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LEARNING OPTICAL FLOW

o 5 0 H Z  I N F E R E N C E  O N  V G A  S E N S O R  O N  L A P T O P  G P U  

o 3 . 2 M  PA R A M E T E R S   ( C F R .  E V - F L O W N E T 3 6 M  [ 1 ] )
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S P E E D  I N V A R I A N T  T I M E  S U R F A C E  F O R  L E A R N I N G  T O  D E T E C T  C O R N E R  P O I N T S  W I T H  E V E N T - B A S E D  C A M E R A S .  

LEARNING FEATURE POINTS

o 1 . 6 M E V / S  O N  H V G A  S E N S O R  O N  L A P T O P  C P U

o D ATA S E T  A V A I L A B L E  O N L I N E :    P R O P H E S E E . A I / H V G A - A T I S - C O R N E R - D A T A S E T /



OBJECT DETECTION

o 5 0 H Z  I N F E R E N C E  V G A  S E N S O R  O N  M O B I L E  P H O N E  ( C F R .  M O B I L E N E T - V 2  1 3 H Z  )

o 7 . 1 M  PA R A M E T E R S  



D E N S E

Example: histograms, time surfaces, ...

Can leverage Frame-based Algorithm and 
Hardware

Latency, Power Consumption, Lose Sparsity

T W O  M A I N  A P P R O A C H E S

LEARNING FROM EVENTS: TODAY

Input events

Dense Feature

Extractor

S PA R S E
Example: Spiking Neural Networks

Low latency, Low Computation

Limited in Size and Resolution, Limited by 
Hardware



E V E N T - B A S E D  V I S I O N  I S  S T I L L  AT  I T S  E A R LY  S TA G E S

LEARNING FROM EVENTS: TODAY
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W H AT  M A D E  S U C C E S S  O F  M O D E R N  A I ?

LESSONS FROM FRAME-BASED AI

Large Datasets
Dedicated 

Hardware

Learning 

Algorithms

E V E N T - B A S E D  V I S I O N  S H O U L D  M O V E  I N  S A M E  D I R E C T I O N ,  B U T  FA S T E R
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F U T U R E  E V E N T - B A S E D  A I :

ALGORITHMS

E V E N T - B A S E D  A I  S H O U L D  F O C U S  O N  S E N S O R  S P E C I F I C  A D VA N TA G E S

Exploit sparsity

Temporal Information



F U T U R E  E V E N T - B A S E D  A I :

ALGORITHMS

EVENT-BASED MODELS 
WILL 

LEARN WITH MEMORY 



‘80 1999

1st GPU
Training of CNN 

Architectures

F U T U R E  E V E N T - B A S E D  A I :

HARDWARE
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F U T U R E  E V E N T - B A S E D  A I :

HARDWARE

𝐻 𝑥, 𝑦 += 1

for each 𝑒 = (𝑥, 𝑦, 𝑝, 𝑡)

Build histogram 𝐻:
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o Fixed number of events

o Change resolution of 𝐻
(from QVGA to HD)



F U T U R E  E V E N T - B A S E D  A I :

HARDWARE

AFTER THE SILICON RETINA 

WE NEED A 

SILICON VISUAL CORTEX (V1)
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14M samples

70K samples

9,1K samples

1,3K samples

24K samples



F U T U R E  E V E N T - B A S E D  A I :

DATASETS

DETECTION DATASET

RELEASE: Q4 2019

C V P R ’ 1 8 :  P R O P H E S E E N - C A R S  D ATA S E T S

C V P R ’ 1 9 :  P R O P H E S E E H V G A  C O R N E R  D ATA S E T



DETECTION 

DATASET

of recording

10  HOURS

F U T U R E  E V E N T - B A S E D  A I :

DATASETS

177 ,000

RELEASE: Q4 2019

Urban, Highway, Countryside

D R I V I N G  S C E N A R I O S

ATIS (QVGA)  

Events + Gray Levels

EQUIPMENT

CARS and PEDESTRIANS

Bounding Boxes



R E S O L U T I O N

Event-Based 
sensor resolution 

is increasing

A R C H I T E C T U R E

Event-Based 
architectures will 

use memory

Event-Based AI will 
run on dedicated 

hardware

Training and 
validation is done 
on large dataset

H A R D W A R E D ATA S E T

L E A R N I N G  F R O M  E V E N T S :

CONCLUSION



COME VISIT US

B O OT H :  1 7 5 2

P O ST E R  S ES S I O N :
T H U R S D AY   

1 0 . 0 0  – 1 2 . 4 5


