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Context: Big data
Superabundance of data: images, videos, audio, text, etc

Obvious need to access, search, or classify these data

Huge number of applications: visual search, sms, medical imaging, robotics etc

Leading track in Machine Learning / Computer Vision conferences in the last decade

BBC: millions of videos 250M monitoring camerasFacebook: 350M images/day



Classification and Recognition

Classification : assign a given data to a given set of pre-defined classes
Recognition (more general than classification). Examples in various fields:

- Object Localization in images
- Ranking for document indexing
- Sequence prediction for text, speech, audio, etc



Specifically: Visual recognition

Certainly the most impacted topic by deep learning:

• Scene categorization
• Object localization
• Context & Attribute recognition
• 3D layout, depth estimation
• Rich description of scene, e.g. sentences



Challenge: “filling” the semantic gap
What we perceives VS what a computer sees

• Illumination variations
• View-point variations
• Deformable objects
• intra-class variance
• etc

How to design “good” intermediate representations?



Data representation
Before Deep Learning: handcrafted intermediate representations for each task
- Needs expertise (PhD level) in each field
- Weak level of semantics in the representation

https://verhaert.com/difference-machine-learning-deep-learning/

Since Deep Learning: automatically learning intermediate representations
+ Experimental performances >> handcrafted features
+ Able to learn high level intermediate representations
+ General learning methodology è field independent, no expertise



https://mapr.com/blog/artificial-intelligence-and-machine-learning-what-are-they-and-why-are-they-important/

https://www.analyticsvidhya.com/blog/2017/04/comparison-between-deep-learning-machine-learning/

Layers of features



Neural networks



Linear mapping

• Input: vector

• Output: scalar

• Linear (affine) mapping

    with weights: 

<latexit sha1_base64="r3bnDYND/NDnLTuPSYsXlGAt9YI=">AAACBHicbVDLSgMxFM34rPVVdamLYBFclRkRrLuCG5dVrC20Y8mkmTY0yQzJHWkZZuPGX3HjQsWtH+HOvzF9CNp64MLJOfeSe08QC27Adb+chcWl5ZXV3Fp+fWNza7uws3trokRTVqORiHQjIIYJrlgNOAjWiDUjMhCsHvQvRn79nmnDI3UDw5j5knQVDzklYKV24aAFbABBmA4y3OIK/zyvszuJ24WiW3LHwPPEm5IimqLaLny2OhFNJFNABTGm6bkx+CnRwKlgWb6VGBYT2idd1rRUEcmMn46vyPCRVTo4jLQtBXis/p5IiTRmKAPbKQn0zKw3Ev/zmgmEZT/lKk6AKTr5KEwEhgiPIsEdrhkFMbSEUM3trpj2iCYUbHB5G4I3e/I8qZ2Uzkve1WmxUp6mkUP76BAdIw+doQq6RFVUQxQ9oCf0gl6dR+fZeXPeJ60LznRmD/2B8/ENFEWYdw==</latexit>

<latexit sha1_base64="NgJovCc0u2DAJia+ZkY/87wnzLI=">AAAB+XicbVBNS8NAEN3Ur1q/Uj16WSyCp5KIYL0VvHisYmyhCWWz3bRLN5uwO1FL7E/x4kHFq//Em//GbZuDtj4YeLw3w8y8MBVcg+N8W6WV1bX1jfJmZWt7Z3fPru7f6SRTlHk0EYnqhEQzwSXzgINgnVQxEoeCtcPR5dRv3zOleSJvYZyyICYDySNOCRipZ1c19rnEPrBHCKP8ZoJ7ds2pOzPgZeIWpIYKtHr2l99PaBYzCVQQrbuuk0KQEwWcCjap+JlmKaEjMmBdQyWJmQ7y2ekTfGyUPo4SZUoCnqm/J3ISaz2OQ9MZExjqRW8q/ud1M4gaQc5lmgGTdL4oygSGBE9zwH2uGAUxNoRQxc2tmA6JIhRMWhUTgrv48jLxTusXdff6rNZsFGmU0SE6QifIReeoia5QC3mIogf0jF7Rm/VkvVjv1se8tWQVMwfoD6zPH/zWk1g=</latexit>

<latexit sha1_base64="Jg3qkLpWxKDGNIvXWWFugqVudvg=">AAACB3icbVDLSsNAFJ3UV62vqEsXDhbBVUlEsC6EghuXFYwtNLVMppN26OTBzI22hCzd+CtuXKi49Rfc+TdO2yDaeuDCmXPuZe49Xiy4Asv6MgoLi0vLK8XV0tr6xuaWub1zo6JEUubQSESy6RHFBA+ZAxwEa8aSkcATrOENLsZ+445JxaPwGkYxawekF3KfUwJa6pj7Cp9jF9gQPD+9z25diOKf9zDDHbNsVawJ8Dyxc1JGOeod89PtRjQJWAhUEKVathVDOyUSOBUsK7mJYjGhA9JjLU1DEjDVTieHZPhQK13sR1JXCHii/p5ISaDUKPB0Z0Cgr2a9sfif10rAr7ZTHsYJsJBOP/ITgSHC41Rwl0tGQYw0IVRyvSumfSIJBZ1dSYdgz548T5zjylnFvjop16p5GkW0hw7QEbLRKaqhS1RHDqLoAT2hF/RqPBrPxpvxPm0tGPnMLvoD4+MbIsmZmQ==</latexit>

<latexit sha1_base64="L5xOZIU/IX8KP+2C6taKUY8BKdA=">AAACA3icbVDLSgMxFM34rPU16rKbYBFclRkRrLuCG5dVrC20tWTSTBuaZIbkjlqGWbjxV9y4UHHrT7jzb0wfgrYeuHByzr3k3hPEghvwvC9nYXFpeWU1t5Zf39jc2nZ3dq9NlGjKajQSkW4ExDDBFasBB8EasWZEBoLVg8HZyK/fMm14pK5gGLO2JD3FQ04JWKnjFlrA7iEI07sMt7jCP8/L7EZ23KJX8sbA88SfkiKaotpxP1vdiCaSKaCCGNP0vRjaKdHAqWBZvpUYFhM6ID3WtFQRyUw7HR+R4QOrdHEYaVsK8Fj9PZESacxQBrZTEuibWW8k/uc1EwjL7ZSrOAGm6OSjMBEYIjxKBHe5ZhTE0BJCNbe7YtonmlCwueVtCP7syfOkdlQ6LfkXx8VKeZpGDhXQPjpEPjpBFXSOqqiGKHpAT+gFvTqPzrPz5rxPWhec6cwe+gPn4xuyQZhM</latexit>

For example:

<latexit sha1_base64="FRWQrS5egagtg1WvIzv2AI6CFiU=">AAAB+nicbVBNS8NAEJ34WetXrEcvi0UQxJK0ivUgFLx4rGBsoQ1hs920Szcf7G4kpfSvePGg4tVf4s1/47bNQVsfDDzem2Fmnp9wJpVlfRsrq2vrG5uFreL2zu7evnlQepRxKgh1SMxj0faxpJxF1FFMcdpOBMWhz2nLH95O/dYTFZLF0YMaJdQNcT9iASNYackzSxLdoFrm2efVzKueXWZezTPLVsWaAS0TOydlyNH0zK9uLyZpSCNFOJayY1uJcsdYKEY4nRS7qaQJJkPcpx1NIxxS6Y5nt0/QiVZ6KIiFrkihmfp7YoxDKUehrztDrAZy0ZuK/3mdVAV1d8yiJFU0IvNFQcqRitE0CNRjghLFR5pgIpi+FZEBFpgoHVdRh2AvvrxMnGrlumLfX5Qb9TyNAhzBMZyCDVfQgDtoggMEMniGV3gzJsaL8W58zFtXjHzmEP7A+PwBPL+SJg==</latexit>

<latexit sha1_base64="Jg3qkLpWxKDGNIvXWWFugqVudvg=">AAACB3icbVDLSsNAFJ3UV62vqEsXDhbBVUlEsC6EghuXFYwtNLVMppN26OTBzI22hCzd+CtuXKi49Rfc+TdO2yDaeuDCmXPuZe49Xiy4Asv6MgoLi0vLK8XV0tr6xuaWub1zo6JEUubQSESy6RHFBA+ZAxwEa8aSkcATrOENLsZ+445JxaPwGkYxawekF3KfUwJa6pj7Cp9jF9gQPD+9z25diOKf9zDDHbNsVawJ8Dyxc1JGOeod89PtRjQJWAhUEKVathVDOyUSOBUsK7mJYjGhA9JjLU1DEjDVTieHZPhQK13sR1JXCHii/p5ISaDUKPB0Z0Cgr2a9sfif10rAr7ZTHsYJsJBOP/ITgSHC41Rwl0tGQYw0IVRyvSumfSIJBZ1dSYdgz548T5zjylnFvjop16p5GkW0hw7QEbLRKaqhS1RHDqLoAT2hF/RqPBrPxpvxPm0tGPnMLvoD4+MbIsmZmQ==</latexit>

Inputs weights       output



Linear classification

<latexit sha1_base64="Jg3qkLpWxKDGNIvXWWFugqVudvg=">AAACB3icbVDLSsNAFJ3UV62vqEsXDhbBVUlEsC6EghuXFYwtNLVMppN26OTBzI22hCzd+CtuXKi49Rfc+TdO2yDaeuDCmXPuZe49Xiy4Asv6MgoLi0vLK8XV0tr6xuaWub1zo6JEUubQSESy6RHFBA+ZAxwEa8aSkcATrOENLsZ+445JxaPwGkYxawekF3KfUwJa6pj7Cp9jF9gQPD+9z25diOKf9zDDHbNsVawJ8Dyxc1JGOeod89PtRjQJWAhUEKVathVDOyUSOBUsK7mJYjGhA9JjLU1DEjDVTieHZPhQK13sR1JXCHii/p5ISaDUKPB0Z0Cgr2a9sfif10rAr7ZTHsYJsJBOP/ITgSHC41Rwl0tGQYw0IVRyvSumfSIJBZ1dSYdgz548T5zjylnFvjop16p5GkW0hw7QEbLRKaqhS1RHDqLoAT2hF/RqPBrPxpvxPm0tGPnMLvoD4+MbIsmZmQ==</latexit>

Inputs weights      summation+bias             activation function  output

<latexit sha1_base64="o12eZOz4e90gDlkx2AXIxpQ8t6Y=">AAACCnicbVDLSsNAFJ34rPUVdelmaBEEoSQiWBdCwY3LCsYWmlgm00k7dPJg5kZbQvdu/BU3LlTc+gXu/BunbRBtPXDhzDn3MvcePxFcgWV9GQuLS8srq4W14vrG5ta2ubN7o+JUUubQWMSy6RPFBI+YAxwEayaSkdAXrOH3L8Z+445JxePoGoYJ80LSjXjAKQEttc2SwufYBTYAP8juR7cuxMnPezDCR9hvm2WrYk2A54mdkzLKUW+bn24npmnIIqCCKNWyrQS8jEjgVLBR0U0VSwjtky5raRqRkCkvm9wywgda6eAglroiwBP190RGQqWGoa87QwI9NeuNxf+8VgpB1ct4lKTAIjr9KEgFhhiPg8EdLhkFMdSEUMn1rpj2iCQUdHxFHYI9e/I8cY4rZxX76qRcq+ZpFNA+KqFDZKNTVEOXqI4cRNEDekIv6NV4NJ6NN+N92rpg5DN76A+Mj2+8X5pk</latexit>

• Input: vector

• Linear (affine) mapping

• Non-linear activation function

<latexit sha1_base64="r3bnDYND/NDnLTuPSYsXlGAt9YI=">AAACBHicbVDLSgMxFM34rPVVdamLYBFclRkRrLuCG5dVrC20Y8mkmTY0yQzJHWkZZuPGX3HjQsWtH+HOvzF9CNp64MLJOfeSe08QC27Adb+chcWl5ZXV3Fp+fWNza7uws3trokRTVqORiHQjIIYJrlgNOAjWiDUjMhCsHvQvRn79nmnDI3UDw5j5knQVDzklYKV24aAFbABBmA4y3OIK/zyvszuJ24WiW3LHwPPEm5IimqLaLny2OhFNJFNABTGm6bkx+CnRwKlgWb6VGBYT2idd1rRUEcmMn46vyPCRVTo4jLQtBXis/p5IiTRmKAPbKQn0zKw3Ev/zmgmEZT/lKk6AKTr5KEwEhgiPIsEdrhkFMbSEUM3trpj2iCYUbHB5G4I3e/I8qZ2Uzkve1WmxUp6mkUP76BAdIw+doQq6RFVUQxQ9oCf0gl6dR+fZeXPeJ60LznRmD/2B8/ENFEWYdw==</latexit>

y = sgn s( ) = 0,1{ }

y



Classification – 2 inputs

2D hyperplane = line

Example for

<latexit sha1_base64="U3ZyNECc4wtfw3bijGvLcqEXVKg=">AAACInicbZDLSsNAFIYnXmu8VV26CRaLG0tSBKsgFNy4rGBtoQllMj1th04mYWZiCaHv4sZXcePC20rwYZy0WWjrgYGP/z9nZs7vR4xKZdtfxtLyyuraemHD3Nza3tkt7u3fyzAWBJokZKFo+1gCoxyaiioG7UgADnwGLX90nfmtBxCShvxOJRF4AR5w2qcEKy11i5euDwPKUywETiYpI2JijrtO+arsuK45rmo4zcjPFNt0gffyXrNbLNkVe1rWIjg5lFBejW7xw+2FJA6AK8KwlB3HjpSnr1OUMJiYbiwhwmSEB9DRyHEA0kunO06sY630rH4o9OHKmqq/J1IcSJkEvu4MsBrKeS8T//M6serXvJTyKFbAyeyhfswsFVpZYFaPCiCKJRowEVT/1SJDLDBROtYsBGd+5UVoVisXFef2rFSv5WkU0CE6QifIQeeojm5QAzURQY/oGb2iN+PJeDHejc9Z65KRzxygP2V8/wCurqFT</latexit>

<latexit sha1_base64="Jg3qkLpWxKDGNIvXWWFugqVudvg=">AAACB3icbVDLSsNAFJ3UV62vqEsXDhbBVUlEsC6EghuXFYwtNLVMppN26OTBzI22hCzd+CtuXKi49Rfc+TdO2yDaeuDCmXPuZe49Xiy4Asv6MgoLi0vLK8XV0tr6xuaWub1zo6JEUubQSESy6RHFBA+ZAxwEa8aSkcATrOENLsZ+445JxaPwGkYxawekF3KfUwJa6pj7Cp9jF9gQPD+9z25diOKf9zDDHbNsVawJ8Dyxc1JGOeod89PtRjQJWAhUEKVathVDOyUSOBUsK7mJYjGhA9JjLU1DEjDVTieHZPhQK13sR1JXCHii/p5ISaDUKPB0Z0Cgr2a9sfif10rAr7ZTHsYJsJBOP/ITgSHC41Rwl0tGQYw0IVRyvSumfSIJBZ1dSYdgz548T5zjylnFvjop16p5GkW0hw7QEbLRKaqhS1RHDqLoAT2hF/RqPBrPxpvxPm0tGPnMLvoD4+MbIsmZmQ==</latexit> y



<latexit sha1_base64="Jg3qkLpWxKDGNIvXWWFugqVudvg=">AAACB3icbVDLSsNAFJ3UV62vqEsXDhbBVUlEsC6EghuXFYwtNLVMppN26OTBzI22hCzd+CtuXKi49Rfc+TdO2yDaeuDCmXPuZe49Xiy4Asv6MgoLi0vLK8XV0tr6xuaWub1zo6JEUubQSESy6RHFBA+ZAxwEa8aSkcATrOENLsZ+445JxaPwGkYxawekF3KfUwJa6pj7Cp9jF9gQPD+9z25diOKf9zDDHbNsVawJ8Dyxc1JGOeod89PtRjQJWAhUEKVathVDOyUSOBUsK7mJYjGhA9JjLU1DEjDVTieHZPhQK13sR1JXCHii/p5ISaDUKPB0Z0Cgr2a9sfif10rAr7ZTHsYJsJBOP/ITgSHC41Rwl0tGQYw0IVRyvSumfSIJBZ1dSYdgz548T5zjylnFvjop16p5GkW0hw7QEbLRKaqhS1RHDqLoAT2hF/RqPBrPxpvxPm0tGPnMLvoD4+MbIsmZmQ==</latexit>

y

Classification – more than 2 inputs

3D hyperplane=plane



Biological analogy



Sigmoid activation function

y = 1
1+ exp −as( )

<latexit sha1_base64="Jg3qkLpWxKDGNIvXWWFugqVudvg=">AAACB3icbVDLSsNAFJ3UV62vqEsXDhbBVUlEsC6EghuXFYwtNLVMppN26OTBzI22hCzd+CtuXKi49Rfc+TdO2yDaeuDCmXPuZe49Xiy4Asv6MgoLi0vLK8XV0tr6xuaWub1zo6JEUubQSESy6RHFBA+ZAxwEa8aSkcATrOENLsZ+445JxaPwGkYxawekF3KfUwJa6pj7Cp9jF9gQPD+9z25diOKf9zDDHbNsVawJ8Dyxc1JGOeod89PtRjQJWAhUEKVathVDOyUSOBUsK7mJYjGhA9JjLU1DEjDVTieHZPhQK13sR1JXCHii/p5ISaDUKPB0Z0Cgr2a9sfif10rAr7ZTHsYJsJBOP/ITgSHC41Rwl0tGQYw0IVRyvSumfSIJBZ1dSYdgz548T5zjylnFvjop16p5GkW0hw7QEbLRKaqhS1RHDqLoAT2hF/RqPBrPxpvxPm0tGPnMLvoD4+MbIsmZmQ==</latexit> y



Example for

<latexit sha1_base64="U3ZyNECc4wtfw3bijGvLcqEXVKg=">AAACInicbZDLSsNAFIYnXmu8VV26CRaLG0tSBKsgFNy4rGBtoQllMj1th04mYWZiCaHv4sZXcePC20rwYZy0WWjrgYGP/z9nZs7vR4xKZdtfxtLyyuraemHD3Nza3tkt7u3fyzAWBJokZKFo+1gCoxyaiioG7UgADnwGLX90nfmtBxCShvxOJRF4AR5w2qcEKy11i5euDwPKUywETiYpI2JijrtO+arsuK45rmo4zcjPFNt0gffyXrNbLNkVe1rWIjg5lFBejW7xw+2FJA6AK8KwlB3HjpSnr1OUMJiYbiwhwmSEB9DRyHEA0kunO06sY630rH4o9OHKmqq/J1IcSJkEvu4MsBrKeS8T//M6serXvJTyKFbAyeyhfswsFVpZYFaPCiCKJRowEVT/1SJDLDBROtYsBGd+5UVoVisXFef2rFSv5WkU0CE6QifIQeeojm5QAzURQY/oGb2iN+PJeDHejc9Z65KRzxygP2V8/wCurqFT</latexit>

Sigmoid activation function

The output is now a real 
number (probability %)

<latexit sha1_base64="Jg3qkLpWxKDGNIvXWWFugqVudvg=">AAACB3icbVDLSsNAFJ3UV62vqEsXDhbBVUlEsC6EghuXFYwtNLVMppN26OTBzI22hCzd+CtuXKi49Rfc+TdO2yDaeuDCmXPuZe49Xiy4Asv6MgoLi0vLK8XV0tr6xuaWub1zo6JEUubQSESy6RHFBA+ZAxwEa8aSkcATrOENLsZ+445JxaPwGkYxawekF3KfUwJa6pj7Cp9jF9gQPD+9z25diOKf9zDDHbNsVawJ8Dyxc1JGOeod89PtRjQJWAhUEKVathVDOyUSOBUsK7mJYjGhA9JjLU1DEjDVTieHZPhQK13sR1JXCHii/p5ISaDUKPB0Z0Cgr2a9sfif10rAr7ZTHsYJsJBOP/ITgSHC41Rwl0tGQYw0IVRyvSumfSIJBZ1dSYdgz548T5zjylnFvjop16p5GkW0hw7QEbLRKaqhS1RHDqLoAT2hF/RqPBrPxpvxPm0tGPnMLvoD4+MbIsmZmQ==</latexit> y

81% CAR



Neural network

• Multiple outputs: multi-class classification (plane, car, dog…)
• Multiple (hidden) layers: can address non linear classification



Training the neural network
Finding weights and biases

<latexit sha1_base64="KtufbZt370HkfNNrz0f/fmJ+kFY=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEsN4KXjxWMVpoS9lsN+3SzSbsTsQS+g+8eFDx6k/y5r9x0+agrQ8GHu/NMDMvSKQw6LrfTmlldW19o7xZ2dre2d2r7h/cmzjVjPsslrFuB9RwKRT3UaDk7URzGgWSPwTjq9x/eOTaiFjd4SThvYgOlQgFo2il26dKv1pz6+4MZJl4BalBgVa/+tUdxCyNuEImqTEdz02wl1GNgkk+rXRTwxPKxnTIO5YqGnHTy2aXTsmJVQYkjLUthWSm/p7IaGTMJApsZ0RxZBa9XPzP66QYNnqZUEmKXLH5ojCVBGOSv00GQnOGcmIJZVrYWwkbUU0Z2nDyELzFl5eJf1a/rHs357Vmo0ijDEdwDKfgwQU04Rpa4AODEJ7hFd6csfPivDsf89aSU8wcwh84nz+GFoza</latexit>

T°=39.5°
tension=160

P(sick)=0.53

y
P(sick)=1.0

t

loss = y − t( )2

Supervised learning: provide inputs x with known (desired) targets/labels t (ground truth)

Compare output y and target t to update weights and biases



https://giphy.com/gifs/neural-networks-4LiMmbAcvgTQs

Training the neural network
Finding weights and biases



Convolutional neural network

Y. LeCun, Y. Bengio and G. Hinton; Deep Learning, Nature, vol 521, 28 may 2015



Training the convolutional neural network

loss = y − t
2

y tx



Try at home!

Libraries
• C++: Tensorflow
• Python: Keras (interface for tensorflow), 

pytorch
• Matlab: toolbox

Pre-trained CNN
• YOLO (You Only Look Once)
• Inception V3
• ResNet50
• VGG19
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Thank you for your attention!



Historique des réseaux de neurones

• 1957 : proposition du perceptron par Frank Rosenblatt
• 1967 : demonstration par Marvin Minsky que le perceptron est incapable de traiter 

des donnees non lineairement separables, perte d’interêt pour les approches 
neuronales

• 1986 : Rumelhart, Hinton et Williams demontrent l'utilisation de la retropropagation 
des gradients pour l'entrainement du perceptron multicouche

• 1995-2005 : developpement des SVM, perte d'interêt pour les reseaux de neurones
• 2006 : premieres architectures profondes de reseaux de neurones
• 2012 : resultats en reconnaissance d'objets (Toronto, ImageNet) et de la parole 

(Microsoft) demontre le potentiel de technologie disruptive de l'apprentissage profond
• 2014 : explosion d'investissements prives en apprentissage automatique, en 

particulier en apprentissage profond


