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Learning vision & robotics

Pose estimationGesture 
recognition

Activity Recognition

Robot Perception and Navigation H-C Interaction Physics
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(Physical)	modelx
<latexit sha1_base64="NzEpn3fBRnRW3Gf37DzZnTYpPXE="></latexit>

y
<latexit sha1_base64="thLS80HyLWaSgIUEpwOdLuHenrM="></latexit>

Planing/shortest	path
• Dijkstra
• A*
• Front	Propagation
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(Physical)	model

Hybrid	modelx
<latexit sha1_base64="NzEpn3fBRnRW3Gf37DzZnTYpPXE="></latexit>

y
<latexit sha1_base64="thLS80HyLWaSgIUEpwOdLuHenrM="></latexit>

White	box	
(learned	but	known	
complex	function)

x
<latexit sha1_base64="NzEpn3fBRnRW3Gf37DzZnTYpPXE="></latexit>

y
<latexit sha1_base64="thLS80HyLWaSgIUEpwOdLuHenrM="></latexit>

Black	box	
(unknown	function)x

<latexit sha1_base64="NzEpn3fBRnRW3Gf37DzZnTYpPXE="></latexit>

y
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x
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y
<latexit sha1_base64="thLS80HyLWaSgIUEpwOdLuHenrM="></latexit>
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Learning to navigate in 3D environments

Office space Homes

Exposition centers Hospitals
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Find my keys!

Can we learn a spatial representation which
is richer than navigational space?

Can we learn it from reward alone?
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Learning high-level reasoning
9

Find and return: find an 
object in a maze, return 
to starting point

K-item: Collect k items 
in a fixed order

[Beeching et al.,
ICPR 2020 ]
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The unstructured recurrent baseline

Perception	
module
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Spatial maps in robotics

Metric map
(=2D or 3D Grid)

S

T

S

T

Topological map
(=Graph)

Beeching, Dibangoye, Simonin, Wolf, 
EgoMap: Projective mapping and 

structured egocentric memory for Deep RL,
ECML-PKKD 2020

Beeching, Dibangoye, Simonin, Wolf, 
Learning to plan with

uncertain topological maps,
ECCV 2020
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Projective mapping
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Learning agent control/behavior

Perception	
module

Time-step		t

𝝅 𝒗

Controller

ht-1 ht

Time-step		t+1

Perception	
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Occupancy Grid vs. Egomap

[Rummelhard, Negre, 
Laugier, 2015]

[Beeching, Dibangoye, 
Simonin, Wolf, 

ECML-PKDD 2020]



15

6 item scenario: time-step 005
15

EgoMap: 3 
Largest 

principal 
components

EgoMap: Attention

EgoMap: Query position

Projective	mapping	of	
blue	object

Object	features	
retained	in	map
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6 item scenario: time-step 105
16

EgoMap: Attention

EgoMap: Query position

Object	features	
retained	in	map

EgoMap: 3 
Largest 

principal 
components
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6 item scenario: time-step 108
17

EgoMap: Attention

EgoMap: Query position

EgoMap: 3 
Largest 

principal 
components

Collection	of	object	n-1	
triggers	attention	to	

object	n
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6 item scenario: time-step 134
18

EgoMap: Attention

EgoMap: Query position

EgoMap: 3 
Largest 

principal 
components
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6 item scenario: time-step 140
19

EgoMap: Attention

EgoMap: Query position

When	the	object	is	not	
occluded,	the	agent	
does	not	attend	to	it

EgoMap: 3 
Largest 

principal 
components
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Results
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Quantitative results

Mapping objects required Not required
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Spatial maps in robotics

Metric map
(=2D or 3D Grid)

S

T

S

T

Topological map
(=Graph)

Beeching, Dibangoye, Simonin, Wolf, 
EgoMap: Projective mapping and structured

egocentric memory for Deep RL,
ECML-PKKD 2020

Beeching, Dibangoye, Simonin, Wolf, 
Learning to plan with

uncertain topological maps,
ECCV 2020
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Uncertain topological maps

S

T

Ground truth
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Uncertain topological maps
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T

Ground truth
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Uncertain topological maps

S

T
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T

Ground truth

Node features

CNN
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Uncertain topological maps

S

T

S

T

Ground truth Uncertain graph

False positive

False negative
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Uncertain topological maps

S

T

S

T

Ground truth Uncertain graph

Classical planning:
• Binary connectivity
• Cannot exploit visual 

information
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Uncertain topological maps

S

T

S

T

Ground truth Uncertain graph

Classical planning:
• Binary connectivity
• Cannot exploit visual 

information

Neural planning:
• Exploits uncertain 

connectivity
• Uses visual features
• Uses neighbor information
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Planning as classification
with Graph Neural Networks
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Dijkstra’s algorithm
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Results: Neural planner
31

We can beat optimal algorithms ...
... data is King!
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Ablation: Visual features
32
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Ablation: GRU for min operation
33
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Hierarchical planning
34

𝝅, 𝒗

Local	policyInner	loop

Environment

Graph	planner
Outer	loop

Position	estimate

Next	node

Observed	image

Uncertain	topological	map	+	
visual	representation
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Hierarchical planning and control
35
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Failure Case
36
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Results: Hierarchical planning and 
control

37
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Conclusion

- We aim address the problem of planning and 
control in photorealistic 3D environments

- We imbue neural networks with inductive bias for 
planning:
– Projective geometry (metric maps)
– Graph based planning

- We learn to plan in uncertain environments

- Future work:
– Dynamic graph creation
– Sim2real transfer


