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Multi-Object Navigation

Target objects Matterport 3D [2] Important abilities

- - __ "ff;@_ ' | - Buil_ding a useful representation of the
A AL s ‘ environment
- Taking advantage of such representation
to plan and navigate efficiently

[1] Wani et al. MultiON: Benchmarking Semantic Map Memory using Multi-Object Navigation, NeurlPS 2020
[2] Chang et al. Matterport 3D: Learning from RGB-D Data in Indoor Environments, 3DV 2017
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Multi-Object Navigation

Why is it interesting to benchmark mapping capabilities ?

- Sequential task
- Remembering previously encountered objects
- Mapping the environment

- External objects as objectives
- Agent can’t rely on knowledge about indoor layouts
- Focus on memory

[1] Wani et al. MultiON: Benchmarking Semantic Map Memory using Multi-Object Navigation, NeurlPS 2020
[2] Chang et al. Matterport 3D: Learning from RGB-D Data in Indoor Environments, 3DV 2017
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Baseline Architectures

Ego Map @ Mask unobserved objects
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[1] Wani et al. MultiON: Benchmarking Semantic Map Memory using Multi-Object Navigation, NeurlPS 2020



Baseline Architectures
NoMap: Recurrent agent
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[1] Wani et al. MultiON: Benchmarking Semantic Map Memory using Multi-Object Navigation, NeurlPS 2020



Baseline Architectures _ |
ProjNeuralMap: Projects extracted

image features using depth [3]
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B action ‘ Embedding

] Wani et al. MultiON: Benchmarking Semantic Map Memory using Multi-Object Navigation, NeurlPS 2020
] Henrigues et al. Mapnet: An allocentric spatial memory for mapping environments, CVPR 2018
Beeching et al. EQoMap: Projective mapping and structured egocentric memory for Deep RL, ECML-PKDD 2020

1T 1

ESNCE

6



Baseline Architectures
OracleMap: GT occupancy map

and object locations
Ego Map i

@ Oracle Map

'm@ \ Critic
@ class Embedding

helee
B action ‘ Embedding
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] Wani et al. MultiON: Benchmarking Semantic Map Memory using Multi-Object Navigation, NeurlPS 2020
] Henrigues et al. Mapnet: An allocentric spatial memory for mapping environments, CVPR 2018
Beeching et al. EQoMap: Projective mapping and structured egocentric memory for Deep RL, ECML-PKDD 2020
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Baseline Architectures
OracleEgoMap: GT map revealed

Ego Map @Mask unobserved objects In regions already seen

oo

@ Oracle Map

- RGBD
observation

bmﬂm \ Critic
@ class Embedding

Trevous
B aCt|On ‘ Embeddlng

] Wani et al. MultiON: Benchmarking Semantic Map Memory using Multi-Object Navigation, NeurlPS 2020
] Henrigues et al. Mapnet: An allocentric spatial memory for mapping environments, CVPR 2018
Beeching et al. EQoMap: Projective mapping and structured egocentric memory for Deep RL, ECML-PKDD 2020
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Baseline Architectures

Trained with Proximal Policy Optimization (PPO) [5]

R; = lireached-goal | - Rgoal + Kcloser * Ktime-penalty

[1] Wani et al. MultiON: Benchmarking Semantic Map Memory using Multi-Object Navigation, NeurlPS 2020
[5] Schulman et al. Proximal policy optimization algorithms, arXiv preprint, 2017



Inspiration

A Egocentric pointing B Allocentric pointing
Behavioral Studies of Human Spatial Navigation (SOP Task) (JRD Task)

] Yo = o - . !
p Imagine you are standin

- Sense of direction
- scene- and orientation- dependent pointing (SOP)
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- Judgment of relative distance
- Compare the relative distance to several goals

Reproduced from [6]

[6] Ekstrom et al. A critical review of the allocentric spatial representation and its neural underpinnings: Toward a network-based perspective, Frontiers in Human Neuroscience
2014
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Auxiliary tasks

Direction prediction Distance prediction

- Classification problem
- Euclidian distances on the grid
egocentric map divided into bins

- Classification problem
- Angles in the range [0, 360]
divided into bins

_ _ - i
2 2 —1, ) ¢ logp(d,) Ly = 2 Z ~1, ), dilog p(d, )

‘%k‘ Tre%k =0 L c=1 i ‘%k‘ Tfe%kt =0 L c=1

cb

Only target objects that have already been seen
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Auxiliary tasks

BN~
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Wani et al. MultiON: Benchmarking Semantic Map Memory using Multi-Object Navigation, NeurlPS 2020

Chang et al. Matterport 3D: Learning from RGB-D Data in Indoor Environments, 3DV 2017

Henriques et al. Mapnet: An allocentric spatial memory for mapping environments, CVPR 2018

Beeching et al. EgoMap: Projective mapping and structured egocentric memory for Deep RL, ECML-PKDD 2020

12

Linear Linear

N



Experimental results

Actions

- FORWARD: moves foward 0.25m

- LEFT: turns left 30°

- RIGHT: turns right 30°

- FOUND: signals the agents thinks it has reached the target

Metrics

- Success: Percentage of successful episodes
- Progress: Percentage of objects found in an episode

- SPL (Success weighted by Path Length): SPL = s - d/ max(p, d)
- S Is the success binary indicator
- p is the distance travelled by the agent
- d is the total shortest path

- PPL (Progress weighted by Path Length): PPL = 5 - d/ max(p, d)
- 5 Is the progress
- d is the shortest path to reach all found objects

13



Experimental results

Ablation Study - Impact of each loss on validation performance

Agent Dir. Dist.  Success Progress SPL PPL Comparable
OracleMap — — 514+20 61.2+£0.8 41.3£15 49.0+£0.7 —
OracleEgoMap  — — 37.1£1.0 351.809 29.740.7 41.2+ 1.1 —
— — 27335 448+26 19509 32.5£0.3 v
. v — v
ProjNeuralMap Y Y Y
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Experimental results

Ablation Study - Impact of each loss on validation performance

Agent Dir. Dist.  Success Progress SPL PPL Comparable
OracleMap — — 51.4+20 61.2408 41.3£1.5 49.04+0.7 —
OracleEgoMap  — — 37.1£1.0 351.809 29.740.7 41.2+ 1.1 —
— — 27335 448+26 195+£09 32.5+03 v
ProjNeuralMap \\; ; 43.0£ 57 589+46 30.7£49 42.1+£4.0 \\;
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Experimental results

Ablation Study - Impact of each loss on validation performance

Agent Dir. Dist.  Success Progress SPL PPL Comparable
OracleMap — — 514+20 61.2+£0.8 41.3£15 49.0+£0.7 —
OracleEgoMap  — — 37.1£1.0 351.809 29.740.7 41.2+ 1.1 —
— — 27335 448+26 19509 32.5£0.3 v
ProjNeuralMap v — 43.0+£57 589+46 30.7£49 42.1£40 v
v v 542 +35 674+23 378Lt08 474+ 04 v
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Both auxiliary tasks have a positive impact and are complementary



Experimental results

Test performance - Do the auxiliary tasks improve the downstream objective ?

Agent Aux. Sup. Success Progress SPL PPL Comparable
OracleMap — 41.0+&1.8 50.3£09 322409 394+04 —
OracleEgoMap — 258+ 1.1 41.0£10 19.7£0.7 30.7£1.3 —
ProiNeuralMa — 18.0% 1. 344417 12304 24.14+0.1 v
J P v 38.0 =24 52.6 2.0 25.74+0.2 36.2+1.1 v
NoMap ; 7.4+ 0.2 21.740.2 6.0+ 0.1 17.34+ 0.4 \\;
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Experimental results

Test performance - Can an unstructured recurrent agent learn to map ?

Agent Aux. Sup. Success Progress SPL PPL Comparable
OracleMap — 41.0+= 1.8 50.3=09 322409 394+04 —
OracleEgoMap — 258+ 1.1 41.0£10 19.7=20.7 30.7£1.3 —
ProjNeuralMap — 18013 344+=17 12304 24.1£0.1 v
v 38.0 24 52.6 2.0 25.7+0.2 36.2+1.1 v
NoMap — 7.4+ 0.2 217+ 0.2 6.0+ 0.1 17.3+ 0.4 ve
v 224120 38220 152422 264+23 v
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Experimental results

Winning entry of the MultiON Challenge, CVPR 2021 Embodied Al Workshop

Agent/Method — Test Challenge — — Test Standard —
Success Progress SPL PPL  Success Progress SPL PPL
Ours (Auxiliary losses) S5 67 35 44 S7 70 36 45
Team 2 52 64 32 38 62 71 34 39
Team 3 41 37 26 36 43 S7 27 36
ProjNeuralMap (Challenge baseline)  — — — = 12 29 6 16
NoMap (Challenge baseline) — — — — S 19 3 13

CVPR 2021 Embodied Al Workshop: https://embodied-ai.org/

MultiON Challenge: http://multion-challenge.cs.sfu.ca/

MultiON Challenge video : https://www.youtube.com/watch?v=ghX5UDWD1HU

Video presenting our method : https://www.youtube.com/watch?v=boDaAORoKho
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