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An Efficient Compression Method of 3D INVR Model Utilizing
Feature Reduction Network and VVC

Dong-Ha Kim®, Hyeon-Cheol Moon®”, Junyoung Jeong”, Gwangsoon Lee”, and Jae-Gon Kim®*

o (o]
Id =

A E AW FH(Implicit Neural Representation: INR)> HE]H(multi-view) %G-o|u} HT] L& MLP(Multi-Layer Perceptron)
RS FES RS HE FAT  UEE dh ®3, HId e Wi (rendering) A5 HAEAY G B AUF S M

171 S8l WAA 28 i‘“ :’_E]E(mxel grid)& £43 spo|HE E(hybrid) Edo] AHEEIY 3tk MPEG(Moving Picture
Experts Group)®] INVR(Implicit Neural Visual Representation) AhG(Ad-hoc Group)s UAIZ/HEAIA AW 4 2 3DGSGBD
Gaussian Splatting)®] *A14 £3 RS AHEste] asbdow 3D 1t ‘f’“‘/‘ﬂ‘:]oE 4 ¥ °LZoP7] A3 AN Y gF:NES
Aty 9tk B =F2 dto|Be AF 3D 29l TensoRF 99 §F 71HE AAIgth A71HS TensoRFL WAH &H
8l M (tensor) ¥™W-S FRN(Feature Reduction Network)S E38) % 7l(latent) ﬂé‘i’i&i 4811, F4H A PUER TAE SAWE
VVCE 453ttt 71£29 3D H|YL ¢35 %9 MIV(MPEG Immersive Video)®] AlFEE TMIV(Test Model for Immersive
Video)9] DSDE(Decoder Side Depth Estimation) RE thd] 53 5 H5& Hth

Abstract

The Implicit Neural Representation (INR) enables training of Multi-Layer Perceptron (MLP) neural networks on multi-view images
or videos, allowing synthesis of novel views. Recently, hybrid models, which combine explicit representation, voxel girds, with MLP
have been used to improve rendering quality and/or accelerate learning and rendering processes. MPEG's Ad-hoc Group (AhG) of
Implicit Neural Visual Representation (INVR) explores potential standardization technologies for efficiently representing and
compressing 3D volumetric images/videos using implicit/explicit neural network representations and explicit representations models. This
paper presents a compression method for the hybrid static 3D model, TensoRF. The proposed method compresses the explicit
representation of TensoRF, tensor planes, through feature reduction network (FRN) into latent planes, and compresses the resulting
feature maps using VVC. It demonstrates superior compression performance compared to the Decoder Side Depth Estimation (DSDE)
mode of Test Model for Immersive Video (TMIV) of the existing 3D video compression standard, MPEG Immersive Video (MIV).

Keyword : Implicit Neural Visual Representation (INVR), Implicit Neural Representation (INR), TensoRF, Feature
Reduction Network (FRN), Versatile Video Coding (VVC)
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Fig. 1. Overall architecture of the proposed TensoRF compression method!™”
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