
Intelligence artificielle: 
une longue histoire … et demain ? 

Pierre Gançarski
Université de Strasbourg

Source d’inspiration :  Qu’est-ce qu’un bon système d’apprentissage ? La réponse a évolué avec 
le temps. Et demain ? (Antoine Cornuèjols – EGC 2018) 

Grand merci à lui. 
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L’IA est partout …
• L’AA dans tous les médias aujourd’hui
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De très nombreux domaines impactés …

• Enseignement : personnalisation…

• Santé : aide au diagnostique, suivi et médecine prédictive,
politique sanitaire…

• Agriculture : diminution d’intrants chimiques, suivi des
rendements et des troupeaux, épidémiosurveillance…

• Transport : voiture autonome, gestion de flux logistiques…

• Défense et sécurité : analyse des réseaux, des images,
des vidéos; gestion des risques malveillants, industriels,
commerciaux, écologiques, …
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• Aide à la décision : juges, prêts, prime assurance…

• Personnalisation : assistant, recommandation, small data…
• « Smart cities » : circulation, suivi de la pollution…
• Economie : finances, pilotage de la production…
• Ecologie : suivi de la biodiversité, risques climatiques…

• SHS : ressenti et opinions…
• Les jeux : Go, Poker
• Art : génération d’œuvre, aide à la composition…

• …

De très nombreux domaines impactés … voire tous ?
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De très nombreux domaines impactés … voire tous ?

• « Mais comme bien des mathématiciens débutant la carrière
dans les années 90, j’ai profondément sous-estimé l’impact de
l’intelligence artificielle, qui ne donnait finalement, à cette
époque, que peu de résultats. Quelle surprise ce fut d’assister,
dans les années 2010, à l’incroyable amélioration de ses
performances. » (Cédric Villani, mars 2018)

è Comment en est-on arrivé là ?
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Plan

• Du passé …
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Du passé ... 
• (1950 – 1965) Les précurseurs
• Séminaire de Dartmouth (1956) apparition du terme

“Intelligence Artificielle” (J. McCarthy).
• IA Symbolique : La pensée est vue comme une

manipulation de représentations discrètes des
connaissances
– Premier programme de démonstration automatique de

théorème : Logic Theorist (Newell, Shaw et Simon)

– LISP (1958) : LISt Processing par J. Mac Carthy
– Premier traducteur Anglais/Russe
– General Problem Solver (1959) A. Newell et H.Simon

•
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Du passé ... 

• Enthousiasme excessif :
– “dans 5 ans, nous aurons un traducteur automatique”

– “en 1968, nous aurons une machine au niveau du
champion du monde d’échecs”

à À comparer avec des résultats décevants.
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Du passé ... 

• Néanmoins cela a permis d’établir les concepts de
base de l’IA :
– un algorithme doit combiner les approches combinatoires

et heuristiques c’est-à-dire utiliser les connaissances sur le
problème à résoudre

– il faut distinguer ce qui est connaissance sur le problème
de ce qui est méthode de résolution (approche
déclarative)

– les méthodes d’IA doivent incorporer des mécanismes
d’apprentissage
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Du passé ... 

• (1965 – 1984) La connaissance est au pouvoir

• Représentation structurées :

– réseaux sémantiques, scripts, schémas et frames

• Extensions de la logique :

– floue, non monotone, temporelle…

• Utilisation de la connaissance et du « savoir-faire » :

– Systèmes experts

• Apprentissage à partir de peu d’exemples :

– espace de versions, explanation-based learning, …

àForte influence des Sciences cognitives (I.A Forte)
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Du passé ... 
• Limites
– Requiert une forte théorie du domaine
• Difficulté pour l’acquérir
• Suspicion de manque de généricité (méthodes ad ’hoc)
• Mais se contente de peu d’exemples

– Peu ou pas adapté à des données bruitées
– Le « passage à l’échelle » n’est pas évident
– Pas de critère d’évaluation général et quantifiable
• Difficulté à comparer les approches et systèmes
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Du passé ... 
• (1984-1995) Retournement de perspectives
• Deux mouvements indépendants :
– PAC (probably approximately correct) learning
• Risque empirique régularisé : Principe d’induction
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Du passé ...
• (1984-1995) Retournement de perspectives
• Deux mouvements indépendants :
– PAC (probably approximately correct) learning
• Principe d’induction
•

– Affirmation vraie jusqu’à preuve du contraire
– Notion d’épichérème (Théophraste) : la répétition d'un

phénomène augmente la probabilité de le voir se reproduire

Déduction : préserve la “vérité” Induction : ajoute de l’information
• Tous les humains ont un cœur
• Tous les intervenants sont humains
à Tous les intervenants ont un cœur

• Les intervenants vus jusqu’à 
maintenant sont des informaticiens

• Les informaticiens vus jusqu’à 
maintenant sont sympas

à Tous les intervenants sont sympas
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Du passé ...

• (1984-1995) Retournement de perspectives

• Deux mouvements indépendants :

– PAC (probably approximately correct) learning

• Principe d’induction

• Les vraies questions sont en fait :

– Si tous les intervenants sont sympas, quelles en sont les

raisons ?

– Si ce n’est pas vrai, comment différencier les intervenants

sympas des autres ? Apprentissage d’un modèle

– Si j’ai un nouvel intervenant, puis-je prédire s’il sera sympa ou

non ? è Généralisation : le modèle doit être prédictif
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Du passé ...

Predited
class

Desired
class

Supervisor

Error

Learned 
model

Model 
seeking

Training
data

• (1984-1995) Retournement de perspectives
• Deux mouvements indépendants :
– PAC (probably approximately correct) learning
• Risque empirique régularisé et principe d’induction

– Réduire la probabilité de se tromper sur une hypothèse

– Apprentissage supervisé
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Du passé ... 
• (1984-1995) Retournement de perspectives
• Deux mouvements indépendants :
– PAC (probably approximately correct) learning
– Renouveau du connexionnisme
• Perceptrons multicouches
• Rétropropagation du gradient

à Apprentissage statistique
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Du passé ... 
• (1984-1995) Retournement de perspectives
• Deux mouvements indépendants :
– PAC (probably approximately correct) learning
– Renouveau du connexionnisme

àApprentissage statistique

• (1995 - 2010) Optimisation de l’induction
– SVM / Boosting / Random forests / Lasso, …
– « Disparition » du raisonnement

è Approche pragmatique (I.A Faible)



18Josy Intelligence artificielle – 2018

Plan

• Du passé …
• (la transition)
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• La capacité de stockage double tous les 13 mois alors que le
coût est divisé par deux (Loi de Kryder)
– 1956 : Premier disque dur (5Mo , 7000 €/Mo (env. 100 000 € actuels !))

• (1995 - 2010) Systèmes de stockage magnétique
– 1956 : Premier disque dur 5Mo (≈ 100 000€/Mo)
– 2000 : plus de support magnétique pour les cartes mémoire flash

• 1991 : 1 Go à 40 000€ ; 2015 : 512Go à 1 500€ ; 2017 : 512 Go à 300€
– 2011 : Seagate barracuda : 1 To (≈ 0,00012 €/Mo)

• (2010 - …) Stockage « dématérialisé »
– 2014 : Cloud à 1.000 milliards d'octets pour 7,2 €/mois
– 2018 : Google Drive 10 To pour 7 €/mois

(la transition) 
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• (1995 - 2010) Augmentation des données
– 1956 : Premier disque dur 5Mo (≈ 100 000€/Mo)
– 1979 : Seagate ST-506 : 5Mo (≈ 1000€/Mo)
– 1982 : une disquette (1,44 Mo) de la taille d'une poche de chemise
– 1984 : 80 minutes de musique sur les premiers CD-Rom (600 Mo)
– 1994 : 700 Mo sur un seul disque Zip (10 minutes de vidéo)
– 2000 : plus de support magnétique pour les cartes mémoire flash

• 1991 : 1 Go à 40 000€ ; 2015 : 512Go à 1 500€ ; 2017 : 512 Go à 300€
– 2011 : Seagate barracuda : 1 To (≈ 0,00012 €/Mo)

• (2010 - …) Stockage « dématérialisé »
– 2014 : Cloud à 1.000 milliards d'octets pour 7,2 €/mois
– 2018 : Google Drive 10 To pour 7 €/mois

(la transition) 
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(la transition) 

• (1970 - 2010) Des mémoires de + en + grosses

– Années 70 : 256 octets à 8 Ko

– Années 80 : 8 Ko à 1 Mo

– Années 90 : 1 Mo à 512 Mo

– Années 2000 : 512 Mo à 8 Go

– Années 2010 : 8 Go à ...

640K ought to be 

enough for anybody.

I’ve said some stupid things and some wrong things, but not 

that. No one involved in computers would ever say that a 

certain amount of memory is enough for all time.

•
�
�
�
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(la transition) 

• (1970) : 107 opérations logiques par seconde

• Le cerveau humain 1011 neurones (max. 100
commutations/seconde) : 1013 opérations logiques/s

• (2017) Ordi 64 bits/4 GHz = même puissance

TaihuLight : 41 000 processeurs 1017 op/s•
�
�
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(la transition) 

• Réseaux sociaux
– Facebook génère 500 Tera-octets (To) par jour.

– 100 heures de vidéo apparaissent sur Youtube chaque minute

• Données scientifiques
– « Large Hadron Collider » (LHC) : 5 Péta-octets de données scientifiques/ jour

– European Sentinel Program (Télédétection): 2 To par jour …

• Internet :
– env. 20 Zeta-octet par an (40 en 2020 ?)

• Données ouvertes :
– Le site data.gouv.fr offre plus de 20 000 bases de données publiques

• Tera : 1012 à Mille milliards Peta : 1015 à Milllion de milliards Zetta : 1021 à Mille milliards de milliards
Yotabytes : 1024. Nombre d’atomes dans l’Univers : ≈1080
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(la transition) 

• Plus surprenant (ou pas …) :
• Un Boeing 737 génère 240 To pour un vol intra US

• Les utilisateurs Facebook « like » 5,7 milliards de fois/jour

• Google stocke pour chaque utilisateur connecté : info. perso , IP,
services utilisés (type, usage et appareil utilisé), requêtes de recherche,
localisation … voir https://www.google.com/policies/privacy/#infocollect

• Les équipes de campagne (US) possèdent près de 500 éléments
sur le chaque électeur : données bancaires, lignes de crédit,
abonnements TV, contenu de ses posts sur les réseaux, amis facebook,
port d’arme, origine ethnique …

• Plus de 98% de l’information existante a été créée ces cinq
dernières années

• Phénomène Big Data

https://www.google.com/policies/privacy/
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… au présent

• (2010 - …) Phénomène Big Data

• Réapparition des connaissances
– Web sémantique:

• Compréhension partagée de l’information :

• Ontologies et métadonnées

• Communautés virtuelles
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… au présent

• (2010 - …) Phénomène Big Data

• Réapparition des connaissances

• Extraction de connaissances
– Utilisation de nouveaux outils d’analyse de gros volumes

de données pour obtenir des informations autrefois
impossibles à obtenir.

– Fouille de données de nature variée :

• Mémoires d’entreprise,

• Commerce électronique

• Analyse des réseaux sociaux : Facebook et al., …

à Quatrième paradigme de la Science
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… au présent
• Introduit par James Nicolas Gray (Jim Gray) dans

différents article entre 2005 et 2007 : Scientific Data
Management in the Coming Decade

Tony Hey, Stewart Tansley, et Kristin Tolle (2009)
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… au présent

• Il y a mille ans - Science expérimentale Description des
phénomènes naturels

• Siècles derniers - Science théorique : Abstraction et
généralisation(Lois de Newton, Equations de Maxwell)

• Dernières décennies - Science computationnelle :
Simulation de phénomènes complexes, Informatique = outil
de validation de modèles théoriques

à Paradigme associé : Approche confirmatoire

sample the	data store	the	data create models test	the	models on	the	sampled data

HYPOTHESISE VERIFY
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… au présent
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• Aujourd'hui : Science des données

àParadigme associé : Approche exploratoire

• Sérendipité du Big Data : capacité à montrer des choses que
l’on ne s’attendait pas à trouver trouver, par des hasards
heureux, ce que l’on ne cherche pas.

store	all	the	data generate models from the	data understand and	interpret the	models

DISCOVER UNDERSTAND
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… au présent
• (2015 - …) Révolution de l’apprentisssage profond
• (1940 – 2000) Réseaux de neurones (les précurseurs)

– 1943 : Modèle de McCulloch et Pitts - 1er modèle de neurone formel
– 1949 : Règle de Hebb - Apprentissage par renforcement du couplage

synaptique
– 1960 : Rosenblatt : perceptron et théorème de convergence
– 1985 : Perceptron Multi-Couche + Rétropropagation (Werbos)
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• Apprentissage
– 1) Soumission d’un exemple

– Si la sortie S correspond à la sortie (classe) désirée, on passe à la
donnée suivante sinon étape de rétropropagation

Neurones d�entrée
Neurone(s) de sortieCouche(s) cachée(s)

Connexions 
pondérées : !",$

%

so
rti
esdo
nn
ée
s

Connexions 
pondérées : !",$

&

… au présent
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• Apprentissage
– 2) Rétropropagation

– Les poids sont modifiés pour que l’entrée d’une couche produise une
sortie correspondant à ce qui est demandé

Neurones d�entrée
Neurone(s) de sortieCouche(s) cachée(s)

Connexions 
pondérées : !",$

%

so
rti
esdo
nn
ée
s

Connexions 
pondérées : !",$

&

… au présent
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… au présent

• (2015 - …) Révolution de l’apprentissage profond
• (1940 - 2000) Précurseurs :

– 1943 : Modèle de McCulloch et Pitts - 1er modèle de neurone formel
– 1949 : Règle de Hebb - Apprentissage par renforcement du couplage

synaptique
– 1960 : Rosenblatt : perceptron et théorème de convergence
– 1985 : Perceptron Multi-Couche + Rétropropagation (Werbos)

• (Fin 2000) Echec relatif
– C1 : Manque de puissance de calcul
– C2 : Manque de données
– C3 : Modélisation imparfaite
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… au présent
• (2015 - …) Révolution de l’apprentissage profond
• Précurseurs
• Echec relatif
• Le renouveau :

– 2007 : Création d’ImageNet alimentée via Amazon Mechanical Turk:
• 10 millions d’images étiquetées.

– 2010 : Première utilisation de GPU
– 2012 : Application Deep Learning sur ImageNet

• Le taux d’erreur passe de 30% à 15%
– 2014: Projet DeepFace – Facebook

• Le taux d’erreur passe à moins de 3%

– 2015 : Généralisation de l’approche
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… au présent
• (2015 - …) Révolution de l’apprentissage profond
• Précurseurs
• Echec relatif
• Le renouveau
à2015 : Machine Learning et Aide à la décision
– Reconnaissance faciale, analyse d’image et de vidéos
– Traduction automatique
– Robotique mobile (voiture autonome, …) :

• Apprentissage de comportements
• Fusion de données de capteurs
• Planification (trajectoires, missions)
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… au présent

• Les RN peuvent très bien tout apprendre

Exemple : Données CIFAR-10

60.000 images RGB 32x32 pixels
10 classes

Apprentissage : 50.000 images
Test : 10.000 images

Résultats :
Training accuracy = 100% ;
Test accuracy = 89%

Speed of convergence ~ 5,000 steps
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… au présent

• Les RN peuvent très bien apprendre n’importe quoi !

– Labels affectés au hasard :

• Training accuracy = 100% ;

• Test accuracy = 9.8%

• Vitesse d’apprentissage comparable : ~ 10,000 steps

– Pixels affectés au hasard :

• Training accuracy = 100% ;

• Test accuracy = 10 %

• Vitesse d’apprentissage comparable : ~ 10,000 steps

è Sur-apprentissage
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… au présent
• Les RN peuvent très bien apprendre sans

nécessairement bien généraliser
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Learning Securely 
Because it is easy to fool, machine learning  
must be taught how to handle adversarial inputs.

the University of California, Berkeley, 
who has crafted audio files that sound 
like white noise to humans, but like 
commands to speech recognition al-
gorithms. “We need to think of the at-
tacks as early as possible.”

Attacking the Black Box
Adversarial machine learning has been 
studied for more than a decade in a few 

OV E R  THE PAS T five years, 
machine learning has blos-
somed from a promising 
but immature technology 
into one that can achieve 

close to human-level performance on a 
wide array of tasks. In the near future, 
it is likely to be incorporated into an in-
creasing number of technologies that 
directly impact society, from self-driv-
ing cars to virtual assistants to facial- 
recognition software.

Yet machine learning also offers 
brand-new opportunities for hack-
ers. Malicious inputs specially crafted 
by an adversary can “poison” a ma-
chine learning algorithm during its 
training period, or dupe it after it has 
been trained. While the creators of a 
machine learning algorithm usually 
benchmark its average performance 
carefully, it is unusual for them to con-
sider how it performs against adversar-
ial inputs, security researchers say.

The emerging field of adversarial 
machine learning is exploring these 
vulnerabilities. In the past few years, 
researchers have figured out, for exam-
ple, how to make tiny, imperceptible 
changes to an image to fool vision pro-
cessing systems into interpreting an 
image humans see as a school bus as 
an ostrich instead. Such deceptions of-
ten can be carried out with virtually no 
knowledge about the inner workings 

of the machine learning algorithm un-
der attack.

Machine learning can be easy to 
fool, computer scientists warn. “We 
don’t want to wait until machine 
learning algorithms are being used 
on billions of devices, and then wait 
for people to mount attacks,” said 
Nicholas Carlini, a graduate student 
in adversarial machine learning at 

Science  |  DOI:10.1145/2994577 Erica Klarreich

School bus + tiny adversarial perturbation = “ostrich”

 Dog  +  tiny adversarial perturbation  =  “ostrich”

Adversarial input can fool a machine-learning algorithm into misperceiving images. 
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… au présent
• Les RN peuvent très bien apprendre sans

nécessairement bien généraliser

Concepts$≠$Statistics
Computer#vision#is#not#a#statistical#problem

Car#examples#in#ImageNet
Is#this#less#of#a#car

because#the#context#is#wrong?
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… au présent
• Les jeux : Othelo, Dames, Morpion, Awalé, …
– Problèmes maintenant complétement résolus
– Tous les coups sont connus
– La force « brute » a gagné ….
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Du passé …
• Les jeux : Echecs
– 1958 : Premiers programmes capables de jouer une partie

complète
– 1997 : Deep Blue bat Garry Kasparov aux Échecs (cette victoire

serait en réalité due à un bug informatique entraînant un sacrifice d’un pion
que Kasparov n’a pas compris et qui l’aurait déstabilisé)

– 2005 : Hydra gagne face à Michael Adams (5-1-0)
– 2006 : Deep Fritz gagne face à Vladimir Kramnik (2-4-0)
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… au présent
• Les jeux : Echecs
– 1958 : Premiers programmes capables de jouer une partie

complète
– 1997 : Deep Blue bat Garry Kasparov aux Échecs (cette victoire

serait en réalité due à un bug informatique entraînant un sacrifice d’un pion
que Kasparov n’a pas compris et qui l’aurait déstabilisé)

– 2005 : Hydra gagne face à Michael Adams (5-1-0)
– 2006 : Deep Fritz gagne face à Vladimir Kramnik (2-4-0)
– 2017 : AlphaZero, une variante d’AlphaGo n’a mis que

quatre heures en partant des règles de base pour vaincre
Stockfish, le meilleur programme de jeux d’échecs du
moment.
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Du passé …

• Les jeux : Go
– Apparente simplicité à candidat idéal à l’exploration

informatique
– 2006 : Premier « vrai » programme (Monte-Carlo).

– 2008 : MoGo a gagné une partie
• (sur trois) 9x9 contre un 5e dan
• 19x19 face à un 8e dan avec 9 pierres de handicap.

– 2009 Zen est classé 2e dan et 4ème dan (2012)
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… au présent

• Les jeux : Go
– fin 2015 : AlphaGo (DeepMind Google) a battu le meilleur

joueur d’Europe, 5 à 0 :
• Apprend sur 30 millions de mouvements d’experts : capable de

prédire à 57% le prochain coup d’un humain

• A jouer des milliers de parties contre lui-même

– Mai 2017 : AlphaGo bat le champion du monde
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… au présent
• Les jeux : Poker hold-em
– Un fichier de 520 To contient toutes les situations possibles

mais le problème est que l’information est incomplète
– Libratus, Université Carnegie Mellon de Pittsburgh

• Deux approches pour bluffer, relancer ou se coucher : cartes
distribuées et actions/erreurs des adversaires,

• 120 000 mains jouées contre quatre joueurs pro mais en tête-à-
tête en No-limit : Gain 1 766 250 $ (virtuels) - le “meilleur” humain
n’a perdu que 85 000 $ !

• Chaque jour, les parties étaient analysées, et les 3 plus grosses
faiblesses de la journée étaient corrigées pour améliorer
l’algorithme.
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… au présent

• Les jeux : Poker hold-em
– Un problème maintenant est de détecter les "bots" qui

jouent pour/contre vous ou même directement en ligne !
– Pour le no-limit à plusieurs joueurs (version la plus jouée),

on est encore très loin d’une intelligence artificielle :
• Comment analyser une relance de 10, 100 ou 10.000 dollars ?

• Les jeux : Jeux vidéo en ligne
– Informations incomplètes
– Nombre d’actions possibles très élevé

– Contrainte temps-réel forte
– DeepMind vient de se mettre à Starcraft 2 ...
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Plan

• Du passé …
• (la transition)
• … au présent
• Et demain ?
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Et demain ?
• Explication :
– Comment le système a-t’il pris cette décision ?

(a) Original Image (b) Guided Backprop ‘Cat’ (c) Grad-CAM ‘Cat’ (d) Guided Grad-CAM ‘Cat’ (e) Occlusion map for ‘Cat’ (f) ResNet Grad-CAM ‘Cat’

(g) Original Image (h) Guided Backprop ‘Dog’ (i) Grad-CAM ‘Dog’ (j) Guided Grad-CAM ‘Dog’ (k) Occlusion map for ‘Dog’ (l) ResNet Grad-CAM ‘Dog’
Figure 1: (a) Original image with a cat and a dog. (b-f) Support for the cat category according to various visualizations for VGG and ResNet. (b) Guided Backpropagation [46]:
highlights all contributing features. (c, f) Grad-CAM (Ours): localizes class-discriminative regions, (d) Combining (b) and (c) gives Guided Grad-CAM, which gives high-
resolution class-discriminative visualizations.Interestingly, the localizations achieved by our Grad-CAM technique, (c) are very similar to results from occlusion sensitivity (e),
while being orders of magnitude cheaper to compute. (f, l) are Grad-CAM visualizations for ResNet-18 layer. Note that in (d, f, i, l), red regions corresponds to high score for
class, while in (e, k), blue corresponds to evidence for the class. Figure best viewed in color.

modules for uninterpretable ones that achieve greater perfor-
mance through greater abstraction (more layers) and tighter
integration (end-to-end training). Recently introduced deep
residual networks (ResNets) [18] are over 200-layers deep
and have shown state-of-the-art performance in several chal-
lenging tasks. Such complexity makes these models hard to
interpret. As such, deep models are beginning to explore the
spectrum between interpretability and accuracy.

Zhou et al. [51] recently proposed a technique called
Class Activation Mapping (CAM) for identifying discrimina-
tive regions used by a restricted class of image classification
CNNs which do not contain any fully-connected layers. In
essence, this work trades off model complexity and perfor-
mance for more transparency into the working of the model.
In contrast, we make existing state-of-the-art deep models
interpretable without altering their architecture, thus avoid-
ing the interpretability vs. accuracy tradeoff. Our approach
is a generalization of CAM [51] and is applicable to a signifi-
cantly broader range of CNN model families: (1) CNNs with
fully-connected layers (e.g. VGG), (2) CNNs used for struc-
tured outputs (e.g. captioning), (3) CNNs used in tasks with
multi-modal inputs (e.g. VQA) or reinforcement learning.
What makes a good visual explanation? Consider im-
age classification [10] – a ‘good’ visual explanation from
the model justifying a predicted class should be (a) class-
discriminative (i.e. localize the target category in the image)
and (b) high-resolution (i.e. capture fine-grained detail).

Fig. 1 shows outputs from a number of visualizations for
the ‘tiger cat’ class (top) and ‘boxer’ (dog) class (bottom).
Pixel-space gradient visualizations such as Guided Back-
propagation [46] and Deconvolution [49] are high-resolution
and highlight fine-grained details in the image, but are not
class-discriminative (Fig. 1b and Fig. 1h are very similar).

In contrast, localization approaches like CAM or our pro-
posed method Gradient-weighted Class Activation Mapping

(Grad-CAM), are highly class-discriminative (the ‘cat’ expla-
nation exclusively highlights the ‘cat’ regions but not ‘dog’
regions in Fig. 1c, and vice versa in Fig. 1i).

In order to combine the best of both worlds, we show that
it is possible to fuse existing pixel-space gradient visualiza-
tions with Grad-CAM to create Guided Grad-CAM visualiza-
tions that are both high-resolution and class-discriminative.
As a result, important regions of the image which correspond
to any decision of interest are visualized in high-resolution
detail even if the image contains evidence for multiple possi-
ble concepts, as shown in Figures 1d and 1j. When visualized
for ‘tiger cat’, Guided Grad-CAM not only highlights the
cat regions, but also highlights the stripes on the cat, which
is important for predicting that particular variety of cat.
To summarize, our contributions are as follows:
(1) We propose Grad-CAM, a class-discriminative localiza-
tion technique that can generate visual explanations from any

CNN-based network without requiring architectural changes
or re-training. We evaluate Grad-CAM for localization (Sec-
tion 4.1), pointing (Section 4.2), and faithfulness to model
(Section 5.3), where it outperforms baselines.
(2) We apply Grad-CAM to existing top-performing classi-
fication, captioning (Section 8.1), and VQA (Section 8.2)
models. For image classification, our visualizations help
identify dataset bias (Section 6.3) and lend insight into fail-
ures of current CNNs (Section 6.1), showing that seemingly
unreasonable predictions have reasonable explanations. For
captioning and VQA, our visualizations expose the some-
what surprising insight that common CNN + LSTM models
are often good at localizing discriminative image regions
despite not being trained on grounded image-text pairs.
(3) We visualize ResNets [18] applied to image classification
and VQA (Section 8.2). Going from deep to shallow layers,
the discriminative ability of Grad-CAM significantly reduces
as we encounter layers with different output dimensionality.

(a) Original Image (b) Guided Backprop ‘Cat’ (c) Grad-CAM ‘Cat’ (d) Guided Grad-CAM ‘Cat’ (e) Occlusion map for ‘Cat’ (f) ResNet Grad-CAM ‘Cat’
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Figure 1: (a) Original image with a cat and a dog. (b-f) Support for the cat category according to various visualizations for VGG and ResNet. (b) Guided Backpropagation [46]:
highlights all contributing features. (c, f) Grad-CAM (Ours): localizes class-discriminative regions, (d) Combining (b) and (c) gives Guided Grad-CAM, which gives high-
resolution class-discriminative visualizations.Interestingly, the localizations achieved by our Grad-CAM technique, (c) are very similar to results from occlusion sensitivity (e),
while being orders of magnitude cheaper to compute. (f, l) are Grad-CAM visualizations for ResNet-18 layer. Note that in (d, f, i, l), red regions corresponds to high score for
class, while in (e, k), blue corresponds to evidence for the class. Figure best viewed in color.

modules for uninterpretable ones that achieve greater perfor-
mance through greater abstraction (more layers) and tighter
integration (end-to-end training). Recently introduced deep
residual networks (ResNets) [18] are over 200-layers deep
and have shown state-of-the-art performance in several chal-
lenging tasks. Such complexity makes these models hard to
interpret. As such, deep models are beginning to explore the
spectrum between interpretability and accuracy.

Zhou et al. [51] recently proposed a technique called
Class Activation Mapping (CAM) for identifying discrimina-
tive regions used by a restricted class of image classification
CNNs which do not contain any fully-connected layers. In
essence, this work trades off model complexity and perfor-
mance for more transparency into the working of the model.
In contrast, we make existing state-of-the-art deep models
interpretable without altering their architecture, thus avoid-
ing the interpretability vs. accuracy tradeoff. Our approach
is a generalization of CAM [51] and is applicable to a signifi-
cantly broader range of CNN model families: (1) CNNs with
fully-connected layers (e.g. VGG), (2) CNNs used for struc-
tured outputs (e.g. captioning), (3) CNNs used in tasks with
multi-modal inputs (e.g. VQA) or reinforcement learning.
What makes a good visual explanation? Consider im-
age classification [10] – a ‘good’ visual explanation from
the model justifying a predicted class should be (a) class-
discriminative (i.e. localize the target category in the image)
and (b) high-resolution (i.e. capture fine-grained detail).

Fig. 1 shows outputs from a number of visualizations for
the ‘tiger cat’ class (top) and ‘boxer’ (dog) class (bottom).
Pixel-space gradient visualizations such as Guided Back-
propagation [46] and Deconvolution [49] are high-resolution
and highlight fine-grained details in the image, but are not
class-discriminative (Fig. 1b and Fig. 1h are very similar).

In contrast, localization approaches like CAM or our pro-
posed method Gradient-weighted Class Activation Mapping

(Grad-CAM), are highly class-discriminative (the ‘cat’ expla-
nation exclusively highlights the ‘cat’ regions but not ‘dog’
regions in Fig. 1c, and vice versa in Fig. 1i).

In order to combine the best of both worlds, we show that
it is possible to fuse existing pixel-space gradient visualiza-
tions with Grad-CAM to create Guided Grad-CAM visualiza-
tions that are both high-resolution and class-discriminative.
As a result, important regions of the image which correspond
to any decision of interest are visualized in high-resolution
detail even if the image contains evidence for multiple possi-
ble concepts, as shown in Figures 1d and 1j. When visualized
for ‘tiger cat’, Guided Grad-CAM not only highlights the
cat regions, but also highlights the stripes on the cat, which
is important for predicting that particular variety of cat.
To summarize, our contributions are as follows:
(1) We propose Grad-CAM, a class-discriminative localiza-
tion technique that can generate visual explanations from any

CNN-based network without requiring architectural changes
or re-training. We evaluate Grad-CAM for localization (Sec-
tion 4.1), pointing (Section 4.2), and faithfulness to model
(Section 5.3), where it outperforms baselines.
(2) We apply Grad-CAM to existing top-performing classi-
fication, captioning (Section 8.1), and VQA (Section 8.2)
models. For image classification, our visualizations help
identify dataset bias (Section 6.3) and lend insight into fail-
ures of current CNNs (Section 6.1), showing that seemingly
unreasonable predictions have reasonable explanations. For
captioning and VQA, our visualizations expose the some-
what surprising insight that common CNN + LSTM models
are often good at localizing discriminative image regions
despite not being trained on grounded image-text pairs.
(3) We visualize ResNets [18] applied to image classification
and VQA (Section 8.2). Going from deep to shallow layers,
the discriminative ability of Grad-CAM significantly reduces
as we encounter layers with different output dimensionality.
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Figure 1: (a) Original image with a cat and a dog. (b-f) Support for the cat category according to various visualizations for VGG and ResNet. (b) Guided Backpropagation [46]:
highlights all contributing features. (c, f) Grad-CAM (Ours): localizes class-discriminative regions, (d) Combining (b) and (c) gives Guided Grad-CAM, which gives high-
resolution class-discriminative visualizations.Interestingly, the localizations achieved by our Grad-CAM technique, (c) are very similar to results from occlusion sensitivity (e),
while being orders of magnitude cheaper to compute. (f, l) are Grad-CAM visualizations for ResNet-18 layer. Note that in (d, f, i, l), red regions corresponds to high score for
class, while in (e, k), blue corresponds to evidence for the class. Figure best viewed in color.

modules for uninterpretable ones that achieve greater perfor-
mance through greater abstraction (more layers) and tighter
integration (end-to-end training). Recently introduced deep
residual networks (ResNets) [18] are over 200-layers deep
and have shown state-of-the-art performance in several chal-
lenging tasks. Such complexity makes these models hard to
interpret. As such, deep models are beginning to explore the
spectrum between interpretability and accuracy.

Zhou et al. [51] recently proposed a technique called
Class Activation Mapping (CAM) for identifying discrimina-
tive regions used by a restricted class of image classification
CNNs which do not contain any fully-connected layers. In
essence, this work trades off model complexity and perfor-
mance for more transparency into the working of the model.
In contrast, we make existing state-of-the-art deep models
interpretable without altering their architecture, thus avoid-
ing the interpretability vs. accuracy tradeoff. Our approach
is a generalization of CAM [51] and is applicable to a signifi-
cantly broader range of CNN model families: (1) CNNs with
fully-connected layers (e.g. VGG), (2) CNNs used for struc-
tured outputs (e.g. captioning), (3) CNNs used in tasks with
multi-modal inputs (e.g. VQA) or reinforcement learning.
What makes a good visual explanation? Consider im-
age classification [10] – a ‘good’ visual explanation from
the model justifying a predicted class should be (a) class-
discriminative (i.e. localize the target category in the image)
and (b) high-resolution (i.e. capture fine-grained detail).

Fig. 1 shows outputs from a number of visualizations for
the ‘tiger cat’ class (top) and ‘boxer’ (dog) class (bottom).
Pixel-space gradient visualizations such as Guided Back-
propagation [46] and Deconvolution [49] are high-resolution
and highlight fine-grained details in the image, but are not
class-discriminative (Fig. 1b and Fig. 1h are very similar).

In contrast, localization approaches like CAM or our pro-
posed method Gradient-weighted Class Activation Mapping

(Grad-CAM), are highly class-discriminative (the ‘cat’ expla-
nation exclusively highlights the ‘cat’ regions but not ‘dog’
regions in Fig. 1c, and vice versa in Fig. 1i).

In order to combine the best of both worlds, we show that
it is possible to fuse existing pixel-space gradient visualiza-
tions with Grad-CAM to create Guided Grad-CAM visualiza-
tions that are both high-resolution and class-discriminative.
As a result, important regions of the image which correspond
to any decision of interest are visualized in high-resolution
detail even if the image contains evidence for multiple possi-
ble concepts, as shown in Figures 1d and 1j. When visualized
for ‘tiger cat’, Guided Grad-CAM not only highlights the
cat regions, but also highlights the stripes on the cat, which
is important for predicting that particular variety of cat.
To summarize, our contributions are as follows:
(1) We propose Grad-CAM, a class-discriminative localiza-
tion technique that can generate visual explanations from any

CNN-based network without requiring architectural changes
or re-training. We evaluate Grad-CAM for localization (Sec-
tion 4.1), pointing (Section 4.2), and faithfulness to model
(Section 5.3), where it outperforms baselines.
(2) We apply Grad-CAM to existing top-performing classi-
fication, captioning (Section 8.1), and VQA (Section 8.2)
models. For image classification, our visualizations help
identify dataset bias (Section 6.3) and lend insight into fail-
ures of current CNNs (Section 6.1), showing that seemingly
unreasonable predictions have reasonable explanations. For
captioning and VQA, our visualizations expose the some-
what surprising insight that common CNN + LSTM models
are often good at localizing discriminative image regions
despite not being trained on grounded image-text pairs.
(3) We visualize ResNets [18] applied to image classification
and VQA (Section 8.2). Going from deep to shallow layers,
the discriminative ability of Grad-CAM significantly reduces
as we encounter layers with different output dimensionality.
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Figure 1: (a) Original image with a cat and a dog. (b-f) Support for the cat category according to various visualizations for VGG and ResNet. (b) Guided Backpropagation [46]:
highlights all contributing features. (c, f) Grad-CAM (Ours): localizes class-discriminative regions, (d) Combining (b) and (c) gives Guided Grad-CAM, which gives high-
resolution class-discriminative visualizations.Interestingly, the localizations achieved by our Grad-CAM technique, (c) are very similar to results from occlusion sensitivity (e),
while being orders of magnitude cheaper to compute. (f, l) are Grad-CAM visualizations for ResNet-18 layer. Note that in (d, f, i, l), red regions corresponds to high score for
class, while in (e, k), blue corresponds to evidence for the class. Figure best viewed in color.

modules for uninterpretable ones that achieve greater perfor-
mance through greater abstraction (more layers) and tighter
integration (end-to-end training). Recently introduced deep
residual networks (ResNets) [18] are over 200-layers deep
and have shown state-of-the-art performance in several chal-
lenging tasks. Such complexity makes these models hard to
interpret. As such, deep models are beginning to explore the
spectrum between interpretability and accuracy.

Zhou et al. [51] recently proposed a technique called
Class Activation Mapping (CAM) for identifying discrimina-
tive regions used by a restricted class of image classification
CNNs which do not contain any fully-connected layers. In
essence, this work trades off model complexity and perfor-
mance for more transparency into the working of the model.
In contrast, we make existing state-of-the-art deep models
interpretable without altering their architecture, thus avoid-
ing the interpretability vs. accuracy tradeoff. Our approach
is a generalization of CAM [51] and is applicable to a signifi-
cantly broader range of CNN model families: (1) CNNs with
fully-connected layers (e.g. VGG), (2) CNNs used for struc-
tured outputs (e.g. captioning), (3) CNNs used in tasks with
multi-modal inputs (e.g. VQA) or reinforcement learning.
What makes a good visual explanation? Consider im-
age classification [10] – a ‘good’ visual explanation from
the model justifying a predicted class should be (a) class-
discriminative (i.e. localize the target category in the image)
and (b) high-resolution (i.e. capture fine-grained detail).

Fig. 1 shows outputs from a number of visualizations for
the ‘tiger cat’ class (top) and ‘boxer’ (dog) class (bottom).
Pixel-space gradient visualizations such as Guided Back-
propagation [46] and Deconvolution [49] are high-resolution
and highlight fine-grained details in the image, but are not
class-discriminative (Fig. 1b and Fig. 1h are very similar).

In contrast, localization approaches like CAM or our pro-
posed method Gradient-weighted Class Activation Mapping

(Grad-CAM), are highly class-discriminative (the ‘cat’ expla-
nation exclusively highlights the ‘cat’ regions but not ‘dog’
regions in Fig. 1c, and vice versa in Fig. 1i).

In order to combine the best of both worlds, we show that
it is possible to fuse existing pixel-space gradient visualiza-
tions with Grad-CAM to create Guided Grad-CAM visualiza-
tions that are both high-resolution and class-discriminative.
As a result, important regions of the image which correspond
to any decision of interest are visualized in high-resolution
detail even if the image contains evidence for multiple possi-
ble concepts, as shown in Figures 1d and 1j. When visualized
for ‘tiger cat’, Guided Grad-CAM not only highlights the
cat regions, but also highlights the stripes on the cat, which
is important for predicting that particular variety of cat.
To summarize, our contributions are as follows:
(1) We propose Grad-CAM, a class-discriminative localiza-
tion technique that can generate visual explanations from any

CNN-based network without requiring architectural changes
or re-training. We evaluate Grad-CAM for localization (Sec-
tion 4.1), pointing (Section 4.2), and faithfulness to model
(Section 5.3), where it outperforms baselines.
(2) We apply Grad-CAM to existing top-performing classi-
fication, captioning (Section 8.1), and VQA (Section 8.2)
models. For image classification, our visualizations help
identify dataset bias (Section 6.3) and lend insight into fail-
ures of current CNNs (Section 6.1), showing that seemingly
unreasonable predictions have reasonable explanations. For
captioning and VQA, our visualizations expose the some-
what surprising insight that common CNN + LSTM models
are often good at localizing discriminative image regions
despite not being trained on grounded image-text pairs.
(3) We visualize ResNets [18] applied to image classification
and VQA (Section 8.2). Going from deep to shallow layers,
the discriminative ability of Grad-CAM significantly reduces
as we encounter layers with different output dimensionality.
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Figure 1: (a) Original image with a cat and a dog. (b-f) Support for the cat category according to various visualizations for VGG and ResNet. (b) Guided Backpropagation [46]:
highlights all contributing features. (c, f) Grad-CAM (Ours): localizes class-discriminative regions, (d) Combining (b) and (c) gives Guided Grad-CAM, which gives high-
resolution class-discriminative visualizations.Interestingly, the localizations achieved by our Grad-CAM technique, (c) are very similar to results from occlusion sensitivity (e),
while being orders of magnitude cheaper to compute. (f, l) are Grad-CAM visualizations for ResNet-18 layer. Note that in (d, f, i, l), red regions corresponds to high score for
class, while in (e, k), blue corresponds to evidence for the class. Figure best viewed in color.

modules for uninterpretable ones that achieve greater perfor-
mance through greater abstraction (more layers) and tighter
integration (end-to-end training). Recently introduced deep
residual networks (ResNets) [18] are over 200-layers deep
and have shown state-of-the-art performance in several chal-
lenging tasks. Such complexity makes these models hard to
interpret. As such, deep models are beginning to explore the
spectrum between interpretability and accuracy.

Zhou et al. [51] recently proposed a technique called
Class Activation Mapping (CAM) for identifying discrimina-
tive regions used by a restricted class of image classification
CNNs which do not contain any fully-connected layers. In
essence, this work trades off model complexity and perfor-
mance for more transparency into the working of the model.
In contrast, we make existing state-of-the-art deep models
interpretable without altering their architecture, thus avoid-
ing the interpretability vs. accuracy tradeoff. Our approach
is a generalization of CAM [51] and is applicable to a signifi-
cantly broader range of CNN model families: (1) CNNs with
fully-connected layers (e.g. VGG), (2) CNNs used for struc-
tured outputs (e.g. captioning), (3) CNNs used in tasks with
multi-modal inputs (e.g. VQA) or reinforcement learning.
What makes a good visual explanation? Consider im-
age classification [10] – a ‘good’ visual explanation from
the model justifying a predicted class should be (a) class-
discriminative (i.e. localize the target category in the image)
and (b) high-resolution (i.e. capture fine-grained detail).

Fig. 1 shows outputs from a number of visualizations for
the ‘tiger cat’ class (top) and ‘boxer’ (dog) class (bottom).
Pixel-space gradient visualizations such as Guided Back-
propagation [46] and Deconvolution [49] are high-resolution
and highlight fine-grained details in the image, but are not
class-discriminative (Fig. 1b and Fig. 1h are very similar).

In contrast, localization approaches like CAM or our pro-
posed method Gradient-weighted Class Activation Mapping

(Grad-CAM), are highly class-discriminative (the ‘cat’ expla-
nation exclusively highlights the ‘cat’ regions but not ‘dog’
regions in Fig. 1c, and vice versa in Fig. 1i).

In order to combine the best of both worlds, we show that
it is possible to fuse existing pixel-space gradient visualiza-
tions with Grad-CAM to create Guided Grad-CAM visualiza-
tions that are both high-resolution and class-discriminative.
As a result, important regions of the image which correspond
to any decision of interest are visualized in high-resolution
detail even if the image contains evidence for multiple possi-
ble concepts, as shown in Figures 1d and 1j. When visualized
for ‘tiger cat’, Guided Grad-CAM not only highlights the
cat regions, but also highlights the stripes on the cat, which
is important for predicting that particular variety of cat.
To summarize, our contributions are as follows:
(1) We propose Grad-CAM, a class-discriminative localiza-
tion technique that can generate visual explanations from any

CNN-based network without requiring architectural changes
or re-training. We evaluate Grad-CAM for localization (Sec-
tion 4.1), pointing (Section 4.2), and faithfulness to model
(Section 5.3), where it outperforms baselines.
(2) We apply Grad-CAM to existing top-performing classi-
fication, captioning (Section 8.1), and VQA (Section 8.2)
models. For image classification, our visualizations help
identify dataset bias (Section 6.3) and lend insight into fail-
ures of current CNNs (Section 6.1), showing that seemingly
unreasonable predictions have reasonable explanations. For
captioning and VQA, our visualizations expose the some-
what surprising insight that common CNN + LSTM models
are often good at localizing discriminative image regions
despite not being trained on grounded image-text pairs.
(3) We visualize ResNets [18] applied to image classification
and VQA (Section 8.2). Going from deep to shallow layers,
the discriminative ability of Grad-CAM significantly reduces
as we encounter layers with different output dimensionality.
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bottom-left illustrates this fusion. This visualization is both
high-resolution (when the class of interest is ‘tiger cat’, it
identifies important ‘tiger cat’ features like stripes, pointy
ears and eyes) and class-discriminative (it shows the ‘tiger
cat’ but not the ‘boxer (dog)’). Replacing Guided Backpropa-
gation with Deconvolution in the above gives similar results,
but we found Deconvolution to have artifacts (and Guided
Backpropagation visualizations were generally less noisy),
so we chose Guided Backpropagation over Deconvolution.
4. Evaluating Localization
4.1. Weakly-supervised Localization

In this section, we evaluate the localization capability
of Grad-CAM in the context of image classification. The
ImageNet localization challenge [10] requires competing ap-
proaches to provide bounding boxes in addition to classifica-
tion labels. Similar to classification, evaluation is performed
for both the top-1 and top-5 predicted categories. Given an
image, we first obtain class predictions from our network
and then generate Grad-CAM maps for each of the predicted
classes and binarize with threshold of 15% of the max in-
tensity. This results in connected segments of pixels and we
draw our bounding box around the single largest segment.

We evaluate the pretrained off-the-shelf VGG-16 [45]
model from the Caffe [21] Model Zoo. Following ILSVRC-
15 evaluation, we report both top-1 and top-5 localization
error on the val set in Table. 1. Grad-CAM localization errors
are significantly lower than those achieved by c-MWP [50]
and Simonyan et al. [44] for the VGG-16 model, which uses
grabcut to post-process image space gradients into heat maps.
Grad-CAM also achieves better top-1 localization error than
CAM [51], which requires a change in the model archi-
tecture, necessitates re-training and thereby achieves worse
classification errors (2.98% increase in top-1), whereas Grad-
CAM makes no compromise on classification performance.

Method Top-1 loc error Top-5 loc error Top-1 cls error Top-5 cls error
Backprop on VGG-16 [44] 61.12 51.46 30.38 10.89
c-MWP on VGG-16 [50] 70.92 63.04 30.38 10.89

Grad-CAM on VGG-16 (ours) 56.51 46.41 30.38 10.89

VGG-16-GAP (CAM) [51] 57.20 45.14 33.40 12.20

Table 1: Classification and Localization results on ILSVRC-15 val (lower is better).

Weakly-supervised Segmentation. We use Grad-CAM lo-
calization as weak-supervision to train the segmentation
architecture from SEC [26]. We provide more details along
with qualitative results in the supplementary Section E.
4.2. Pointing Game

Zhang et al. [50] introduced the Pointing Game experi-
ment to evaluate the discriminativeness of different attention
maps for localizing target objects in scenes. Their evaluation
protocol cues each competing visualization technique with
the ground-truth object label and extracts the maximum point
on the generated heatmap and evaluates if it lies in one of the
annotated instances of the cued object category, thereby a hit
or a miss is counted. The localization accuracy is then cal-
culated as Acc = #Hits

#Hits+#Misses
. However this evaluation

Figure 3: AMT interfaces for evaluating different visualizations for class discrimina-
tion (left) and trust worthiness (right). Guided Grad-CAM outperforms baseline ap-
proaches (Guided-backprop and Deconvolution) showing that our visualizations are
more class-discriminative and help humans place trust in a more accurate classifier.
only measures the precision aspect of the visualization tech-
nique. Hence we modify the protocol to also measure the
recall as follows. We compute the visualization for the top-
5 class predictions from the CNN classifiers2 and evaluate
them using the pointing game setup with an additional option
that a visualization may reject any of the top-5 predictions
from the model if the max value in the visualization is below
a threshold, i.e. if the visualization correctly rejects the pre-
dictions which are absent from the ground-truth categories,
it gets that as a hit. We find that our approach Grad-CAM
outperforms c-MWP [50] by a significant margin (70.58% vs.
60.30%). Qualitative examples comparing c-MWP [50] and
Grad-CAM on COCO, imageNet, and PASCAL categories
can be found in supplementary Section F3.

5. Evaluating Visualizations
Our first human study evaluates the main premise of

our approach: are Grad-CAM visualizations more class-
discriminative than previous techniques? Having established
that, we turn to understanding whether it can lead an end
user to trust the visualized models appropriately. For these
experiments, we compare VGG-16 and AlexNet CNNs fine-
tuned on PASCAL VOC 2007 train set and use the val set to
generate visualizations.

5.1. Evaluating Class Discrimination
In order to measure whether Grad-CAM helps distinguish

between classes we select images from VOC 2007 val set
that contain exactly two annotated categories and create vi-
sualizations for each one of them. For both VGG-16 and
AlexNet CNNs, we obtain category-specific visualizations
using four techniques: Deconvolution, Guided Backprop-
agation, and Grad-CAM versions of each these methods
(Deconvolution Grad-CAM and Guided Grad-CAM). We
show visualizations to 43 workers on Amazon Mechanical
Turk (AMT) and ask them “Which of the two object cate-
gories is depicted in the image?” as shown in Fig. 3.

Intuitively, a good prediction explanation is one that pro-
duces discriminative visualizations for the class of interest.
The experiment was conducted using all 4 visualizations

2We use the GoogLeNet CNN finetuned on COCO provided in [50].
3 c-MWP [50] highlights arbitrary regions for predicted but non-existent

categories, unlike Grad-CAM maps which seem more reasonable.

bottom-left illustrates this fusion. This visualization is both
high-resolution (when the class of interest is ‘tiger cat’, it
identifies important ‘tiger cat’ features like stripes, pointy
ears and eyes) and class-discriminative (it shows the ‘tiger
cat’ but not the ‘boxer (dog)’). Replacing Guided Backpropa-
gation with Deconvolution in the above gives similar results,
but we found Deconvolution to have artifacts (and Guided
Backpropagation visualizations were generally less noisy),
so we chose Guided Backpropagation over Deconvolution.
4. Evaluating Localization
4.1. Weakly-supervised Localization

In this section, we evaluate the localization capability
of Grad-CAM in the context of image classification. The
ImageNet localization challenge [10] requires competing ap-
proaches to provide bounding boxes in addition to classifica-
tion labels. Similar to classification, evaluation is performed
for both the top-1 and top-5 predicted categories. Given an
image, we first obtain class predictions from our network
and then generate Grad-CAM maps for each of the predicted
classes and binarize with threshold of 15% of the max in-
tensity. This results in connected segments of pixels and we
draw our bounding box around the single largest segment.

We evaluate the pretrained off-the-shelf VGG-16 [45]
model from the Caffe [21] Model Zoo. Following ILSVRC-
15 evaluation, we report both top-1 and top-5 localization
error on the val set in Table. 1. Grad-CAM localization errors
are significantly lower than those achieved by c-MWP [50]
and Simonyan et al. [44] for the VGG-16 model, which uses
grabcut to post-process image space gradients into heat maps.
Grad-CAM also achieves better top-1 localization error than
CAM [51], which requires a change in the model archi-
tecture, necessitates re-training and thereby achieves worse
classification errors (2.98% increase in top-1), whereas Grad-
CAM makes no compromise on classification performance.

Method Top-1 loc error Top-5 loc error Top-1 cls error Top-5 cls error
Backprop on VGG-16 [44] 61.12 51.46 30.38 10.89
c-MWP on VGG-16 [50] 70.92 63.04 30.38 10.89

Grad-CAM on VGG-16 (ours) 56.51 46.41 30.38 10.89

VGG-16-GAP (CAM) [51] 57.20 45.14 33.40 12.20

Table 1: Classification and Localization results on ILSVRC-15 val (lower is better).

Weakly-supervised Segmentation. We use Grad-CAM lo-
calization as weak-supervision to train the segmentation
architecture from SEC [26]. We provide more details along
with qualitative results in the supplementary Section E.
4.2. Pointing Game

Zhang et al. [50] introduced the Pointing Game experi-
ment to evaluate the discriminativeness of different attention
maps for localizing target objects in scenes. Their evaluation
protocol cues each competing visualization technique with
the ground-truth object label and extracts the maximum point
on the generated heatmap and evaluates if it lies in one of the
annotated instances of the cued object category, thereby a hit
or a miss is counted. The localization accuracy is then cal-
culated as Acc = #Hits

#Hits+#Misses
. However this evaluation

Figure 3: AMT interfaces for evaluating different visualizations for class discrimina-
tion (left) and trust worthiness (right). Guided Grad-CAM outperforms baseline ap-
proaches (Guided-backprop and Deconvolution) showing that our visualizations are
more class-discriminative and help humans place trust in a more accurate classifier.
only measures the precision aspect of the visualization tech-
nique. Hence we modify the protocol to also measure the
recall as follows. We compute the visualization for the top-
5 class predictions from the CNN classifiers2 and evaluate
them using the pointing game setup with an additional option
that a visualization may reject any of the top-5 predictions
from the model if the max value in the visualization is below
a threshold, i.e. if the visualization correctly rejects the pre-
dictions which are absent from the ground-truth categories,
it gets that as a hit. We find that our approach Grad-CAM
outperforms c-MWP [50] by a significant margin (70.58% vs.
60.30%). Qualitative examples comparing c-MWP [50] and
Grad-CAM on COCO, imageNet, and PASCAL categories
can be found in supplementary Section F3.

5. Evaluating Visualizations
Our first human study evaluates the main premise of

our approach: are Grad-CAM visualizations more class-
discriminative than previous techniques? Having established
that, we turn to understanding whether it can lead an end
user to trust the visualized models appropriately. For these
experiments, we compare VGG-16 and AlexNet CNNs fine-
tuned on PASCAL VOC 2007 train set and use the val set to
generate visualizations.

5.1. Evaluating Class Discrimination
In order to measure whether Grad-CAM helps distinguish

between classes we select images from VOC 2007 val set
that contain exactly two annotated categories and create vi-
sualizations for each one of them. For both VGG-16 and
AlexNet CNNs, we obtain category-specific visualizations
using four techniques: Deconvolution, Guided Backprop-
agation, and Grad-CAM versions of each these methods
(Deconvolution Grad-CAM and Guided Grad-CAM). We
show visualizations to 43 workers on Amazon Mechanical
Turk (AMT) and ask them “Which of the two object cate-
gories is depicted in the image?” as shown in Fig. 3.

Intuitively, a good prediction explanation is one that pro-
duces discriminative visualizations for the class of interest.
The experiment was conducted using all 4 visualizations

2We use the GoogLeNet CNN finetuned on COCO provided in [50].
3 c-MWP [50] highlights arbitrary regions for predicted but non-existent

categories, unlike Grad-CAM maps which seem more reasonable.
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Et demain ?

• Explication / Comparaison / Compréhension

– Pourquoi le système en est-il arrivé à prendre cette

décision ?

• Alpha Go :

– A révolutionné le jeu : a proposé des coups absolument

« incroyables » jamais tentés ni même envisagés …

– De très forts joueurs se reconvertissent dans l’analyse des

parties jouées par AlphaGo

– Les coups étranges joués par AlphaGo reviennent

régulièrement. « La première réaction, c’est d’imiter ce qu’il

fait, de copier ses séquences, observe Motoki Noguchi (*).

Des pros jouent des séquences considérées comme

mauvaises. »

(*) ancien champion de France de go
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•
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Et demain ?
• Explication / Comparaison / Compréhension / Transmission
– Pourquoi le système en est-il arrivé à prendre cette

décision ?
• Alpha Go :

– A révolutionné le jeu : a proposé des coups absolument
« incroyables » jamais tentés ni même envisagés …

– De très forts joueurs se reconvertissent dans l’analyse des
parties jouées par AlphaGo

à Sorte d’exégèse. Explications a posteriori
– Nécessaire pour la communication et (surtout) la

transmission du savoir (enseignement, …)
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Et demain ?
• Systèmes en interaction :
– Mai 2016 : une voiture Tesla en mode « autopilot »

percute un semi-remorque en travers de sa route
– L’analyse révèle que :

• Le radar a bien détecté le semi-remorque
mais il y avait de nombreux panneaux routiers sur la route de
« signature » radar proche

• La caméra était peu sûre de ses détections en raison d’un ciel
laiteux éblouissant (le semi-remorque était blanc)

– Et si
• le radar avait dit qu’il avait des doutes et élevé le seuil d’alerte de

la caméra, et réciproquement ?
• les systèmes avaient été adaptatifs ?
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Et demain ?
• Des systèmes comprenants ?
– Janvier 2018, deux IA (Microsoft et Alibaba) imite la

compréhension humaine des mots et des phrases et
réussissent chacun de leur côté à battre les humains dans
un test de lecture et de compréhension de l'Université de
Stanford.
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Et demain ?
• Vers une intelligence artificielle « générale » ?
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Plan

• Du passé …
• … au présent
• Et demain ?
• Oui mais …. TABLE RONDE de ce soir
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Oui mais …
• Les données sont au cœur de la transformation de la

société … mais le Big Data encourage la pratique de
encourage la pratique de l’apophénie
à voir des corrélations là où il n’y en a probablement pas
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Oui mais …

• Voir des corrélations là où il n’y en a probablement
pas :
– En primaire, le QI est en corrélé au signe astrologique (cette

corrélation s’affaiblit avec l'âge et disparaît à l'âge adulte)

– Le nombre de prix Nobel remportés par un pays est corrélé avec la
consommation de chocolat par habitant du pays : conséquence d’une
même cause ?

• Ou simplement mal les interpréter :
– Les Américains et Anglais mangent gras et boivent beaucoup d'alcool :

taux élevé de maladies cardiovasculaires aux USA et Royaume-Uni /
Les Français et les Italiens mangent gras et boivent beaucoup d'alcool :
taux de maladies cardio-vasculaires plus faible à Vous avez plus de
chances d’avoir une crise cardiaque si vous parlez anglais!

– Plus on envoie de pompiers sur un feu, plus celui-ci fait de dégâts.
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Oui mais …

• Hasard trompeur :
– une observation est considérée comme significative et doit

donc être expliquée, alors qu’elle devait se produire tout
simplement du fait du grand nombre d’hypothèses
envisagées

• Exemple :
– Loto bulgare : Le tirage (4,15,23,35,42) est sorti deux

semaines de suite
à soupçon de triche, enquête … alors il suffit de 4404 tirages pour
que la probabilité qu’il y en ait deux identiques soit supérieure à 50%
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Oui mais …
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Paradoxe de Simpson

• Hasard heureux

• Paradoxe de Simpson
– Facteur(s) de confusion : Caractéristique(s) à connaître

pour pouvoir analyser des données
Temps
au 
100m

Longueur cheveux
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Paradoxe de Simpson
• Facteur(s) de confusion
– Caractéristique(s) à connaître pour pouvoir analyser des

données
– Pas toujours simple à trouver

Temps
au 
100m

Longueur cheveux

Garçons Filles



63Josy Intelligence artificielle – 2018

Oui mais …
• Facteur(s) de confusion
– Caractéristique(s) à connaître pour pouvoir analyser des

données
– Pas toujours simple à trouver : Le retour de Samson ?

è Il faut toujours associer quelqu’un qui sait de quoi
on parle : un expert du domaine par exemple



64Josy Intelligence artificielle – 2018

Oui mais …
• Les données et l’IA sont au cœur de la

transformation de la société mais nécessitent de
répondre à des questionnements éthiques forts :
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Questions ?
• Les données/IA sont au cœur de la transformation de

la société mais nécessitent de répondre à des
questionnements éthiques forts :
– Vie privée / droit à l’oubli / usage
– Objectivité des modèles appris
– Explicativité
– Acceptabilité - Responsabilité
– Big brother
– Supra-intelligence (et supra-éthique ?)
– …



Merci de votre attention




