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1. Motivation

Why do we study robotic navigation?




Why Navigation Matters
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Why Navigation Matters

Without ' navigation ' there IS
no embodied intelligence



Different types of robotic navigation
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Classical Navigation

A Navigation based on the use of
geometrical information to calculate

most optimal routes.

A It needs a previousI%/ existing map of
the environment or the creation of it

on the fly.

Visual Semantic Navigation

A Based on the use of egocentric
Images of the agent to decide
where to navigate.

A This approach does not necessarily
need any map of the environment,

but some approaches create it on
the fly.
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Classical Navigation

SLAM Yy Simultaneous Localization and Mapping
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Visual Semantic Navigation

*Simulated environment

| want to go
to the sofa



Visual Semantic Navigation
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Visual Semantic Navigation
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Visual Semantic Navigation
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This I1s a Hot Research Topic
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This I1s a Hot Research Topic
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The Scientific Challenges

1. Exploration vs exploitation
How to decide when to stop exploring and exploiting the knowledge of the scene.

2. Generalization
How to transfer the knowledge from one environment to another.

3. Sim -to -real

How to transfer the knowledge from simulated environments to real ones.
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The Scientific Challenges

1. Exploration vs exploitation
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The Scientific Challenges

1. Exploration vs exploitation
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The Scientific Challenges

1. Exploration vs exploitation

A Exploration trajectory.

A Not optimal but
probably will get to the
target.
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The Scientific Challenges

1. Exploration vs exploitation
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The Scientific Challenges

1. Exploration vs exploitation

A Exploitation trajectory.

A Close to optimal path
length.

A However, it needs
previous knowledge of
the environment.
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The Scientific Challenges

2. Generalization



The Scientific Challenges

2. Generalization




The Scientific Challenges

3. Sim -to -real
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Thesis Objective

A = e d BnNation
Reinforcement

Simulated
environment

£53 Universidad
#©: de Alcala

and real -world navigation via
Learning (RL) algorithms a

RL Algorithm

Real world environment
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RL for Visual Semantic Navigation (VSN)
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RL for Visual Semantic Navigation (VSN)
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RL for Visual Semantic Navigation (VSN)
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RL for Visual Semantic Navigation (VSN)
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RL for Visual Semantic NaV|gat|on (VSN)
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RL for Visual Semantic Navigation (VSN)
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RL for Visual Semantic Navigation (VSN)
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RL for Visual Semantic Navigation (VSN)
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RL for Visual Semantic Navigation (VSN)
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RL for Visual Semantic Navigation (VSN)
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Three Families of VSN

1. Classical methods
No learning components.

2. Modular learning methods Level of

Mix between learning and non learning components. learning
modules

3. End -to -end learning methods

Only learning components.
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Classical methods
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Modular learning

Sensor Pose
Reading (x,)

Semantic Mapping (fMap)

Long-term goal (g,)

Goal-Oriented i Deterministic
Semantic Policy (7;) Local Policy (7;)
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Object Goal
(G = “chair”)
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Sensor Pose
Reading (x,)

Observation (s,)

(RGBD)

Object Goal

Modular learning

Semantic Mapping (fMap)
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Goal-Oriented

Semantic Policy (7)

(G = “chair”)

S

Observatn (Goal: bed)

Navigable Area
0: chair
1: couch
2: potted plant
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End -to -end learning
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Offline RL
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(a) online reinforcement learning

roliout data {(8:. 0, 8,7 )]
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Offline RL

(a) online reinforcement learning
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(c) offline reinforcement leaming
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Meta Learning
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Meta Learning




Meta Learning

1. Meta training
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Meta Learning

1. Meta training 2. Meta testing
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Meta Learning

1. Meta training 2. Meta testing

B
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3. Understanding
Visual Semantic
Navigation

How do we train VSN agents using
reinforcement learning
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Motivation
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Motivation
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A Can an agent localize a target in an
environment given just visual
iInformation?

A What are the main challenges a deep
reinforcement learning agent has to
overcome to successfully navigate to
targets within a scene?

A First scientific problem of the thesis.
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How to navigate

Reinforcement Learning with PPO
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How to navigate S\
Reinforcement Learning with PPO \\\\\\
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How to navigate
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Problems of RL for navigation

1. How to choose the correct reward function
AinAcer N eNRnAceDZ « AABeran Ae
AENAr N eNRAceDZ ¢ FfgdgWNr BeacN dARe
designed.

dARe

2. Trade off between exploration and exploitation

A Exploration is inefficient for navigation, but it has to be done in
order to learn the environment.

A Exploitation let the agent use its previous knowledge of the
environment to get to the target as quick as possible.
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Contextualizabien los problemas que vamosa resolver luego

How to choose the correct reward

Rewards present in the environment are

_> zero most of the time, except for when the

Sparse Reward agent reaches the target.

Navigation Reward
I [

______________________________
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How to choose the correct reward

Rewards present in the environment are

_> zero most of the time, except for when the

Sparse Reward agent reaches the target.
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How to choose the correct reward

Rewards present in the environment are

_’ zero most of the time, except for when the
Sparse Reward agent reaches the target.

Navigation Reward
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How to choose the correct reward

Rewards present in the environment are

_’ zero most of the time, except for when the
Sparse Reward agent reaches the target.
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How to choose the correct reward

Rewards present in the environment are

_> zero most of the time, except for when the

Sparse Reward agent reaches the target.
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How to choose the correct reward

Rewards present in the environment are

_> zero most of the time, except for when the

Sparse Reward agent reaches the target.

Navigation Reward
I [

!
T8t p. >
Py Pl
Tt p T8 p 8t p
T8t i THI P T8t p
_______ i_l._______________
i i T8t p
| 0,05

£22 Universidad
de Alcala

s
S



How to choose the correct reward

Rewards present in the environment are

_’ zero most of the time, except for when the
Sparse Reward agent reaches the target.

Navigation Reward
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How to choose the correct reward

Rewards present in the environment are

_’ zero most of the time, except for when the
Sparse Reward agent reaches the target.

Navigation Reward
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Exploration vs Exploitation

Epsilon greedy method
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Experimental setup
M
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We use two Maze sizes:
A s3:3x3tiling .
A s5:5x5tiling .

224 Universidad
de Alcala 64

i
o
SO



Experimental setup
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Hablar del 100 mazes ese
Experimental setup

Simulators : Miniworld -Maze and Al Habitat.
Task : Find target in novel indoor environments.
Dataset : HM3D for Al Habitat.

Action space
0 Move forward, turn left and turn right for Miniworld -Maze.

O« O« O«

O«

O The previous ones plus look up and look down for Al Habitat.
0 Metrics :
Success Rate (SR)
0 Steps Per Episode (SPE)
0 Shortest Path Length (SPL)
0 Distance To Goal (DTG)

O«
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Miniworld Maze results

Output type Maze SR SPE Reward

Ours + e-greedy S3 0.75 + 0.44 120.59 +111.85 6.80 + 2.29
S5 0.18 - 0.38 534.40 £130.20 5.24 1 5.73
Ours + stochastic S3 063+ 049 12742413298 659 + 2.4]
S5 0.17 £ 038 521.39 +182.66 514 +5.70
random S3 0.18 + 0.39 278.04 + 51.55 0.37 + 3.66
S5 0.02+0.14 59607 £ 32.83 -2.09 £ 4.06
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Miniworld Maze results

Output type Maze SR SPE Reward

53 0.75+044 12059 +11.85 6.80+2.29
S5 0.18 £+ 0.38 534.40 413020 5.24+5.73
Ours + stochastic 53 063+049 12742413298 659+ 241
S5 017 +£038 521.39 +182.66 514 =+570
53 018+ 039 27804 +5155 037+ 366
S5 002+£014 59607 +3283 -2.09%4.06

Ours + e-greedy

random
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Ablation study

Reward function  Exploration strategy SR SPE Reward
distance reward e-greedy 0.18 + 0.38 534.40 +130.20 5.24 +5.73
navigation reward e-greedy 0.09 £ 0.29 575.86 + 9194  0.08 +£ 0.26
distance reward No 002+014 58866 +79.78 -1.24+ 418
navigation reward No 0.00+ 000 600.00+£0.00 0.00+0.00
0.204

55 w/ sparse rew and no exploration
55 w/ sparse rew and exploration
55wy rew shaping and no exploration
55 w rew shaping and exploration
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Habitat HM3D results

Output type SR SPL DTG SPE Reward

Best agent + e-greedy 0.96 £ 0.19 0.66+0.25 0.25+0.85 189.99 + 116.97 4.96 + 1.99
Best agent + stochastic  0.73+0.45 0.58+0.36 0.63+1.17 231.23 +188.13 3.92 £ 3.90
random 0.06+0.22 0.02+0.10 4.49+1.72 495.50 £ 26.96 —4.68 = 2.16

223 Universidad -
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Contar si hayunared un pocodistinta pero en la red

Habitat HM3D results

Output type SR SPL DTG SPE Reward
Best agent + e-greedy 096 +=0.19 0.66+0.25 0.254+0.85 189.99 + 116.97 4.96 + 1.99
Best agent + stochastic 0.73+£0.45 0.58+0.36 0.63+1.17 231.23 £+ 188.13 3.52 4+ 3.90
random 0.06+0.22 0.024+0.10 4.49+1.72  495.50 + 26.96 —4.68 + 2.16
Mirara a ve
Sitengo
Mas videc
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Conclusions

O«

First paper on VSN and RL.

Developed a state -of-the -art VSN
that can navigate in different
environments.

O«

Release of a collection of 100 mazes
dataset.

O«

e

S

s Code available in github .
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Associated paper:

2 [CARA 2023

Towards Clear Evaluation of Robotic
Visual Semantic Navigation, 2023

Gutiérrez -Alvarez C., Hernandez
Cuesta -Infante Alfredo., Lépez

-Garcia S., Nasri N.,
-Sastre RJ.
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4 Real World VSN

How actual VSN algorithms behave:in, the real worlc




Motivation

Can a rolboticagent

navigate and

Interact in the - real world . as In

simulation

?
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Motivation

Can a roboliccagent ' navigate and interact
In the real world as in simulation ?

ROS4VSN
ROS library VSN model

Real World VSN
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Real World VSN with ROS4VSN

Novel ROS library to study how VSN algorithms  behave in the
real world

g |

BT
comeroren ||y
= |

f/ REALWORLD
MEASUREMENTS

1

NAVIGATION

ODOMETRY

COMPASS \

1o Il s

ls\EGE DEPTH

£53 Universidad 26
#@% de Alcala



The core problem
4 f

Object Goal: Plant Object Goal: Sofa
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