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SUMO Workshop Overview

Organizers

Daniel Huber Lyne Tchapmi Frank Dellaert
Facebook Stanford Georgia Tech

Focus and Objectives

B Scene Understanding and Modeling in 3D
B Discussions about the SUMO Challenge
B Current work from researchers in the field



SUMO Workshop Schedule

Speakers

Shuran Song lan Reid Rick Skarbez  In So Kweon

Columbia University of La Trobe KAIST
Adelaide University
9:00 - 9:30 AM Daniel Huber Introduction and Overview of the SUMO Challenge
9:30 - 10:00 AM Shuran Song Comprehensive 3D Scene Understanding Beyond the Field of View
10:00 - 10:30 Break
10:30 -- 11:00 AM lan Reid SLAM in the Era of Deep Learning
11:00 - 11:30 AM Rick Skarbez Perception in SUMOQO: Justification and Experimental Results

11:30 - 12:00 PM In So Kweon Robust Image-based Modeling for Real World Applications



The Emergence of 360 and 180/360 RGBD Cameras

Giroptic 10 |
LucidCam

Insta 360 Pro

Kandao

Ricoh Theta




We Need to Redefine Scene Understanding

Today: Images

Tomorrow: 3D
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[image from HE ICCV 2017] [image from Izadinia, CVPR 2016]



Object World
Comprehensive Scene Understanding

The world iIs made of objects
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Objects have:
B Shape
B Pose
B Appearance T —— * Py
B Semantics | - L




The SUMO Challenge
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he SUMO Challenge
Comprehensive Scene Understanding from RGBD 360 Imagery

. Step /I R Get a COO| |OgO O HOME DATASET PARTICIPATE PRIZES TIMELINE PEOPLE CONTACT US

The Scene Understanding and Modeling Challenge

The SUMO challenge encourages the development of algorithms for complete understanding of 3D indoor scenes from 360° RGB-D panoramas with the goal of
enabling social AR and VR research and experiences. The target 3D models of indoor scenes include all visible layout elements and objects complete with
pose, semantic information, and texture. Algorithms submitted are evaluated at 3 levels of complexity corresponding to 3 tracks of the challenge: oriented 3D
bounding boxes, oriented 3D voxel grids, and oriented 3D meshes.

360° RGB-D Input Complete 3D Scene Output
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B Step 2 — Get everyone to work

oNn your problem

https://sumochallenge.org



SUMO Input and Output

Input Output




SUMO Performance Tracks

oo

3D Bounding Box Track 3D Voxel Grid Track

B 3D bounding box B 3D bounding box

B 3D object pose B 3D object pose

B Semantic category of B Semantic category of
element element

B | ocation and RGB color
of occupied 3D voxels

[[mage from Song, CVPR 2015] limage from Song, CVPR 2017]
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3D Mesh Track
3D bounding box
3D object pose

Semantic category of
element

Flement's textured
mesh (glb format)

[image from Izadinia, CVPR 2016]



Evaluation — GASP Methodology

Shape and Pose

APPEARANCE

PERCEPTUAL

Weighted Perceptual Properties Mean Average Precision



valuation Metrics
N Detall




Metrics Overview

m Bounding Boxes Voxels Meshes

Data Association
Shape

Geometry
Pose

Appearance
Semantics

Perceptual



Data Association

_m Bounding Boxes Voxels Meshes

Data Association Greedy shape similarity

Shape

Geometry
Pose

Appearance
Semantics

Perceptual



Data Association

B Threshold on shape similarity
B Sort by detection score
B Greedy data association

® 1.1 matching

B Optionally constrained to
match category




Shape Similarity — Bounding Box Track
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Shape Similarity — Voxels Track
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Shape Similarity — Meshes Track
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Data Association

_m Bounding Boxes Voxels Meshes

Data Association Greedy shape similarity

Shape

Geometry
Pose

Appearance
Semantics

Perceptual



Geometry Metrics — Shape

m Bounding Boxes Voxels Meshes

Data Association Greedy shape similarity
Shape Category-agnostic Mean Average Precision (mAP)
Geometry
Pose
Appearance
Semantics

Perceptual



Geometry Metrics
Category-agnostic Mean Average Precision (MAP)
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Geometry Metrics — Shape

m Bounding Boxes Voxels Meshes

Data Association Greedy shape similarity
Shape Category-agnostic Mean Average Precision (mAP)
Geometry
Pose
Appearance
Semantics

Perceptual



Geometry Metrics — Shape

m Bounding Boxes Voxels Meshes

Data Association Greedy shape similarity
Shape Category-agnostic Mean Average Precision (mAP)

Geometry N/A Voxel RMSSSD Surface point RMSSSD
Pose

Appearance

Semantics

Perceptual



RMS Symmetric Shape Distance (RMSSSD)
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Geometry Metrics — Shape

m Bounding Boxes Voxels Meshes

Data Association Greedy shape similarity
Shape Category-agnostic Mean Average Precision (mAP)

Geometry N/A Voxel RMSSSD Surface point RMSSSD
Pose

Appearance

Semantics

Perceptual



Geometry Metrics — Pose

m Bounding Boxes Voxels Meshes

Data Association Greedy shape similarity
Shape Category-agnostic Mean Average Precision (mAP)
Geometry N/A Voxel RMSSSD Surface point RMSSSD
Pose * Average geodesic distance (rotation)
* Average translation error (translation)
Appearance
Semantics

Perceptual




Geometry Metrics — Pose

Rotation
Average Geodesic Distance
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Geometry Metrics — Pose

m Bounding Boxes Voxels Meshes

Data Association Greedy shape similarity
Shape Category-agnostic Mean Average Precision (mAP)
Geometry N/A Voxel RMSSSD Surface point RMSSSD
Pose * Average geodesic distance (rotation)
* Average translation error (translation)
Appearance
Semantics

Perceptual




Appearance Metrics

m Bounding Boxes Voxels Meshes

Data Association Greedy shape similarity
Shape Category-agnostic Mean Average Precision (mAP)
Geometry N/A Voxel RMSSSD Surface point RMSSSD
Pose * Average geodesic distance (rotation)
» Average translation error (translation)
Appearance N/A RMS color distance (RMSSSCD)
Semantics

Perceptual



RMS Symmetric Surface Color Distance (RMSSSCD)
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Appearance Metrics

m Bounding Boxes Voxels Meshes

Data Association Greedy shape similarity
Shape Category-agnostic Mean Average Precision (mAP)
Geometry N/A Voxel RMSSSD Surface point RMSSSD
Pose * Average geodesic distance (rotation)
» Average translation error (translation)
Appearance N/A RMS color distance (RMSSSCD)
Semantics

Perceptual



Semantic Metrics

m Bounding Boxes Voxels Meshes

Data Association Greedy shape similarity
Shape Category-agnostic Mean Average Precision (mAP)
Geometry N/A Voxel RMSSSD Surface point RMSSSD
Pose * Average geodesic distance (rotation)
* Average translation error (translation)
Appearance N/A RMS color distance (RMSSSCD)
Semantics Category-specific Mean Average Precision (mAP)

Perceptual



Semantic Metrics

Category-specific Mean Average Precision (MAP)
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Semantic Metrics

m Bounding Boxes Voxels Meshes

Data Association Greedy shape similarity
Shape Category-agnostic Mean Average Precision (mAP)
Geometry N/A Voxel RMSSSD Surface point RMSSSD
Pose * Average geodesic distance (rotation)
* Average translation error (translation)
Appearance N/A RMS color distance (RMSSSCD)
Semantics Category-specific Mean Average Precision (mAP)

Perceptual



Perceptual Metrics

m Bounding Boxes Voxels Meshes

Data Association Greedy shape similarity
Shape Category-agnostic Mean Average Precision (mAP)
Geometry N/A Voxel RMSSSD Surface point RMSSSD
Pose * Average geodesic distance (rotation)
* Average translation error (translation)
Appearance N/A RMS color distance (RMSSSCD)
Semantics Category-specific Mean Average Precision (mAP)

Perceptual Average of weighted Gaussians




Evaluation — GASP Methodology

Shape and Pose

APPEARANCE

PERCEPTUAL

Weighted Perceptual Properties Mean Average Precision



SUMO Logistics

Timeline Prizes
Date  Jeent [ Tack  |Rank [Prie
June 22, 2018 Challenge announcement Surfaces 1st $2,500 & Titan Xp GPU
July 30, 2018 Challenge launch / data Voxels 2nd $2,000 & Titan Xp GPU
release Bounding Boxes 3 $1,500 & Titan Xp GPU
December 3, 2018 SUMO Workshop @ ACCV
2018
December 21, 2018 Final submission deadline
Join the challenge at i

https://sumochallenge.org/

THE SCENE UNDERSTANDING
& MODELING CHALLENGE

atest Net
SUMO Chal d (June 22nd, 2018)
The SUMO Challenge was announced at CVPR. Details.
Important Dates
July30,2018 SUMO Launch - APl and data released
December2,2018  SUMO Workshop




SUMO Challenge Thanks

Facebook Team

Jay Huang Nandita Nayak John Princen Bahram Dahi  Lyne Tchapmi  Frank Dellaert  Daniel Huber
Facebook Facebook Facebook Facebook Stanford Georgia Tech Facebook

Advisory Board

llke Demir Tom Funkhouser  Leo Guibas Jitendra Malk  Silvio Savarase
Facebook Princeton Stanford Berkeley Stanford
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Rishabh Jain © Iro Armeni @ Manolis Savva
Georgia Tech @ Angel Chang @ Alexander(Sasha) Sax
DeShraj Yadav @ Kevin Chen @ Richard Skarbez
Georgia Tech

@ Christopher Choy @ Shuran Song
@ JunYoung Gwak € Amir R. Zamir



