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PROBLEM C-NGP FRAMEWORK
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Fig.4: The proposed modification to the Instant
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Fig.3: Conditional-cum-Continual learning framework for modeling multiple scenes in a single neural radiance
We observe the framework is also inherently field. Each new scene is assigned a pseudo label and trained continually while preserving the information of

continual (via generative replay) with minimal, previously learned scenes via generative replay.

If not no, forgetting of the previously learned
scenes.

MODELLING MULTIPLE SCENE
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Fig.1: NeRF Pipeline® Fig.5: Qualitative demonstration of the quality of rendered images across different views through C-NGP over the scenes from the NeRF Synthetic 360 dataset!".
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Algorithm 1: Learning new scenes using
Conditional-cum-Continual NeRF (C-NGP)

Require: /,,.,,: list of new scene images ’g .

Require: /,,..,: pseudo label for new scene 0

Require: L., : list of pseudo labels for previous
scenes

Require: Fj: NeRF network

0
Require: C;, .. :camera parameters of new scene o
Require: k: number of images to render for previous k=
scenes 1 fi iy i
/* Render previous scenes and store in Ippeq Ground Trutth MVSNeRF IBRNet NeRF Ours (continual only) Ours Finetune
%/ Fig.6: Qualitative demonstration of the quality of rendered images across different views through
Initialize Iprey < {} C-NGP over the scenes from the Real Forward-Facing dataset!l. S am %
for [,,,.c., € Lprev do | Fig.7: Qualitative demonstration of the quality of
L render image < Fy(L}, .., C1,.,,, k) rendered images across different views through C-NGP
Ip.,,e.v.append(render_z'mage) Method Tanks and Temples Tab.1: Quantitative comparison on Tanks over the scenes from the Tanks and Temples dataset®.
,I:images < COTLC(J,t(Ine.w, Ipre'v) // train images PSNR T SSIM T and Temple dataset®! across different
TliSt T T , EWC [m] + NeRF 1564 0420 baseline methods. NeRF Synthetic 360 Real Forward-Facing
ia.bels eeneotlnsoylorey) 14 torslal Lot PackNet [EO] + NeRF 16.71 0.547 o _ Method PSNRT SSIM{ LPIPS| | PSNR+ SSIM{ LPIPS |
L8k Tab.2: (Top) Quantitative comparison on
R R T R — MEIL-NeRF [[] 17.98 0.580 NeRF Synthetic 360 datasef! and Real SCARFIEN | 3094 054 - 2644  0.80 .
list and labels */ CLNeRF [E]] 21.30 0.640 Forward-Facing dataset!”! with baseline _CNGP(ours) | 2940 04 0.09 | 2212 0.66 0.37
Fypdated SCAREF [E3] 26.78 0.89 method. (Bottom) Analyzing the quantitative _— Offline Sampling Online Sampling
TrainNeRF(Fo, Timages; Tiabels: Cle. ) C-NGP (ours) 26.93 0.87 performance on training with (online) and o PSNR1 SSIM{ LPIPS| | PSNRt SSIM{ LPIPS |
Output: Updated F7?**“? on new scene without (offline) generative replay while  NeRFSynthetic360° | 25211 086 0151 | 2940 093  0.09
learning C-NGP. Blender Synthetic | 37.735 098 0022 | 37.734 098  0.022

e Proposed algorithm for modeling multiple
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e Fig.2: Issue occur when only doing > "
C — NGP;

conditional modeling. It also illustrates the C - NGPF,
eff.e(‘ft of online and offline sampling of Fig.8: The figure illustrates the style editing!*! capabilities of C-NGP, for each scene we train a
training data. new C-NGP and each style is encoded in its equivalent scene network using the proposed
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