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Information Processing & Neural Networks

T. Wiesel (left) and D. Hubel (right) 
co-recipients of the 1981 Nobel Prize in 
Physiology for their discoveries concerning 
information processing in the visual system

• The Hubel and Wiesel Experiment 1959: They inserted a microelectrode into 
the primary visual cortex of an anesthetized cat, and projected patterns of light 
and dark on a screen in front of the cat. 

• They found that some neurons fired rapidly when presented with lines 
at one angle, while others responded best  to another angle. Some of these 
neurons responded to light patterns and dark patterns differently. 
Hubel and Wiesel called these neurons simple cells. 

• Still other neurons, which they termed complex cells, detected edges 
regardless of where they were placed in the receptive field of the neuron 
and could preferentially detect motion in certain directions. 

• These studies showed how the visual system constructs complex 
representations of visual information from simple stimulus features.
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Information Processing & Neural Networks

T. Wiesel (left) and D. Hubel (right) 
co-recipients of the 1981 Nobel Prize in 
Physiology for their discoveries concerning 
information processing in the visual system

• The Hubel and Wiesel Experiment 1959:
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Hubel and Wiesel Experiments
Some YouTube links:

https://www.youtube.com/watch?v=IOHayh06LJ4

https://www.youtube.com/watch?v=8VdFf3egwfg

https://www.youtube.com/watch?v=y_l4kQ5wjiw

https://www.youtube.com/watch?v=UU2esxycMAw
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https://www.youtube.com/watch?v=8VdFf3egwfg
https://www.youtube.com/watch?v=y_l4kQ5wjiw
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Biological and  Artificial Neurons

5

6

Rest of today’s plan
Course overview and motivation

The biological neuron 
The artificial neuron
Neuron as linear classifier
Logistic regression
Feature representation
Common architectures
Some history
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Deep Learning and Its Applications to 
Signal and Image Processing and Analysis
¡Lecturer: Dr. Tammy Riklin Raviv

¡No.: 361-21120

¡Time: Wednesday 14:00-17:00

¡Location: Building 34, room 16

¡Graduate level course

¡Course Web Site:

http://www.ee.bgu.ac.il/~rrtammy/DNN/DNN.html
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Course Objectives
The primary objective of this course is to provide the students the 
necessary computational tools to:

1. Understand basic principles of artificial Neural Networks (NN) and deep 
learning and Machine Learning in general 

2. Be familiar with a variety of NN architectures, training strategies, 
challenges and potential applications  

3. Be familiar with up-to-date literature in ANN for signal processing/ image 
analysis

4.    Implement, train and test DNN for particular applications
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Course description
Convolutional Neural Network (CNN) – Classification, 
Segmentation, Object detection

Generative neural networks, GANs, Autoencoders

Recurrent Neural Networks (RNN) and Long Short Term Memory 
(LSTM) networks, GRU, Transformers

Active learning 

Reinforcement Learning

Graph neural networks

Network pruning, uncertainty, weak learning, unsupervised 
learning, data augmentation
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Course Structure
1. Overview lectures: Basic introduction to ANN, Machine 

Learning, Image Processing and Analysis 

2. In previous years we had a Lab. class, if needed we’ll do it this 

year as well. 

3. Guest lectures

4. Student lectures – each student will present a topic/paper to 

the class, followed by a discussion – a list will be distributed soon

5. Final project presentations

10
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Course Resources
Ian Goodfellow, Yoshua Bengio, and Aaron Courville
Deep Learning. MIT Press. Online
http://www.deeplearningbook.org/

Mathematics of deep learning, Free online book 

Tensor flow course: https://www.udacity.com/course/deep-learning--ud730

Convolutional Neural Networks for Visual Recognition – Stanford
http://cs231n.stanford.edu/ and a lecture series

Neural Networks for Machine Learning – Coursera by Jeff Hinton 
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Further reading – old and new

1994 1995
2017

…

2016

2020
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http://www.deeplearningbook.org/
https://mml-book.github.io/book/mml-book.pdf
https://www.udacity.com/course/deep-learning--ud730
http://cs231n.stanford.edu/
lecture%20series
https://www.coursera.org/learn/neural-networks
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What should I do in order to succeed in 
the course?
¡Active class participation (5 %)
Be Present in at least 10 classes out of the first 13
Last class (project presentation) is mandatory
¡Homework Assignments (mandatory) 5% x 3 = 15%
¡Class  Presentation  10%
¡Final Project  70%  
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The instructor
Tammy Riklin Raviv, 
Research interests:
Signal processing: Biomedical Image Analysis, Computer 

Vision, Machine Learning 
Contact info:
Telephone: 08-6428812
Fax: 08-647 2949
E-mail: rrtammy@ee.bgu.ac.il
Office: 212/33

Reception hours: please coordinate via email

Personal web page:

http://www.ee.bgu.ac.il/~rrtammy/
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The biological neuron

https://towardsdatascience.com
/everything-you-need-to-know-about-
neural-networks-and-backpropagation-
machine-learning-made-easy-e5285bc2be3a

15

An Artificial Neuron

18

https://towardsdatascience.com/
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An Artificial Neuron
• Neural networks are made up of many artificial neurons.

• Artificial neurons - simplified models of biological neurons.

• Each input into the neuron is associated with weight 
• A weight is simply a floating point number, which can be 
positive (excitatory) or negative (inhibitory) adjusted during training.

• The weighted sum of the inputs gives us the activation.

• The neuron’s output is determined by an activation function.

19

An Artificial Neuron
input

neuron parameters

output

f(
X

i

wixi + b)
<latexit sha1_base64="5DNKeeRCllLjMGyjuDL394Jz2fk=">AAAB/XicbVDLSsNAFL2pr1pf8bFzM1iEilCSKuiy6MZlBfuANoTJdNIOnUnCzEStofgrblwo4tb/cOffOH0stHrgwuGce7n3niDhTGnH+bJyC4tLyyv51cLa+sbmlr2901BxKgmtk5jHshVgRTmLaF0zzWkrkRSLgNNmMLgc+81bKhWLoxs9TKgncC9iISNYG8m398JSR6XCZ+jO1L3PjlFw5NtFp+xMgP4Sd0aKMEPNtz873ZikgkaacKxU23US7WVYakY4HRU6qaIJJgPco21DIyyo8rLJ9SN0aJQuCmNpKtJoov6cyLBQaigC0ymw7qt5byz+57VTHZ57GYuSVNOITBeFKUc6RuMoUJdJSjQfGoKJZOZWRPpYYqJNYAUTgjv/8l/SqJTdk3Ll+rRYvZjFkYd9OIASuHAGVbiCGtSBwAM8wQu8Wo/Ws/VmvU9bc9ZsZhd+wfr4BrChlBM=</latexit>

x0, x1, . . . xD�1
<latexit sha1_base64="+Nn+HwcqNsBTJbOO76rLUvlUHTw=">AAACAHicbVDLSsNAFJ34rPUVdeHCzWARXNSSVEGXRV24rGAf0IYwmUzboZOZMDORlpCNv+LGhSJu/Qx3/o3TNgttPXDhcM693HtPEDOqtON8W0vLK6tr64WN4ubW9s6uvbffVCKRmDSwYEK2A6QIo5w0NNWMtGNJUBQw0gqGNxO/9UikooI/6HFMvAj1Oe1RjLSRfPtw5Dvlke+WYZeFQis48tPbMzfz7ZJTcaaAi8TNSQnkqPv2VzcUOIkI15ghpTquE2svRVJTzEhW7CaKxAgPUZ90DOUoIspLpw9k8MQoIewJaYprOFV/T6QoUmocBaYzQnqg5r2J+J/XSXTvykspjxNNOJ4t6iUMagEnacCQSoI1GxuCsKTmVogHSCKsTWZFE4I7//IiaVYr7nmlen9Rql3ncRTAETgGp8AFl6AG7kAdNAAGGXgGr+DNerJerHfrY9a6ZOUzB+APrM8fsB2VLw==</latexit>

w0, w1, . . . wD�1, b
<latexit sha1_base64="L1eH8bb1GRf0VZtH1YfDK3vBlso=">AAACAnicbVDLSgMxFM3UV62vUVfiJlgEF7XMVEGXRV24rGAf0A5DJpNpQzPJkGQsZShu/BU3LhRx61e4829MHwttPXDhcM693HtPkDCqtON8W7ml5ZXVtfx6YWNza3vH3t1rKJFKTOpYMCFbAVKEUU7qmmpGWokkKA4YaQb967HffCBSUcHv9TAhXoy6nEYUI20k3z4Y+E5p4Lsl2GGh0AoO/Ozm1B2VAt8uOmVnArhI3Bkpghlqvv3VCQVOY8I1Zkiptusk2suQ1BQzMip0UkUShPuoS9qGchQT5WWTF0bw2CghjIQ0xTWcqL8nMhQrNYwD0xkj3VPz3lj8z2unOrr0MsqTVBOOp4uilEEt4DgPGFJJsGZDQxCW1NwKcQ9JhLVJrWBCcOdfXiSNStk9K1fuzovVq1kceXAIjsAJcMEFqIJbUAN1gMEjeAav4M16sl6sd+tj2pqzZjP74A+szx/cZJXO</latexit>

x =
<latexit sha1_base64="RwDyCLqt3NXqn7XsTU0rEkIJk9Q=">AAAB8nicbVDLSgMxFL3js9ZX1aWbYBFclZkq6EYounFZwT5gOpRMmmlDM8mQZMQy9DPcuFDErV/jzr8x085CWw8EDufcS849YcKZNq777aysrq1vbJa2yts7u3v7lYPDtpapIrRFJJeqG2JNORO0ZZjhtJsoiuOQ0044vs39ziNVmknxYCYJDWI8FCxiBBsr+b0Ym1EYZU/T636l6tbcGdAy8QpShQLNfuWrN5AkjakwhGOtfc9NTJBhZRjhdFrupZommIzxkPqWChxTHWSzyFN0apUBiqSyTxg0U39vZDjWehKHdjKPqBe9XPzP81MTXQUZE0lqqCDzj6KUIyNRfj8aMEWJ4RNLMFHMZkVkhBUmxrZUtiV4iycvk3a95p3X6vcX1cZNUUcJjuEEzsCDS2jAHTShBQQkPMMrvDnGeXHenY/56IpT7BzBHzifP4Q+kWc=</latexit>
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Learning to Classify
What can a single neuron do? 

Supervised Learning problem:

input

Learned parameters {wi}
<latexit sha1_base64="8FUL5h7/7r55QfxbWQNTAhszNoI=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48V7Ac0oWy223bpZhN2J0oJ/RFePCji1d/jzX/jts1BWx8MPN6bYWZemEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCanhUijeRIGSdxLNaRRK3g7HtzO//ci1EbF6wEnCg4gOlRgIRtFKbT976gl/2itX3Ko7B1klXk4qkKPRK3/5/ZilEVfIJDWm67kJBhnVKJjk05KfGp5QNqZD3rVU0YibIJufOyVnVumTQaxtKSRz9fdERiNjJlFoOyOKI7PszcT/vG6Kg+sgEypJkSu2WDRIJcGYzH4nfaE5QzmxhDIt7K2EjaimDG1CJRuCt/zyKmnVqt5FtXZ/Wanf5HEU4QRO4Rw8uII63EEDmsBgDM/wCm9O4rw4787HorXg5DPH8AfO5w+KWo+z</latexit>

xj = {x0, x1, . . . xD�1}
<latexit sha1_base64="1fGyZykvUHFksl5Sph5hWGDlwes=">AAACEnicbVDLSsNAFJ34rPUVdelmsAgKtSRV0I1Q1IXLCvYBTQ2T6aQdO5mEmYmkhHyDG3/FjQtF3Lpy5984fSy09cDA4Zx7uXOOFzEqlWV9G3PzC4tLy7mV/Ora+samubVdl2EsMKnhkIWi6SFJGOWkpqhipBkJggKPkYbXvxz6jQciJA35rRpEpB2gLqc+xUhpyTUPnQCpnuenyd19Bs+dNHGtYuLaReiwTqgkTNz06sjOnMw1C1bJGgHOEntCCmCCqmt+OZ0QxwHhCjMkZcu2ItVOkVAUM5LlnViSCOE+6pKWphwFRLbTUaQM7mulA/1Q6McVHKm/N1IUSDkIPD05DCCnvaH4n9eKlX/WTimPYkU4Hh/yYwZVCIf9wA4VBCs20ARhQfVfIe4hgbDSLeZ1CfZ05FlSL5fs41L55qRQuZjUkQO7YA8cABucggq4BlVQAxg8gmfwCt6MJ+PFeDc+xqNzxmRnB/yB8fkD456c9g==</latexit>

{x0, L(x0)}, {x1, L(x1)} . . . {xN , L(xN )}
<latexit sha1_base64="wXhenXwSbemtu5bnq7ZtYw91Lrk=">AAACUnicbZLPS8MwFMez+mvOqVWPXoJDmDBGOwU9Dr14kDHB/YB1jjRNt7C0KUkqjrK/URAv/iFePKjZ1sO6+SDwzXufR16+iRsxKpVlfeaMjc2t7Z38bmGvuH9waB4dtyWPBSYtzBkXXRdJwmhIWooqRrqRIChwGem447tZvfNChKQ8fFKTiPQDNAypTzFSOjUwqZM4AVIj109ep89W5aG8vL1wppUMYGcBWwPQYR5XEma4RpZraG5glqyqNQ+4LuxUlEAazYH57ngcxwEJFWZIyp5tRaqfIKEoZmRacGJJIoTHaEh6WoYoILKfzC2ZwnOd8aDPhV6hgvPsckeCAikngavJ2ZhytTZL/lfrxcq/6Sc0jGJFQrw4yI8ZVBzO/IUeFQQrNtECYUH1rBCPkEBY6VcoaBPs1Suvi3atal9Wa49XpfptakcenIIzUAY2uAZ1cA+aoAUweANf4Af85j5y34b+JQvUyKU9JyATRvEPSHW1Kw==</latexit>

L(xj) 2 { , }
<latexit sha1_base64="nGyo+rhvWu6w7VczSOBAGPUY10Q=">AAACCHicbVDLSsNAFJ34rPUVdenCwSJUkJJUQZdFNy5cVLAPaGqZTCft2MkkzEzEEtKdG3/FjQtF3PoJ7vwbJ20W2nrgwuGce7n3HjdkVCrL+jbm5hcWl5ZzK/nVtfWNTXNruy6DSGBSwwELRNNFkjDKSU1RxUgzFAT5LiMNd3CR+o17IiQN+I0ahqTtox6nHsVIaalj7l0VHR+pvuvFD8nt3SF0KIdOPBqNjnQ5SccsWCVrDDhL7IwUQIZqx/xyugGOfMIVZkjKlm2Fqh0joShmJMk7kSQhwgPUIy1NOfKJbMfjRxJ4oJUu9AKhiys4Vn9PxMiXcui7ujM9Wk57qfif14qUd9aOKQ8jRTieLPIiBlUA01RglwqCFRtqgrCg+laI+0ggrHR2eR2CPf3yLKmXS/ZxqXx9UqicZ3HkwC7YB0Vgg1NQAZegCmoAg0fwDF7Bm/FkvBjvxsekdc7IZnbAHxifP7Z6mcs=</latexit>

, b
<latexit sha1_base64="6qRzdrxKYu7D71AyWtLjFONK0yM=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4kJJUQY9FLx4r2g9oQ9lsN+3SzSbsToQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IJHCoOt+Oyura+sbm4Wt4vbO7t5+6eCwaeJUM95gsYx1O6CGS6F4AwVK3k40p1EgeSsY3U791hPXRsTqEccJ9yM6UCIUjKKVHs5J0CuV3Yo7A1kmXk7KkKPeK311+zFLI66QSWpMx3MT9DOqUTDJJ8VuanhC2YgOeMdSRSNu/Gx26oScWqVPwljbUkhm6u+JjEbGjKPAdkYUh2bRm4r/eZ0Uw2s/EypJkSs2XxSmkmBMpn+TvtCcoRxbQpkW9lbChlRThjadog3BW3x5mTSrFe+iUr2/LNdu8jgKcAwncAYeXEEN7qAODWAwgGd4hTdHOi/Ou/Mxb11x8pkj+APn8weDsI1K</latexit>
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Learning to Classify
What can a single neuron do? 

Supervised Learning problem:

input

Learned parameters {wi}
<latexit sha1_base64="8FUL5h7/7r55QfxbWQNTAhszNoI=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48V7Ac0oWy223bpZhN2J0oJ/RFePCji1d/jzX/jts1BWx8MPN6bYWZemEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCanhUijeRIGSdxLNaRRK3g7HtzO//ci1EbF6wEnCg4gOlRgIRtFKbT976gl/2itX3Ko7B1klXk4qkKPRK3/5/ZilEVfIJDWm67kJBhnVKJjk05KfGp5QNqZD3rVU0YibIJufOyVnVumTQaxtKSRz9fdERiNjJlFoOyOKI7PszcT/vG6Kg+sgEypJkSu2WDRIJcGYzH4nfaE5QzmxhDIt7K2EjaimDG1CJRuCt/zyKmnVqt5FtXZ/Wanf5HEU4QRO4Rw8uII63EEDmsBgDM/wCm9O4rw4787HorXg5DPH8AfO5w+KWo+z</latexit>

x x

x x

x

x
x

x

o
o

o

o

o

x2

x1

X

y = mx+ k
<latexit sha1_base64="MgjaR/t8XxP/kNkxt81vX79FKKw=">AAAB73icbVBNSwMxEJ31s9avqkcvwSIIQtmtgl6EohePFewHtEvJptk2NMmuSVZclv4JLx4U8erf8ea/MW33oK0PBh7vzTAzL4g508Z1v52l5ZXVtfXCRnFza3tnt7S339RRoghtkIhHqh1gTTmTtGGY4bQdK4pFwGkrGN1M/NYjVZpF8t6kMfUFHkgWMoKNldopukLi6XTUK5XdijsFWiReTsqQo94rfXX7EUkElYZwrHXHc2PjZ1gZRjgdF7uJpjEmIzygHUslFlT72fTeMTq2Sh+FkbIlDZqqvycyLLRORWA7BTZDPe9NxP+8TmLCSz9jMk4MlWS2KEw4MhGaPI/6TFFieGoJJorZWxEZYoWJsREVbQje/MuLpFmteGeV6t15uXadx1GAQziCE/DgAmpwC3VoAAEOz/AKb86D8+K8Ox+z1iUnnzmAP3A+fwDvr48/</latexit>

{x0, L(x0)}, {x1, L(x1)} . . . {xN , L(xN )}
<latexit sha1_base64="wXhenXwSbemtu5bnq7ZtYw91Lrk=">AAACUnicbZLPS8MwFMez+mvOqVWPXoJDmDBGOwU9Dr14kDHB/YB1jjRNt7C0KUkqjrK/URAv/iFePKjZ1sO6+SDwzXufR16+iRsxKpVlfeaMjc2t7Z38bmGvuH9waB4dtyWPBSYtzBkXXRdJwmhIWooqRrqRIChwGem447tZvfNChKQ8fFKTiPQDNAypTzFSOjUwqZM4AVIj109ep89W5aG8vL1wppUMYGcBWwPQYR5XEma4RpZraG5glqyqNQ+4LuxUlEAazYH57ngcxwEJFWZIyp5tRaqfIKEoZmRacGJJIoTHaEh6WoYoILKfzC2ZwnOd8aDPhV6hgvPsckeCAikngavJ2ZhytTZL/lfrxcq/6Sc0jGJFQrw4yI8ZVBzO/IUeFQQrNtECYUH1rBCPkEBY6VcoaBPs1Suvi3atal9Wa49XpfptakcenIIzUAY2uAZ1cA+aoAUweANf4Af85j5y34b+JQvUyKU9JyATRvEPSHW1Kw==</latexit>

L(xj) 2 { , }
<latexit sha1_base64="nGyo+rhvWu6w7VczSOBAGPUY10Q=">AAACCHicbVDLSsNAFJ34rPUVdenCwSJUkJJUQZdFNy5cVLAPaGqZTCft2MkkzEzEEtKdG3/FjQtF3PoJ7vwbJ20W2nrgwuGce7n3HjdkVCrL+jbm5hcWl5ZzK/nVtfWNTXNruy6DSGBSwwELRNNFkjDKSU1RxUgzFAT5LiMNd3CR+o17IiQN+I0ahqTtox6nHsVIaalj7l0VHR+pvuvFD8nt3SF0KIdOPBqNjnQ5SccsWCVrDDhL7IwUQIZqx/xyugGOfMIVZkjKlm2Fqh0joShmJMk7kSQhwgPUIy1NOfKJbMfjRxJ4oJUu9AKhiys4Vn9PxMiXcui7ujM9Wk57qfif14qUd9aOKQ8jRTieLPIiBlUA01RglwqCFRtqgrCg+laI+0ggrHR2eR2CPf3yLKmXS/ZxqXx9UqicZ3HkwC7YB0Vgg1NQAZegCmoAg0fwDF7Bm/FkvBjvxsekdc7IZnbAHxifP7Z6mcs=</latexit>

0 = w0x0 + w1x1 + . . .+ wD�1xD�1 + b
<latexit sha1_base64="1+nAcEiCL5G4ng8pinfFDRLgY/0=">AAACHXicbZBNS8NAEIY3ftb6FfXoZbEIQrEktaAXoagHjxXsB7QhbDabdulmE3Y3agn9I178K148KOLBi/hv3KY5aOvAsA/vzDA7rxczKpVlfRsLi0vLK6uFteL6xubWtrmz25JRIjBp4ohFouMhSRjlpKmoYqQTC4JCj5G2N7yc1Nt3REga8Vs1iokToj6nAcVIack1axY8h/euBR90ljXZmmxNPeZHSmZSenVsj7U8fcvQc82SVbGygPNg51ACeTRc87PnRzgJCVeYISm7thUrJ0VCUczIuNhLJIkRHqI+6WrkKCTSSbPrxvBQKz4MIqGTK5ipvydSFEo5Cj3dGSI1kLO1ifhfrZuo4MxJKY8TRTieLgoSBlUEJ1ZBnwqCFRtpQFhQ/VeIB0ggrLShRW2CPXvyPLSqFfukUr2pleoXuR0FsA8OwBGwwSmog2vQAE2AwSN4Bq/gzXgyXox342PaumDkM3vgTxhfP5v/nVE=</latexit>

, b
<latexit sha1_base64="6qRzdrxKYu7D71AyWtLjFONK0yM=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4kJJUQY9FLx4r2g9oQ9lsN+3SzSbsToQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IJHCoOt+Oyura+sbm4Wt4vbO7t5+6eCwaeJUM95gsYx1O6CGS6F4AwVK3k40p1EgeSsY3U791hPXRsTqEccJ9yM6UCIUjKKVHs5J0CuV3Yo7A1kmXk7KkKPeK311+zFLI66QSWpMx3MT9DOqUTDJJ8VuanhC2YgOeMdSRSNu/Gx26oScWqVPwljbUkhm6u+JjEbGjKPAdkYUh2bRm4r/eZ0Uw2s/EypJkSs2XxSmkmBMpn+TvtCcoRxbQpkW9lbChlRThjadog3BW3x5mTSrFe+iUr2/LNdu8jgKcAwncAYeXEEN7qAODWAwgGd4hTdHOi/Ou/Mxb11x8pkj+APn8weDsI1K</latexit>

22
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Learning to Classify
What can a single neuron do? 

Supervised Learning problem:

input

,

Learned parameters {wi}
<latexit sha1_base64="8FUL5h7/7r55QfxbWQNTAhszNoI=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48V7Ac0oWy223bpZhN2J0oJ/RFePCji1d/jzX/jts1BWx8MPN6bYWZemEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCanhUijeRIGSdxLNaRRK3g7HtzO//ci1EbF6wEnCg4gOlRgIRtFKbT976gl/2itX3Ko7B1klXk4qkKPRK3/5/ZilEVfIJDWm67kJBhnVKJjk05KfGp5QNqZD3rVU0YibIJufOyVnVumTQaxtKSRz9fdERiNjJlFoOyOKI7PszcT/vG6Kg+sgEypJkSu2WDRIJcGYzH4nfaE5QzmxhDIt7K2EjaimDG1CJRuCt/zyKmnVqt5FtXZ/Wanf5HEU4QRO4Rw8uII63EEDmsBgDM/wCm9O4rw4787HorXg5DPH8AfO5w+KWo+z</latexit>

x x

x x

x

x
x

x

o
o

o

o

o

x2

x1

X

y = mx+ k
<latexit sha1_base64="MgjaR/t8XxP/kNkxt81vX79FKKw=">AAAB73icbVBNSwMxEJ31s9avqkcvwSIIQtmtgl6EohePFewHtEvJptk2NMmuSVZclv4JLx4U8erf8ea/MW33oK0PBh7vzTAzL4g508Z1v52l5ZXVtfXCRnFza3tnt7S339RRoghtkIhHqh1gTTmTtGGY4bQdK4pFwGkrGN1M/NYjVZpF8t6kMfUFHkgWMoKNldopukLi6XTUK5XdijsFWiReTsqQo94rfXX7EUkElYZwrHXHc2PjZ1gZRjgdF7uJpjEmIzygHUslFlT72fTeMTq2Sh+FkbIlDZqqvycyLLRORWA7BTZDPe9NxP+8TmLCSz9jMk4MlWS2KEw4MhGaPI/6TFFieGoJJorZWxEZYoWJsREVbQje/MuLpFmteGeV6t15uXadx1GAQziCE/DgAmpwC3VoAAEOz/AKb86D8+K8Ox+z1iUnnzmAP3A+fwDvr48/</latexit>

0 = wx+ b
<latexit sha1_base64="ZIAWkbjoedCUh7ptWs6u7KsSl5g=">AAACBXicbZDLSsNAFIZPvNZ6i7rUxWARBKEkVdCNUHTjsoK9QBvKZDpph04uzEzUErJx46u4caGIW9/BnW/jpI2grT8MfPznHOac3404k8qyvoy5+YXFpeXCSnF1bX1j09zabsgwFoTWSchD0XKxpJwFtK6Y4rQVCYp9l9OmO7zM6s1bKiQLgxs1iqjj437APEaw0lbX3LPQOer4WA1cL7lLf+g+RUfI7Zolq2yNhWbBzqEEuWpd87PTC0ns00ARjqVs21aknAQLxQinabETSxphMsR92tYYYJ9KJxlfkaID7fSQFwr9AoXG7u+JBPtSjnxXd2ZbyulaZv5Xa8fKO3MSFkSxogGZfOTFHKkQZZGgHhOUKD7SgIlgeldEBlhgonRwRR2CPX3yLDQqZfu4XLk+KVUv8jgKsAv7cAg2nEIVrqAGdSDwAE/wAq/Go/FsvBnvk9Y5I5/ZgT8yPr4BLQeXvA==</latexit>

{x0, L(x0)}, {x1, L(x1)} . . . {xN , L(xN )}
<latexit sha1_base64="wXhenXwSbemtu5bnq7ZtYw91Lrk=">AAACUnicbZLPS8MwFMez+mvOqVWPXoJDmDBGOwU9Dr14kDHB/YB1jjRNt7C0KUkqjrK/URAv/iFePKjZ1sO6+SDwzXufR16+iRsxKpVlfeaMjc2t7Z38bmGvuH9waB4dtyWPBSYtzBkXXRdJwmhIWooqRrqRIChwGem447tZvfNChKQ8fFKTiPQDNAypTzFSOjUwqZM4AVIj109ep89W5aG8vL1wppUMYGcBWwPQYR5XEma4RpZraG5glqyqNQ+4LuxUlEAazYH57ngcxwEJFWZIyp5tRaqfIKEoZmRacGJJIoTHaEh6WoYoILKfzC2ZwnOd8aDPhV6hgvPsckeCAikngavJ2ZhytTZL/lfrxcq/6Sc0jGJFQrw4yI8ZVBzO/IUeFQQrNtECYUH1rBCPkEBY6VcoaBPs1Suvi3atal9Wa49XpfptakcenIIzUAY2uAZ1cA+aoAUweANf4Af85j5y34b+JQvUyKU9JyATRvEPSHW1Kw==</latexit>

L(xj) 2 { , }
<latexit sha1_base64="nGyo+rhvWu6w7VczSOBAGPUY10Q=">AAACCHicbVDLSsNAFJ34rPUVdenCwSJUkJJUQZdFNy5cVLAPaGqZTCft2MkkzEzEEtKdG3/FjQtF3PoJ7vwbJ20W2nrgwuGce7n3HjdkVCrL+jbm5hcWl5ZzK/nVtfWNTXNruy6DSGBSwwELRNNFkjDKSU1RxUgzFAT5LiMNd3CR+o17IiQN+I0ahqTtox6nHsVIaalj7l0VHR+pvuvFD8nt3SF0KIdOPBqNjnQ5SccsWCVrDDhL7IwUQIZqx/xyugGOfMIVZkjKlm2Fqh0joShmJMk7kSQhwgPUIy1NOfKJbMfjRxJ4oJUu9AKhiys4Vn9PxMiXcui7ujM9Wk57qfif14qUd9aOKQ8jRTieLPIiBlUA01RglwqCFRtqgrCg+laI+0ggrHR2eR2CPf3yLKmXS/ZxqXx9UqicZ3HkwC7YB0Vgg1NQAZegCmoAg0fwDF7Bm/FkvBjvxsekdc7IZnbAHxifP7Z6mcs=</latexit>

, b
<latexit sha1_base64="6qRzdrxKYu7D71AyWtLjFONK0yM=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4kJJUQY9FLx4r2g9oQ9lsN+3SzSbsToQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IJHCoOt+Oyura+sbm4Wt4vbO7t5+6eCwaeJUM95gsYx1O6CGS6F4AwVK3k40p1EgeSsY3U791hPXRsTqEccJ9yM6UCIUjKKVHs5J0CuV3Yo7A1kmXk7KkKPeK311+zFLI66QSWpMx3MT9DOqUTDJJ8VuanhC2YgOeMdSRSNu/Gx26oScWqVPwljbUkhm6u+JjEbGjKPAdkYUh2bRm4r/eZ0Uw2s/EypJkSs2XxSmkmBMpn+TvtCcoRxbQpkW9lbChlRThjadog3BW3x5mTSrFe+iUr2/LNdu8jgKcAwncAYeXEEN7qAODWAwgGd4hTdHOi/Ou/Mxb11x8pkj+APn8weDsI1K</latexit>

x ·w + b > 0
<latexit sha1_base64="pFbpLRFr5WjPnmEzFXc4pcQRFSg=">AAACCnicbVDLSsNAFJ34rPUVdelmtAiCUJIq6EqKblxWsA9oQplMJu3QySTMTNQSsnbjr7hxoYhbv8Cdf+OkjaCtBy4czrmXe+/xYkalsqwvY25+YXFpubRSXl1b39g0t7ZbMkoEJk0csUh0PCQJo5w0FVWMdGJBUOgx0vaGl7nfviVC0ojfqFFM3BD1OQ0oRkpLPXPPCZEaeEF6n0EH+5GCP8JdBo88eG71zIpVtcaAs8QuSAUUaPTMT8ePcBISrjBDUnZtK1ZuioSimJGs7CSSxAgPUZ90NeUoJNJNx69k8EArPgwioYsrOFZ/T6QolHIUerozv1NOe7n4n9dNVHDmppTHiSIcTxYFCYMqgnku0KeCYMVGmiAsqL4V4gESCCudXlmHYE+/PEtatap9XK1dn1TqF0UcJbAL9sEhsMEpqIMr0ABNgMEDeAIv4NV4NJ6NN+N90jpnFDM74A+Mj29EjZn1</latexit>

x ·w + b < 0
<latexit sha1_base64="bo7OhSVIAp2H/ANVPa5Mw+rYS9M=">AAACCnicbVDLSsNAFJ34rPUVdelmtAiCUJIq6MJF0Y3LCvYBTSiTyaQdOpmEmYlaQtZu/BU3LhRx6xe482+ctBG09cCFwzn3cu89XsyoVJb1ZczNLywuLZdWyqtr6xub5tZ2S0aJwKSJIxaJjockYZSTpqKKkU4sCAo9Rtre8DL327dESBrxGzWKiRuiPqcBxUhpqWfuOSFSAy9I7zPoYD9S8Ee4y+CRB8+tnlmxqtYYcJbYBamAAo2e+en4EU5CwhVmSMqubcXKTZFQFDOSlZ1EkhjhIeqTrqYchUS66fiVDB5oxYdBJHRxBcfq74kUhVKOQk935nfKaS8X//O6iQrO3JTyOFGE48miIGFQRTDPBfpUEKzYSBOEBdW3QjxAAmGl0yvrEOzpl2dJq1a1j6u165NK/aKIowR2wT44BDY4BXVwBRqgCTB4AE/gBbwaj8az8Wa8T1rnjGJmB/yB8fENQYOZ8w==</latexit>

23

Learning to Classify
What can a single neuron do? 

Supervised Learning problem:

input

Learned parameters {wi}
<latexit sha1_base64="8FUL5h7/7r55QfxbWQNTAhszNoI=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48V7Ac0oWy223bpZhN2J0oJ/RFePCji1d/jzX/jts1BWx8MPN6bYWZemEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCanhUijeRIGSdxLNaRRK3g7HtzO//ci1EbF6wEnCg4gOlRgIRtFKbT976gl/2itX3Ko7B1klXk4qkKPRK3/5/ZilEVfIJDWm67kJBhnVKJjk05KfGp5QNqZD3rVU0YibIJufOyVnVumTQaxtKSRz9fdERiNjJlFoOyOKI7PszcT/vG6Kg+sgEypJkSu2WDRIJcGYzH4nfaE5QzmxhDIt7K2EjaimDG1CJRuCt/zyKmnVqt5FtXZ/Wanf5HEU4QRO4Rw8uII63EEDmsBgDM/wCm9O4rw4787HorXg5DPH8AfO5w+KWo+z</latexit>

{x0, L(x0)}, {x1, L(x1)} . . . {xN , L(xN )}
<latexit sha1_base64="wXhenXwSbemtu5bnq7ZtYw91Lrk=">AAACUnicbZLPS8MwFMez+mvOqVWPXoJDmDBGOwU9Dr14kDHB/YB1jjRNt7C0KUkqjrK/URAv/iFePKjZ1sO6+SDwzXufR16+iRsxKpVlfeaMjc2t7Z38bmGvuH9waB4dtyWPBSYtzBkXXRdJwmhIWooqRrqRIChwGem447tZvfNChKQ8fFKTiPQDNAypTzFSOjUwqZM4AVIj109ep89W5aG8vL1wppUMYGcBWwPQYR5XEma4RpZraG5glqyqNQ+4LuxUlEAazYH57ngcxwEJFWZIyp5tRaqfIKEoZmRacGJJIoTHaEh6WoYoILKfzC2ZwnOd8aDPhV6hgvPsckeCAikngavJ2ZhytTZL/lfrxcq/6Sc0jGJFQrw4yI8ZVBzO/IUeFQQrNtECYUH1rBCPkEBY6VcoaBPs1Suvi3atal9Wa49XpfptakcenIIzUAY2uAZ1cA+aoAUweANf4Af85j5y34b+JQvUyKU9JyATRvEPSHW1Kw==</latexit>

xj = {x0, x1, . . . xD�1}
<latexit sha1_base64="1fGyZykvUHFksl5Sph5hWGDlwes=">AAACEnicbVDLSsNAFJ34rPUVdelmsAgKtSRV0I1Q1IXLCvYBTQ2T6aQdO5mEmYmkhHyDG3/FjQtF3Lpy5984fSy09cDA4Zx7uXOOFzEqlWV9G3PzC4tLy7mV/Ora+samubVdl2EsMKnhkIWi6SFJGOWkpqhipBkJggKPkYbXvxz6jQciJA35rRpEpB2gLqc+xUhpyTUPnQCpnuenyd19Bs+dNHGtYuLaReiwTqgkTNz06sjOnMw1C1bJGgHOEntCCmCCqmt+OZ0QxwHhCjMkZcu2ItVOkVAUM5LlnViSCOE+6pKWphwFRLbTUaQM7mulA/1Q6McVHKm/N1IUSDkIPD05DCCnvaH4n9eKlX/WTimPYkU4Hh/yYwZVCIf9wA4VBCs20ARhQfVfIe4hgbDSLeZ1CfZ05FlSL5fs41L55qRQuZjUkQO7YA8cABucggq4BlVQAxg8gmfwCt6MJ+PFeDc+xqNzxmRnB/yB8fkD456c9g==</latexit>

xj
D�1<latexit sha1_base64="3Ab2f8N2ztvTKTv3qqSOop3GnH0=">AAAB+3icbVDLSsNAFL2pr1pfsS7dDBbBjSWpgi6LunBZwT6gjWEynbRjJw9mJtIS8ituXCji1h9x5984abvQ1gMDh3Pu5Z45XsyZVJb1bRRWVtfWN4qbpa3tnd09c7/cklEiCG2SiEei42FJOQtpUzHFaScWFAcep21vdJ377ScqJIvCezWJqRPgQch8RrDSkmuWewFWQ89Px9nDo5venNqZa1asqjUFWib2nFRgjoZrfvX6EUkCGirCsZRd24qVk2KhGOE0K/USSWNMRnhAu5qGOKDSSafZM3SslT7yI6FfqNBU/b2R4kDKSeDpyTypXPRy8T+vmyj/0klZGCeKhmR2yE84UhHKi0B9JihRfKIJJoLprIgMscBE6bpKugR78cvLpFWr2mfV2t15pX41r6MIh3AEJ2DDBdThFhrQBAJjeIZXeDMy48V4Nz5mowVjvnMAf2B8/gD3e5Ri</latexit>

, b
<latexit sha1_base64="6qRzdrxKYu7D71AyWtLjFONK0yM=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4kJJUQY9FLx4r2g9oQ9lsN+3SzSbsToQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IJHCoOt+Oyura+sbm4Wt4vbO7t5+6eCwaeJUM95gsYx1O6CGS6F4AwVK3k40p1EgeSsY3U791hPXRsTqEccJ9yM6UCIUjKKVHs5J0CuV3Yo7A1kmXk7KkKPeK311+zFLI66QSWpMx3MT9DOqUTDJJ8VuanhC2YgOeMdSRSNu/Gx26oScWqVPwljbUkhm6u+JjEbGjKPAdkYUh2bRm4r/eZ0Uw2s/EypJkSs2XxSmkmBMpn+TvtCcoRxbQpkW9lbChlRThjadog3BW3x5mTSrFe+iUr2/LNdu8jgKcAwncAYeXEEN7qAODWAwgGd4hTdHOi/Ou/Mxb11x8pkj+APn8weDsI1K</latexit>

wD�1
<latexit sha1_base64="iHAW7YEBNf2AfLaO2lxenr5dOJ8=">AAAB7nicbVDLSgNBEOyNrxhfUY9eBoPgxbAbBT0G9eAxgnlAEsLsZDYZMju7zPQqYclHePGgiFe/x5t/4yTZgyYWNBRV3XR3+bEUBl3328mtrK6tb+Q3C1vbO7t7xf2DhokSzXidRTLSLZ8aLoXidRQoeSvWnIa+5E1/dDP1m49cGxGpBxzHvBvSgRKBYBSt1Hzqpbdn3qRXLLlldwayTLyMlCBDrVf86vQjloRcIZPUmLbnxthNqUbBJJ8UOonhMWUjOuBtSxUNuemms3Mn5MQqfRJE2pZCMlN/T6Q0NGYc+rYzpDg0i95U/M9rJxhcdVOh4gS5YvNFQSIJRmT6O+kLzRnKsSWUaWFvJWxINWVoEyrYELzFl5dJo1L2zsuV+4tS9TqLIw9HcAyn4MElVOEOalAHBiN4hld4c2LnxXl3PuatOSebOYQ/cD5/AMkBjzQ=</latexit>

w0
<latexit sha1_base64="Bosm6tfTAGzGQONVPkPnRWudp4c=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48VTFtoQ9lsp+3SzSbsbpQS+hu8eFDEqz/Im//GbZuDtj4YeLw3w8y8MBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoqeNUMfRZLGLVDqlGwSX6hhuB7UQhjUKBrXB8O/Nbj6g0j+WDmSQYRHQo+YAzaqzkP/Uyd9orV9yqOwdZJV5OKpCj0St/dfsxSyOUhgmqdcdzExNkVBnOBE5L3VRjQtmYDrFjqaQR6iCbHzslZ1bpk0GsbElD5urviYxGWk+i0HZG1Iz0sjcT//M6qRlcBxmXSWpQssWiQSqIicnsc9LnCpkRE0soU9zeStiIKsqMzadkQ/CWX14lzVrVu6jW7i8r9Zs8jiKcwCmcgwdXUIc7aIAPDDg8wyu8OdJ5cd6dj0VrwclnjuEPnM8fzoeOrg==</latexit>

xj
0

<latexit sha1_base64="UcRBvmqRY56OfGYriXvGtoWpcOQ=">AAAB9XicbVC7TsMwFL0pr1JeBUYWiwqJqUoKEowVLIxFog+pTSvHdVpTx4lsB6ii/AcLAwix8i9s/A1OmwFajmTp6Jx7dY+PF3GmtG1/W4WV1bX1jeJmaWt7Z3evvH/QUmEsCW2SkIey42FFORO0qZnmtBNJigOP07Y3uc789gOVioXiTk8j6gZ4JJjPCNZG6vcCrMeenzyl/fuBPShX7Ko9A1omTk4qkKMxKH/1hiGJAyo04ViprmNH2k2w1IxwmpZ6saIRJhM8ol1DBQ6ocpNZ6hSdGGWI/FCaJzSaqb83EhwoNQ08M5mlVIteJv7ndWPtX7oJE1GsqSDzQ37MkQ5RVgEaMkmJ5lNDMJHMZEVkjCUm2hRVMiU4i19eJq1a1Tmr1m7PK/WrvI4iHMExnIIDF1CHG2hAEwhIeIZXeLMerRfr3fqYjxasfOcQ/sD6/AGtuZKf</latexit>

f(
X

i

wixi + b)
<latexit sha1_base64="5DNKeeRCllLjMGyjuDL394Jz2fk=">AAAB/XicbVDLSsNAFL2pr1pf8bFzM1iEilCSKuiy6MZlBfuANoTJdNIOnUnCzEStofgrblwo4tb/cOffOH0stHrgwuGce7n3niDhTGnH+bJyC4tLyyv51cLa+sbmlr2901BxKgmtk5jHshVgRTmLaF0zzWkrkRSLgNNmMLgc+81bKhWLoxs9TKgncC9iISNYG8m398JSR6XCZ+jO1L3PjlFw5NtFp+xMgP4Sd0aKMEPNtz873ZikgkaacKxU23US7WVYakY4HRU6qaIJJgPco21DIyyo8rLJ9SN0aJQuCmNpKtJoov6cyLBQaigC0ymw7qt5byz+57VTHZ57GYuSVNOITBeFKUc6RuMoUJdJSjQfGoKJZOZWRPpYYqJNYAUTgjv/8l/SqJTdk3Ll+rRYvZjFkYd9OIASuHAGVbiCGtSBwAM8wQu8Wo/Ws/VmvU9bc9ZsZhd+wfr4BrChlBM=</latexit>
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Simple activation function - threshold

25

Rectified linear unit (ReLU) activation 
function

f(x) = max(0, x)

26
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Piecewise linear activation function

27

Sigmoid activation function

bias

f =
1

1 + exp(�(w · x+ b))
<latexit sha1_base64="sDeBHIf2nBQ3lXIuNJ0/9AgZYAk=">AAACHnicbVDLSsNAFJ34rPUVdelmsAgtxZJURTdC0Y3LCvYBTSiT6aQdOnkwM9GWkC9x46+4caGI4Er/xkkbQVsPXDiccy/33uOEjAppGF/awuLS8spqbi2/vrG5ta3v7DZFEHFMGjhgAW87SBBGfdKQVDLSDjlBnsNIyxlepX7rjnBBA/9WjkNie6jvU5diJJXU1U/dC8vlCMdmEpuwbJFRWDwqWh6SA8eN7xNo4V4g4Y8wSspOqZR09YJRMSaA88TMSAFkqHf1D6sX4MgjvsQMCdExjVDaMeKSYkaSvBUJEiI8RH3SUdRHHhF2PHkvgYdK6UE34Kp8CSfq74kYeUKMPUd1pmeKWS8V//M6kXTP7Zj6YSSJj6eL3IhBGcA0K9ijnGDJxoogzKm6FeIBUmlJlWhehWDOvjxPmtWKeVyp3pwUapdZHDmwDw5AEZjgDNTANaiDBsDgATyBF/CqPWrP2pv2Pm1d0LKZPfAH2uc36iyhvw==</latexit>
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Sigmoid activation function

x x

x x

x

x
x

x

o
o

o

o

o

x2

x1f =
1

1 + exp(�(w · x+ b))
<latexit sha1_base64="sDeBHIf2nBQ3lXIuNJ0/9AgZYAk=">AAACHnicbVDLSsNAFJ34rPUVdelmsAgtxZJURTdC0Y3LCvYBTSiT6aQdOnkwM9GWkC9x46+4caGI4Er/xkkbQVsPXDiccy/33uOEjAppGF/awuLS8spqbi2/vrG5ta3v7DZFEHFMGjhgAW87SBBGfdKQVDLSDjlBnsNIyxlepX7rjnBBA/9WjkNie6jvU5diJJXU1U/dC8vlCMdmEpuwbJFRWDwqWh6SA8eN7xNo4V4g4Y8wSspOqZR09YJRMSaA88TMSAFkqHf1D6sX4MgjvsQMCdExjVDaMeKSYkaSvBUJEiI8RH3SUdRHHhF2PHkvgYdK6UE34Kp8CSfq74kYeUKMPUd1pmeKWS8V//M6kXTP7Zj6YSSJj6eL3IhBGcA0K9ijnGDJxoogzKm6FeIBUmlJlWhehWDOvjxPmtWKeVyp3pwUapdZHDmwDw5AEZjgDNTANaiDBsDgATyBF/CqPWrP2pv2Pm1d0LKZPfAH2uc36iyhvw==</latexit>
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Logistic regression function

= �(w · x+ b)
<latexit sha1_base64="2UrEnd3l4rD4o1KAwP2GdLZAXpQ=">AAACDnicbVDLSsNAFJ34rPUVdelmsBQqQkmqoBuh6MZlBfuAJpTJZNIOnUzCzEQtoV/gxl9x40IRt67d+TdO2gjaemDgzDn3cu89XsyoVJb1ZSwsLi2vrBbWiusbm1vb5s5uS0aJwKSJIxaJjockYZSTpqKKkU4sCAo9Rtre8DLz27dESBrxGzWKiRuiPqcBxUhpqWeWzx1J+yGqOCFSAy9I78YO9iP1870fwyPvsGeWrKo1AZwndk5KIEejZ346foSTkHCFGZKya1uxclMkFMWMjItOIkmM8BD1SVdTjkIi3XRyzhiWteLDIBL6cQUn6u+OFIVSjkJPV2ZbylkvE//zuokKztyU8jhRhOPpoCBhUEUwywb6VBCs2EgThAXVu0I8QAJhpRMs6hDs2ZPnSatWtY+rteuTUv0ij6MA9sEBqAAbnII6uAIN0AQYPIAn8AJejUfj2Xgz3qelC0beswf+wPj4BlvanEo=</latexit>

f =
1

1 + exp(�(w · x+ b))
<latexit sha1_base64="sDeBHIf2nBQ3lXIuNJ0/9AgZYAk=">AAACHnicbVDLSsNAFJ34rPUVdelmsAgtxZJURTdC0Y3LCvYBTSiT6aQdOnkwM9GWkC9x46+4caGI4Er/xkkbQVsPXDiccy/33uOEjAppGF/awuLS8spqbi2/vrG5ta3v7DZFEHFMGjhgAW87SBBGfdKQVDLSDjlBnsNIyxlepX7rjnBBA/9WjkNie6jvU5diJJXU1U/dC8vlCMdmEpuwbJFRWDwqWh6SA8eN7xNo4V4g4Y8wSspOqZR09YJRMSaA88TMSAFkqHf1D6sX4MgjvsQMCdExjVDaMeKSYkaSvBUJEiI8RH3SUdRHHhF2PHkvgYdK6UE34Kp8CSfq74kYeUKMPUd1pmeKWS8V//M6kXTP7Zj6YSSJj6eL3IhBGcA0K9ijnGDJxoogzKm6FeIBUmlJlWhehWDOvjxPmtWKeVyp3pwUapdZHDmwDw5AEZjgDNTANaiDBsDgATyBF/CqPWrP2pv2Pm1d0LKZPfAH2uc36iyhvw==</latexit>
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Categorical (multi-class)  Classification

31

Categorical (multi-class)  Classification

xj = {x0, x1, . . . xD�1}
<latexit sha1_base64="1fGyZykvUHFksl5Sph5hWGDlwes=">AAACEnicbVDLSsNAFJ34rPUVdelmsAgKtSRV0I1Q1IXLCvYBTQ2T6aQdO5mEmYmkhHyDG3/FjQtF3Lpy5984fSy09cDA4Zx7uXOOFzEqlWV9G3PzC4tLy7mV/Ora+samubVdl2EsMKnhkIWi6SFJGOWkpqhipBkJggKPkYbXvxz6jQciJA35rRpEpB2gLqc+xUhpyTUPnQCpnuenyd19Bs+dNHGtYuLaReiwTqgkTNz06sjOnMw1C1bJGgHOEntCCmCCqmt+OZ0QxwHhCjMkZcu2ItVOkVAUM5LlnViSCOE+6pKWphwFRLbTUaQM7mulA/1Q6McVHKm/N1IUSDkIPD05DCCnvaH4n9eKlX/WTimPYkU4Hh/yYwZVCIf9wA4VBCs20ARhQfVfIe4hgbDSLeZ1CfZ05FlSL5fs41L55qRQuZjUkQO7YA8cABucggq4BlVQAxg8gmfwCt6MJ+PFeDc+xqNzxmRnB/yB8fkD456c9g==</latexit>

Car Score

Deer Score

Airplane Score

32
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Bias trick
f(xi,W, b) = Wxi + b f(xi,W ) = Wxi

33

Categorical (multi-class)  Classification

xj
D�1<latexit sha1_base64="3Ab2f8N2ztvTKTv3qqSOop3GnH0=">AAAB+3icbVDLSsNAFL2pr1pfsS7dDBbBjSWpgi6LunBZwT6gjWEynbRjJw9mJtIS8ituXCji1h9x5984abvQ1gMDh3Pu5Z45XsyZVJb1bRRWVtfWN4qbpa3tnd09c7/cklEiCG2SiEei42FJOQtpUzHFaScWFAcep21vdJ377ScqJIvCezWJqRPgQch8RrDSkmuWewFWQ89Px9nDo5venNqZa1asqjUFWib2nFRgjoZrfvX6EUkCGirCsZRd24qVk2KhGOE0K/USSWNMRnhAu5qGOKDSSafZM3SslT7yI6FfqNBU/b2R4kDKSeDpyTypXPRy8T+vmyj/0klZGCeKhmR2yE84UhHKi0B9JihRfKIJJoLprIgMscBE6bpKugR78cvLpFWr2mfV2t15pX41r6MIh3AEJ2DDBdThFhrQBAJjeIZXeDMy48V4Nz5mowVjvnMAf2B8/gD3e5Ri</latexit>

xj
0

<latexit sha1_base64="UcRBvmqRY56OfGYriXvGtoWpcOQ=">AAAB9XicbVC7TsMwFL0pr1JeBUYWiwqJqUoKEowVLIxFog+pTSvHdVpTx4lsB6ii/AcLAwix8i9s/A1OmwFajmTp6Jx7dY+PF3GmtG1/W4WV1bX1jeJmaWt7Z3evvH/QUmEsCW2SkIey42FFORO0qZnmtBNJigOP07Y3uc789gOVioXiTk8j6gZ4JJjPCNZG6vcCrMeenzyl/fuBPShX7Ko9A1omTk4qkKMxKH/1hiGJAyo04ViprmNH2k2w1IxwmpZ6saIRJhM8ol1DBQ6ocpNZ6hSdGGWI/FCaJzSaqb83EhwoNQ08M5mlVIteJv7ndWPtX7oJE1GsqSDzQ37MkQ5RVgEaMkmJ5lNDMJHMZEVkjCUm2hRVMiU4i19eJq1a1Tmr1m7PK/WrvI4iHMExnIIDF1CHG2hAEwhIeIZXeLMerRfr3fqYjxasfOcQ/sD6/AGtuZKf</latexit>

wD�1
<latexit sha1_base64="iHAW7YEBNf2AfLaO2lxenr5dOJ8=">AAAB7nicbVDLSgNBEOyNrxhfUY9eBoPgxbAbBT0G9eAxgnlAEsLsZDYZMju7zPQqYclHePGgiFe/x5t/4yTZgyYWNBRV3XR3+bEUBl3328mtrK6tb+Q3C1vbO7t7xf2DhokSzXidRTLSLZ8aLoXidRQoeSvWnIa+5E1/dDP1m49cGxGpBxzHvBvSgRKBYBSt1Hzqpbdn3qRXLLlldwayTLyMlCBDrVf86vQjloRcIZPUmLbnxthNqUbBJJ8UOonhMWUjOuBtSxUNuemms3Mn5MQqfRJE2pZCMlN/T6Q0NGYc+rYzpDg0i95U/M9rJxhcdVOh4gS5YvNFQSIJRmT6O+kLzRnKsSWUaWFvJWxINWVoEyrYELzFl5dJo1L2zsuV+4tS9TqLIw9HcAyn4MElVOEOalAHBiN4hld4c2LnxXl3PuatOSebOYQ/cD5/AMkBjzQ=</latexit>

w0
<latexit sha1_base64="Bosm6tfTAGzGQONVPkPnRWudp4c=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48VTFtoQ9lsp+3SzSbsbpQS+hu8eFDEqz/Im//GbZuDtj4YeLw3w8y8MBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoqeNUMfRZLGLVDqlGwSX6hhuB7UQhjUKBrXB8O/Nbj6g0j+WDmSQYRHQo+YAzaqzkP/Uyd9orV9yqOwdZJV5OKpCj0St/dfsxSyOUhgmqdcdzExNkVBnOBE5L3VRjQtmYDrFjqaQR6iCbHzslZ1bpk0GsbElD5urviYxGWk+i0HZG1Iz0sjcT//M6qRlcBxmXSWpQssWiQSqIicnsc9LnCpkRE0soU9zeStiIKsqMzadkQ/CWX14lzVrVu6jW7i8r9Zs8jiKcwCmcgwdXUIc7aIAPDDg8wyu8OdJ5cd6dj0VrwclnjuEPnM8fzoeOrg==</latexit>

w
<latexit sha1_base64="0DLpkSsq+1eBpGeVUYfKUBtZm5M=">AAAB8XicbVDLSgMxFL3js9ZX1aWbYBFclZkq6LLoxmUF+8C2lEx6pw3NZIYko5Shf+HGhSJu/Rt3/o2ZdhbaeiBwOOdecu7xY8G1cd1vZ2V1bX1js7BV3N7Z3dsvHRw2dZQohg0WiUi1fapRcIkNw43AdqyQhr7Alj++yfzWIyrNI3lvJjH2QjqUPOCMGis9dENqRn6QPk37pbJbcWcgy8TLSRly1Pulr+4gYkmI0jBBte54bmx6KVWGM4HTYjfRGFM2pkPsWCppiLqXzhJPyalVBiSIlH3SkJn6eyOlodaT0LeTWUK96GXif14nMcFVL+UyTgxKNv8oSAQxEcnOJwOukBkxsYQyxW1WwkZUUWZsSUVbgrd48jJpViveeaV6d1GuXed1FOAYTuAMPLiEGtxCHRrAQMIzvMKbo50X5935mI+uOPnOEfyB8/kD/QKRHw==</latexit>

, b
<latexit sha1_base64="6qRzdrxKYu7D71AyWtLjFONK0yM=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4kJJUQY9FLx4r2g9oQ9lsN+3SzSbsToQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IJHCoOt+Oyura+sbm4Wt4vbO7t5+6eCwaeJUM95gsYx1O6CGS6F4AwVK3k40p1EgeSsY3U791hPXRsTqEccJ9yM6UCIUjKKVHs5J0CuV3Yo7A1kmXk7KkKPeK311+zFLI66QSWpMx3MT9DOqUTDJJ8VuanhC2YgOeMdSRSNu/Gx26oScWqVPwljbUkhm6u+JjEbGjKPAdkYUh2bRm4r/eZ0Uw2s/EypJkSs2XxSmkmBMpn+TvtCcoRxbQpkW9lbChlRThjadog3BW3x5mTSrFe+iUr2/LNdu8jgKcAwncAYeXEEN7qAODWAwgGd4hTdHOi/Ou/Mxb11x8pkj+APn8weDsI1K</latexit>
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Scores and Loss 

(1, 0, 0)

(0, 1, 0)

(0, 0, 1)

One-hot encoding

multinomial 
logistic regression

(↵,�, �)
<latexit sha1_base64="+NsmS7y6HO35Tv0ZaHXQK/wJq38=">AAAB/nicbVDLSsNAFJ3UV62vqLhyM1iEClKSKuiy6MZlBfuAJpSb6aQdOpOEmYlQQsFfceNCEbd+hzv/xmmbhbYeuJfDOfcyd06QcKa043xbhZXVtfWN4mZpa3tnd8/eP2ipOJWENknMY9kJQFHOItrUTHPaSSQFEXDaDka3U7/9SKVicfSgxwn1BQwiFjIC2kg9+6jiAU+GcO4FVJs+ACHgrGeXnaozA14mbk7KKEejZ395/ZikgkaacFCq6zqJ9jOQmhFOJyUvVTQBMoIB7RoagaDKz2bnT/CpUfo4jKWpSOOZ+nsjA6HUWARmUoAeqkVvKv7ndVMdXvsZi5JU04jMHwpTjnWMp1ngPpOUaD42BIhk5lZMhiCBaJNYyYTgLn55mbRqVfeiWru/LNdv8jiK6BidoApy0RWqozvUQE1EUIae0St6s56sF+vd+piPFqx85xD9gfX5AwhYlOM=</latexit>

35

Representation matters
How to select features? 

x x
x

x
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Representation matters
How to select features that discriminate between classes? 

37

Representation matters
How to select linearly separable features? 

38
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XOR Function

39

Φ:  x→ φ(x)

Slide credit: Andrew Moore

Classical Machine Learning

Mapping into higher dimension

40
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Slide credit: Andrew Moore

Classical Machine Learning

Mapping into higher dimension

41

Deep learning model

From pixels to features
as we get deeper

42
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Hidden layers
The hidden layers can be seen as distorting the input in a 
non-linear way so that categories become linearly separable 
by the last layer.

43

Deep Neural Network

Wi,j
<latexit sha1_base64="EIoUtyF0ew6zcBrlDhTZfJ2PCFc=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBg5REBT0WvXisYJtCG8pmu23XbjZhdyKU0B/hxYMiXv093vw3btsctPXBwOO9GWbmhYkUBl332ymsrK6tbxQ3S1vbO7t75f2DpolTzXiDxTLWrZAaLoXiDRQoeSvRnEah5H44up36/hPXRsTqAccJDyI6UKIvGEUr+X43E2ePk2654lbdGcgy8XJSgRz1bvmr04tZGnGFTFJj2p6bYJBRjYJJPil1UsMTykZ0wNuWKhpxE2SzcyfkxCo90o+1LYVkpv6eyGhkzDgKbWdEcWgWvan4n9dOsX8dZEIlKXLF5ov6qSQYk+nvpCc0ZyjHllCmhb2VsCHVlKFNqGRD8BZfXibN86p3UT2/v6zUbvI4inAEx3AKHlxBDe6gDg1gMIJneIU3J3FenHfnY95acPKZQ/gD5/MHJWqPcQ==</latexit>

Loss

Feed forward neural network:

44



4/27/22

22

Artificial neural network architecture
Feed forward neural network:

• Each input is sent to every neuron in the 
hidden layer and then each hidden layer’s neuron’s 
output is connected to every neuron in the next layer. 

• There can be any number of hidden layers within a 
feedforward network and any number of neurons. 

45

Artificial neural network architecture
Feed forward neural network:

Goal: approximate some function f⇤

Classifiers: y = f⇤(x)

maps an input       to a categoryx y

Enhancement/denoising/ semantic segmentation/transformation:  

y = f⇤(x) x

y

46
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Artificial neural network architecture
Feed forward neural network:

A feedforward network
defines a mapping 

and learns the value of the parameters that result
in the best function approximation.

y = f⇤(x, ✓)
✓

y

x

47

Feed Forward

https://towardsdatascience.com/everything-you-need-to-know-about-neural-networks-and-backpropagation-
machine-learning-made-easy-e5285bc2be3a

48

https://towardsdatascience.com/everything-you-need-to-know-about-neural-networks-and-backpropagation-
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Prediction by Artificial Neural 
Network

81

Regression

49

Training NN as a XOR function

50



4/27/22

25

Artificial neural network architecture
Convolutional neural network (CNN):

52

Feature extraction

53
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Artificial neural network architecture

Autoencoder:

54

Artificial neural network architecture
U-Net:

55
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Artificial neural network architecture
Residual neural network (Resnet):

56

Artificial neural network architecture
Recurrent neural network (RNN):

57
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Artificial neural network architecture
Long Short-term Memory (LSTM):

58

Artificial neural networks architecture
Siamese Neural Networks:

59
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Artificial neural networks architecture
Expert DNN ensemble:

Benou et al.

60

Artificial neural networks architecture

Generative-Adversarial Networks (GANs):

https://www.kdnuggets.com/2017/01/gen
erative-adversarial-networks-hot-topic-
machine-learning.html

61
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Artificial neural network
Simple (and classical) example 
Character recognition:

Input: binary vector of length N X N
Requires N X N input neurons. 

Output: a binary vector e.g.
(0,0,0,1, …0)

and the answer is ‘4’

62

Training and Test

Supervised neural networks:

The weights (and the biases) are adjusted by 
training using a training set.

A common way to train is by back-propagation.

When weights are adjusted – run test examples.

We will talk on both supervised and unsupervised networks. 

63
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Back-propagation Supervised

?

Most common

64

“Easy” and “difficult” tasks

68
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Some high-school geometry

An isosceles triangle

D

If two sides of a triangle are congruent, 
then the angles opposite those sides are congruent.

Theorem

midperpendicular

69

“Difficult/Easy” task 
Image classification

Assigning an input image one label from a fixed set of categories

Motivation: An important computer vision problem.

Has a large variety of practical applications.

Many other seemingly distinct Computer Vision tasks (such as object  
detection, segmentation) can be reduced to image classification.

Example 1: Digit classification {0,1,2,3…8,9}

Example 2: Take a single image and assign probabilities to 4 labels, {cat, dog, hat, 
mug}.

70
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Image classification – an example

The task in Image Classification is to predict 
a single label (or a distribution over labels as 
shown here to indicate our confidence) for
a given image. Images are 3-dimensional 

arrays of integers from 0 to 255, of size
Width x Height x 3. 

The 3 represents the three color channels 
Red, Green, Blue.

71

Image classification - challenge

72
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Data driven approach
Instead of trying to specify what every one of the categories of interest look like 

directly in code, provide the computer with many examples of each class and 

then develop learning algorithms that look at these examples and learn about 

the visual appearance of each class.

73

Labeled database

An example training set for four visual  categories. In practice we may have thousands 
of categories and hundreds of thousands of images for each category.

74
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MNIST database

75

image classification dataset: CIFAR-10.

Left: Example images from the CIFAR-10 dataset. Right: first column shows a few test images and next to each we show
the top 10 nearest neighbors in the training set according to pixel-wise difference.

76

http://www.cs.toronto.edu/~kriz/cifar.html
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Cross validation

Insufficient data ? 
Split your training set into training set and a validation set. 
Use validation set to tune all hyperparameters. 
At the end run a single time on the test set and report performance.

77

Credit 
Shichao Jin

The History of Deep Learning

Conclusion and what’s next

78
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Next class
More on neural networks

Loss functions

Stochastic gradient descent

Back Propagation

Regularization

Optimization

Capacity

Receptive field

Overfitting

Underfitting

79


