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Avènement de l’IA incarnée et cobotique accessible

robots programmés par des 
ingénieurs
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Apprentissage par imitation?

Avec les progrès de la vision par ordinateur

1] Kormushev, Petar, Sylvain Calinon, and Darwin G. Caldwell. "Imitation learning of positional and force skills demonstrated via kinesthetic teaching and haptic input." Advanced Robotics

[2] Fu, Zipeng, Tony Z. Zhao, and Chelsea Finn. "Mobile aloha: Learning bimanual mobile manipulation with low-cost whole-body teleoperation." CoRL 2024



Apprentissage par imitation (Imitation learning)

demonstration
Compréhension de 

Scènes

Extraction d’intentiontrajectoires « experts »

Information visuelle

Espace de 
Représentation 
IHO 
(Interaction 
Humain Object)

Apprentissage de tâches 



Imitation learning

demonstration

Scene understanding

Intent extraction« experts » trajectories

Visual Information

Representation 
space of
HOI (Human 
Object 
Interaction)

Task learning

Yassine El Manyari: 
Deep Reinforcement Learning
Tranformer seq2seq
…



2D pose estimation under strong occlusions

Occlusion 

fail 

Occlusion 

partial 

success

Occlusion 

success

no

Occlusion 



8 Flir (RGB industrial 

cameras) with short focal 

length；
For global view

2 additional Flir with long 

focal length；
For local view

4 zed (3D stereo-cameras)

For global view

Evaluating 3d human pose estimation in occluded multi-sensor scenarios: dataset and annotation 

approachK Riou, K Dong, Y Huang, K Subrin, P Le Callet, Y Sun, ICIP 2024

https://scholar.google.com/citations?view_op=view_citation&hl=fr&user=ylnzTogAAAAJ&sortby=pubdate&citation_for_view=ylnzTogAAAAJ:Tyk-4Ss8FVUC
https://scholar.google.com/citations?view_op=view_citation&hl=fr&user=ylnzTogAAAAJ&sortby=pubdate&citation_for_view=ylnzTogAAAAJ:Tyk-4Ss8FVUC
https://scholar.google.com/citations?view_op=view_citation&hl=fr&user=ylnzTogAAAAJ&sortby=pubdate&citation_for_view=ylnzTogAAAAJ:Tyk-4Ss8FVUC
https://scholar.google.com/citations?view_op=view_citation&hl=fr&user=ylnzTogAAAAJ&sortby=pubdate&citation_for_view=ylnzTogAAAAJ:Tyk-4Ss8FVUC


Computational Ergonomics



Screwing&Hammering examples, 6 « ergonomic » variations



Triangulation in « highly » multi-view setup, as 3D human pose ground truth

Weighted Triangulation [1]
3D pose Re-projected to 2D (thick colored 

lines) vs initial 2D (thin white lines)

Spatial-Temporal-Geometric Graph Convolutional Network for 3-D Human Pose Estimation from 

Multiview VideoK Dong, Y Zhou, K Riou, X Yun, Y Sun, K Subrin, P Le Callet

IEEE Transactions on Instrumentation and Measurement, 2024

Geometric Consistency-Guaranteed Spatio-Temporal Transformer for Unsupervised Multi-View 3D Pose 

EstimationK Dong, K Riou, J Zhu, A Pastor, K Subrin, Y Zhou, X Yun, Y Sun, IEEE Transactions on 

Instrumentation and Measurement, 2024

https://scholar.google.com/citations?view_op=view_citation&hl=fr&user=ylnzTogAAAAJ&sortby=pubdate&citation_for_view=ylnzTogAAAAJ:W7OEmFMy1HYC
https://scholar.google.com/citations?view_op=view_citation&hl=fr&user=ylnzTogAAAAJ&sortby=pubdate&citation_for_view=ylnzTogAAAAJ:W7OEmFMy1HYC
https://scholar.google.com/citations?view_op=view_citation&hl=fr&user=ylnzTogAAAAJ&sortby=pubdate&citation_for_view=ylnzTogAAAAJ:W7OEmFMy1HYC
https://scholar.google.com/citations?view_op=view_citation&hl=fr&user=ylnzTogAAAAJ&sortby=pubdate&citation_for_view=ylnzTogAAAAJ:W7OEmFMy1HYC
https://scholar.google.com/citations?view_op=view_citation&hl=fr&user=ylnzTogAAAAJ&sortby=pubdate&citation_for_view=ylnzTogAAAAJ:W7OEmFMy1HYC
https://scholar.google.com/citations?view_op=view_citation&hl=fr&user=ylnzTogAAAAJ&sortby=pubdate&citation_for_view=ylnzTogAAAAJ:W7OEmFMy1HYC
https://scholar.google.com/citations?view_op=view_citation&hl=fr&user=ylnzTogAAAAJ&sortby=pubdate&citation_for_view=ylnzTogAAAAJ:W7OEmFMy1HYC
https://scholar.google.com/citations?view_op=view_citation&hl=fr&user=ylnzTogAAAAJ&sortby=pubdate&citation_for_view=ylnzTogAAAAJ:W7OEmFMy1HYC
https://scholar.google.com/citations?view_op=view_citation&hl=fr&user=ylnzTogAAAAJ&sortby=pubdate&citation_for_view=ylnzTogAAAAJ:W7OEmFMy1HYC
https://scholar.google.com/citations?view_op=view_citation&hl=fr&user=ylnzTogAAAAJ&sortby=pubdate&citation_for_view=ylnzTogAAAAJ:zYLM7Y9cAGgC
https://scholar.google.com/citations?view_op=view_citation&hl=fr&user=ylnzTogAAAAJ&sortby=pubdate&citation_for_view=ylnzTogAAAAJ:zYLM7Y9cAGgC
https://scholar.google.com/citations?view_op=view_citation&hl=fr&user=ylnzTogAAAAJ&sortby=pubdate&citation_for_view=ylnzTogAAAAJ:zYLM7Y9cAGgC
https://scholar.google.com/citations?view_op=view_citation&hl=fr&user=ylnzTogAAAAJ&sortby=pubdate&citation_for_view=ylnzTogAAAAJ:zYLM7Y9cAGgC
https://scholar.google.com/citations?view_op=view_citation&hl=fr&user=ylnzTogAAAAJ&sortby=pubdate&citation_for_view=ylnzTogAAAAJ:zYLM7Y9cAGgC
https://scholar.google.com/citations?view_op=view_citation&hl=fr&user=ylnzTogAAAAJ&sortby=pubdate&citation_for_view=ylnzTogAAAAJ:zYLM7Y9cAGgC
https://scholar.google.com/citations?view_op=view_citation&hl=fr&user=ylnzTogAAAAJ&sortby=pubdate&citation_for_view=ylnzTogAAAAJ:zYLM7Y9cAGgC
https://scholar.google.com/citations?view_op=view_citation&hl=fr&user=ylnzTogAAAAJ&sortby=pubdate&citation_for_view=ylnzTogAAAAJ:zYLM7Y9cAGgC


(Best Demo award) 



Grounded
Segment Anything

+
Cutie (tracking)

Depth Anything

2D-to-3D
Projection

+ Outlier filtering

Camera
Intrinsic

parameters

3D Human Pose
Estimation

(3DHPE)

Relative-Depth to
Metric-Depth

(using known 3D positions

of the operator’s joints)

Prompt:
[“Box”, “Shoes”]

Main View

Additional  Views
(for accurate Human Pose Estimation)

Vision Foundation Models for an embodiment and environment agnostic scene representation for robotic 

manipulationK Riou, K Subrin, P Le Callet, IROS 2024

https://scholar.google.com/citations?view_op=view_citation&hl=fr&user=ylnzTogAAAAJ&sortby=pubdate&citation_for_view=ylnzTogAAAAJ:Y0pCki6q_DkC
https://scholar.google.com/citations?view_op=view_citation&hl=fr&user=ylnzTogAAAAJ&sortby=pubdate&citation_for_view=ylnzTogAAAAJ:Y0pCki6q_DkC
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Vision Foundation Models for an embodiment and environment agnostic scene representation for robotic 
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https://scholar.google.com/citations?view_op=view_citation&hl=fr&user=ylnzTogAAAAJ&sortby=pubdate&citation_for_view=ylnzTogAAAAJ:Y0pCki6q_DkC
https://scholar.google.com/citations?view_op=view_citation&hl=fr&user=ylnzTogAAAAJ&sortby=pubdate&citation_for_view=ylnzTogAAAAJ:Y0pCki6q_DkC




Reconnaissance d’Actions sur Graphes

Rethinking Scene Graphs for Action RecognitionM Riand, P Le Callet, L Dollé, VCIP 2023

https://scholar.google.com/citations?view_op=view_citation&hl=fr&user=llgwlUgAAAAJ&cstart=20&pagesize=80&sortby=pubdate&citation_for_view=llgwlUgAAAAJ:L-8cPhgLE2YC
https://scholar.google.com/citations?view_op=view_citation&hl=fr&user=llgwlUgAAAAJ&cstart=20&pagesize=80&sortby=pubdate&citation_for_view=llgwlUgAAAAJ:L-8cPhgLE2YC


Détection d’intention?



Gaze contingent display & Patient

What are the visuo-motor tendencies of omnidirectional scene free-viewing in virtual reality?EJ David, P 

Lebranchu, MP Da Silva, P Le Callet, Journal of Vision 2022

Predicting artificial visual field losses: a gaze-based inference studyE David, P Lebranchu, M Perreira Da 

Silva, P Le Callet, Journal of Vision 2019 

How are ocular behaviours affected by central and peripheral vision loss? A study based on artificial 

scotomas and gaze-contingent paradigm.E David, P Le Callet, M Perreira Da Silva, P Lebranchu

Electronic Imaging 2018

DLMA normal glaucoma

https://scholar.google.fr/citations?view_op=view_citation&hl=fr&user=s7hfZv8AAAAJ&sortby=pubdate&citation_for_view=s7hfZv8AAAAJ:0EnyYjriUFMC
https://scholar.google.fr/citations?view_op=view_citation&hl=fr&user=s7hfZv8AAAAJ&sortby=pubdate&citation_for_view=s7hfZv8AAAAJ:0EnyYjriUFMC
https://scholar.google.fr/citations?view_op=view_citation&hl=fr&user=s7hfZv8AAAAJ&sortby=pubdate&citation_for_view=s7hfZv8AAAAJ:0EnyYjriUFMC
https://scholar.google.fr/citations?view_op=view_citation&hl=fr&user=s7hfZv8AAAAJ&sortby=pubdate&citation_for_view=s7hfZv8AAAAJ:0EnyYjriUFMC
https://scholar.google.fr/citations?view_op=view_citation&hl=fr&user=s7hfZv8AAAAJ&sortby=pubdate&citation_for_view=s7hfZv8AAAAJ:0EnyYjriUFMC
https://scholar.google.fr/citations?view_op=view_citation&hl=fr&user=s7hfZv8AAAAJ&sortby=pubdate&citation_for_view=s7hfZv8AAAAJ:0EnyYjriUFMC
https://scholar.google.fr/citations?view_op=view_citation&hl=fr&user=s7hfZv8AAAAJ&cstart=20&pagesize=80&sortby=pubdate&citation_for_view=s7hfZv8AAAAJ:UeHWp8X0CEIC
https://scholar.google.fr/citations?view_op=view_citation&hl=fr&user=s7hfZv8AAAAJ&cstart=20&pagesize=80&sortby=pubdate&citation_for_view=s7hfZv8AAAAJ:UeHWp8X0CEIC
https://scholar.google.fr/citations?view_op=view_citation&hl=fr&user=s7hfZv8AAAAJ&cstart=20&pagesize=80&sortby=pubdate&citation_for_view=s7hfZv8AAAAJ:UeHWp8X0CEIC
https://scholar.google.fr/citations?view_op=view_citation&hl=fr&user=s7hfZv8AAAAJ&cstart=20&pagesize=80&sortby=pubdate&citation_for_view=s7hfZv8AAAAJ:UeHWp8X0CEIC
https://scholar.google.fr/citations?view_op=view_citation&hl=fr&user=s7hfZv8AAAAJ&cstart=20&pagesize=80&sortby=pubdate&citation_for_view=s7hfZv8AAAAJ:qjMakFHDy7sC
https://scholar.google.fr/citations?view_op=view_citation&hl=fr&user=s7hfZv8AAAAJ&cstart=20&pagesize=80&sortby=pubdate&citation_for_view=s7hfZv8AAAAJ:qjMakFHDy7sC
https://scholar.google.fr/citations?view_op=view_citation&hl=fr&user=s7hfZv8AAAAJ&cstart=20&pagesize=80&sortby=pubdate&citation_for_view=s7hfZv8AAAAJ:qjMakFHDy7sC
https://scholar.google.fr/citations?view_op=view_citation&hl=fr&user=s7hfZv8AAAAJ&cstart=20&pagesize=80&sortby=pubdate&citation_for_view=s7hfZv8AAAAJ:qjMakFHDy7sC
https://scholar.google.fr/citations?view_op=view_citation&hl=fr&user=s7hfZv8AAAAJ&cstart=20&pagesize=80&sortby=pubdate&citation_for_view=s7hfZv8AAAAJ:qjMakFHDy7sC


Cognitive computing ? Attentional processes in 
deep learning algorithms

Foveal (details) vs Periphery (global)

Reflex (bottom up) vs Intentional (top/down, task)

Modeling the visual trace: as annotation or marker of 
expertise

Number 
of gaze 
points

Observation time (sec) Observation time (sec)

Number 
of gaze 
points

DLMA normal glaucoma





Enjeux/verrous:
- identifier stratégies et nettoyer les données
- explicabilité sur graphe
- LUPI



Analyse de stratégies visuelles avec HMM
(et clustering de HMMs) – Badr tahri  
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Et avec des LMMs? 



Prompt : Describe this scene. In this 
scene, what is the woman looking at? 
to which object does the woman's 
gaze point towards?

Llava output: In the image, a woman is standing in a 

room, wearing a face mask and holding a banana. She 

is surrounded by several other people, some of whom 

are also wearing face masks. The woman's gaze is 

directed towards a box of oranges, which is placed on 

a table nearby. The other people in the room are also 

looking at the box of oranges, indicating that it might be 

an interesting or unusual object in the scene.

Chat GPT-4o: In this scene, the woman is looking down at the table where she is 

sorting vegetables. Her gaze is directed towards the red bell pepper she is holding in 

her right hand. The red bell pepper is the object her gaze points towards.



Prompt: Describe the scene, detect all 

visible human heads, and for each 

head, tell me which object does the 

person's gaze point towards?

Llava output: In the image, there are two men 

standing in a room, with one of them looking at a 

computer screen. The man looking at the computer 

screen is wearing a blue shirt, while the other man is 

wearing a white shirt. Both men are holding cell phones 
in their hands.

There are a total of three visible human heads in the 

scene. The first head belongs to the man in the blue 

shirt, who is looking at the computer screen. The 

second head belongs to the man in the white shirt, who 
is standing next to the man in the blue shirt. The third 

head is not visible in the image.

Chat GPT-4o: ### Objects Each Person is Looking At:

- **Man on the Left** : **Gaze Points Towards**: The smartphone in his hands.

**Man on the Right** : **Gaze Points Towards**: The computer monitor he is seated in front of.

Overall, the scene captures a moment where the man on the left is focused on his smartphone, and the man on 

the right is engaged with his computer screen 



Prompt: Describe the scene, detect all visible 

human heads, describe all objects in the scene, and 

for each head, tell me which specific object in this 

scene does the person's gaze point towards?

Chat GPT-4o: ### Objects Each Person is Looking 

At:

- **Man on the Left** : **Gaze Points Towards**: The 

laptop on the desk in front of him 

**Man on the Right** : **Gaze Points Towards**: The 

whiteboard on the wall to his left 

### Objects in the Scene:

- **Laptop**: Positioned in front of the man on the left.

- **Yellow Coffee Mug**: With the text "Pão de milho" on it, placed on the desk near the man on the left.

- **Pen Case**: There are two cases on the desk; one is black, and the other is red and black.

- **Remote Control**: Positioned on the desk in front of the man on the right.

- **Cables**: There are a few cables on the desk, likely connected to the laptop or other devices. 



cerveaux fatigués



L’IA est une 
problématique RH





Soumission à l’IA, 
Remplacement par l’IA

Pourquoi IA & Acceptabilité ?

Augmentation par l’IA, 
Assistance par l’IA

Liens entre confiance et acceptabilité dans un dispositif IAA Agossah, L Lévêque, MP da Silva, P Le 

Callet, F Krupa, G Deconde, IHM 2022

https://scholar.google.com/citations?view_op=view_citation&hl=fr&user=llgwlUgAAAAJ&cstart=20&pagesize=80&sortby=pubdate&citation_for_view=llgwlUgAAAAJ:VETmZaymeusC




Qu’est-ce que c’est une IA acceptable ?

AcceptabilitéFiabilité 

Centrée sur le 
travailleur

Socialement 
acceptable

Utile et 
utilisable

Action et 
contrôle humain

Robustesse

Respect de la vie 
privée

Transparence

Bien-être

Responsabilité
Politiques 

organisationnelles Méthodologie UX



Quelles méthodes pour mesurer de la 
confiance en des solutions
IA ?

Quel impact de la transparence sur la collaboration 
Humain-IA ?

Quelles typologies de collaboration Humain-IA en 
contexte professionnel ?

« Pour évaluer cette confiance, nous utilisons 
notamment des méthodes utilisées pour faire de 
l’évaluation subjective de la qualité d’expérience 
(QoE) »



EFFET DE LA CONFIANCE DÉCLARÉE D’UN OUTIL 
PRÉDICTIF SUR LA CONFIANCE ACCORDÉE PAR LES 
UTILISATEURS



L’émergence des outils génératifs : des facteurs 
d’acceptabilité différents ?



les collaborateurs de SIGMA Informatique et les outils 
génératifs ? 

Modele TAM + dimension modele UTAUT2
(hypothese: l’émergence récente des outils génératifs, l’attrait 
pour l’innovation et l’environnement social peuvent être 
déterminants dans l’intention d’usage

PU – Utilité perçue
PEU - Facilité d’utilisation perçue 
SI - Influence sociale
HM – Motivation hédonique
UI - Intention d’usage

TAM: F. Davis, « Perceived Usefulness, Perceived Ease Of Use, And 
User Acceptance ofInformation Technology », 1989

UTAUT2: V. Venkatesh and al, « Unified theory of acceptance and 
use of technology : A synthesis and the road ahead », 2016



les collaborateurs de SIGMA Informatique et les outils 
génératifs 



QUEL LLM POUR METTRE EN PLACE UN ASSISTANT 
DE DÉVELOPPEMENT PYTHON?

LLMs: 
GPT-4, Code LLama et Mistral 7B

17 développeurs Python/ 3 groupes d’expérience :
— 5 développeurs juniors (moins de 2 ans d’expérience) ;
— 10 développeurs intermédiaires (2 à 6 ans d’expérience) ;
— 2 développeurs seniors (plus de 6 ans d’expérience)



QUEL LLM POUR METTRE EN PLACE UN ASSISTANT 
DE DÉVELOPPEMENT PYTHON

GPT-4:
 - populaire
 -  score élevé aux datasets d’évaluation 

Et bien ….

nos résultats nous indiquent que les développeurs sont 
susceptibles de préférer  Mistral 7B et Code Llama 7B plus 
frugaux 
« réponses moins fournis et plus concises»



Ressources rares









Definition of Quality of Experience
Qualinet White Paper on Definitions of Quality of Experience (2012)
P. Le Callet, S. Möller and A. Perkis, eds.

Available at http://www.qualinet.eu
A collective effort of more than 40  authors/contributors (COST Action IC 1003)
European Network on Quality of Experience in Multimedia Systems and Services

49

Quality of Experience (QoE) is the 
degree of delight or annoyance of the 
user of an application or service.

It results from the fulfillment of his or her expectations with respect to 
the utility and / or enjoyment of the application or service in the light 
of the user’s personality and current state.



Quality of Experience: Typology of influencing factors

Context IF: “factors that embrace 
any situational property to 
describe the user’s environment
in terms of physical, temporal, 
social, economic, task, and 
technical characteristics”

:Human IF: “any variant or 

invariant property or 
characteristic of a human user. 
The characteristic can describe 
the demographic and socio-
economic background, the 
physical and mental 
constitution, or the user’s 
emotional state”

System IF: “properties and 
characteristics that determine 
the technically produced 
quality of an application or 
service. They are related to 
media capture, coding, 
transmission, storage, 
rendering, and 
reproduction/display, as well 
as to the communication of 
information itself from 
content production to user”



Good QoE & Sustainable Developement Goals
Human IF: “any variant or 

invariant property or 
characteristic of a human user. 
The characteristic can describe 
the demographic and socio-
economic background, the 
physical and mental
constitution, or the user’s 
emotional state”

A new momentum for 
QoE science

Humans, and Society are 
organic

=> shift of expectations



Humans and society are organic: shift of expectations
GHG (Green House Gas)  Protocol



AccAnn scale: A QoE scale for Media Quality in Context 

• Perceived quality does not 
necessarily need to directly 
express the acceptability-
annoyance of the video

• Acceptability-Annoyance is a 
measure of user satisfaction for 
video streaming services.

• Acceptability-Annoyance takes 
user expectations and user 
profile into account …and 
possibly with different context  

Excellent

Good

Fair

Poor 

Bad

Quality Scale 
Absolute Quality 
Rating Scale
(ACR)

Acceptance-
Annoyance scale 
(AccAnn)



Mapping Video Quality Metric and AccAnn

AccAnn MOS

Video Quality Metric (e.g VMAF)

TV Basic subsc.

TV Premium subsc.

Quantifying the Influence of Devices on Quality of Experience for Video Streaming Li, 

PCS 2019

https://scholar.google.com/citations?view_op=view_citation&hl=fr&user=b076OYAAAAAJ&cstart=20&pagesize=80&sortby=pubdate&citation_for_view=b076OYAAAAAJ:edDO8Oi4QzsC


Acceptability & Annoyance and sustainable context 

55

2 - Ali Ak, Anne Flore Perrin, Denise Noyes, Ioannis Katsavounidis, and Patrick Le Callet, “Video consumption in context: Influence of data plan 
consumption on qoe,” in Proceedings of the 2023 ACM International Conference on Interactive Media Experiences, New York, NY, USA, 2023, 
IMX ’23, p. 320–324, Association for Computing Machinery.

Remaining Data
Remaining Battery
Signal Strength
etc.,

High Medium Low

Remaining
Data Plan

Remaining
Battery



Example Outcome of EBA Analysis for Data Context



Une IA pour faire quoi?





Réalité Virtuelle pour l’évaluation quantitative de la vision 
fonctionnelle

Chaire Fondamentale de l’Institut Universitaire de France

Pr. Patrick Le Callet

Un frein majeur à l’adoption des biothérapies pour la vision est le manque d’outils pour mesurer 
objectivement la vision fonctionnelle. Pour démontrer l’impact des traitements prometteurs, 
nous faisons l’hypothèse que la Réalité Virtuelle (RV), par sa capacité à reproduire des 
situations écologiques, couplée à une analyse algorithmique avancée de données de 
navigation, permettrait une évaluation quantitative fine de la vision fonctionnelle pour un suivi 
longitudinal de l’efficacité clinique

Construire des 

cohortes de patients 

et fédérer une 

communaut́é 
proche des usagers 

Penser et développer 

des environnements 

écologiques en RV et 

des protocoles 
cliniques 

Qualifier les 

équipements et mener 
des expérimentations 

Concevoir des méthodes 

avancées d’analyse de 

comportement de 

navigation et 
d’interaction 

Diffuser des données 

ouvertes et stimuler 
l’innovation ouverte 

Produire des 

démonstrateurs de 

médiation et des mises 

en situation 
empathiques



MOVING TO VR



Myopie 
forte+glaucome

Hémianopsie 
bitemporale

Neuropathie 
optique 

héréditaire OPA-1

Neuropathie 
optique 

inflammatoire 
anti-MOG

Neuropathie optique 
compressive / lymphome 

orbitaire bilatéral

Monophtalme



ADVANCED CLUSTERING OF 
BEHAVORIAL DATA



ADVANCED CLUSTERING OF 
BEHAVORIAL DATA (HMM+ T-
SNE)



Neurosciences vs vision par 
ordinateur : regard croisé sur 

l'attention visuelle

Parlons-nous de la même chose?







Are ViTs inherently saliency learners? (Using 
Salicon and MIT300 for testing)

« Our findings suggest that ViTs under a self-
supervised regime (DINO self supervised 
weight)  can better capture a wide range of 
salient features across various contexts, 

compared to their supervised 
counterparts (Initialization with ImageNet 
weights) which often focus on the most 
visually prominent features linked directly to 
specific class labels »

« By analyzing how local/global spatial 
information is utilised, we show that the 
the ViT penultimate self-attention maps 
are similar to the saliency maps »

«retrieving the salient attention maps using a 
tensor decomposition method yields a rich 
tensor of saliency information, and is easily 
mapped to a saliency map using a shallow 
convolutional neural network decoder »



68
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