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Introduction

 Scene chronology
- E™ THO| A|ZHA Q1 ALl (chronology) E &2 et& St
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> Neural network S AI23IX| = RUS
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Introduction

 Problem setting
= H
-QIE{ul Z7H Ao of2f KT YAS S shsto] Qo] GIrhol CH3H AR Bt 23 13
—> Temporal signal modelling
58 A, =9 4400 Thoto] gt d 7ts
s e, ME, ZEHO| SEH H|0{7} 7tset HE T 90| S8
A EdE2 M2 SEH2E Ao A0 JHEH MO 7 oS

(@
-O0|H &7t &=

« A| & (viewpoint), HLCH(Time), Z= & (illumination)

-Blue point
= X = L
,:A-IE El’t EEHO'” ‘I’l —|E|_| CﬂE—I /-Ikl %:Iél-
-Orange point
. :» El- AO-I El A | ID-I Oo:l AOl- Rendering with different illumination
’ © Internet photos: sparse sampling of viewpoint. time and illumination
e Synthesized images: interpolating and independently controlling each component
Problem illustration
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Introduction

» Dataset
- Retrieve
-SA MAOf ZXSte EE M B(e. g. Times square)s E st A4S AIHUAWM FE
- Calibration

-7 SE L0 o SfM tool= AFESHY FHH[2F Z = F| S (COLMAP)
- Feature point matching 7| 20|22, 2= O[0|X| 50| COLMAPL = F B 7|2} =T}

FSE= A2 0t

- Region of selection

-FEE GAO| JH4=Tt Oj L 27| I 20| implicit representation Off K| 20| US = US
-2 Y 22U E2| QY 0| & LIEtEhO| M ES T M UG S50 AHE

Times Square Akihabara 5Pointz The Met
# Retrieved images 289,794 105,445 23,628 186,663
# Calibrated images 29.629 13,671 6,503 2,184
# Selected images 5,965 1,078 3,521 2,127

Dataset statistics

5pointz HIO|E{ Al Of| A| 5pointz EIO|E{ 4! point cloud
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Introduction

» Dataset

Selected Region

Calibrated Model
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Methods

» 4D reconstruction from Internet Photos
- MLP 7|2t NeRF &I &l 2hAlo|| 7| Ht
T 4357 Y= HO0|HE S3H color 2 density =73

) o TTr —

_ L;: Hlumination encoding
C,o= F(Xr tir li; d) x : 3D position
t;: Time point
d: ray direction

- =X Che=2tE o, Y SHE 2| geometry = LHSHH, 2| £ 2| appearance Tt
oot JHg
-5, A e Ao, o Wt 7|5t 2 TF HalSHK| = fe HEl
-21o] 715 & S, 7|= NeRF 2H S F 7HX| HE{Z 22

View Direction (Pos. Encoding)
and llluminatien Embedding

V,0 = Fgeo (X) v: Intermediate geometry feature vector
Xyz
(Pos. Encadin }

- Rendering C(r.t:.4) ZT si)0(o(s1)8)e (501, £:)

ntermediate l
eature Vector
Xyz M
Skip Can . Racliance

earance

k=1 Parametric Encoding)

where T(S’;-) =exXp| — E O'(S;_-t )()-gd
1 Timestamp
(Step Func. Encodin

= I E = Cz — C ,t@', 13@ 2
Loss function (z);g ICi(r) — Clr. 1, £,)]3 Aot 2 2
Each layer of the MLP has 256 neurons (channels).
n AR T §_l.~_3_ ReLU is used as the activation function VDS
7
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Methods

» 4D reconstruction from Internet Photos

- Appearance parametric encoding (APE) from
- Y

;s Appearance MLP= &€ [If @82

E_II=IE H

2 O 2 AHE E| = 3d position (x) Off encodlngg =
' Neural scene chronology 2| 4% <&l OF & scene2| scalelf image =7} B 7|
(-2 0f, 220f| [+2 model size 5! model capacity7t 37t 2 Q7+ Z=X|
- O| [, overhead HH 2 2 Qlot sts A0 A|ZH0| S7HE = 2B = 2 Aot Ee
_7|.I-|
- O[O|E Ale| £E40| HE }F0|2=

, 2™ H 30| Manhattan world 7H3 & Gt
-l DHY

—

A

EeEDXDXC
' Feature planes 278 (E

Xyz

View Direction (Pos. Encoding)
Xy y21 Exz) (Pos.Encoding) ™|

and llluminatien Embedding

:': Projected point from position p

Pxy = PT0j (p, Exy)
' Fetched feature f & APE for p

xyz . Racliance
(APPEarance =—

Parametric Encoding)

Timestamp
[Step Func. Encoding)

f., =Linearinterp(Ey,, pyy) Aot a7z

g Each layer of the MLP has 256 neurons (channels).
AW U APE(p) = Concat(fxy’ fyz’ fxz) ReLU is used as the activation function VDS
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Methods

» 4D reconstruction from Internet Photos

- Appearance parametric encoding (APE) from
- Y

s Appearance MLPE st [ Qo=

2O 2 AFE E[+ 3d position (x) O encodng =Y
' Neural scene chronology 2| &% <t=dlOF & scenel| scalel} image =7t B 7|
-2 0|, 10| [+E model size X model capacity7} 7t L Q 7t =X

- O| [, overhead HH 2 2 Qlot sts A0 A|ZH0| S7HE = 2B = 2 Aot Ee
_7|.I-|

- HO|F Ale| EMO| HE {F0|EE, M HE 30| Manhattan world 7}

o C| ~
_l—lioﬂl-c EeDxDXxC

- Feature planes 278 (Exy, Ey, Exz)

.= Projected point from position p

B Ime 7 G;l' 7 ? " vy/o. Atp‘pegrn‘cie‘ " . A{)Eéé;rancz‘
pxy = p’rOJ (p’ Exy) arametric Encoding Parametric Encoding
» Figure 7. Ablation on the appearance parametric encoding. As
N Fetched feature f & APE for P illustrated above, using a parametric encoding significantly affects
. . the rendering quality.
f,, =Linearinterp(E,,, pxy)

- Appearance Parametric Encoding2| 2 1}
PR sxansbn APE(p) = concat(fy,y, f,,, f,) I VDS I
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Methods

« Step function encoding for Time Input
K| OF HYj A

~Chronology H[O|E{ Al2| A|ZHO|| I E Az R = QEZX S| orange point2t 20|
U™t £E20| =X
-MLP = 2% AEHO| clean blue curveE 218 o~ JA0{OF &
-7|1EMLP O X E I" Of 2{ 7t X| activation functionZt encoding 2fA12 O|2{st EML S
DEO| HtASIE & st A 7| =0 otA 7 XY
> M| 2tEl Step Function Encodlng overfitting 10| =2t AtE & = A=

overfitting

) —

SIREN Activation Intermediate

Input Signal and Target Wi i
S — Feature Vector
Xyz
ﬂ Skip Connection . Racliance
L earance
Parametric Encoding)
Gaussian Activation Positional Encoding Step\Function Encoding —
Imestamp
(Step Func Enroding\

underfitting

View Direction (Pos. Encoding)
and [llumi mtm Embedding

Xyz
(Pos. Encoding)

Constant 1D = 0j] CH$t MOt HH =0 MmLp T & AT} H| HQr =& X

Each layer of the MLP has 256 neurons (channels).
n HAB gk ReLU is used as the activation function VDS
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Methods

« Step function encoding for Time Input

- Step function encoding
-MLPOf| &= 7 time 40 encoding =2

:=standard version :

)

u=5,p =0.57|&
{0 if t<u :
h(t)_{l if t>u

= differentiable version.

1 t—u .
Eexp(T) if t<u ; 2%
h (t) = Ground Truth Valid Pixels w/o. Step Func. w. Step Fune. (Ours)

1—%exp(ﬂ) if t>u

B
u, B : learnable parameter

Step Function Encoding  Without Encoding Positional Encoding
class Encoder(nn.Module): def forward(self, x):

. _ — . - self. N
def __init_ (self, hard_forward=True, **kwargs): mean = self.mean[None] Time encodlng HI‘AIO-" [[I-% Chronology Elﬂl_'_-lEo.l HIJ_.II.
super().__init_ () beta = self.beta[None]
input_ch = kwargs[ ' input_dim’] output = x - mean
N K outout dim’ msk = output <= @.
output_ch = kwargs[output_dim’] output[msk] = 8.5 * torch.exp(output[msk] / torch.clamp min(torch.abs(beta.repeat(len(msk), 1)[msk]), le-3))
init_val = kwargs['init_val’] output[~msk] = 1 - 8.5 * torch.exp(- output[~msk] / torch.clamp min{torch.abs(beta.repeat(len{msk), 1)[~msk]), le-3))

self.hard_forward = hard_forward if self.hard forward:

self.mean = nn.Parameter(torch.rand{output_ch)) msk = output <= @.5

self.beta = nn.Parameter(torch.ones(output_ch) * init_val) output[msk] = 8. + output[msk] - output[msk].detach()
self.input_ch = input_ch output[~msk] = 1. + output[~msk] - output[~msk].detach()

return output

R sana | vDs |
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Methods

« Step function encoding for Time Input

- % V 1 : -
)
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7017 09-29 2012-10-11 2012-10-23
0.0003 A 0.16 A
0.06
0.12
0.0002
e 0.04
0.0001
0.04 0.02
0.0000 - 0.00 . 0.00 1 l i o
2010-04-13 2011-12-04 2013-07-26 2010-04-13 2011-12-04 2013-07-26 2010-04-13 2011-12-04 2013-07-26

‘Without Encoding Positional Encoding

Encodm hc'>”il0|| e ?."é*. frame ZF MSE H| I
(7|-§ | E§|. A-" X—i _u_E.”OI 7} MSE 7|—)

Step Function Encoding (Ours)

- N| O B 1.2 9| chronology QE HH §.F§ k=2nl;

-PES AFSBIX| %2 B2

e OIF T Uto| MSEZF E A|ZHIHO|M HAIF o2 HEtste &
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Methods

Act. func. / |Temporal stability | View synthesis quality

« Step function encoding for Time Input Freq / Dim. |Mean | Entropy | |PSNR 1 SSIM 1 LPIPS |
wio. Time - NA  NA | 1818 0572 046l

o — — wio. Encoding B 0.116 5314 | 2054 019 0.29

. Alﬁ ot = x| Ol A||7_|'7£‘|| OFME M MEf -'-g7|' Learned Latent - 11.04 5500 | 2005 0.731 0.201
Activation SIREN [49] [0.101 5552 | 2054 0.696 0.330

_HII X B Gaussian [41] | 0.088 5512 | 2028 0704 0315

o Podtional | 5 0247 4936 | 2071 0.731 0.288

. Encodin 10 5657 5795 | 2057 0724  0.294

\‘:.Tempora| Stabl|lty g 15 9.995 5777 | 2064 0721 0301

’ 8 0.102 1.602 | 2052 0.728 0.289

) T I Step Func. 16 0.147 2213 | 21.32 0745 0.274

v'Mean: Ol_lﬁ £E1|(,):lﬂ|'9| MSE JEIE' Enlsoding 24 0.190 2,625 | 21.09 0.734 0.282

32 0.217 2806 | 21.10 0.738 0.281

« illumination 283} video 2 H &
- ==& video Z2{| &2 time 0| CHSHO] 217 frame 7t2| MSE =2 A4t

vEntropy: Normalized MSE-Time 220 AM 2| A E 2 1]

_ | ) S AHOIMT MSETL 37 LIEHS 42 2gAMNo| Moo dERNTI W
E(P) = —p(x;)lo xr o 2 T, 2= 20V S = ==
( ) TZE;P p( z) g p( 1) Bt o 2 MSEZ} noisySHH| 2 28 B2 o

== View synthesis quality
vPSNR: GT2t2| MSEE negative log scale2 H 1 PSNR= 1010%10(;;5
/o0 GTRS] REH O|0|X| RAHYTIK| DR{st0) H

gty + Cp) 204+ Cy)
(124 12+ C))(e2+ 02+ Cy)

SSIM (x,y) =

uing E&H0f| M 2| default setting Y

vLPIPS: Human vision Ol M 2| quality 7} X| &

- & HE pretrained VGG networkd| & & =, 7t layer feature2| FAHS HEA

R 447 T8 | VDS \
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Methods

Act. func. / |Temporal stability | View synthesis quality

« Step function encoding for Time Input Freq_ / Dim,_|Mean | Entropy ||PSNR 1 SSIM 1 LPIPS |
wio. Time - NA  NA | 1818 0572 046l

wio. Encoding B 0.116 5314 | 2054 019 0.29

Alx* OUS = XI E” A|7|-I-I O|'I'| kl I" EI: -'-C'-:,I7|' Learned Latent : 11.04 5500 | 2095 0.731 0.201
Activation SIREN [49] [0.101 5552 | 2054 0.696 0.330

: Hl Tl HIeH 2 Gaussian [41] | 0.088 5512 | 2028 0704 0315
[SRI= Ry Positional 5 0247 4936 | 2071 0.731 0.288

: 10 5657 5795 | 2057 0724  0.294

. - Encoding

<w/0. Time 15 9.995 5777 | 2064 0721 0301

’ 8 0.102 1.602 | 2052 0.728 0.289

- . o) =3 Step Func. 16 0.147 2213 | 21.32 0745 0.274

vTime data 1 E:I o|-X| Ec= Encoding 24 0.190 2625 | 21.09 0734 0282

32 0.217 2806 | 21.10 0.738 0.281

== w/o. Encoding

Dim: step function 0=
> scene transition Zl4=E C} 7{0} &
‘- Learned Latent N

vTime %f= &t& El latent code 2 mapping Al &

= Activation
v : Time data®f| CH3l| Bt= ™ © Z linear transformation2} sine
activation(periodic function)= =3 (from et al.[NeurIPS 2020])

P(x) =W, (dp-10¢, 20...0¢0) (X) +b,, ¢ (x;)=sin(W;x;+ b;)
vGaussian: Time Zf2 Gaussian functionOf] S 1A Z
.= Positional Encoding
v7|Z2| NeRFO| M AFE =l fixed band length 2| sinusoidal function & 2t

= Step Function Encodi
R‘H e ep Function Encoding ‘VDSI
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Results

Ilumination control

Time control

2011-09-26 R 14 i 201-06-18

Figure 5. Independent control of illumination effects and time. The top row shows the results of interpolating the illumination embeddings reference image o | illumination
of two real images of SPointz, where the leftmost and rightmost images are real images, and all other images are rendered using our method. E MO HtOSE 3 2l
o= toh -I o

The bottom rows show the results of rendering scenes across time with fixed illumination embeddings (for Times Square).
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Results
MM g HE AT}
LIt DO H| mEEo] A|ZHY obY A ap Binal Aot 35 Ut

- NeRFW [CVPR2021], HaNeRF [CVPR2022]

Input time: ty '
Ours HaNeRF-T  NeRFW-T :Rer. image (t;)

TN
i :

Input time:t,

Image (to) GT Ours HaNeRF-T NeRFW-T
ppT

Times Square

Akihabara

201006 _30)]

The Met

Figure 6. Qualitative comparison with the state of the art. The three column images under Input time: t.. are rendered using timestamps t.
and the viewpoints of the left image. Our method renders high-quality images and produces plausible images when changing the input time.

4D view Times Square Akihabara SPointz The Met
synthesis |Entropy | PSNR 1 SSIM t LPIPS ||Entropy | PSNR 1 SSIM 1 LPIPS | |Entropy | PSNR 1 SSIM 1 LPIPS | |Entropy | PSNR 1 SSIM 1 LPIPS |
NeRFW 29]] X NA 1659 082 0211 | NA 1741 0853 0.164 | NA 1752 0545 0500 | NA 2321 0881 0159 Al X‘” Al 7|‘0ﬂ [[l_ = o §|_ = °| Dl =
HaNeRF[6] | X NA 1539 0807 0218 | NA 1750 0860 0.160 | N/A 1682 0539 0508 | NA 2232 0882 0158 = — = e E— —
EZ:IFI\:/FTT 5 4.2;0 1 3; 1 2.847 0.190 i.;tsi 19. ;6 8.8;;1 8.140 2.;68 13.41 0.;,1 ; g.41§ 4.32; 3,23 0.875 0.124 73,' 0| o= s rough °._|' = 75—,! E.'_}'
eRF- 4929  17.36  0.844 0.189 565 1839 0.8 140 | 5881  17.90 0.585 0.445 | 4.94 .56 0.881  0.156 KR E 2 al&le 7
Ours v 3122 20.87  0.894 0132 | 2482 2031 0902 0.101 | 2213 2132 0745 0274 | 2399 24.07 0.895 0.129 T o °|'01 |_| H =] °|' [ /-\I Ol Ol’ I—l El’
st EX o) (el s kel =2
._ __ - 2ot S0 ofsto dEeS
Table 3. Quantitative comparison with the state of the art. We augment NeRF-W and HaNeRF to take time as input (*-T). Our method _Ic_>|_ xl '5|- E le OI ré' R—él_ EI_

outperforms prior methods across all metrics, demonstrating that our method can better handle such time-varying Internet collections.
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Conclusion

 Conclusion
- Geometry 2} appearance € £ 2(5t0] HEHE eh5dt= 72 M| ¢t
-H[o]&] Al E-40j [} overheadE = 0| 7| /5l appearance parametric encoding =&
- Step Function Encoding(SFE) £ ™ -89} 0 Target task 0ff 22t Encoding 24! X| Ot
- HCHOf| [Ch2} feature S-90] 77t E=E Fo H|0[H 4 e

- 7| &2] Fixed sinusoidal function 2 = O|F0{ %l PEE [Hxﬂ 5404, 0|2 7Hs 8t Step function
HENES M QSR O, S0 M2t0|El & Bt 7ot Q42N T

. 7|Z2] in the wild $F G4H0f| B&F= NeRF 2 21t H|Lo+oq TR QAL M St
e Limitations and future work
- ShE WHHO A 225 Time stamp2 Wl QA2 LS
-£5|, QIHY EM2 Hetot A A2 7| 0{H S
O

.7_% |E10| H|C| 2 Z2(Times square) Hi2 I
A M0 02 =0 %IH ot A 2of H2fo| ZXY

0

H'I
Hu
&

27t AL 22, 0[O X|

R B THSED VDS
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Thanks!
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