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Long-term Goal

Is there smoke In any room x
around you?

Physical agent
capable of taking
actions in the world
and talking to humans

In natural language

Slide credit: Abhishek Das 3 Image Credit: Lockheed Martin; DARPA Robotics Challenge



Slide credit: Abhishek Das 4 Image Credit: Lockheed Martin; DARPA Robotics Challenge



Internet Al - Embodied Al

Image Credit: Image-Net
Slide credit: Abhishek Das 5 Image Credit: Lockheed Martin; DARPA Robotics Challenge



Internet Al - Embodied Al

Egocentric vision
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No access to well-composed, curated images

Slide credit: Abhishek Das 0 Image Credit: Image-Net, Video Credit: Lee et al., 2012



Internet Al - Embodied Al

Active perception

Action

Observation

—

Agent controls incoming data distribution

Slide credit: Abhishek Das / Video Credit: Lee et al., 2012



Internet Al - Embodied Al

Sparse rewards

Slide credit: Abhishek Das 3 Image Credit: Image-Net



Internet Al - Embodied Al

Sparse rewards

Slide credit: Abhishek Das S Image Credit: Image-Net




Internet Al - Embodied Al

Sparse rewards

Slide credit: Abhishek Das 10 Image Credit: Image-Net



Internet Al - Embodied Al

Egocentric vision

Active perception
Sparse rewards
Language understanding

Slide credit: Abhishek Das 11



Problems with reality

Slow

Dangerous
Expensive
Difficult to control

Not easy reproducible
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Our Approach: Sim2Real

Slow
Dangerous

Expensive

Difficult to control

Not easy reproducible
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Resurrection of Embodied Al
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Question and answer
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Tasks e
. Language grounding Interactive QA Vision-Language Navigation Visual Navigation
EmbodiedQA (Chaplot et al., 2017, (Gordon et al., 2018) (Anderson et al., 2018)  (Zhu & Gordon et al., 2017,
Hermann & Hill et al., 2017) Savva et al., 2017,
Wu et al., 2017)
HoME (Brodeur et al., 2018)
VirtualHome
(Puig et al., 2018)
S Im u Iato rS AdobelndoorNav
(Mo et al., 2018)
House3D AI2-THOR MINOS Gibson CHALET Matterport3DSim
(Wu et al., 2017) (Kolve et al., 2017) (Savva et al., 2017) (Zamir et al., 2018) (Yan et al., 2018)  (Anderson et al., 2018)

Textured 3D Mesh Panoramas

3D Mesh

SUNCG (Song et al., 2017) Matterport3D (Chang et al., 2017) Stanford 2D-3D-S (Armeni et al., 2017)

Slide credit: Abhishek Das 19



Embodied Question Answering
[CVPR ’18 Oral]

Abhishek Das Samyak Datta Georgia Gkioxari
(Georgia Tech) (Georgia Tech) (FAIR)
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; Q: What color is the car?

EmbodiedQA

Slide credit;: Abhishek Das



; Q: What color is the car?
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House3D (Wu et al., 2017)

Slide credit;: Abhishek Das



Slide credit;: Abhishek Das

; Q: What color is the car?

House3D (Wu et al., 2017)
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(Song et al.,
2017)




; Q: What color is the car?

Dataset

Slide credit;: Abhishek Das



; Q: What color is the car?

Simulator
Dataset m—
-@ l
(Song et al.,
2017)

Slide credit;: Abhishek Das



[__ Q: What color is the car?

Task

Simulator
Dataset
-@l
(Song et al.,
2017)

Slide credit;: Abhishek Das



I
] A
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Tasks
: Language grounding
EmbodiedQA (Chaplot et al., 2017,
Hermann & Hill et al., 2017)
. A il
Simulators MItOS,

AlI2-THOR
(Kolve et al., 2017)

House3D
(Wu et al., 2017)

Datasets ﬂﬂﬁl L

Textured 3D Mesh

SUNCG (Song et al., 2017)

Slide credit;: Abhishek Das

MINOS
(Savva et al., 2017)

Matterport3D (Chang et al., 2017)

Question and answer nitial Image

W &
Il

Q: Is there a tomato
in the fridge?
A: Yes

Interactive QA
(Gordon et al., 2018)

Vision-Language Navigation
(Anderson et al., 2018)

Visual Navigation
(Zhu & Gordon et al., 2017,
Savva et al., 2017,

Wu et al., 2017)

HoME (Brodeur et al., 2018)

VirtualHome
(Puig et al., 2018)

AdobelndoorNav
(Mo et al., 2018)

Matterport3DSim
(Anderson et al., 2018)

Gibson
(Zamir et al., 2018)

CHALET
(Yan et al., 2018)

Panoramas Object Instances

3D Mesh Semantics in 30 Surface Normals

Stanford 2D-3D-S (Armeni et al., 2017)
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SUNCG (Song et al., 2017) Matterport3D (Chang et al., 2017) Stanford 2D-3D-S (Armeni et al., 2017)

Textured 3D Mesh Panoramas Object Instances

3D Mesh Semantics in 30 Surface Normals

Slide credit; Abhishek Das
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Datasets: Matterport3D

Textured 3D Mesh Panoramas Object Instances

10,800 panoramic views
194,400 RGB-D images of
90 building-scale scenes

Matterport3d dataset

[Chang 3DV 2017]






HoME (Brodeur et al., 2018)

VirtualHome
(Puig et al., 2018)
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: i AdobelndoorNav

(Mo et al., 2018)

MINOS: Multimodal Indo Environme.. @ #

Simulators

House3D Al2-THOR MINOS Gibson CHALET Matterport3DSim
(Wu et al., 2017) (Kolve et al., 2017) (Savva et al., 2017) (Zamir et al., 2018) (Yan et al., 2018)  (Anderson et al., 2018)

Slide credit;: Abhishek Das



Example: House3D

[Wu et al. 2017}
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Example: MINOS
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SUNCG dataset: 45K+ synthetic house models

[Savva et al. 2017]

Slide credit: Manolis Savva



Gibson Xia et al. 2018]
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Deelend Lab [Beattie et al. 2010]




Tasks

Slide credit; Abhishek Das

il obJect next to the areen object

2, Q: What color s the car?
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Language grounding
(Chaplot et al., 2017,
Hermann & Hill et al., 2017)

EmbodiedQA

Scene View

Question and answer Initial Image

Q: Is there bread in
the room?
A: No

Q: How many mugs

are in the room?
A:3

the kitchen, Walk

forword, ond toke o left ot the couch, Stop in
W oof Itk

Q: Is there a tomato
in the fridge? Leove the bedroom, and eénter

A: Yes
nindow

front of the

Visual Navigation

(Anderson et al., 2018) (Zhu & Gordon et al., 2017,
Savva et al., 2017,

Wu et al., 2017)

Interactive QA Vision-Language Navigation
(Gordon et al., 2018)



Vision

Robotics
/| RL

Language

Slide credit; Dhruv Batra 38



Vision

Visual Navigation

Robotics
/| RL

Language

Slide credit; Dhruv Batra 39



Vision

Embaqdied QA

LR
. ]

f"
1 ¥

s A
Instruction: Head upstairs and walk past the piano through an
archway directly in front. Turn right when the hallway ends at
pictures and table. Wait by the moose antlers hanging on the wall,

Robotics
/| RL

Language

Slide credit; Dhruv Batra 40



Vision

Robotics
/| RL

Language

Slide credit; Dhruv Batra



Our Vision
* Create the ImageNet/COCO/VQA of Embodied Al
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Common Objects in Context
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Standardizing the Embodied Agent Stack

Habitat Platform

-
Tasks Habitat AP
EmbodiedQA Language grounding Interactive QA Vision-Language Navigation Visual Navigation
(Das et al., 2018) (Hilletal., 2017) (Gordon etal., 2018) (Anderson et al., 2018) (Zhu et al., 2017, Gupta et al.,
2017) *
Simulators _ I Habitat Sim
House3D AlI2-THOR MINOS Gibson CHALET
(Wu et al., 2017) (Kolve et al., 2017) (Savva et al., 2017) (Zamir et al., 2018) (Yan et al., 2018) *
58 o Generic Dataset
Datasets BN
g ’ Support

SUNCG (Song et al., 2017) Matterport3D (Chang et al., 2017) 2D-3D-S (Armeni et al., 2017) \



Standardizing the Embodied Agent Stack

Datasets

Textured 3D Mesh

a

SUNCG (Song et al., 2017) Matterport3D (Chang et al., 2017) 2D-3D-S (Armeni et al., 2017) Julian Straub Richard Newcombe
(FRL) (FRL)



RGB and IR

IR Pattern

/ Projector

Julian Straub (FRL)

T

o b

Richard Newcombe (FRL)

AprilTag for
. /’hrror Detection

Greyscale
Cameras

facebook

Reality Labs



FRL Surreal Team: high quality 3D reconstructions
















Standardizing the Embodied Agent Stack

£Vl )

Simulators

.é;faff";

House3D Al2-THOR MINOS Gibson CHALET

(Wu et al., 2017) (Kolve et al., 2017) (Savva et al., 2017) (Zamir et al., 2018) (Yan et al., 2018) Manolis Yili Zhao
Savva (FAIR) (FAIR)




Challenge: human vs machine needs

0o
@ 1080p @ 60Hz S]] 256x256 @ 1000+ Hz
4

Slide credit: Manolis Savva
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%Habitat-Sim

 Photorealistic 3D simulator

(C++ with pybind11)

* (Generic 3D dataset support

(Replica, Gibson, MP3D, +more)

» Fast: over 1,000 FPS single-threaded
10,000 FPS multi-process (single GPU)
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Gibson Al2 Thor MINQOS House3D Habitat-Sim
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Gibson Al2 Thor MINOS House3D Habitat-Sim
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Gibson Al2 Thor MINQOS House3D Habitat-Sim




Frames Per Second
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- over 50x faster
5000

4000

3000

2000

1000

] -
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Frames Per Second
11000
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7000 1.2 Million / 180 seconds = ~7111 FPS
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Frames Per Second
11000

10000
9000
3000
7000
6000

5000

4000

3000 ~22,000 FPS

2000

1000

] -
Gibson Al2 Thor MINQOS House3D Habitat-Sim Habitat-Simx5




BULWAILL
10000 & QR . ' - P
9000 NI ﬁ% =3 = ‘.
3000 \ D
7000 —
6000 24 ‘f‘—:'—?; *ﬂb
4000 A
3000 ~22! ",
2000 '
1000 14’

e HERE'S MORE

Gibson e Habitat-Sim Habitat-Simx5



Why does speed matter?

Because you can now run experiments you couldn’t before.



PointGoal Navigation
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Depth RGB and GPS+Compass lop Down Map



RGE and GFPS+Compass
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Depth RGB and GPS+Compass lop Down Map
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Depth RGB and GPS+Compass lop Down Map



Agent and Model Design



Agent and Model Design




Agent and Model Design

« 1.25m tall cylinder with 0.1m radius




Agent and Model Design

« 1.25m tall cylinder with 0.1m radius

e Actions:

o <stop>: Indicates the agent

believes it has completed the task

o <forward>: Moves 0.25m forward

o <left>, <right>: Turn 10 degrees



Agent and Model Design




Agent and Model Design




Agent and Model Design




Agent and Model Design




Agent and Model Design




Agent and Model Design

<lefe>



Agent and Model Design

"l . -
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<lefe> <forward>

a |




Agent and Model Design
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Agent and Model Design

 How do we train this agent?




Agent and Model Design

 How do we train this agent?

» Both actions (they are discrete) and

the simulation are non-differential-able




Agent and Model Design

 How do we train this agent?

» Both actions (they are discrete) and

the simulation are non-differential-able

» Use reinforcement learning!




Learning vs SLAM

To Learn or Not to Learn:
Analyzing the Role of Learning for Navigation in Virtual Environments

Noriyuki Kojima
University of Michigan

2260 Hayward St, Ann Arbor, MI 48109

kojimano@umich.edu

Abstract

In this paper we focus on the task of geomelric naviga-
tion, i.e. navigation when ground-truth 3D information is
available. Specifically, we explore the dichotomy between
“learning” and “coding™ for this task. We construct a
hand-coded navigating agent, and demonstrate that it out-
performs state-of-the-art learning based agents on two pop-
ular benchmarks, MINOS[37] and Stanford large-scale 3D
Indoor Spaces (S3DIS)[2]. We also observe that as the en-
vironment becomes more challenging, the performance gap
between learning-based and hand coded-agent increases.

Jia Deng
Princeton University
35 Olden St 423, Princeton, NJ 08540

jiadeng@cs.princeton.edu

ods, Therefore, in the context of geometric navigation, the
strengths and weaknesses of “learning” over “coding™ are
not clear, In this paper, we attempt to clarify this so that in-
telligent choices can be made while developing real-world
systems.

We construct a hand-coded agent for the task of geomet-
n¢ navigation and compare its performance with state-of-
the-art leaming based methods on two challenging bench-
marks: S3DIS [2] and MINOS [37]. On MINOS, the
UNREAL agent [37] (which is based on deep reinforce-
ment learning) and on S3DIS, the CMP agent [14] (which
uses imitation learning to jointly train a mapper and plan-

Benchmarking Classic and Learned Navigation in Complex 3D Environments

Dmytro Mishkin® Alexey Dosovitskiy Vladlen Koltun
Czech Technical University Intel Labs Intel Labs
Abstract

Navigarion research is attracting renewed interest with
the advent of learning-based methods. However, this new
line of work is largely disconnected from well-established
classic navigation approaches. In this paper, we take a
step towards coordinating these two directions of research.
We ser up classic and learning-based navigation systems in
common simulated environments and thoroughly evaluate
them in indoor spaces of varying complexity, with access to
different sensory modalities. Addirionally, we measure hu-
man performance in the same environments. We find thar
a classic pipeline, when properly tuned, can perform very
well in complex cluttered environments. On the other hand,
learned systems can operate more robustly with a limited
sensor suite. Both approaches are still far from human-level
performance.

Classic pipeline
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Depth RGB and GPS+Compass Top Down Map
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Depth RGB and GPS+Compass Top Down Map

The agent must decide between left, right, and straight at the end of the kitchen




RGB and GPS+(Compass lop Down Map

Goal Sensor (GPS+Compass) indicates straight
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RGB and GPS+(Compass lop Down Mor

However, it can see there is wall straight




Depth RGB and GPS+(Compass lop Down Map

and a wall on the left
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RGB and GPS+(Compass lop Down Map

It correctly predicts that right is the direction to pursue




Depth RGB and GPS+Compass Top Down Map



Backtracking
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Standardizing the Embodied Agent Stack

pd obJect next to the areen obJject
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Tasks

EmbodiedQA Language grounding Interactive QA Vision-Language Navigation Visual Navigation

(Das et al., 2018)  (Hill etal., 2017) (Gordon et al., 2018)  (Anderson et al., 2018) (Zhu et al., 2017, Gupta et al., Abhishek KadianOleksandr Maksymets
2N17\ (FAIR) (FAIR)



@ Habitat-API

* Modular high-level Python library
» Easy to define virtual robot configurations

* Multiple Embodied Al tasks
PointGoal, ObjectGoal, VLN, EmbodiedQA

» Baselines: Classical Robotics (SLAM),

Imitation and Reinforcement Learning



Object Navigation

"Go to toilet" A
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import habitat

# Load embodied AI task (PointNav) and a pre-s

env =

)

habitat.Env(
config=habitat.get_config(config_file="tas

# Step through environment with random actions
while not env.episode_over:

observations

env.step(env.action_space.s

16

ENVIRONMENT:
MAX_EPISODE_STEPS: 500
SIMULATOR:
AGENT_0:
SENSORS: ['RGB_SENSOR']
HABITAT_SIM V@:
GPU_DEVICE_ID: 0
RGB_SENSOR:
WIDTH: 256
HEIGHT: 256
DEPTH_SENSOR:
WIDTH: 256
HEIGHT: 256
TASK:
TYPE: Nav-vO
SUCCESS_DISTANCE: 0.2
SENSORS: ['POINTGOAL_SENSOR']
POINTGOAL_SENSOR:
TYPE: PointGoalSensor
GOAL_FORMAT: POLAR
MEASUREMENTS: ['SPL']
SPL:
TYPE: SPL
SUCCESS_DISTANCE: 0.2



Habitat Challenge and Workshop @ CVPR ‘19

PointGoal Navigation: Go to (x,y)
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Habitat Challenge and Workshop @ CVPR ‘19

. . Rank 3 Participant team 2 SPL 2
import habitat
ClaSS Forwa rdonIYAgent(habitat.Agent) o ] Map and P|an Base“ne 084
def reset(self):
pass
2 habitat (Depth-RL-PPO) ' 0.58

def act(self, observations):
action = SIM_NAME_TO_ACTION[SimulatorActions.FC A g e nt ] hela-ppo-baseline Q)
return action

def main(): 4 CHROMA 047

agent = ForwardOnlyAgent()
challenge = habitat.Challenge()

challenge.submit(agent) S Pansy 0.42
if _name__ == “__main_": 6 habitat (Blind-RL-PPO) 0.41
main()

I EvalAl

# Installing EvalAI Command Line Interface

FROM fairembodied/habitat-challenge: latest pip install "evalai>=1.2.3"

# install dependencies in the habitat conda envi
RUN /bin/bash -c ". activate habitat; pip inst

# Set EvalAI account token
evalai set_token <your EvalAl participant token>

ADD myagent /myagent # Push docker image to EvalAl docker registry
ADD submission.sh /submission.sh dOCer evalai push my_submission:latest --phase <phase-name>



Habitat Challenge and Workshop @ CVPR ‘19

import habitat

class ForwardOnlyAgent(habitat.Agent):
def reset(self):
pass

def act(self, observations):
action = SIM_NAME_TO _ACTION([SimulatorActions.FORWARD.value]
return action

def main():
agent = ForwardOnlyAgent()
challenge = habitat.Challengel()
challenge.submit(agent)




Habitat Challenge and Workshop @ CVPR ‘19

. . Rank 3 Participant team 2 SPL 2
import habitat
ClaSS Forwa rdonIYAgent(habitat.Agent) o ] Map and P|an Base“ne 084
def reset(self):
pass
2 habitat (Depth-RL-PPO) ' 0.58

def act(self, observations):
action = SIM_NAME_TO_ACTION[SimulatorActions.FC A g e nt ] hela-ppo-baseline Q)
return action

def main(): 4 CHROMA 047

agent = ForwardOnlyAgent()
challenge = habitat.Challenge()

challenge.submit(agent) S Pansy 0.42
if _name__ == “__main_": 6 habitat (Blind-RL-PPO) 0.41
main()

I EvalAl

# Installing EvalAI Command Line Interface

FROM fairembodied/habitat-challenge: latest pip install "evalai>=1.2.3"

# install dependencies in the habitat conda envi
RUN /bin/bash -c ". activate habitat; pip inst

# Set EvalAI account token
evalai set_token <your EvalAl participant token>

ADD myagent /myagent # Push docker image to EvalAl docker registry
ADD submission.sh /submission.sh dOCer evalai push my_submission:latest --phase <phase-name>



Habitat Challenge and Workshop @ CVPR ‘19

FROM fairembodied/habitat-challenge: latest

# install dependencies 1in the habitat conda environment
RUN /bin/bash -c ". activate habitat; pip install torch"

b

docker

ADD myagent /myagent
ADD submission.sh /submission.sh




Habitat Challenge and Workshop @ CVPR ‘19

. . Rank 3 Participant team 2 SPL 2
import habitat
ClaSS Forwa rdonIYAgent(habitat.Agent) o ] Map and P|an Base“ne 084
def reset(self):
pass
2 habitat (Depth-RL-PPO) ' 0.58

def act(self, observations):
action = SIM_NAME_TO_ACTION[SimulatorActions.FC A g e nt ] hela-ppo-baseline Q)
return action

def main(): 4 CHROMA 047

agent = ForwardOnlyAgent()
challenge = habitat.Challenge()

challenge.submit(agent) S Pansy 0.42
if _name__ == “__main_": 6 habitat (Blind-RL-PPO) 0.41
main()

I EvalAl

# Installing EvalAI Command Line Interface

FROM fairembodied/habitat-challenge: latest pip install "evalai>=1.2.3"

# install dependencies in the habitat conda envi
RUN /bin/bash -c ". activate habitat; pip inst

# Set EvalAI account token
evalai set_token <your EvalAl participant token>

ADD myagent /myagent # Push docker image to EvalAl docker registry
ADD submission.sh /submission.sh dOCer evalai push my_submission:latest --phase <phase-name>



Habitat Challenge and Workshop @ CVPR ‘19

# Installing EvalAI Command Line Interface
pip install "evalai>=1.2.3"

# Set EvalAl account token
evalal set_token <your EvalAl participant token>

# Push docker 1image to EvalAl docker registry
evalal push my_submission: latest ——-phase <phase-name>

EvalAl



Habitat Challenge and Workshop @ CVPR ‘19

. . Rank 3 Participant team 2 SPL 2
import habitat
ClaSS Forwa rdonIYAgent(habitat.Agent) o ] Map and P|an Base“ne 084
def reset(self):
pass
2 habitat (Depth-RL-PPO) ' 0.58

def act(self, observations):
action = SIM_NAME_TO_ACTION[SimulatorActions.FC A g e nt ] hela-ppo-baseline Q)
return action

def main(): 4 CHROMA 047

agent = ForwardOnlyAgent()
challenge = habitat.Challenge()

challenge.submit(agent) S Pansy 0.42
if _name__ == “__main_": 6 habitat (Blind-RL-PPO) 0.41
main()

I EvalAl

# Installing EvalAI Command Line Interface

FROM fairembodied/habitat-challenge: latest pip install "evalai>=1.2.3"

# install dependencies in the habitat conda envi
RUN /bin/bash -c ". activate habitat; pip inst

# Set EvalAI account token
evalai set_token <your EvalAl participant token>

ADD myagent /myagent # Push docker image to EvalAl docker registry
ADD submission.sh /submission.sh dOCer evalai push my_submission:latest --phase <phase-name>



Habitat Challenge and Workshop @ CVPR ‘19

Rank Team SPL

1 Arnold 0.948
2 Pansy 0.927
3 titardrew 0.868
4 Hiccup 0.846
5 CHROMA 0.843
6 Mid-level-Features 0.815
7 ARF-RL 0.788
8 mkk1 0.738
9 cnmooc 0.693
10 hela-ppo-baseline 0.569

126



Standardizing the Embodied Al Stack

Habitat Platform

-
Tasks Habitat API
EmbodiedQA Language grounding Interactive QA Vision-Language Navigation Visual Navigation
(Das et al., 2018) (Hilletal., 2017) (Gordon etal., 2018) (Anderson et al., 2018) (Zhu et al., 2017, Gupta et al.,
2017)
Simulators . Habitat Sim
l Bl 2
House3D Al2-THOR MINOS Gibson CHALET
(Wu et al., 2017) (Kolve et al., 2017) (Savva et al., 2017) (Zamir et al., 2018) (Yan et al., 2018) *
Generic Dataset
Datasets
’ Support
Replica (Straub et al., 2019) Matterport3D (Chang et al., 2017) 2D-3D-S (Armeni et al., 2017) \
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ICCV 19

[Best Paper Award Nominee]

Habitat: A Platform for Embodied Al Research

Manolis Savva''*, Abhishek Kadian'*, Oleksandr Maksymets'*, Yili Zhao',
Erik Wijmans'*~, Bhavana Jain', Julian Straub“, Jia Liu’, Vladlen Koltun®,
Jitendra Malik' ", Devi Parikh'~, Dhruv Batra''

'Facebook Al Research, “Facebook Reality Labs, *Georgia Institute of Technology,
‘Simon Fraser Univcrsity. "’lntcl Labs “UC Berkeley

- - '- -

Abstract

We present Habitat, a new platform for research in em-
bodied artificial intelligence (Al). Habitat enables training
embodied agents (virtual robots) in highly efficient photore-
alistic 3D simulation, before transferring the learned skills
to realiry. Specifically, Habitat consists of the following -

] Bahitatr . .Cim a RBevibhile hioh_-nevrinrmansce D

/aihabi .Org

1. Introduction

Imagine walking up to a home robot and asking “Hey -
can you go check if my laptop is on my desk? And if so, bring
if to me.” In order to be successful, such a robot would need
a range of skills — visual perception (1o recognize scenes and
objects), language understanding (to translate questions and
Instructions into actions), and navigation in oompkx environ-
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Decentralized Distributed PPO:
Mastering PointGoal Navigation
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Decentralized Distributed PPO

VV OIKE VVOIKE
(simulation + (simulation +

| |

VVOTKEer VVorker
(simulation + — (simulation +

131



250

200

Speed-up

Decentralized Distributed PPO
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1.0 Performance on PointGoal Navigation
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We utilize DD-PPO to train an agent for 2.5 Billion steps of experience
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Visual Turing Test
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Learned Agent Shortest Path Oracle







Are We Making Real Progress in Simulated Environments??
Measuring the Sim2Real Gap in Embodied Visual Navigation
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Does progress In simulation
translate to progress on real robots?

(In the context of embodied navigation)






Georgia Tech CODA Building Scans

 https://my.matterport.com/show/?m=yZVvKaJdZghh
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amport habitat

¥ Are we 1n sim or reality?
if args.use_simulation: # Use Habitat-Sim
config.SIMULATOR.TYPE = "Habitat-Sim-vO"

else: # Use LoCoBot via PyRobot
config.SIMULATOR.TYPE = "PyRobot-Locobot-vO"
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Sim-vs-Real Correlation Coefficient (SRCC)
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Sim-vs-Real Correlation Coefficient (SRCC)
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Cheating by Sliding
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Import Objects

* Why?
» Egocentric CV

e Domain

randomization




Physics
* Why? \ |
* Intuitive physics o \ 7 ’ £
| , o -
* Robotics, ' 3
sim2real - * - T
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Habitat

Habitat in Browser

* Why?

» Grounded Dialog via

¥ ”'_ —
2-player data collection - ﬁ* o .
o e

e Demo:

o https://aihabitat.org/iccv2019-
demo/



https://aihabitat.org/iccv2019-demo/

Plans

 Full support for object interaction + physics

o Physics Is slow! Need to spend time optimizing.

o Articulated robot integration (URDF)
 Humans-as-agents (Web + VR)

 CVPR20 Challenge

o PointGoal Navigation w/ GPS+Compass

o ObjectGoal Navigation
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