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Task Introduction




What is Navigation?

- Definition of Navigation: Direct or find a way from one place to another.



What is Navigation?

- Definition of Navigation: Direct or find a way from one place to another.
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What is Navigation?

- Definition of Navigation: Direct or find a way from one place to another.

. . ’
Outdoor Navigation Indoor Navigation e
7/
rrgetimage | Challenges:
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What is Navigation?

- Definition of Navigation: Direct or find a way from one place to another.

[ ] [ ] [ ] [ ] /
Outdoor Navigation Indoor Navigation e
V4
Target Image ChallengES'
x - a) No HD Map
iy ‘;:*”E“*ﬁ; | | e sl b) Noisy Indoor Positioning
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What is Navigation?

- Definition of Navigation: Direct or find a way from one place to another.

Observations (Goal: chair) Predicted Semantic Map

.

Demo:

—0.5
0.0 A
0.5

chair bed plant toilet tv sofa



What is Navigation?

- Definition of Navigation: Direct or find a way from one place to another.

Explicit Target Locations:

Point Goal

(i Photo-realistic 3D scene 2

PR

Goal :
Go 5m south, 3m west
relative to start.



What is Navigation?

- Definition of Navigation: Direct or find a way from one place to another.

Explicit or Implicit Target Locations:

Point Goal Image Goal

(i Photo-realistic 3D scene )

Goal Image (/;;)

PR

Goal : Goal :
Go 5m south, 3m west Go where the photo was taken.
relative to start.
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What is Navigation?

- Definition of Navigation: Direct or find a way from one place to another.

Explicit or Implicit Target Locations:

Point Goal Image Goal Object Goal

(i Photo-realistic 3D scene A 2 Photo-realistic 3D scene 2

Goal Image (/;;)

PR

Goal : Goal : Goal :
Go 5m south, 3m west Go where the photo was taken. Go find a sofa.
relative to start.
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What is Navigation?

- How to Evaluate?

(1) Success Rate

(2) SPL (Success Weighted by Path Planning)

S; : binary for success
[;: shortest path length
p,; : actual path length

'

1 N [
SPL = —) &,
N Z max(p;, [;)

1=1

(3) Soft SPL

SoftSPL = l%(l— ar ) ( ! )
N dinit; ) \max(p;, ;)

i=1

dr; . distance to target location d,,;,; : distance to start location

(4) Distance to Goal
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What is Navigation?

- How to Evaluate? - Datasets:

(1) Success Rate

(2) SPL (Success Weighted by Path Planning) (1) Matterport 3D(MP3D) Larger

. . ] Proposed in 2017

1 1 ZL ; - dInary 10r SucCCess More
SPl. = — Z S; [; - shortest path length Realistic

i i=1 max(pi, l;) p; . actual path length (2) Gibson 3D

Proposed in CVPR 2018

(3) Soft SPL More

L§(q- dn ! (3) Habitat Matterport 3D | """

— .= _ i dDIta atterpor

SoftSPL =5 1; (1 diniti) (mﬂx(Pi, li)) P

Proposed in NIPS 2021
dr; . distance to target location d,,;, : distance to start location

(4) Distance to Goal

13



Why do we care about Navigation?

- Basic Module of Embodied Al: Navigation + Manipulation

\

Point Goal

Image Goal

_ =— Navigation
Object Goal
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Why do we care about Navigation?

- Basic Module of Embodied Al: Navigation + Manipulation

Point Goal

Image Goal

Object Goal

\

—— Navigation

Rearrangement

Language+

Goal :
Rearrange the apple on
the desk to the sofa.

Goal :
“Hey, bobo. Where is my
wallet? Give it to me.”

15



Why do we care about Navigation?

- Basic Module of Embodied Al: Navigation + Manipulation

Image Goal

Object Goal

—— Navigation

Rearrangement

Language+

Goal :
Rearrange the apple on
the desk to the sofa.

Goal :
“Hey, bobo. Where is my
wallet? Give it to me.”
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% Habitat

PointGoal Nav
2019 - 2021

ObjectGoal Nav
2020 -

Rearrangement
2022 -
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Habitat Challenge

SPL
A
% Habitat =7 °%
0.87T 0.74
PointGoal Nav O
2019 - 2021 0.6 1
ObjectGoal Nav O 0.4+ 0.36
2020 -
024 0.21 0.13
Rearrangement | 0.10 | | |
2022 - . >

2019 2020 2021 2022 Year
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Habitat Challenge

Success Rate
A
% Habitat
+0.8
PointGoal Nav O
2019 - 2021 064  +os
ObjectGoal Nav 0.30 +0.4
5020 . O 0.28
0.25 1o
Rearrangement | | | |
2022 - - >

2019 2020 2021 2022 Year
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Selected Papers




Selected Papers

Map-Based

Vision-Based




Selected Papers

Map-Based




Learning to Explore Using Active Neural SLAM

Devendra Singh Chaplot! !, Dhiraj Gandhi’, Saurabh Gupta’*,
Abhinav Gupta ** Ruslan Salakhutdinov'*
ICarnegie Mellon University, Facebook Al Research, *UTUC

(ICLR 2020)



Learning to Explore Using Active Neural SLAM
Devendra Singh Chaplot! !, Dhiraj Gandhi’, Saurabh Gupta’*,

Abhinav Gupta %, Ruslan Salakhutdinov'*
ICarnegie Mellon University, Facebook Al Research, *UTUC

(ICLR 2020)

Goal: Maximize Exploration Coverage in a fixed time budget

Input: RGB Image, Pose Sensor with Noise

24



Active Neural SLAM

Sensor Pose

-$| Pose Estimate (£,

Reading (x;) ]
Global Policy 4
(76) b
Neural SLAM @
D
(f:S'LAM )
Map (m,)
Observation (s,)
. Local Policy Short-term
Action (a,) s
(7)) goal (g))
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Active Neural SLAM

“‘"‘“‘jx I ——4p| Pose Estimate e —————)
| B Sl
I erm
| r{ — ooal (&
{ H’ |w} -
| § 3 3
Z Map (m %
N o g remnss
I — i
Observation
Global Long-term Short-term .
Mapper Policy Goal Goal Action
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Active Neural SLAM

Sensor Pose |
Reading (x/)

i -$»| Pose Estimate (&
z Global Policy | Long-term
| (75) L oel @)
BN Neural SLAM R
i (fszam)

Map (m,)

Observation (s,)

{____._
] Local P0||Cy Short-term
BT —
Observation
Global Long-term Short-term .
Mapper Policy Goal Goal Action
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Active Neural SLAM

-$ Pose Estimate (&

Sensor Pose |l
Reading (x/) i
‘ Global POIlcy _ Long-term
M- o oo s
BB Neural SLAM ol
i v}
i# (fszam)

Map (m,)
Local POllcy Short-term
e R

Observation

Short-term
Goal

Global Long-term

. Action
Policy Goal

Mapper
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Active Neural SLAM

- Pose Estimate (& :

Sensor Pose |l
Reading (x,) |
‘ GIObaI PO“CY ' Long-term A \;‘{‘
M =) (It
‘B Neural SLAM ol |
ik v i
(f NV )

Map (m,)
Observation (s,)

{_..__.._
] Local P0||Cy Short-term
BT —
Observation
Global Long-term Short-term .
Mapper Policy Goal Goal Action
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Active Neural SLAM

- Pose Estimate (& :

Sensor Pose |l
Reading (x,) |
‘ GIObaI PO“CY ' Long-term A \;‘{‘
M =) (It
‘B Neural SLAM ol |
ik v i
(f NV )

Map (m,)
Local POllcy Short-term
e R

Observation

Short-term
Goal

Global Long-term

. Action
Policy Goal

Mapper
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Active Neural SLAM

Reading (x/)
BN Neural SLAM
& | (fszam)

GIObaI PO“CY ' Long-term A \;‘{‘
()

Map (m,)
Observation (s,) s

Local Polic )
o e o
(ﬂll) goal (g

Observation

Short-term
Goal

Global Long-term

Policy Goal Action

Mapper
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Active Neural SLAM

Observation
Long-term Short-term Local :
cont | L] | o | Action

PP P Policy

32



Active Neural SLAM

Observation

Long-term W Short-term Local Action
Goal Goal Policy

%V XV 2X M x M
Pose my_q
-—- :. P
. \.f":':' N '/. 3 | (\ B
A Max QV\
Egocentric Proj. Geocentric Proj. Pooling
Observation (s,) (p*) (p:=") Map (m,)

2 Channels of Occupancy Map: A Location being Occupied & Explored

33



Active Neural SLAM

Observation

Action

i
i
Long-term| ! Short-term
Goal ! Goal

o , ¥

\‘;\ Global Long-term Goal » v
) Policy (coordinates in map)

Map (m,)

Reward: Coverage Increase |
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Active Neural SLAM

Observation

Long-term Short-term Local :
Domain Generalization
Gibson Val MP3D Test
Method % Cov. Cov. (m2) % Cov. Cov. (m2)
RL + 3LConv [1] 0.737 22.838 0.332 47.758
RL + Res18 0.747 23.188 0.341 49.175
RL + Res18 + AuxDepth [2] 0.779 24.467 0.356 51.959
RL + Res18 + ProjDepth [3 0.789 24.863 0.378 54.775

Active Neural SLAM (ANS) 0.948 32.701 0.521 73.281

35



PointNav in Habitat Challenge 2019

Observation

PP P Policy

Long-term W Short-term Local Action
Goal Goal Policy

How to transfer to
PointNav in Habitat Challenge 2019

Goal: Go 5m south, 3m west. \/
Input: RGB/RGB-D + Perfect Pose Sensor

36



PointNav in Habitat Challenge 2019

Observation

------------------ 1I
i
Long-term| | Short-term Local :
Mapper - ont | A" omt [ R Action

_________ S —

\

‘\ How to transfer to

\ PointNav in Habitat Challenge 2019
\
Goal: Go 5m south, 3m west. \| \/
\
Input: RGB + Perfect Pode Sensor
\

RGB Track: Fix the target point as the long-term goal

37



PointNav in Habitat Challenge 2019

Observation

I
i
Long-term w Short-term Local Action
Goal : Goal Policy
i

\ How to transfer to
\ PointNav in Habitat Challenge 2019

\
Goal: Go 5m south, 3m west. ', \/

\
Input: /RGB-D + Perfect Po%e Sensor
\

\
\

RGB-D Track: Fix the target point as the long-term goal + Projecting Mapper

38



PointNav in Habitat Challenge 2019

Observation
Long-term Short-term Local :
Mapper R fianner MECOEL . Local B e
RGB Leaderboard RGB-D Leaderboard
Rank Team Rank Team
I Arnold 0. 805] I Arnold 0.948 I
Mid-level-Features  0.800 Pansy 0.927
20 19 WI nner | 3 CHROMA 0.712 3 titardrew 0.868
4 ARF-RL 0.699 4 Hiccup 0.846
Goal: Go 5m south, 3m west. S
5 MTank 0.260 = -
Input: RGB/RGB-D + Perfect Pose Sensor — o
6 Policy-Police 0.260 10 hela-ppo-baseline  0.569

39



PointNav in Habitat Challenge 2020

What’s new in PointNav of Habitat Challenge 2020:

Input: Only Noisy RGB-D Image

40



PointNav in Habitat Challenge 2020

What’s new in PointNav of Habitat Challenge 2020:

Input: Only Noisy RGB-D Image

Long-term W Short-term Local Action
Goal Goal Policy

Observation

Global
Mapper Map Policy

41



PointNav in Habitat Challenge 2020

What’s new in PointNav of Habitat Challenge 2020:

Input: Only Noisy RGB-D Image

Observation Pose Estimator Pose

Global Long-term W Short-term Local .
M Action
Mapper 2P Policy Goal Goal Policy !

42



PointNav in Habitat Challenge 2020

What’s new in PointNav of Habitat Challenge 2020:

Input: Only Noisy RGB-D Image

Observation Pose Estimator Pose

i
Long-term _LMShort-term Local Action
Goal |, Goal Policy

‘\
~
~y
~y
~y
~
~
~y
~
~y
‘\
N

Fix the target point as the long-term goal + Projecting Mapper
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PointNav in Habitat Challenge 2020

Observation Pose Estimator Pose
1

1

M Global Long-term WShort-term
M Policy Goal Goal

;

2020 Winner!

Occupancy Anticipation

for Efficient Exploration and Navigation
(ECCV 2020)

Santhosh K. Ramakrishnan®?, Ziad Al-Halah!, and Kristen Grauman?!-?

Action

1 The University of Texas at Austin, Austin TX 78712, USA
2 Facebook AI Research, Austin TX 78701, USA

44



PointNav in Habitat Challenge 2020

Observation Pose Estimator Pose
Anticipation Long-term W Short-term
Mapper Goal Goal

Action

Feature encoding Anticipation

| |
| |
I decoder I
i i Anticipated
Ii | DECODE ! occupancy
| |
f i i
| |
| |
| |
| |

Il Occupied

|

|

|

|

|

:

|

|

I

| W Free MERGE p

: [] Unknown - "_—\ .
i - N Bl Occupied
:

|

|

|

|

|

|

|

Depth
projection

Q i _ i ] Free
\\/\ ‘ ’ —SKip ﬁ i [] Unknown
| connections I b
| |8 : : M\
Visible ! | y.

occupancy ' GT occupancy 45




PointNav in Habitat Challenge 2020

Observation

Anticipation Long-term Short-term Local ]
. . Action
Mapper Goal Policy

G? 2
For Exploration: Accuracy(ri, m) = ZZ Limi; = mij;], m : Global Map
RO™*P — Accuracy (1, m) — Accuracy(fivs—1, m).

For PointNav: Fix the target location as global goal.

46



PointNav in Habitat Challenge 2020

Observation Pose Estimator Pose

Anticipation Global Long-term W Short-term Local Action
Mapper Policy Goal Goal Policy

Occupancy Anticipation

Rank Team SPL  SOFT_SPL DISTANCE_TO_GOAL SUCCESS
I 1 OccupancyAnticipation 0.21  0.50 2.29 0.28 I
2 ego-localization 0.15 0.60 1.82 0.19
3 DAN 0.13 0.24 4.00 0:25
4 Information Bottleneck 0.06 0.43 2.72 0.09
2020 Winner! 5 cogmodel_team 0.01 0.33 4.27 0.01
GoaI: GO 5m South, 3m WeSt. 6 UCULab 0.001 0.11 597 0.002

Input: RGB-D Image

47



PointNav in Habitat Challenge 2020

Observation Pose Estimator Pose
Long-term Short-term
Goal Goal

Anticipation

Map

Mapper

Q: Why Occupancy Anticipation works for PointNav?

A: Better modeling the navigable spaces.

48



PointNav in Habitat Challenge 2020

Observation Pose Estimator Pose

Long-term W Short-term Local Action
Goal Goal Policy

Anticipation

Mapper Map

Q: Why the performance drops so much if not given a pose sensor?

A: Bad pose estimation becomes a drag on map-based methods.

49



ObjectNav in Habitat Challenge 2020

Input: RGB-D Input + Oracle Pose Sensor

Goal: Find a chair

50



ObjectNav in Habitat Challenge 2020

Input: RGB-D Input + Oracle Pose Sensor

Goal: Find a chair

Observation

Global
Mapper Map Policy

How to transfer the pipeline to Object Goal Navigation?

Long-term W Short-term
Goal Goal

51



ObjectNav in Habitat Challenge 2020

Observation

|
Goal :

Short-term
Goal

2020 Winner!

Object Goal Navigation using
Goal-Oriented Semantic Exploration

L | .
O(Ea Action
Policy

(NeurlPS 2020)

Devendra Singh Chaplot! |, Dhiraj Gandhi?, Abhinav Gupta'>* Ruslan Salakhutdinov'*
ICarnegie Mellon University, 2Facebook AI Research

52




ObjectNav in Habitat Challenge 2020

Observation

Mapper

Map

|
Goal :

Short-term
Goal

53




ObjectNav in Habitat Challenge 2020

Observation

Mapper

Long-term
Goal

i
i
- Short-term Local ]
i

Goal-Oriented Long-term
MAP Global Policy Goal

Where to check to reach
the target object?

Reward: distance to the nearest goal

54



ObjectNav in Habitat Challenge 2020

Observation

Semantic
Mapper

Long-term
Goal

e

Short-term
Goal

Semantic Map (m,)

55




ObjectNav in Habitat Challenge 2020

Observation

Semantic Long-term w Short-term
Goal Goal

Channels: 2 + C

Projection Map (K X M X M)

; sum All obstacles ----» Obstacles
oou T TR >
i across ----» Explored Area

height ------------------ > A

All cells :
‘ i Semantic

Category-wise i categories (C)

v
Denoising Network

Semantic Map Prediction (K X M X M)

A\

Point Semantic
Cloud Labels

Semantic Map (m,)

56




ObjectNav in Habitat Challenge 2020

Observation

Semantic Goal-Oriented Long-term wShort-term Local Action
Mapper Global Policy Goal Goal Policy
Rank Team SPL  SOFT_SPL DISTANCE_TO_GOAL SUCCESS
| 1 Arnold 0.10 0.18 6.33 0.25 |
2 SRCB-Robot-Sudoer 0.10  0.22 6.91 0.19
3 Active Exploration 0.05 0.17 7.34 0.13
2020 Winner! 4 Black Sheep 0.03 0.16 7.03 0.10
5 Blue Ox 0.02 0.14 7.23 0.07
Goal: Go find a chair. 6 UCULab 0.001 0.11 5.97 0.002

Input: RGB-D Image + Oracle Pose

57



ObjectNav in Habitat Challenge 2020

Observation

Semantic
Mapper

Drawbacks:

Goal-Oriented
Global Policy

Long-term
Goal

e

Short-term
Goal

58




ObjectNav in Habitat Challenge 2020

Observation

Action

Semantic Goal-Oriented Long-term M Short-term
Global Policy Goal Goal

lh‘ =

Fig. 4: Tasked to go to a bed, the agent mistakes the sofa as a bed in the last frame and stops. Such a false detection results in failure.

Fig. 4 comes from Stubborn: A Strong Baseline for Indoor Object Navigation, Hankuan Luo et al. 59



Other Map-Based Methods for ObjecNav

PONI: Potential Functions for ObjectGoal Navigation
with Interaction-free Learning

(CVPR 2022, Oral)

Santhosh Kumar Ramakrishnan'?, Devendra Singh Chaplot!, Ziad Al-Halah?,
Jitendra Malik'3, Kristen Grauman'-
IMeta AI 2UT Austin 3UC Berkeley

S “&“ i "f"

GT location of shower (unknown to agent)

Where do I look for the shower‘? Partial semantic map Potential Function Network Predicted potential function

1.0

| A || Non-interactive tralnmg on semantic maps

e N

F l } ! i /{" 7\ (; _
: l Map frontiers
, na e «' § L : 0.0
¢ uf

60



Selected Papers

Vision-Based




PointNav in Habitat Challenge 2021

2021 Runner-up for PointNav!

Robust Visual Odometry for Realistic
Point-Goal Navigation

Ruslan Partsey!, Oleksandr Maksymets?, and Oles Dobosevych?!

! Ukrainian Catholic University
2 Facebook AI Research

Goal: Go 5m south, 3m west relative to start.

Input: Only RGB-D Image with noise.

62



PointNav in Habitat Challenge 2021

Overview

Visual odometry module Navigation policy

Two Separately-Trained Modules:

1) Navigation Policy (blue)

2) Visual Odometry (pink)

63



PointNav in Habitat Challenge 2021

Overview

Navigation policy

.‘ Policy |

Navigation Policy:

Architecture: LSTM + ResNet18
Training: PPO

Input: Depth + GT Pose + ...
(Replace GT Pose with Visual
Odometry in evaluation)

Output: Action, ...

64



PointNav in Habitat Challenge 2021

Overview V|suaI Odometry

Visual odometry module

resnet18 compression fully connected embedding

//
[ /
[ T[]
l

» — > h meta-information 7
‘ (action taken/collision)

65



PointNav in Habitat Challenge 2021

TABLE 4.7: Visual odometry metrics (subject to 1e+2 multiplication).

Tricks for Visual Odometry — T

EXperimentnpme Epoch Total Forward Left Right Total Forward Left Right

N 20 461 541 348 367 237 158 361 317
. 5 40 410 453 347 365 18 129 265 249
1) How to embed meta-info: R 20 551 699 348 373 298 215 390 418
ki 40 465 545 356 367 240 164 328 345
- 5 bsractemb © 2% 2 a8 3 115 om  le  Le
2) Whether to crop out interested area: o 20 310 280 337 362 137 102 179 187
- = 40 300 256 348 365 126 084 174 185
) 20 300 267 339 347 125 096 158 168
3 ) Data Au gme ntation? i s 40 28 243 341 358 116 082 159 163
20 308 280 338 349 124 094 159 165
40 287 243 331 357 117 085 155 160
20 292 254 337 344 114 08 151 153
40 D270 230 MUEENEE 103 073 LD
20 289 262 320 330 106 082 137 137
40 276 242 317 323 09 069 128 132
20 328 341 303 319 124 109 140 149
40 314 318 301 316 115 095 138 144
20 312 315 302 316 126 102 157 157
40 294 289 300 300 118 100 141 142
20 317 358 259 267 118 114 119 127
40 276 305 236 241 098 095 102  1.00
20 349 NA NA 349 173 NA NA 173
40 34 NA NA 346 171 NA NA 171
20 334 NA 33 NA 17 NA 176 NA
40 327 NA 327 NA 155 NA 155 NA
20 275 275 NA NA 097 097 NA NA
4 227 227 NA NA 077 077 NA NA
20 237 18 297 303 08 053 122 118
40 221 165 291 295 077 048 115 115

U

bs + col_emb + act_emb 2fc

bs + act_emb 2fc + vflip

bs + act_emb 2fc + vflip + inv_rot

bs + act_emb 2fc + 320x450->160x225

bs + act_emb 2fc + 320x450->180x320

bs + act_emb 2fc + 320x350->180x320

sepact_right

sepact_left

sepact_fwd

bs + act_emb 2fc + Iscale




PointNav in Habitat Challenge 2021

TABLE 4.7: Visual odometry metrics (subject to 1e+2 multiplication).

Tricks for Visual Odometry — T

S pestmentiname Fpo Total Forward Left Right Total Forward Left Right

b 20 461 541 348 367 237 158 361 317
. 5 40 410 453 347 365 18 129 265 249

1) How to embed meta-info: i o 20 551 699 348 373 298 215 390 418
ki 40 465 545 356 367 240 164 328 345

L s ractemd 20 313 28 345 348 132 099 174 176

: : 40 289 239 343 365 115 078 162 165

2) Whether to crop out interested area: S 20 310 280 337 362 137 102 179 187
- - 40 300 256 348 365 126 084 174 185

) 20 300 267 339 347 125 096 158 168

3 ) Data Au gme ntation? i s 40 28 243 341 358 116 082 159 163
20 308 280 338 349 124 094 159 165

40 287 243 331 357 117 08 155 160
. be bachebZfcrt vilp 20 292 254 337 344 114 08 151 153
Qu e St ions: . 40 P23 230 BOC TN 103 073 UL
. R 20 289 262 320 330 106 08 137 137

- p 0L 40 276 242 317 323 09 069 128 132

20 328 341 303 319 124 109 140 149

1) Why d simple LSTM + a tricky Visual bs +actemb2fc + 20xi50->160225 4o  |NEIEINNCRTINNNS ' NN RN 1o 005 R

. bs+act emb2fc +320x450->180x320 20 Ser a8y see  son 1ae e o Y

Odomet 'y wo rk so well for PointNav? bs + act omb 2fc + 320350180320 22 MELAREEE B 2:59 26700 BN A TS 27
S T aclemb 2ic + 92X x 40 276 305 236 241 098 095 102  1.00
20 349 NA NA 349 173 NA NA 173
40 346 NA NA 346 171 NA NA 171

bs + col_emb + act_emb 2fc

sepact_right

2) With a good Visual Odometry, will © 37 NA 37 NA I NA 1% NA
map-based methods also work well for ~ sepactud © 27 27 NA NA 07 o7 Na Na

e ot rerbiBtan el 20 237 18 297 303 08 053 122 118
the task? S acemb seiscale 40 221 165 291 295 077 048 115 115

U7




ObjectNav in Habitat Challenge 2021

2021 Winner for ObjectNav!

Auxiliary Tasks and Exploration Enable ObjectGoal Navigation

(ICCV 2021)

Joel Ye'* Dhruv Batral? Abhishek Das? Erik Wijmans®
1Georgia Institute of Technology 2 Facebook Al Research

Goal: Go find a chair.

Input: RGB-D Image with noise + Perfect Pose Sensor

68



ObjectNav in Habitat Challenge 2021

Auxiliary Tasks:

(1) Inverse Dynamics (ID)

Decoding action taken from two

successive observations.

Predicted: 7,

T

Linear

A+ 4

[ fown,

Pt

hr Xt Xt+1

(a) Inverse Dynamics

Ty
Lip = Z LCE(I(¢’M ¢’H—17 hT)7 a"i)
i=1
¢+ : visual embeddings

69



ObjectNav in Habitat Challenge 2021

Auxiliary Tasks:

(1) Inverse Dynamics (ID)

Decoding action taken from two

successive observations.

(2) Temporal Distance (TD)

Decoding the timestep difference

between two observations.

—i
Predicted: l]—l
T

T

Linear

£+ 4

[ fon,

Pt

hT Xi Xj

(b) Temporal Distance

Lop = %((z’ — ) = T(¢s, 5, hr))>

70



ObjectNav in Habitat Challenge 2021

Auxiliary Tasks: (3) Action-Conditional Contrastive Predictive
(1) Inverse Dynamics (ID) Coding (CPC|A)

Decoding action taken from two  Decoding future visual embeddings at every timestep from

successive observations. other visual embeddings using a secondary GRU.
® @ ® @ ®» @
S S S X 4
(2) Temporal Distance (TD) x, “;LP ML; “%LP MLTP “;LP ML;
Decoding the timestep difference Prer | Pt Pz | Pz Prak | Pra
—
between two observations. _’—’ —>
‘It aILl at-l-Tk—l

(c) CPCIA
71



ObjectNav in Habitat Challenge 2021

Auxiliary Tasks: (3) Action-Conditional Contrastive Predictive
(1) Inverse Dynamics (ID) Coding (CPC|A)

Decoding action taken from two  Decoding future observation embeddings at every timestep

successive observations. from other observation embeddings using a secondary GRU.

(2) Temporal Distance (TD) (4) Action Distribution Prediction (ADP)

Decoding the timestep differen . .
ne | b e - (5) Generalized Inverse Dynamics (GID)

between two observations.

(6) Coverage Prediction (CP)

72



ObjectNav in Habitat Challenge 2021

Fuse Auxiliary Tasks for ObjectNav:
SGE : the fraction of the frame
occupied by the goal object.

a >SS (" Beliefs ) (Semantic Goal Exists)
s \
2 —> | | - e Apgtl:zg — |eft Beliefs : Output cell States from all
< r c y individual GRUs for Aux Tasks.
RNN |Aux | | & e

. = ethere
[ »SGE (O{) N cos 1 Poli cy — S0P Fusion : An attention layer conditioned
"Eind a Chair" —» [ RNN | Aux / on the observation embedding.

GPS + Compass — \_ ')

Liota1 (03 00) = Lru(0m) — @H getion(0) + Laux (0m; 0q) Haction : entropy across action distribution

N Aux

. . . Ha . . . . .
Lannl B B ) = Z BLh  (01m;60") — pHatin (0m) ttn : entropy across attention distribution

: over aux tasks
= 73



Comments & Discussion

Topic 1: Map-Based VS Vision-Based
Comment: Map-Based Methods with higher Interpretability & Expansibility

Topic 2: More Data VS More Elegant Methods

Background:

(1) PointNav solved in 2021, achieving 99.6% success rate, with 2.5 billion
training frames and a simple RNN network.

(2) Boost performance in GoalNav, with auxiliary data(human annotated

/synthetic/human demonstrations...)
(3) CLIP

Question: How should we regard those who achieve nearly perfect performance
if simply with big data?
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Embodied Navigation Tasks

Thanks for Listening!
Any Questions?

Embodied Perception and InteraCtior



