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High—-Fidelity Digital Humans Based on Attention and Expert Mixture Network

TAN Huafeng"z'3, HE Ruhan'?

(1. School of Computer Science and Artificial Intelligence , Wuhan Textile University ;2. Hubei Provincial Engineering Research Center for Intelli-
gent Textile and Fashion ;3. Engineering Research Center of Hubei Province for Clothing Information , Wuhan 430200, China)

Abstract: In this study, a high—fidelity dynamic human body reconstruction method based on monocular video is proposed to solve the prob-
lem that non—rigid motion is difficult to accurately model in dynamic human body rendering. It can capture rich human posture and generate re-
alistic 3D rendering results from a new perspective. This method uses expert mixture network to decompose complex motion patterns, and uses
multiple expert sub—networks to model non-rigid deformation in detail. The shadow prediction network of residual structure and channel atten-
tion mechanism is designed, and the residual structure and channel attention mechanism are integrated to enhance the modeling ability of illu-
mination and shadow changes.The combination of texture loss and gradient difference edge perception loss is used to promote the model to re-
store fine—grained wrinkles and texture details. On the ZJU-MoCap dataset, the performance of this method in the new perspective synthesis
task reaches PSNR 30.44 dB,SSIM 0.969 0, LPIPS* 31.07, and the performance in the new pose synthesis task reaches PSNR 30.53 dB, SSIM
0.969 8, LPIPS* 29.95, on the PeopleSnapshot dataset.The average indexes of the four test sequences are PSNR 30.83 dB, SSIM 0.979 6 and
LPIPS 0.020 5, which are better than the current mainstream methods. The inference speed of this method can reach 40 FPS, and the model is
only 3.92 MB, which realizes the combination of high precision and high efficiency.The experimental results show that this method has advan-
tages in dynamic detail modeling, rendering quality and real-time performance, and has the potential to be widely used in virtual reality, digi-
tal human, film and television production, telemedicine and other fields.
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Fig. 1 High-fidelity dynamic human body rendering method
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Fig.2 Framework structure
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Residual structure and channel attention pseudo—shadow prediction network
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BX1  ResCASNet§7ik

N . el E normals

B b BARE TN (S)

1. function ResCASNet(normals )

2. pos_embed < PositionalEncoding (normals )

3. h < Linear(pos_embed — hidden_dim)

4. h < LayerNorm(h)

5. FOR each ResidualBlock in blocks DO

6. IF skip_connection THEN

7. h < Concatenate(h, pos_embed)

8. END IF

9. END FOR

10. out < Linear(h — 1)

11. RETURN Sigmoid(out)

12. END function
Bik2 EHNHE

i s B 2T S xyzs_skeleton, HARZEZS W] & dst_posevec, 24
HOLACLEL i iter, W] REHEFLHERE R , 7T He i il 1] e S

B s RS B TS xyzs_new, HTE B IERE R_new , ¥ )5
A4 S_new

1. function EHN (xyzs_skeleton, dst_posevec, i_iter, R, S)
. xyzs <— Permute (xyzs_skeleton)
. pos_embed_fn < GetEmbedder(multires, i_iter)
. pos_embed <— pos_embed_fn(xyzs)
h <= Concatenate( Expand (dst_posevec) , pos_embed)
. offset <— MoE(h)

. offset <— Linear(offset )

. xyzs_new <— xyzs_skeleton + offset/ ..., :3]
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9. IF update_rot THEN

10. R_off < SO3ExpMap(0ffset[... ,3:6])
11. R_new <~ R_off @ R

12. ELSE

13. R_new < R

14. END IF

15. IF update_scale THEN

16. S_new < S + offset] ..., 6: ]

17. ELSE

18.S_new «— S

19. END IF

20. RETURN xyzs_new, R_new, S_new
21. END function
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X (20) Frow o
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TSN AH L (Learned Perceptual Image Patch Similari-
ty, LPIPS) 554 A= (22) Fizs .
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Table 1 Quantitative results on the ZJU-MoCap dataset
F1 ZJU-MoCapHiRE FHEELER

Method Novel view synthesis Novel pose synthesis Inference Memory
PSNR 1 /dB SSIM 1 LPIPS* | PSNR 1 /dB SSIM 1 LPIPS* | MS | MB |
Neual Body 28.72 0.961 1 52.25 28.54 0.960 4 53.91 212.3 16.76
HumanNeRF 29.61 0.962 5 38.45 29.74 0.965 5 34.79 1776.7 245.73
NeuMan 28.96 0.9479 60.74 28.75 0.940 6 62.35 34125 2.27
MonoHuman 28.81 0.949 8 54.29 29.83 0.967 2 34.23 5970.0 280.67
GoMAvatar 30.37 0.968 9 32.53 30.34 0.968 8 32.39 23.2 3.63
Ours 30.44 0.969 0 31.07 30.53 0.969 8 29.95 25.0 3.92
Table 2 Scene—by-scene decomposition of new perspective synthesis based on the ZJU-MoCap dataset
F2 ETFZJU-MoCap HIEEHNHAAEREHRNHF
Method Subject377 Subject386 Subject387 Subject392 Subject393 Subject394
PSNR SSIM LPIPS* PSNR SSIM LPIPS* PSNR SSIM LPIPS* PSNR SSIM LPIPS* PSNR SSIM LPIPS* PSNR SSIM LPIPS*
B 1 L tas 1 ! T 1 Ltk 1 ! T/ 1 Ltk 1 |
Neual Body 29.08 0.9679 41.17 29.76 09647 4696 26.84 09535 60.82 29.49 09640 51.06 2850 09591 57.07 28.65 09572 55.78
HumanNeRF 29.79 0.9714 2849 32.10 09642 41.84 28.11 0.9625 37.46 30.20 0.9633 40.06 28.16 0.9577 40.85 29.28 09557 41.97
MonoHuman 28.36 0.9549 44.83 31.90 09582 52.60 27.46 0.9475 5847 29.23 09468 58.44 2730 09430 57.80 28.60 0.9485 53.57
GoMAvatar  30.60 0.976 8 2391 3297 09752 30.36 2834 09635 36.30 31.04 09708 33.25 28.80 09622 37.77 30.44 0.9646 33.56
Ours 30.62 09768 2296 3348 09768 26.05 28.34 09634 3548 31.14 09711 32.07 28.71 09617 37.08 3045 09646 32.65
Table 3 Scene—by-scene decomposition of new pose synthesis based on the ZJU-MoCap dataset
#3 ETFZJU-MoCap HIRENIMESTERBHRSHF
Method Subject377 Subject386 Subject387 Subject392 Subject393 Subject394
PSNR SSIM LPIPS* PSNR SSIM LPIPS* PSNR SSIM LPIPS* PSNR SSIM LPIPS* PSNR SSIM LPIPS* PSNR SSIM LPIPS*
T/iB 7 ! (RGN ! T/B 1 1 T 1 1 TWs 1 ! B 7 !
Neual Body 29.29 0.9693 3940 30.71 09661 4589 2636 09520 62.21 28.97 09615 57.03 27.82 09577 59.24 28.09 09557 59.66
HumanNeRF 29.91 0.9755 23.87 32.62 09672 39.36 28.01 0.9634 3527 3095 09687 3423 2843 09609 36.26 28.52 0.9573 39.75
MonoHuman 30.23 0.9771 23.87 32.41 09683 3945 27.61 0.9613 3834 30.88 09714 3352 28.75 0.9634 3543 29.10 09619 34.75
GoMAvatar 30.68 09776 2341 32.86 0.9737 3225 28.18 09626 3643 31.44 09716 33.20 29.09 09635 36.02 29.79 0.9638 33.00
Ours 3044 09773 2217 33.66 09765 2643 28.37 0.9637 3470 31.55 09722 31.16 28.98 0.9635 34.59 30.19 0.9655 30.67
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Fig. 5 Qualitative results of the new perspective synthesis task on the
ZJU-MoCap dataset
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Table 4 Decomposition of each scene of novel view synthesis on the PeopleSnapshot dataset

4 PeopleSnapshot #1E&E FMFH U E SR BH =T H

Method m3c méc f3c fdc
PSNRT/dB SSIMT  LPIPS| PSNRT/IB SSIMT  LPIPS| PSNRT/dB SSIMT  LPIPS| PSNRT/dB SSIMT  LPIPS ]
Neual Body 24.94 09428  0.0326 24.71 0.9469  0.0423 23.87 09504  0.0346 24.37 09451  0.0382
Anim-NeRF 29.37 09703  0.0168 28.37 09605  0.0268 28.91 09743  0.0215 28.90 09678  0.0174
HumanNeRF 23.82 0.9487  0.0376 26.76 09605  0.0237 26.13 09558  0.0277 24.46 0.9365  0.0502
InstantAvatar 29.65 09730  0.0192 27.97 0.9649  0.0346 27.90 09722  0.0249 28.92 09692  0.0180
GaussianAvatar 30.98 09790  0.0145 28.78 09755  0.0228 29.55 09762  0.0225 30.84 09771  0.0140
GART 30.40 09769  0.0377 27.57 0.9657  0.0607 26.26 0.9656  0.0498 29.23 09720  0.0378
GGAvatar 31.01 09812  0.0349 29.40 0.9728  0.0509 27.96 09753  0.0452 30.29 09750  0.0343
GoMAvatar 31.74 09793  0.0187 29.78 0.9738  0.0282 29.83 09758  0.0209 31.38 09780  0.0174
TAGA 29.69 09749  0.0182 27.17 09656  0.0368 25.81 09629  0.0263 28.63 09718  0.0193
Ours 32.54 09829  0.0177 30.28 09760  0.0273 30.61 09783  0.0198 31.87 09812 0.0172

9 2 9 ? ) § ¢ HATBRAAAE—E R R
A A \ \ Table 5 Ablation experiments on the ZJU-MoCap dataset
N N ||N , l %5 ZJU-MoCap KBS | SRS

nnnnnﬁ\

GoMAvatar Ground Truth Reference RGB Predicted Normals

Fig. 6 The qualitative results presented on the PeopleSnapshot datas-
et
El6 PeopleSnapshot #{E& B R E ML

Novel view synthesis Novel pose synthesis

PSNR T/ PSNR T/
SSIM T LPIPS* | SSIM T LPIPS* |
dB dB
wlo EHN 3026 09683  31.60 3045 09692  30.33
w/o ResCASNet  30.17 09682  30.78 3024 0.9688  29.78
W0 Lypire + Loge 3042 09688 3142 3051 09697  30.50
Full model 3044 09691 31.07 3053 09698  29.95
T LG 25 R B %y A T R B R e i
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Fig.7 Ablation experiment
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Fig. 8 Failure cases
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