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What's catching your eye?

Bioinspired and neuromorphic algorithms to model visual attention

Vision is an exploratory behaviour that relies heavily on the dynamic relationship between actions and sensory feedback.

For any agent—whether animal or robotic—processing visual sensory input efficiently is crucial for understanding and interacting
with its environment. The key challenge lies in selectively filtering relevant information from the constant stream of complex sensory
data. This process, known as selective attention, is also driven by the intricate interplay between bottom-up and top-down
mechanisms, which together organize and interpret visual scenes.

| will explore how biologically plausible models for visual attention can enhance robotic interaction with the environment trying to
understand the role of neuromorphic hardware in facilitating active vision and its limitations.

Giulia D’Angelo
MSCA Postdoctoral Fellow at The Czech Technical University (CTU), Prague

Giulia D'Angelo is currently an MSCA Postdoctoral Fellow at the Czech Technical University in Prague, focusing on
neuromorphic algorithms for active vision. She obtained a Bachelor's degree in Biomedical Engineering at The University of
Genoa and a Master's degree in Neuroengineering, during which she developed a neuromorphic system for the egocentric

representation of peripersonal visual space at King's College London. She earned her PhD in neuromorphic algorithms at the
University of Manchester, in collaboration with the Event-Driven Perception for Robotics Laboratory at the Italian Institute of
Technology, where she proposed a biologically plausible model for event-driven, saliency-based visual attention.
She was recently awarded the Marie Sktodowska-Curie Fellowship, through which she explores sensorimotor contingency
theories for neuromorphic active vision algorithms.
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Low power consumption
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Unconstrained environment
Low power consumption

Low latency
Someone has already done it!

®

“It consumes a paltry 20 watts, much less than a typical

incandescent lightbulb” 3 {
Furber, Steve. "To build a brain." IEEE spectrum 49.8 (2012): 44-49. } (
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How do we define attention?/
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How do we define attention?
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Yarbus, Alfred L. "Eye movements during perception of complex objects." Eye movements and vision. Springer, Boston, MA, 1967. 171-211.
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Itti, Laurent, Christof Koch, and Ernst Niebur. "A model of saliency-based visual attention for rapid scene analysis." IEEE Transactions on Pattern Analysis & Machine Intelligence 11 (1998): 1254-1259.



Cool, but feature extraction is not enough

How do we perceive items .
around us then? e
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Zhou, Hong, Howard S. Friedman, and Rldiger Von Der Heydt. "Coding of border ownership in monkey visual cortex." Journal of Neuroscience 20.17 (2000): 6594-6611.
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Border Ownership cells

12



von Mises filter

[ Normalize Pyramid J

Normalize Prote-Object Conspicuity Maps

Russell, Alexander F., et al. "A model of proto-object based saliency." Vision research 94 (2014): 1-15. 13
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How do we perceive?
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How do we perceive?

Visual Sensors

Auditory Sensors

Tactile Sensors

Proximity Sensors
Temperature Sensors
Force and Torque Sensors
Chemical Sensors
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clock-driven event-driven
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Neuromorphic iCub
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How does a neuromorphic camera work?
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Let’s start from a
frame-based camera!

Clock-Based Sampling — fixed At

f(t)

T\
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Data-Driven Sampling — fixed Af (or Af/f)

f(t)
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microseconds latency
[milliwatts to a few watts] power consumption



Intensity
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D’Angelo, G., Janotte, E., Schoepe, T., O’Keeffe, J., Milde, M. B., Chicca, E., & Bartolozzi, C. (2020). Event-based eccentric motion detection exploiting time difference encoding Front. Neuroscience

D’Angelo, G., Perrett, A., lacono, M., Furber, S., & Bartolozzi, C. (2022). Event driven bio-inspired attentive system for the iCub humanoid robot on SpiNNaker. Neuromorphic Computing and Engineering
Ghosh, S & D’Angelo, G., Glover, A., lacono, M., Niebur, E., & Bartolozzi, C. (2022). Event-driven proto-object based saliencyin 3D space to attract a robot’s attention. Scientific reports7/30
lacono, M., D’Angelo, G., Glover, A., Tikhanoff, V., Niebur, E., & Bartolozzi, C. (2019, November). Proto-object based saliency for event-driven cameras. In 2019 IEEE/RSJ International IROS
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lacono, M., D’Angelo, G., Glover, A., Tikhanoff, V., Niebur, E., & Bartolozzi, C. (2019, November). Proto-object based saliency for event-driven cameras. In 2019 IEEE/RSJ International IROS
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lacono, M., D’Angelo, G., Glover, A., Tikhanoff, V., Niebur, E., & Bartolozzi, C. (2019, November). Proto-object based saliency for event-driven cameras. In 2019 IEEE/RSJ International IROS
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lacono, M., D’Angelo, G., Glover, A., Tikhanoff, V., Niebur, E., & Bartolozzi, C. (2019, November). Proto-object based saliency for event-driven cameras. In 2019 IEEE/RSJ International IROS
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What interests a robot: Event-Driven Proto-object
saliency in 3D space

Giulia D'Angelo and Suman Ghosh, Arren Glover, Massimiliano lacono, Ernst Niebur, Chiara Bartolozzi
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Ghosh, S & D’Angelo, G., Glover, A., lacono, M., Niebur, E., & Bartolozzi, C. (2022). Event-driven proto-object based saliencyin 3D space to attracta robot’s attention. Scientific reports, 12(1), 1-14.
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Ghosh, S & D’Angelo, G., Glover, A., lacono, M., Niebur, E., & Bartolozzi, C. (2022). Event-driven proto-object based saliencyin 3D space to attracta robot’s attention. Scientific reports, 12(1), 1-14.
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How does a neuromorphic platform work?
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Let’s start from classic CPU!
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Let’s start from classic CPU!

Membrane potential (mV)
|

Threshold

Resting
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NON von Neumann architecture
—AT
e v LIF neuron

> Connections among neurons
* Exitatory and Inhibitory connections

DIGITAL: SpiNNaker (i.e. ARM cores; old 18 cores 1ms clock, new 256 Cortex
M4 180 MHz; RISC)
ANALOG: DYNAP-SE (asynchronous analog circuits, NO global clock)

~mW power consumption (even less)

von Neumann architecture

NON strictly von Neumann

Single core

NO connections among
cores

CISC 1to 3GHz

CISC 1.4t0 2.5 GHz

125t0 250 W

300 to 400 W
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|s there any saliency map in the brain?
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|s there any saliency map in the brain?
|s the active interaction with the world the response?
Embodiment refers to the concept of

experiencing the world through a

{: : physical body or form.

{ e
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|s there any saliency map in the brain?
|s the active interaction with the world the response?

Sensorimotor contingencies

standard view sensorimotor view

o L 6 __ @XZ‘O

T4

Engel, Andreas K., et al. "Where's the action? The pragmatic tum in cognitive science." Trends in cognitive
sciences 17.5 (2013): 202-209.

Maye, Alexander, and Andreas K. Engel. "A discrete computational model of sensorimotor contingencies
for object perception and control of behavior." 2011 IEEE Intemational Conference on Robotics and
Automation. |EEE, 2011.

47



Event-driven active vision for object perception

FBAV \ /  EDAV \ / SNNEDAV

& 9
- r
NN Ve

\ <
y s -
= (/f @

[ Kevin O'Regan |

nn
CPU

_ i

o0l
2

/ [ Ernst Niebu:] Attention
EEalGE |
Pan — Tilt ‘J"

movements

‘} ______ J IJ sl @
Wrist \‘ / \‘

y 2
movements < ° @ o @ 2

/ j: <3 @ | Chiara Bartolozzi @ s3
\ m(t-2) s(t-1) m(t-1) s(t) m(t) 5(“‘?

|_Alexander Maye |

I|T|I

\ T

@ s1

MARIE CURIE ACTIONS



Attention

oy ‘ ti y
object motion sensitivity Proto-object detection

h \ SNN Proto-object

{ l Border Ownership | \

|

[ 3}
=

OMS map Saliency map

. fixationaleye | S —— .
| movements | ual att '

sAC

|
Upan » Utilt l 8:8 Pan err population P(xy)
saccade 8\8 Tilt err population :
. . I
/-~ - ™N Pan TiltUnit Nengo

Sensorimotor Contingiencies (SMCT) for object perception

Object discrimination

~

(hovemeats < ) L

PreCNet

movenme&ntsy
- | §I: 3 Feedforward Error signal
at I ———»| PREDICTIVE |—» Next object
: === _ESTIMATOR |<*— e
Lm{-g-}—/ s5(t-1) _cfnmb.llmn.) position
m(t-2) s(t-1) \_Feedback Prediction

CZECH TECHNICAL
UNIVERSITY
E ACTIONS

IN PRAGUE

D’Angelo, Giulia D., et al. "Wandering around: A bioinspired approach to visual attention through object motion sensitivity." arXiv preprint arXiv:2502.06747 (2025).
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A Benchmarking Framework for Embodied Neuromorphic Agents

Co-designing “brain” and “body” unlocks new levels of
efficiency, resilience, and adaptability

Brain-body and
vironment interaction

Neuromorphic Vision
Intelligence

7 \ensorized skin

L e L

Van W o |

o Lkt |

. . . )
Set of Tasks and Metrics for evaluation . e —
and benchmark Robot-environment o
interaction

Giulia D’Angelo, Jens E. Pedersen, Taimoor Hassan, Matteo Cianchetti, Josh Bongard, Fumiya lida, Giacomo Indiveri,
Matej Hoffmann, Cecilia Laschi, Chiara De Luca, Chiara Bartolozzi, and Elisa Donati




Not only attention...
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A neuromorphic electronic artist for robotic painting
Lioba Schiirmann, Giulia D'Angelo, Giacomo Indiveri, Chiara Bartolozzi, and 1 more v
This is a preprint; it has not been peer reviewed by a journal. v
https://doi.org/10.21203/rs.3.rs-4528779/v1
This work is licensed under a CC BY 4.0 License sci el‘ltific re p 0O rtS
Abstract v
Recent advances in computer vision and deep learning have led to a surge of interest in the field of Al-
generated art, including digital image creation and robot-assisted painting. Traditional painting machines rely .
on static images and offiine processing to incorporate visual feedback into their painting process. However, 35slides

this approach does not consider the dynamic nature of painting and fails to decompose complex
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Prague, Czechia - Contact info

Do you want to work with me?
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-9 ° A podcast about neuromorphic engineering and bio-inspired technology
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