3D-RCNN: Instance-level 3D Object Reconstruction via Render
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Problem Statement:Given an image, estimatz) shapeand 3D poseof all
object instances.

Key Poins:

A Fast inversgraphics network

A Exploits 3D CAD datasets for instaieeel, classpecific shape prior
A Novel parametrization of 3D shape and pose

A Differentiable Rendeand-Compare (allow2D supervisioi

A Many 2Doutputs (e.g.instancesegmentation depthrmap) comes free

Shape Representation

_earn class specific low dimensional parametric shape space
~or rigid objects: PCA on volumetric representation (TSDF)
~or articulated objects: SMPL (Lopper et al.)
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Pose Representation

Which representation is better learnable targdigocentric g Allocentric

objects with same egocentric orientation objects with same allocentric orientation

poseangles= allocentric viewpoint

+ joint angles (articulated objects) center-proj and amodatbbXx

poseanglescenter-proj andamodatbbx completely describe the 3D pose.
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ntroduction 3DRCN

ARolPootreatesscaleand aspectratio invariant representations
AHow can we obtain 3Bquivariance
A2D unnormalization (e.g. in box, mask) not possible for 3D targets

Full image All three persons have ROl imags

the exact same shape parameters

We interpret the Rol transformation as image formed by a virtua
camera ReCamera (rotated and with differemntrinsicy
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Fullimage Camera

Rol Camera
Two cameras under pure rotation are related by the

Infinite-homographymatrix

Whenever 3D grountfuth Isavailable, we g directsupervision. Forshape and pee directsupervsion, we use a combination of both

regressiorandclassificatiorioss (can be interpreted a®ft-arg-max).

PosePrediction*

ShapePrediction®

ARenderand-Compare allowusto train from 2D annotationWe usefinite difference for computingderivatives This is possible because:
AWe have small number of parameters per instance: 4943+ () for rigid objects, 88 (19 + 69) for person

ANonphotorealistic rendering is fast

AThe entire shapelecoding, render, and compare happens in GPU (GGIDiixterop driver)

3D object instances

Input Image _3Dobect mstances overlai

AVPE Average Viewpoint Precision

AP. Average PrecisionAAE arcco$2*(AOS/ARL) AOS Average Orientation Similari

A Extend to Video (shape constancy, smooth motion, tracking)
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A Exploit rich selbupervised/predictive learninggnal due to 3D representation




