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Clothed human generation via pose diffusion priors

and multiview consistency
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Abstract: Objective Clothed human generation, which aims to recover the 3D geometry and texture of the human body
from input data to generate accurate 3D human models, is a challenging problem in the fields of computer vision and com-
puter graphics. The need for high-quality generations has become increasingly critical with the growing demand for realistic
3D human models in applications such as virtual reality and augmented reality. Traditional multiview generation methods,

which are often expensive and impractical for everyday use, typically require specialized equipment to capture images from
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multiple viewpoints. By contrast, obtaining single-view images from the web is much easier than obtaining multiview
images. Thus, single-view generation methods become more cost-effective than multiview generation methods, and the
model creation process becomes simple. Given these advantages, we consider using a single view as input to recover the 3D
model of a clothed human. However, single-view images lack comprehensive spatial information and structural details of
occluded regions. Thus, recovering a complete 3D shape becomes difficult. As a result, existing methods based on
implicit functions struggle to learn rear-view information effectively, thereby leading to overly smooth and unrealistic back
regions in the generated 3D human model. Methods combining diffusion models show some potential in enhancing texture
detail performance. However, most of these methods lack view consistency constraints, thereby making the full recovery of
the local texture details of the human body difficult. Additionally, the absence of precise geometric constraints during the
diffusion process causes discrepancies between the generated models and the true geometry, particularly when handling
complex 3D structures. Existing methods typically assume a uniform point distribution across spatial regions by ignoring
variations in the distribution of query points caused by differences in distance from the human body surface. This assump-
tion makes adapting to the geometric complexity differences across various regions of the body difficult for these methods.
As a result, these methods face limitations when generating the surfaces of loose clothing, which have complex and variable
geometries. This study addresses these challenges by combining three mechanisms: pose diffusion priors generation, multi-
view consistency constraints, and adaptive geometry generation. This approach not only preserves the generative capabili-
ties of the diffusion model but also introduces geometric constraints to ensure the accuracy of the generation. Furthermore,
this method can generate high-quality 3D human models by incorporating the probability distribution of human body struc-
ture. This study proposes a generation method that integrates pose diffusion priors with multiview consistency. Method
This study constructs a method for single-view clothed human generation. First, a human pose estimation algorithm is used
to extract 25 key points, which are encoded into Gaussian heatmaps to achieve spatial continuity modeling. This approach
enables the model to understand the spatial relationships around the key points. The Gaussian heatmaps, combined with
the human mask and UV mapping, are used to construct a pose feature vector. This feature vector guides the denoising pro-
cess of the latent diffusion model and generates 2D diffusion images for unseen viewpoints through an adaptive cross-
attention mechanism. Second, after the normal information of the (skinned multi-person linear model expressive , SMPLX)
human template estimated from the input image and the 2D diffusion image are fused, they are input into the cross-view nor-
mal consistency network, where the multiview consistency mechanism extracts the corresponding 3D spatial features for
each viewpoint. Finally, the voxelized features of the SMPLX human template and the 3D spatial features are fused and
input into the distribution prediction network for spatial occupancy probability estimation. The model can express geometric
uncertainty at different spatial locations and sample from the learned probability distribution by learning the distribution
parameters of each point. Then, the 3D features, voxelized features, and sampling results are input into the occupancy pre-
diction network to achieve 3D clothed human generation. Our entire model is trained on the THuman2. 0 (Tsinghua human
2.0 dataset) dataset, with 490 images being used for training and 21 images being used for testing. We tested the model on
the CAPE (clothed auto-person encoding) dataset to evaluate the generalization ability of the model further. This dataset is
divided into two subsets: CAPE fitted poses (CAPE-FP) , which contains 75 images used to assess the geometric genera-
tion accuracy of the method under simple poses, and CAPE nonfitted poses (CAPE-NFP) , which contains 75 images and
focuses on evaluating the method’ s adaptability to complex poses. The experiments are conducted on an NVIDIA GeForce
RTX 3090 GPU, with a learning rate being set to 1 X 10~ and a batch size of 2. Result We conducted experiments on the
THuman2. 0 and CAPE datasets and compared the single-view clothed human generation results with the results of six other
methods. Chamfer distance (CD) is used to evaluate the overall geometric similarity of the 3D human body, and point-to-
surface distance (P2S) is used to assess the geometric accuracy of the reconstructed surface. Both metrics perform well
when their values are small. On the THuman2. 0 dataset, the CD and P2S metrics of the single-view clothed human genera-
tion method were reduced by 6. 27% and 5. 74%, respectively, compared with those of the best-performing method. On the
CAPE-FP and CAPE-NFP subsets, the CD and P2S of the single-view clothed human generation method performed better
than those of the other comparison methods. On the entire CAPE dataset, the CD metric of the single-view clothed human

generation method decreased by an average of 8. 67%, and the P2S metric decreased by an average of 2. 38%. Quantitative
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experiments show that our method has good generalization ability for unseen data and can effectively handle human genera-

tion tasks in complex poses. Inference efficiency comparison results show that the computational complexity of our method

is lower than that of similar diffusion model methods. Experimental results indicate that combining pose diffusion priors and

multiview consistency helps recover the texture details of the 3D human body, and adaptive geometry generation enables

accurate recovery of complex clothing topologies. Conclusion The single-view 3D clothed human generation method pro-

posed in this paper, which combines pose diffusion priors and multiview consistency, effectively recovers the local details

of the clothed human and accurately generates 3D human models with complex topological structures, such as rich wrinkle

details and loose clothing.

Key words: single-view clothed human generation; pose diffusion priors; multiview consistency constraints; distribution

prediction network ; probability distribution
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TR 1 2200 P — 0k 24 R B %) 5 00 £ RRAE
F.. SIUTHAERLA o F g = F OF o i, 0%
INBICRIEBERAE . T 1 i 7 FH IO e vk 3Rk
A AN E M, 00 A IX A T, A8 S0
TR B RHIE F 0 50 A5 A0 W00 25 T 32 0 S50
$ir o3 A AR, B e Sk
N(p,, ;)= (F\y0.p) (13)
o, p KA AR AR R o2 43 1A T (14 25 (D
Ty 2o It eE S BA S S B RR A R A
ANTR) 25 )AL 8 1 LAY AN S 1, 4 103 P b B
UNIEE S T AT ]S
SR X o M Y o 0 25 5 7 i Ak e
AR VAR GE A, B3R 285 B R A AL, AT 53 A7
TSR FE, BAK R
Peample = fN(o w,, o, )do (14)

A, 0 R o5 A, #E—2B 5 A S DAL 2% 0, 45
B RAEGE N 3 A0 SO e 2 5 1, B

0, = (P e s T3 Figiia) (15)

BE X Yang 28 A (2023) 2 Hi 9 KL (Kullback

Leibler) SRk 20 T NIRGE M A N TEREPE S T

SEORE A A T AR AR AR, AR SO AR5 4 SRR 1Y
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Wb, XIWW, FERE, XME, B
MERBT HAERSSWE—HENEEAEER

O3 A EE TG LADK 3 AR P9 A0 DX I ) AN [ 4k
ST KL 0E 6 8B A3 45 N (pr, 0 07) 5 L BRSD
0 N (a0 IR 5 AR
Ly, = KLON (et 05 | N (. 03)) - (16)
2P, B, B8 R S FME, 7 22 o 2 ARYE A A
L EPE B AE R . FH] SDF AR X 53 5 p A
BT WA SIS, SRy A AN s 5 B AR 2 0B R
BN
rup) =k [1y e g ] ()

Kb,k FH TR H 7 22048 LA, b, b, SR AR S
BOLIGRE b, =4,b,=7) 1,1, 48 7 s 5, 24
SDF(p)<0. 58 1,20, HAth Ay 1, H Iy + 1, = 1,38 1
LG TR, ol 15 12 3 TS0 A 1 o, DR 2 A S
ST R I AL T AR S B AN 1, DA R
T} 52 2k A 28 235 ) 1 35 i

Rt R A ?ﬂﬁﬁﬁ%ﬂﬁnﬁﬁﬁﬁé FH L2 %
LY e S B A Y 25 5, BARH

—fji owa(p) =0, (p)]  (18)

A NSRRI 0, (p) Ao, (p, ) 20 501 0 0
FECSZ Y 5 FE . B oA 2% 2 5 TUAar A= ks B2
SIS & A B RN Hbr . BAR

Low =L+ AL, (19)
A, A = 0. 5FESLG TP S T A Fak g S 5 L]
A RS B B e A A . OBUEE R ML O 1T MRS
JUART SIHE 40 2015 (0 i i 22 2] oA 4 2 42 i 4 )
Py, JUART A B R TR DR R FRRS B . B S 4R e A
PR XA SS () F o AT AR B A B o
LA B NRABEAY

3 XWEREHM
3.1 XWEERHESE

SEEGAE FH AR E S U0 : AMD 48 A Hl gt @
2.3 GHz,NVIDIA GeForce RTX 3090 GPU (24 GB i
1), 128 GBNAE, & T PyTorch 1. 12. 0VRJE T HE
ZEFICUDA 11. 6 L3 . Y25 R H RMSprop L4
SERUEE A 1 x 107 HERKR/INR 2, Bl ZRFe 5k
154> epoch, I3 AR 598 (1 x 107°) A FE 3 5
(Lot gRfaa . ATz Lie JT, R
3B Bl 2R AW < 1 51> epoch FRIMI RSP HSE

95 A A, 2 6~ 15 1> epoch i
yllE

SEI AR A 2 JT RO AR L BEAT B IE . Thu-
man?2. O £HEAEAL B 525 i /51 T £ 19 — 4 AR5k
I 150 A [F] ik s A AR 838, 5
SIFU(Zhang 45, 2024a) 75 5 UL, AR SCIEFF 490 UK
T UL, 21 Y 3003, wf ORI 280 19 58
g3 P AT G 45 2R 1Y AT FE P . CAPE (clothed auto-
person encoding) £ 45 52 # 7 ICON (implicit clothed
humans obtained from normals) (Xiu 4§, 2022) ) ¥ 1fE
PP, RS 2 150 R4, 1150 A A~ 4
CAPE-FP (fitted poses) £ 7% 75 YA faf FL A &2 2549
i, T I 7 AR AT A JLAT AR RS BE
CAPE-NFP(non-fitted poses ) {1 75 R 52 24485374
AN 5 TR XA S A AN S A S E 1 1 e
3.2 iHEIERR

5%t 5 (Xiu 45,2022, 2023 ; Yang %5, 2023 ;
Zhang 55, 2024a) R4 — 2, AR SCRH 3 EAMY L
[ PEAG AR AR , AN ] 28 B2 i Ak JUART 2B B . {814
#1 #5 (chamfer distance, CD) iy & Tl 25 2= 5 H 52 15
= Z (6] Y XL e e T 4R BB, DAL B AR TL AR AR A4 AH
LR S 5 3 1A (point-to-surface distance, P2S) it
ST 5 A v RS B B LR Y SR /N PEAG
AR R TE A LA B . 12k 25 5 (normals differ-
ence, Normal ) T35 Tl 3R AT A 48 5 L S0 1L 2 11 2 Ff)
25 VEAN BTy ) A TR AR LR 40T . CD
AR AR IR —F0E: , P2S e R i JLAT RS i, Nor-
mal A5 I J5 A0 B i, — H A5 AR T N2 W E
IO A 4 A SRR IEA o BT TR AR A4 SR T8 N i
U PN AR
3.3 xfLeFISAR
3.3.1 XTI

AR XS LG A TH PR RN PP e 6 MR
PE Y B R 3 AR A U AT X L s R T
B X PR LAY PIFu (Saito 55,2019 ) , PaMIR (parametric
model-conditioned implicit representation for image-
based human reconstruction) (Zheng 45 2022), T
Z BB [ ICON (Xiu 45, 2022) L ECON (Xiu %,
2023) .D-IF (Yang %:,2023) , DL K 5 T3 Hof A 1
SIFU(Zhang %5 ,2024b) . X} kb 7 25 A AH & K da 245k
TR, £ 3 @/R T 7E THuman2. 0 54l 4E L e
XIS R . ARSCTTIEAE CD M P2S 15 5 L35 iU fs

JE AT 4 R B i 3]
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AL PERE , CD A K 0. 558 7, #H LWk £ 5 ¥ SIFU [&
1% 6. 3%; P2S {H M 0. 571 0, Ml Ho ¥k 8 7 % A%
5. 7% 3K FWIA 7 1 Be 8 A6 il TS 1 110 J LA 235
A2 U S 2 53 A T B GARAY  7E Normal 48
Fr b, AR SCI7 ¥ J90. 048 2, % = T SIFU 14 0. 040 7,
F2 B SIFU SR FH DU AR A 12 2R R AIE 1 AR S
SO AARFAE o 5 0 S A 4R AE 18 5 7 (Xiu 4
2022,2023; Yang 55, 2023) M H , A SO AT R Fr 48
R 2 5

SRS EA SO iz AR RE T , 7E THuman2. 0 4%
P4 BUNZE, 7€ CAPE B4 4E Lk, R4 Bon, A&
)5 AE CAPE-FP il CAPE-NFP 74 [ ¥ U5 &
i) CD A1 P2SPEfiE, 7E CAPE-FP |- ,CD{E }0. 573 8,
P2S{E M 0. 588 6;7F CAPE-NFP [-,CD{E 4 0. 707 0,
P2S{H M 0.711 9, ¥ W& UL T3 A 5, ik T4
SCOTVE XA DB BAA Rz AR EE T, BB A 3L
Wb PRA AT I N A AT 55

&5 BN THEFRECR AN L ATy A BRI
] 4y 23. 25 s, AR HoAG 58 J7 ¥ D-IF (Yang 55, 2023)

£3 AXFEETHuman2. 0$iEE F5E AT EM
EEXLER
Table 3 Quantitative comparison results of the proposed
method with other methods on the THuman?2. 0 dataset

WiRvS CcDh P23 Normal
PIFu(Saito %,2019) 15991 14333  0.0843
PaMIR (Zheng %5 ,2022) 12152 1.0582 0.0730
ICON(Xiu%#,2022) 09491 09846 0.0621
ECON(Xiu%:,2023) 12585 1.4184  0.0612
D-IF(Yang%,2023) 11696 1.2900 0.093 6
SIFU(Zhang % ,2024b) 0.5961 0.6058  0.040 7
A 0.5587 0.5710 0.0482

T L R R 2 PR R & S R A RS

F1 HiLo (detailed and robust 3D clothed human recon-
struction with high-and low-frequency information of
parametric models) (Yang 55 , 2024 ) W& /=7 , {EAH L [R] 28
P HORE R SIFU (Zhang 25 ,2024b ) 18/ 21. 9% ()4 34
I I, U8 AR SCT5 125 A TR A 37 BIORE LK e i e 3]
fERHEAS 1], A R T ISR

Fd4 AXFEECAPEHIEE LEHMAENESENLER
Table 4 Quantitative comparison results of the proposed method with other methods on the CAPE dataset

CAPE-FP CAPE-NFP
WIRZS

cD P2S Normal cD P2S Normal
PIFu(Saito % ,2019) 1.8139 15108 0.079 8 2.560 9 1.997 1 0.102 3
PaMIR (Zheng % ,2022) 1.4810 1.163 1 0.0727 1.6313 1.266 6 0.073 0
ICON(Xiu%,2022) 0.724 7 0.697 9 0.037 1 0.884 6 0.856 9 0.043 4
ECON(Xiu%,2023) 0.903 9 0.893 8 0.037 3 0.946 2 0.933 4 0.038 2
D-IF(Yang % ,2023) 0.762'5 0.769 0 0.050 3 0.8237 0.8357 0.057 5
SIFU(Zhang % ,2024b) 0.629 7 0.598 0 0.0327 0.772 5 0.7354 0.037 8
25 0.573 8 0.588 6 0.035 7 0.707 0 0.711 9 0.040 4

E IR R R TR IR B R AL A4S

RS ANFESHMGTENHEEIRILRER
Table 5 Inference efficiency comparison results of

the proposed method with other methods

WiRiS HEBERSR] /s
D-IF(Yang% ,2023) 18.51
HiLo(Yang%¢,2024) 19.17

SIFU(Zhang % ,2024b)
AL 23.25
I R R L 2

29.77

3.3.2 EVEXTLEE

AR SCN G 2 AN e b e 2 T TS 3T
1 HiLo (Yang 45, 2024) . SIFU ( Zhang %5 , 2024b) #l
D-IF (Yang 5%, 2023) #E A7 PEXT . I3 45 1 T 7
B ANER et g . B 358 1 AT LG
AR SO IR R AT UK 2 TR A, AN AT L X 3
A BRI R SO, ML R RIS T3 Eos
AU 7 35 SIFU BT 2R FH SMPLX AR5 Bf 22 3R
W, AT PR 22 1 2 T BRI A H B
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Fig. 3 Qualitative comparison of the proposed method with other methods under complex poses and rich wrinkle details

((a) input images; (b) D-IF;(¢) SIFU;(d) HiLo; (e) ours)
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(a) RN EE
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(d) HiLo (e) AL

B4 ARIOTEAEAF R SER IR T 5 HABTT % B E PR X H
Fig. 4 Qualitative comparison of the proposed method with other methods under different styles of loose clothing

((a) input images; (b) D-IF; (¢) SIFU; (d) HiLo; (e) ours)
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Fig. 5 Qualitative comparison results of the proposed method under side-view input and complex clothing deformation

((a) input images;(b) D-IF; (¢) SIFU;(d) HiLo; (e) ours)
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10 Fig. 7 Visualization results of Gaussian heatmaps for keypoint
encoding after channel addition
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Fig. 6 Comparison of Gaussian heatmaps with Fig. 8 Qualitative comparison of the effectiveness of pose

different variance values diffusion priors generation ((a) input images; (b) SiTH; (¢) PD)
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Fig. 9 Qualitative comparison of pose diffusion priors

generation on the CAPE dataset ((a) input images;
(b) SiTH; (¢) PD)

2R (multiview consistency constraints , NC) X} 2%
PR B B TR, S0 BRI R R S Ak 2 A
(base) —#, 45H W7R,CD FEAK2 0. 875 2, P2S ¥
fIRZ 0. 884 1, PIAS JLATHE BE 48 b 1 W] 2 $2 7, 26 B
RS A A JLART 45 44 S M ME B . Normal b JH 2
0.075 93X Jik 1 T A5 WU o i A A A A ot
PR T RS PR , 3 BOE LA T A TE W 2% .
SR, 2 — Bt L R 3R T T4
BER BTN B2 ML 08 o
xo ZME-—HUEARHERNESTEELER

Table 6 Quantitative results of the effectiveness analysis

of multiview consistency constraints

®7 BEM/LAERBNEREITNSEHBEEER
Table 7 Quantitative results of the effectiveness analysis

of adaptive geometry generation and parameter ablation

7850 b, b, CD P2S  Normal

Base — — 09230 09855 00732
10 6 08941 09103 00799

77 08642 08792 0.0755

k];se +PD NG 6 08798 09043 00747
4 8 08582 08709 00757

4 7 08214 08347 0.0713

e CD P2S Normal
base 0.9230 0.9855 0.073 2
base + PD + NC 0.8752 0.884 1 0.0759

TE R R SR 2 5 B A4 2R

3.4.3 [N U AR B A RCE 3 B

S B UE A 35 R LR AR B A ROt A 2 R —
oM 2y OB R b AT Al S, OF 5 R R AR R AR
THuman2. 0 b FCEE, 435516 280 b, Fl b, 396 5% A [] 11
{8, Horr, b, FE ARSI S 5 22 , b, AR N
ST 25 SRR 58/, RTERT
ENGEE > &Ry et O

MFTATLAH L S b1 =10,b, = 6 I, 34545

TE O P RS S R 2R =" FR TR R R

(CD.P2S #il Normal ) )45 T HEZ &, W HMER s iok
NI ZE B AN B NIRZS R R, b, =4,b, =
7, 3 WA AR AT AR BE L A HE base , AR SO i
1E CD F#{% 0. 101 6, P2S [ 0. 150 8, Normal F# %
0.001 9, B iiF T 3 F AR EGE #1940 A 7 15 10 34
P, UL REAE SR T AR LA 5 S LA 22 8] (4 A
LEE

B 10 IR T AN TR S 800 A 7 B A0 ER L B RE
PESESR . b, = 10,0, = 6 B, A= il S H B K& L
Al BT 5 BE b, V)N B TR T ik 2, A5 0 528 A TR A
HR A3 Ai 5 24 b, = 4,b, = 7 WA= ORUR Fed: , RE SR
B UMIER ;2 b, = 4,5, = 8, I L £ 245
b FRABIRLTIE . SCIR A SRR IR i S
RO E D, = 4,b, =T, K TERMIRE A W E

4 &

o BPLR PR i A 2 2R AR AR B SRAFAE AN AT
L DX ISP R TR T 0 1 AN A8 35 I LA B LA
i s R RE TLART A58 ) L, AR SO i 4 i 2 5 O 0
A A — B2 TROR [ 3 LA AR AR Fi
T AR YRR S 2 I — S R
NAEAE T o 25 BB A R A FH e S 4
5| S AR IO, b AN R L XA 15 BB 5
ZA P — B A R L T 23 e R U S
PR PR, 3 i SR A A 1 SR IK RE T 5 L I LA 2R A
R BRI 1 B (RN 5 25 5 ~F A ) S A AR A, 3R T
T A AR A A LT 1

FRIRAR SO TR 3 N AR B SR SE A R e fiE
0 52 AR A 0B 9 A B, (ER AR AL 5 Y



$31%5 /FE 485 /2026 F£4 B

Kb, X9, FEEER, XFE, BH
MEETT HERS SUE-HENERANEER

# i ftaflalte

(b) b, =10, b,= (©) b, =
K10 HiE&E

(OFiZNE]

(d) b= (€)b,=4,b,=

Mﬁﬁi&%%ﬁ%ﬁmﬁm

Fig. 10 Qualitative results of parameter ablation for adaptive geometry generation

((a) input image;(b) b, =10, b,=6;(c) b,=7, b,=7;(d) b, =4, b,=8;(e) b,=4, b,=7)
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