp(= 3 (a—p)"S w—p). (1)
o7|1A, 2EA ¥ = RSSTRT 2 g4 9 a712 &
3 1"t 1 %, 7F Gaussiang ZiH2t £9 249
Jacobian JE &8} X' = JXJ &Eje] 2D AAF HHo
Ae| geatos ofgry
Gaussian splatting®] M-S Hsfl, F£J= 2D

Gaussiane 7lo] 202 A2 Gaussian?] 7}5& 3ho

2 AAREIC) 7 DAl Ao AJAF Al ofgfle} 7t

C= 2 cioiz]___[(l—oj). (2)

i=1

o71M ;2 o; + YA Gaussian?] A, 2FP s
=sta, 1 63% A By s SRt Zusog o
A2 7} Gaussian©] slid ZAdo] 0lx|= 7H5AlE &0l
2% RGB 3= 245 HaL, 7Pk Z1o]9] Gaussian

ol ¢ & 7|9E 7R=5 BAgY. oj2fst e/ W=
£33} Gaussian splatting B2l w2 &g =0 =X
o] ojujxlE AHHL 4 Ut

= o LofA}= o]2i5t Gaussian splatting?] =2 &
At whE Hoy 25 7|¥Ee2, ARt mgaf %i}a}t
3D QIto] HHjet sAtS aaNoE MPYY £+ AT
siict. offjollM= AA| WS TAER ARttt

rorek

2. Human Image and Motion Generation
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Fig. 3. Attribute distributions of the constructed text dataset.
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Table 2. Examples of text from the

constructed dataset.

prompts

Appearance Motion

Caucasian male, young,
wearing a chunky
mustard-colored

turtleneck sweater and

blue jeans, paired with
brown ankle boots.

African American male,

middle-aged, dressed in a
red T-shirt and blue jeans
with a confident stance.

Elderly African American
male sporting a

lightweight, unbuttoned

white shirt over a casual

tee, matched with light

beige pants and brown
sandals.

Middle-aged East Asian

male attired in an orange

tank top and gray shorts,

finished with black running
shoes.

Hispanic female,
middle-aged, geared up
for winter sports in a blue
ski jacket, teal pants,
gloves, and ski boots.

A man is running away
from something in fear.

A man is throwing
defensive punches.

A man is throwing a ball.

A man is taking a soccer
shot.

A woman is climbing the
stairs.
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Table 3. Quantitative Comparison on Comparative Evaluation Set (20 texts)
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