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Background

* Linear Blending Skinning (LBS)
-Mesh HY 7| E 22, 2d(joint) 2| S A & 0| [t ZH (vertex) A& dFH =2

10| O] HEo| Moz FEFZ FH, 7t X|(Weight) S 7|Efe = HH
-2} Vertex/} 0] 2] 2HE (Joint)2| b= &S

-Weight Matrix= (Joint 7H== x Vertex 7| ) 2
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Background

» Canonical space (7|-7F- EHHAJ)
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-Backward Process (& 2f2f 1t78): == & 7tZ Canonical Space= 'H&Hot= 17d
~Forward Process (‘'3 22f 1H°d): Canonical Spaced| Al 22 Z=

Backward Process
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Forward Process
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Posed space (input)

<T-pose>
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1) Jiang, Wei, et al. "Neuman: Neural human radiance field from a single video." ECCV 2022
2) Guo, Chen, et al. "Vid2avatar: 3d avatar reconstruction from videos in the wild via self-supervised scene decomposition.” CVPR 2023

Background

e Task: 4D Human and Scene Reconstruction
- A|Zte Zetsto] SE 0l oIZta HA Ol HjH B SAI0 K7y

= NeuMand(ECCV 2022), Vid2Avatar?(CVPR 2023) H& ZHHO| & o
-HH 220 el¢tE Zotet & FHM= X+4 SEO| B &

Vid2Avatar [6]

<7|& gt o| BX| > <HUGS Method>
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Introduction

« Contribution
- 7| & NeRF 7| gF 2 Of| H|SH 2 HEH
-CtE & Olo|E MEOA sOTA 85 E78
- 50~1007H 2| frame B2 £ reconstruction 7}

« Conclusion £2F

1

T

— HUGS+= monocular video 2 &

Short (80 frames), in-the-wild Animatable human avatar & disentangled scene representation
monocular video 60 FPS rendering time

<HUGS 27l>
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Method

A

HUGS overview

S 5L EZ LH+0l 23

® captured frames

frame 0

- frame 1

& frame t
§ camera pose t
. SMPL pose t

camera pose 0
- SMPL pose 0 (6, B)

camera pose 1
SMPL pose 1 (64, B)

- static scene Gaussians

in the world coord.

— | splat

canonical space

camera pose t

!

rendered frame t

feature triplane

ol — color sph. harmonics
S opacity
— Ap mean shifts
D¢ |— R rotations
— S scales
Dp | — w LBS weights — [LBS
MLP

*
SMPL joints att  human Gaussians
in the world coord.
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1) Goel, Shubham, et al. "Humans in 4D: Reconstructing and tracking humans with transformers." ICCV 2023

Method

« Part 1. Input data
- = B H|C|2(50~100 2| )2} 7+H| 2t pose B &£
- Human data ‘4“3 (pose 0 parameter, shape B parameter)

—Pretrained =l SMPL regressordS At&

-ZH H|C| 2 Z 2| 2 Of| human pose 8 parameter, shape B parameter =7

captured frames

frame 0
camera pose 0

3 SMPL pose 0 (8, 8)

+ frame 1
camera pose 1
SMPL pose 1 (64, B)

7 8 frame t
b camera pose t
=. SMPL poset (6:, B)

<Z} H|C|2 =& 0 CHSH parameter 8>
ﬂ 47 T 8k
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Method

« Part 2. Initialization step
- Human: SMPL mesh2| E & (vertex)= 7|Bt2 = Q17| 27| 72 A0t 2 E 4 H
- Canonical space (B &7 HO|
-Human model= 2= poself s S &M= B#2HSH7| f|df dalet st
-Da-poses & 1t2tEl poseE 27
- Feature triplane
—Canonical space 27| Bt 2| A 2o|o| B =7t
-2t Tt A|QHO)| CHBHA A& T 7| 2| ™, S LIEHLH 7| 2o Ho| =l =& St

OH

Ye

Canonical space Feature triplane
R HAE TSR VDS
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Method

« Part 3. Setting Gaussians (Appearance)
.2t 7t Alote| EN =2

-2t 7t A 29| opacity, color, mean shifts, rotation, scalesS :rL_5|'E J_-'PS
-MLPE A3} feature triplanel| ZHEOf| S & St= 7H2 A 2t

- Feature triplane
~Triplane2 37{{2| 2D HHCO ZE & X

- Canonical space?t & @t A 7(2] 7t
S
A =

-7t Ao S ZHEOf o ot= &

—

Feature triplane — o opacity
(X,y,2) — Ap mean shifts
Dg |— R rotations
— S scales

=x ==
g F=E5>

N\
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N
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>

O
10
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Method

« Part 3. Setting Gaussians (LBS weights)

- Apply LBS weights to gaussians
- Initialization: SMPL2| vertex2t = & ot [ X[2] 7} A|2FO0|2 2| LBS weights& &<
-LBS O| & Al4h2 7t A[CF| T4 ZHE 7|&
- LBS weights A AF B
-MLPE A2 3| feature triplane2| ZtHOf| S SH= 7H2 A 2H2] LBS weight =8
::SMPL 2| 22| ZtH (H E'-Iﬂa* 2)2| 7t AICH| = LBS AlAt 7ts
Zh T2 J0f Ci$t SMPL pose & € 2335}104, LBS Hzt

!

color sph. harmonics
opacity

|

Feature triplane — Ap mean shifis
— R rotations
(x,y,z) — S _scales +
— W LBS weights — |LBS|{—
*
MLP SMPL joints att  human Gaussians
G, in the world coord.
=
R AR <A 7heAletel LBs 3> VDS
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Method

» Part 3. Setting Gaussians (LBS weights loss)
LS E JHRAIS O ol M2 LBS 37 e
-7tRAIete S O]lE &M, SMPL Q22| 7t2AICt > MfER LBS ¢t B8R
- At
-W: O|H iteration®| LBS $=X|
-SMPL Ol A[2] 7+ Z17k2 k702l E-OIM AE|0| [er, LBS 7+E Bt s AFE

- "2t termdt XIO|E &0|= LA E MLP &5

S wiW
T eN; 7177 ] .
D i, Wi LBS W — Wl %
‘d11=} term LBS loss
E::hlji:: é Cé 7 E E _" E E " E E g —= W LBS weights
96

128 128 128 24

<LBS & MLP 7+Z>
R AT TUSED
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Method

 Part 4. Apply LBS to Gaussians
. Zh T2 A0 CiEt SMPL pose £ &30, LBS B2t
- S5 E LBS 7FE X[ & AHE: 3D 7rFA| 2O TS 9K, 2[H, 27| 2S Het
- 5| & pose Of Cif St 742 A[QF OHHEE} 24 4
- Test S 0= LBS inference’} 22 215 (K= 7t X| AHE)

— color sph. harmonics
Dy .
— o0 opacity
. — Ap mean shifts
Feature triplane De |— R rotations
(X,y,Z) — S scales v
Dp | — W LBS weights —— |LBS| —
*
MLP SMPL joints att  human Gaussians
G, in the world coord.

<Apply LBS in Gaussian model>
R AT THSED VDS
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Method

« Part 5. Render & Optimazation
-HEHEE O|0|X| 2 A H el O|0[X|Z B| WSt loss A4t

~L1(Igr, Ir), Lssim Ugr, IR), Lyge(Ugr, Ir) A&
-Training is ~100x faster than NeRF based

- Scene and Human Losses

_Al.EI-

A A2 pretrained segmentation model 2 = 2|50 loss Al At

o2 E B E O|O|X| AHE

Scene (HlE) —

camera pose t
\ ®
splat | — “ L= )\1£1 + )\2£’ssim + )\3/:1vgg
I rendered frame=t @ scene ;’ human
h h
+ ML+ AL, + )\3£Vgg +A1LiBs
@ @ human
A =0281,=02,2;=1.0,2,=1000
human Gaussians
in the world coord.
<22l o> <Final loss term> VDS
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1) Jiang, Wei, et al. "Neuman: Neural human radiance field from a single video." ECCV 2022.

Experiments

« NeuMan Dataset?)
- SOHE 7t 2t 2 &Y (Wild dataset)
-10~20= Z0|2] 67l G2 2 Fd
- 7t 2f H(pan) s&C =2 HE| 7 +4
-7t 2tE o I K[0f D™ MEfOAM SHOE 3| TSHHA EHY

- 80% training frames, 10% validation frames, and 10% test frames

<NeuMan Dataset>
EId 'L VDS
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1) Peng, Sida, et al. "Neural body: Implicit neural representations with structured latent codes for novel view synthesis of dynamic humans." CVPR 2021

Experiments
- ZJU-MoCap Dataset?)

-NME CHE B 702t 74 (Lab dataset)
-SH O e Chot XA S 203 = 6B 2| mALA|
- HUGS training

~Z= 23710 B A|AHINM camera 1 S 2 Y= O|0|X|THE2 AR

- 70| 2t &l 2 (camera matrices), body pose, segmentation HEE T 70| At

R <ZJU-MoCap Dataset>
AW ndha VDS
S
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Experiments
« NeuMan, ZJU Mocap G| O|E{ M E0f CHol E&FA HIt
A PNETS PSNR, SSIM, LPIPS

| Seattle | Citron | Parking | Bike | Jogging | Lab
| PSNRT SSIM1 LPIPS| | PSNRT SSIMT LPIPS| | PSNRT SSIM+ LPIPS | | PSNRT SSIMT LPIPS| | PSNRT SSIM{ LPIPS| | PSNRT SSIMT LPIPS |
NeRF-T 21.84 0.69 0.37 12.33 0.49 0.65 21.98 0.69 0.46 21.16 0.71 0.36 20.63 0.53 0.49 20.52 0.75 0.39
HyperNeRF 16.43 0.43 0.40 16.81 0.41 0.56 16.04 0.38 0.62 17.64 0.42 0.43 18.52 0.39 0.52 16.75 0.51 0.23
Vid2 Avatar 17.41 0.56 0.60 14.32 0.62 0.65 21.56 0.69 0.50 14.86 0.51 0.69 15.04 0.41 0.70 13.96 0.60 0.68

\ \
NeuMan 2399 0.78 026 | 2463 0.81 0.26 2543 0.80 031 25.55 0.83 0.23 2270 0.68 032 | 2496 0.86 0.21

HUGS | 25.94 0.85 0.13 25.54 0.86 0.15 \ 26.86 0.85 0.22 \ 25.46 0.84 0.13 | 23.75 0.78 0.22 26.00 092 0.09
<NeuMan Dataset>
| 377 \ 386 \ 387 | 392 | 393 | 394

| PSNRT SSIMt LPIPS| | PSNRT SSIMt LPIPS| | PSNRT SSIM1 LPIPS| | PSNRT SSIMT LPIPS| | PSNRT SSIMT LPIPS| | PSNRT SSIMT LPIPS |

NeuralBody 29.11 0.97 0.04 | 3054 0.97 0.05 | 27.00 0.95 0.06 | 30.10 0.96 0.05 28.61 0.96 0.06 29.10 0.96 0.05
HumanNerf 30.41 0.97 0.02 33.20 0.98 0.03 ‘ 28.18 0.96 0.04 ‘ 31.04 0.97 0.03 | 2831 0.96 0.04 30.31 0.96 0.03

MonoHuman | 30.77 0.98 0.02 3297 0.97 0.03 27.93 0.96 0.03 31.24 0.97 0.03 28.46 0.96 003 | 2894 0.96 0.04
HUGS | 30.80 0.98 0.02 ‘ 34.11 0.98 0.02 29.29 0.97 0.03 31.36 0.97 0.03 29.80 0.97 0.03 30.54 0.97 0.03

<ZJU-MoCap Dataset>
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HOSNeRF: Dynamic Human-Object-Scene Neural Radiance Fields
from a Single Video

A szutta VDS
S
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Background

 Object reconstruction in 3D
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Introduction

« Contribution
- Framework Z|Z= X[A]: & Q7t-= M| &2 28 rendering (single video)
- Object bone =& CI7t-EX| &= 21&= 15 E rendering 7ts
- Object 2Ef #3} M 2| 7+5: State-Conditional Representation 7H 2
« Conclusion 22F
— &£ 74| HIOo|H M E0] CH3H, SOTA ‘ds 24 (LPIPS: 40%~50% 2 &)

(@) Inputa single monocular video | {(b) ~ HOSNeRF ) (d) 360° rendering of novel views at novel times jg | P T =
0 | 1) Single Input Video I | o, .
|
|
|

: :@ Large Camera Motion

#l © Support Human-Object
I : Motion and Interaction

|
| 1I()High-Fidelity Human and Object,
| |© High-Fidelity Background
|

z
io)
k=)
Z
2
=
=
<
B
&
4
o)
=
L]
r4
o
=
¢
g
z
o
=
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<HOSNeRF>
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1) Barron, Jonathan T., et al. "Mip-nerf 360: Unbounded anti-aliased neural radiance fields." Proceedings of the IEEE/CVF conference on computer vision and pattern recognition. 2022.
2) Weng, Chung-Yi, et al. "Humannerf: Free-viewpoint rendering of moving people from monocular video." Proceedings of the IEEE/CVF conference on computer vision and pattern Recognition. 2022.

Method

« HOSNeRF overview
- 3AH 2O ER A5
- Background X{ 2| MLP (Base: Mip-NeRF 360Y)
~Human X 2| MLP (Base: HumanNeRF?) (St 3L}t E)

@

Volume Rendering

State Embedding

Density g
" RGB Color
: . @1 ) PEree Backward LBS
"""" B ' 2 s 'I' - i :
N ] iovject: N O'i’]ié‘i‘ I!5 N i E@oi o
: |- j Bom P ¢ Weights 3 : ™ €

Bnm II

nnn 000
Forward LBS ‘I’E(féseHNOU ngld‘piciﬂfd x,d

OO 0 ooo

<HOSNeRF overview>
ﬂ AW THEE D VDS
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1) Sun, Yu, etal. "Monocular, one-stage, regression of multiple 3d people." Proceedings of the IEEE/CVF international conference on computer vision. 2021.

Method

* Input: Multi-frame (Monocular video)
- Output
-Human pose (Use ROMPY model)
-Human-object segmentation mask (Mask-RCNN)
« Part 1. Dynamic Human-object Model
- Object Bones = &
-Object LBS ‘4d 55 : 2 E2{Z object motion ‘4d 7t&

-New Hierarchical pose set, J=(J.yman » Object) , R=(W, yman » wobject)

Y e
(@) Humar x7|3} :
Han Length: Object mask | '
Bones Rotation: No realative rotation | .
) :-'4/ ). |
Object -2 '\ Object
Bone ¢ - Object Weights ql

Bone II

<New Object bones> <Learnable LBS weight field>

R AT THSED VDS

SOGANG UNIVERSITY 23
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Method

« Part 1: Dynamic Human-object Model
- New object bone pose 2| At HftH
O]

~Pose correction MLP: PoseS §1H 22 = H| MY XN B2 Sl Pose HIIEF A A

Length: Object mask

Human Rotation: No realative rotatio

Bones

Objcct;” . 4y
Bone <. | Object

Bone

<New object bone pose> <Pose correction module / HumanNeRFbY>

A szudta VDS
S

SOGANG UNIVERSITY 24 LAB



Method

« Part 2: Deform to Canonical Space
- Learnable LBS weight field

- Input: Latent code (random variable) R2°6
- Qutput: 32x32x32%x27 (24+ 2 object bones +1 background)
- CNN parameter explain the LBS weights
-170ef M 22 2t 22 0f CHSE weights (2771 &1
23K S 2 HH

- Canonical x,y,z 7|22 B&: 2 & O 2 3D LBS weight map 244
=

-S| =k weight 2t = HIE S
Welohts I%g

4x4x4x256
1x1x1x1024 ﬁ-j
2x2x2x512
<LBS: CNN module / HumanNeRFbY> <LBS weight field>

8x8x8x128
ﬂ 447 Tl 8k
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Method

« Part 2: Deform to Canonical Space

» Deformed space (World) — Canonical space (coarse)
- Input: (J, X4) , X4 = Human vertex2 77
s Jdoint K| 22 L™, T-pose Z2 canonical spaceZ H2t 7ts
-LBS weight 2fS £3H, canonical space 2| ZtEZ tHzt

- Coarse X', MLP01| 21 = canonical space Ofl mapping ‘g5 &=t (fine)

(a) yeoarse packeward LBS

d—c

aTRsssess erzeffornsony Human RS | g
.' ; Bones | !I!rﬁh
Fansandenmnnnng B !
.‘ Ob]ul . \ Ob]u.l 1
W ()B_j_éu Weights i
: : ; Bone l

nln)n O [ I'I*
(Correct (U7, \IJR)) =€\Ion-Rigid \Ifﬁi‘f}
OO O OO0

ﬂ 47 Ln e <Deformed space to canonical space>

SOGANG UNIVERSITY 26
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Method

« Part 2: Deform to Canonical Space
- Canonical space (coarse) — Canonical space (fine)
- Canonical space Ol mapping 8& 43t 24
- Input: Canonical x', Pose (J)

~Pose correction output2 2 2O}, correction module 7ts 3

"""""""" \I/c'omsc"
d—c
PRl i

Canonical Space

A

nt 1) 0 00 |
(Correct(\IJ T \IIR))i X¢
Lo [T 0 O

<Canonical space (coarse) — Canonical space (fine)> < Non-rigid motion MLP / HumanNeRFV>

R A%l &‘._.1\_ VDS
S
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Method

« Part 3: Object state embedding space
- Object & EHE E T 5H= embedding spaceE 8 2|

- State ==: ObjectOi| CHSF XY & &

;20 7HRE 2 F| 0 =2 Scene > 37K 2] state (R 7] ™, &2

-Object set: {OL} (i =1,2,---,N)
~N: State ==
-0i:1x64 27| 2 && 7t ot2t0|H

U, (concat (v (xc), OF)) — (c, o)

Volume Rendering

T=0 The human starts walking

. i i=1
Density o [ Density o E 2 (Xc) EB Oé -
RGB Color i

RGB Color

Canonical Space ™

4
/

ainin
DO . —>(NRF U
77+ State Embedding [ TT11]

g W THED <Object state embedding space>

SOGANG UNIVERSITY 28




Method

 Part 4: Scene reconstruction
- Mip-NeRF 36002 7|Eto 2 oF M HijZ = &2
-0 Ciot EE: pr = HT
- Object state processing
- AFE 2| 2 (space embedding) =7t
-, (concat ('"y (ﬁ, 2) : 0;')) — (¢, o)

- IPE encoded + scene state embedding=S MLP2| 2 HO Z AtE

Volume Rendering

[11] l Densityg
5(4,£) € OF (I ——>(NeRF U T
“IPE Feature State Embedding [T l RGB Color VI

T=0 The human starts walking

R S TH B <Object state aware scene reconstruction>
SOGANG UNIVERSITY 29



Method

« Part 5: Training Objectives

- Cycle loss

- H 3 (deformation)O| forward, backward process 25+ L2 E|H SESIEE A

EE
- Deformed & Zt0| A| Canonical & ZtZ mapping (Backward)
- Canonical &3 Zt0| A| C}A| Deformed &7t2 2 & mapping (Forward)

- X deformed &7t2| ZtEL2F & mapping A7 LX|SIE = SHE

1 N 2
Loyae = 537 D [|xa = %all,
=1
______ (J, R)==9>1BS Weights Field===p-x
il oo nonob /o _@mnoan 0.0 [0

[Correct (Vg, Ur ))—>E\Ion-Ri gid ¥ ﬁne]—):‘cc—{l: orward LBS \DETQSEHNOH-RigidIIIEEf(J—

d—¢

U o H U o

N

----------------------------------------- Forward-Backward Deformation Cycle Y

<Deformation cycle>

A szutta
S

SOGANG UNIVERSITY 30
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Method

« Part 5: Training Objectives

- Human 2t background& 242} 2l

= 242t AT 2510

5if 2 2 Human, background =

- Foreground-Background &I G 2 ¥t 0Hd
-2t2}o| & Hl(Scene, Human-Object)0fl A 2

s ZE 2

- St b B 3EA = T

L—
- Stage 1 (Scene model)
-Using background pixels only
-Lyse - Photometric MSE Loss

R 447 Tl 8k

SOGANG UNIVERSITY
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= (@)
=] maskE AFESH 2 S &4

7tofl2r RE 2R EH | AZ| At

M (ray) 2 2k A

Volume Rendering

<72| 7|8t sampling point 3 & >

VDS
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Method

« Part 5: Training Objectives
- Stage 2 (Human-object model)

-Using random solid background with Human-object regions
- Image relate loss
Lyse - Photometric MSE Loss

3 LLPIPS . Perceptual Loss

- Canonical, HOI model Loss
s L
s L
. Stage 3: Full model fine-tuning

- Human-Object2} Background 2 &2 Z2ts| TX|E oHH O fine-tuning

- Forward-Backward Deformation Zt2| & atMd g X
: Pretrained 2 2! 2 2D Optical FlowS 0| =510 =g 7t &

Cycle *

Flow -

L = wusk - Luvse +wLpips£LpIPS
+  WCycle ° ECycle + WFlow * LFlow

Wyset 0.2, W ppst 1.0, Weyee: 0.01, W, 0.01

<Final loss term>

ﬂ 447 Tl 8k
32
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Experiment

« HOSNeRF Dataset
JE({]= E=s
-QIZt0| EE AN E BAHL 5= 2 428 HES otse = A= oYy
- 4[ojH 4
-67H9| sceneL 2 74
-H|C|2 Z0[: 602 ~ 1202

-HMX &, 16702 =2 Y= MEISIO novel views2t novel timestepsOfl Al E|AE

Scene No. of objects No. of states
BACKPACK 1 3
TENNIS 2 3
SUITCASE 1 4
PLAYGROUND 3 5
DANCE 3 7
LOUNGE 3 5

<HOSNeRF Dataset Al| £ AF&t>
ﬂ —— VDS
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Experiment

Sl M2k™ &
« HOSNeRF Dataset, NeuMan H|O| E{0j| CHal H 2k T It
- ™7} X| &#: PSNR, SSIM, LPIPS
BACKPACK TENNIS SUITCASE PLAYGROUND DANCE LOUNGE

PSNR1 SSIM{ LPIPS]||PSNRT SSIMt LPIPS||/PSNRt SSIMt LPIPS) ||PSNR{ SSIM{ LPIPS/ ||PSNRt SSIM{ LPIPS)||PSNRt SSIMt LPIPS)

K-Planes [7] 19.05 0.345 0.557(/19.31 0.690 0.536 |/18.64 0.575 0.602 ||17.92 0.446 0.635||18.17 0.328 0.623||24.21 0.824 0.453
D2NeRF [57] 20.52 0.384 0.608(/23.97 0.737 0.540(/20.99 0.592 0.645|/21.23 0.510 0.616([19.92 0.407 0.647 ||27.13 0.858 0.509
Nerfies [32] 19.56 0.515 0.559(/22.12 0.818 0.4431/19.01 0.643 0.555||21.14 0.726 0.533([19.37 0.674 0.524 (| 25.90 0.914 0.342
HyperNeRF [33] 19.62 0.359 0.587(/21.26 0.742 0.5101({19.41 0.604 0.607 ||21.67 0.558 0.578([19.30 0.412 0.601||27.25 0.925 0.332
NeuMan [14] 21.21 0.479 0.4781/23.17 0.768 0.4421/20.84 0.611 0.551 (|21.46 0.546 0.5511(/21.19 0.529 0.490|/28.40 0.917 0.341
Ours (base) 21.51 0.764 0.2711(/24.02 0.910 0.326([21.10 0.829 0.395(122.20 0.787 0.348||21.84 0.785 0.266 |[26.54 0.962 0.243
Qurs w/ state 22.38 0.786 0.252(/23.98 0.910 0.323(/21.43 0.834 0.39022.52 0.796 0.341(|22.43 0.796 0.258|/27.51 0.965 0.245
Ours w/ object 21.56 0.767 0.269(23.98 0.909 0.327(/21.08 0.830 0.396 ||22.14 0.787 0.347 ||21.88 0.785 0.269 || 26.80 0.962 0.246
Ours w/ state, object 22.33 0.785 0.253(/24.08 0.909 0.320(/21.51 0.833 0.386|/22.55 0.796 0.338([22.38 0.796 0.259|/27.52 0.965 0.245
Ours w/ state, object, mask||22.48 0.790 0.245||24.19 0.911 0.321|/21.60 0.834 0.382 ||22.77 0.799 0.335(22.48 0.802 0.251 [|27.73 0.968 0.227
Ours (full) 22.56 0.792 0.243(/24.15 0.911 0.320({21.74 0.836 0.382 | 22.67 0.801 0.336([22.63 0.804 0.248 (| 27.74 0.968 0.227

<HOSNeRF Dataset>
SEATTLE PARKING BIKE JOGGING LAB CITRON

PSNRtT SSIM?T LPIPS/ ||PSNRtT SSIM{ LPIPS)||PSNR1t SSIMT LPIPS| ||PSNRT SSIMT LPIPS] ||[PSNRt SSIM?T LPIPS|||PSNRT SSIM{T LPIPS,

NSFF [22] 21.84 0.69 0.37 ||21.98 0.69 0.46 ||21.16 0.71 0.36 ||20.63 0.53 0.49 ||20.52 0.75 0.39 |[12.33 0.49 0.65

HyperNeRF [33]|/16.43 0.43 0.40 ||16.04 0.38 0.62 [|17.64 0.42 0.43 |[18.52 0.39 0.52 |[16.75 0.51 0.23 ||16.81 0.41 0.56

NeuMan [14] 23.98 0.77 0.26 ||25.43 0.79 0.31 ||25.52 0.82 0.23 ||22.68 0.67 0.32 ||24.93 0.85 0.21 |[24.71 0.80 0.26
Qurs 26.68 0.91 0.14 ||127.20 0.93 0.12 |[26.09 0.93 0.10 ||25.04 0.89 0.16 |[24.93 0.94 0.10 ||24.44 0.90 0.18

<NeuMan Dataset>
A B VDS
6 SOGANG UNIVERSITY 34 LaB
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