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1. Motivation
Why do we study robotic navigation?
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Why Navigation Matters
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Embodied intelligent entities

Interaction with the real world
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Why Navigation Matters
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Embodied intelligent entities

Interaction with the real world

Interaction with the real world

Movement

Without navigation  there is 
no embodied intelligence



Different types of robotic navigation

ÅNavigation based on the use of 
geometrical information to calculate 
most optimal routes.
ÅIt needs a previously existing map of 

the environment or the creation of it 
on the fly.
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Classical Navigation

Visual Semantic Navigation
ÅBased on the use of egocentric 

images of the agent to decide 
where to navigate.

ÅThis approach does not necessarily 
need any map of the environment, 
but some approaches create it on 
the fly.



Classical Navigation
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I want to go 
from X to Y

* video from nav2 documentation.

Diferenciar claramente entre classical y visual semantic y mencionar slam

SLAM ẙ Simultaneous Localization and Mapping



Visual Semantic Navigation
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I want to go 
from X to Y

I want to go 
to the sofa

*Simulated environment



Visual Semantic Navigation
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I want to go 
to the sofa

Turn right



Visual Semantic Navigation
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forward



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

15

1. Exploration vs exploitation

2. Generalization

3. Sim -to -real

How to decide when to stop exploring and exploiting the knowledge of the scene.

How to transfer the knowledge from one environment to another.

How to transfer the knowledge from simulated environments to real ones.



The Scientific Challenges
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1. Exploration vs exploitation
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1. Exploration vs exploitation



The Scientific Challenges
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1. Exploration vs exploitation

Å Exploration trajectory.
Å Not optimal but 

probably will get to the 
target.



The Scientific Challenges
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1. Exploration vs exploitation

Å Exploitation trajectory.
Å Close to optimal path 

length.
Å However, needs 

previous knowledge of 
the environment.



The Scientific Challenges
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1. Exploration vs exploitation

Å Exploitation trajectory.
Å Close to optimal path 

length.
Å However, it needs 

previous knowledge of 
the environment.



The Scientific Challenges
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2. Generalization



The Scientific Challenges
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2. Generalization



The Scientific Challenges
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3. Sim -to -real

*videos from isaac sim documentation.



Thesis Objective
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Ẫ=ɶȡǱȓǸ simulation  and real -world  navigation via 
Reinforcement Learning (RL) algorithms ẫ

RL Algorithm

Simulated 
environment Real world environment



2. Theoretical 
framework
How do we study robotic 
navigation?
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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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RL for Visual Semantic Navigation (VSN)
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RL for Visual Semantic Navigation (VSN)
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Three Families of VSN

36* Image grom Gervert et.al. 2023

1. Classical methods

2. Modular learning methods

3. End -to -end learning methods

No learning components.

Mix between learning and non learning components.

Only learning components.

Level of 
learning 
modules



Classical methods

37* Video grom Gervert et.al. 2023



Modular learning

38* Image grom Chaplot et.al. 2020



Modular learning

39* Image grom Chaplot et.al. 2020



End -to -end learning
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Offline RL

41* Images grom Levine et.al. 2020

Revisar bien lo que digo



Offline RL

42* Images grom Levine et.al. 2020



Meta Learning
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Meta Learning
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Meta Learning
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1. Meta training

Task 1

Task 2

Task n

2. Meta testing



Meta Learning

46

1. Meta training

Task 1

Task 2

Task n

2. Meta testing

Adaptation



Meta Learning
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1. Meta training

Task 1

Task 2

Task n

2. Meta testing

Adaptation

House 1

House 2

House 3



3. Understanding 
Visual Semantic
Navigation
How do we train VSN agents using 
reinforcement learning
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Motivation
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ÅCan we navigate?

ÅEǸɅɾǸ ɶǸʭǍɶǱɾ ứ ȓȡʬǸɾ ɃɐɶǸ ȡɅȒɐ ʌɐ ʌțǸ 
agent but must be designed.



Motivation
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ÅCan an agent localize a target in an 
environment given just visual 
information?

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

ÅFirst scientific problem of the thesis.



How to navigate
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Reinforcement Learning with PPO

ẌȒɐɶʭǍɶǱẍ Ẍturn leftẍ Ẍturn right ẍ

ὶ πȢρ ὶ πȢς ὶ πȢω

“ᶻ ὥὶὫάὥὼͯכ ὶ‎



How to navigate
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“ᶻ ὥὶὫάὥὼͯכ ὶ‎

Reinforcement Learning with PPO

surrogate value loss entropy loss

Actor -critic:
Actor
Critic

“
6 Ó



How to navigate
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Problems of RL for navigation

ÅñɳǍɶɾǸ ɶǸʭǍɶǱɾ ứ ǍȺɃɐɾʌ Ʌɐ ȡɅȒɐ Ȓɐɶ ʌțǸ ǍȓǸɅʌ ȡɅ ʌțǸ ǸɅʬȡɶɐɅɃǸɅʌṣ

ÅEǸɅɾǸ ɶǸʭǍɶǱɾ ứ ȓȡʬǸɾ ɃɐɶǸ ȡɅȒɐ ʌɐ ʌțǸ ǍȓǸɅʌ ǩʔʌ Ƀʔɾʌ ǩǸ 
designed.

54

1. How to choose the correct reward function

2. Trade off between exploration  and exploitation
ÅExploration is inefficient for navigation, but it has to be done in 

order to learn the environment.

ÅExploitation let the agent use its previous knowledge of the 
environment to get to the target as quick as possible.



How to choose the correct reward
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Sparse Reward

Rewards present in the environment are 
zero most of the time, except for when the 
agent reaches the target.

ὶ ὶ ὶ

1

Navigation Reward

πȢπρ

πȢπρπȢπρ

πȢπρ πȢπρ

πȢπρ πȢπρ

πȢπρ πȢπρ

πȢπρ

πȢπρ πȢπρ

πȢπρ πȢπρ

Contextualiza bien los problemas que vamos a resolver luego
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Sparse Reward

Rewards present in the environment are 
zero most of the time, except for when the 
agent reaches the target.
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ὶ 0,01
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Sparse Reward

Rewards present in the environment are 
zero most of the time, except for when the 
agent reaches the target.
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ὶ 0,02



How to choose the correct reward
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Sparse Reward

Rewards present in the environment are 
zero most of the time, except for when the 
agent reaches the target.
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ὶ 0,03



How to choose the correct reward
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Sparse Reward

Rewards present in the environment are 
zero most of the time, except for when the 
agent reaches the target.
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Navigation Reward
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ὶ 0,04



How to choose the correct reward
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Sparse Reward

Rewards present in the environment are 
zero most of the time, except for when the 
agent reaches the target.

ὶ ὶ ὶ

1

Navigation Reward

πȢπρπȢπρ

πȢπρ

πȢπρ

πȢπρπȢπρ πȢπρ

πȢπρ πȢπρ

ὶ 0,05



How to choose the correct reward
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Sparse Reward

Rewards present in the environment are 
zero most of the time, except for when the 
agent reaches the target.

ὶ ὶ ὶ

Navigation Reward

πȢπρπȢπρ
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ὶ πȟω5

Distance Reward

Reward Shaping πȢπρπȢπρ
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How to choose the correct reward
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Sparse Reward

Rewards present in the environment are 
zero most of the time, except for when the 
agent reaches the target.

ὶ ὶ ὶ

Navigation Reward
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Exploration vs Exploitation
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ὥ
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Experimental setup
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We use two Maze sizes :
Å S3: 3X3 tiling .
Å S5: 5x5 tiling .



Experimental setup
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Experimental setup

ǒ Simulators : Miniworld -Maze and AI Habitat.
ǒ Task : Find target in novel indoor environments.
ǒ Dataset : HM3D for AI Habitat.
ǒ Action space :
ǒMove forward, turn left and turn right for Miniworld -Maze.

ǒThe previous ones plus look_up  and look_down  for AI Habitat.

ǒMetrics :
ǒSuccess Rate (SR)

ǒSteps Per Episode (SPE)

ǒShortest Path Length (SPL)

ǒDistance To Goal (DTG)
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Hablar del 100 mazes ese



Miniworld  Maze results
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Miniworld  Maze results
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Ablation study
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Habitat HM3D results

70



Habitat HM3D results
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Contar si hay una red un poco distinta pero en la red

Mirara a ver
Si tengo
Mas videos



Conclusions

ǒ First paper on VSN and RL.

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

ǒ Release of a collection of 100 mazes 
dataset.

ǒ Code available in github .
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Towards Clear Evaluation of Robotic 
Visual Semantic Navigation, 2023
Gutiérrez -Alvarez C., Hernández -García S., Nasri N., 
Cuesta -Infante Alfredo., López -Sastre RJ.

Associated paper:



4. Real World VSN
How actual VSN algorithms behave in the real world
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Motivation

74* Images from Ramrakhya et.al. 2023

Can a robotic agent navigate and 
interact in the real world as in 

simulation ?



Motivation

75* Images from Ramrakhya et.al. 2023

Can a robotic agent navigate and interact 
in the real world as in simulation ?

ROS4VSN
ROS library

Real World VSN

ANY 
VSN model



Real World VSN with ROS4VSN
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Novel ROS library to study how VSN algorithms behave in the 
real world



The core problem

77* Images from Ramrakhya et.al. 2023


























































































