
0. Introduction

1. Regression
  1.1 Multivariate Linear Regression (curve fitting)
  1.2 Regularization (Lagrange multiplier)
  1.3 Logistic Regression (Fermi-Dirac distribution)
  1.4 Support Vector Machine (high-school geometry)

2. Dimensionality Reduction/feature extraction
  2.1 Principal Component Analysis (order parameters)
  2.2 Recommender Systems
  2.3 Clustering (phase transition)
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3. Neural Networks
  3.1 Biological neural networks
  3.2 Mathematical representation
  3.3 Feed-forward neural networks
  3.5 Different Learning algorithm
  3.6  Deep learning and CNN
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Four-layer network with two hidden layers
MNIST database of handwritten digits

Modified national institute of standards and technology database

60,000 training images and 10,000 testing images

encode the intensities of the image pixels into the input 
neurons. If the image is a 28x28 greyscale image, then 
we'd have 28×28=784 input neurons, with the intensities 
scaled appropriately between 0 and 1.

 

http://yann.lecun.com/exdb/publis/pdf/wan-icml-13.pdf
http://yann.lecun.com/exdb/publis/pdf/wan-icml-13.pdf


Connecting neurons to networks

Feed-forward network

https://towardsdatascience.com/introduction-to-math-behind-neural-networks-e8b60dbbdeba

https://towardsdatascience.com/nns-aynk-c34efe37f15a

Deep Learning: a network with 2 or more hidden layers with each layers containing large amount of neurons 

Generative neural network

Spiking neural network

Convolutional neural network

https://towardsdatascience.com/introduction-to-math-behind-neural-networks-e8b60dbbdeba
https://towardsdatascience.com/nns-aynk-c34efe37f15a
https://towardsdatascience.com/introduction-to-math-behind-neural-networks-e8b60dbbdeba
https://towardsdatascience.com/nns-aynk-c34efe37f15a


Neural network — Representation

Multiclass classification

Handwritten digital recognition problem - 10 possible categories (0-9)

 

https://machinelearningmastery.com/implement-backpropagation-algorithm-scratch-python/
https://machinelearningmastery.com/implement-backpropagation-algorithm-scratch-python/


Mathematical representation for neutrons: Learning Algorithm

Backpropagation: backward propagation of errors

Computing the gradient of the cost function with respect to the weights
<latexit sha1_base64="fW8Vp9eduOZr26SHUXEvIgN6B3c="></latexit>
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Optimization: select best weights and bias for the perceptron
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http://www.holehouse.org/mlclass/

https://github.com/mxc19912008/Andrew-Ng-Machine-Learning-Notes

Andrew Ng, Stanford University 

Michael Nielsen, scientist at home, the best reading material

http://neuralnetworksanddeeplearning.com

http://neuralnetworksanddeeplearning.com/chap2.html

http://neuralnetworksanddeeplearning.com/chap1.html

http://yann.lecun.com/exdb/publis/pdf/wan-icml-13.pdf

Early paper by 
Li Wan, Matthew Zeiler, Sixin Zhang, Yann LeCun, Rob Fergus (2013)

https://machinelearningmastery.com/implement-backpropagation-algorithm-scratch-python/

http://www.holehouse.org/mlclass/
http://www.holehouse.org/mlclass/
https://github.com/mxc19912008/Andrew-Ng-Machine-Learning-Notes
https://github.com/mxc19912008/Andrew-Ng-Machine-Learning-Notes
http://neuralnetworksanddeeplearning.com
http://neuralnetworksanddeeplearning.com
http://neuralnetworksanddeeplearning.com/chap2.html
http://neuralnetworksanddeeplearning.com/chap2.html
http://neuralnetworksanddeeplearning.com/chap1.html
http://neuralnetworksanddeeplearning.com/chap1.html
http://yann.lecun.com/exdb/publis/pdf/wan-icml-13.pdf
http://yann.lecun.com/exdb/publis/pdf/wan-icml-13.pdf
https://machinelearningmastery.com/implement-backpropagation-algorithm-scratch-python/
https://machinelearningmastery.com/implement-backpropagation-algorithm-scratch-python/


Neural network — Representation

Weights

<latexit sha1_base64="VB+la8xio/jlSVth5E0oYgSo+pI=">AAACH3icbVDLTgJBEJzFF+IL9ehlIpjgQbJrfB2JXjxiIkoCSGaHXpgwO7uZ6SWSDX/ixV/x4kFjjDf/xgE5KFpJJ5Wq7nR3+bEUBl3308nMzS8sLmWXcyura+sb+c2tGxMlmkONRzLSdZ8ZkEJBDQVKqMcaWOhLuPX7F2P/dgDaiEhd4zCGVsi6SgSCM7RSO3/C7tKS3B+1BT2gTYR7TBlHMZjYNApoogTSoihSoahkQ9C0KIujdr7glt0J6F/iTUmBTFFt5z+anYgnISjkkhnT8NwYWynTKLiEUa6ZGIgZ77MuNCxVLATTSif/jeieVTo0iLQthXSi/pxIWWjMMPRtZ8iwZ2a9sfif10gwOGulQsUJguLfi4JEUozoOCzaERo4yqEljGthb6W8x7RNyEaasyF4sy//JTeHZe+47F4dFSrn0ziyZIfskhLxyCmpkEtSJTXCyQN5Ii/k1Xl0np035/27NeNMZ7bJLzifX5V5oW0=</latexit>

a(l)i � activation of unit i in layer l

Matrix of parameters mapping from layer (l) to layer (l+1)
the bias
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x0 = 1
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a(2)0 = 1
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⇥(1) : [3⇥ 4]

<latexit sha1_base64="+SAqPuxvFPYs5NDqSuDmeYpVnJI=">AAACAnicbVDLSgNBEJyNrxhfq57Ey2AQ4iXshojiKejFY4S8ILuG2clsMmT2wUyvEJbgxV/x4kERr36FN//GSbIHTSxoKKq66e7yYsEVWNa3kVtZXVvfyG8WtrZ3dvfM/YOWihJJWZNGIpIdjygmeMiawEGwTiwZCTzB2t7oZuq3H5hUPAobMI6ZG5BByH1OCWipZx45jSEDcp+WKmeTq66NHeABU7jq9syiVbZmwMvEzkgRZaj3zC+nH9EkYCFQQZTq2lYMbkokcCrYpOAkisWEjsiAdTUNid7jprMXJvhUK33sR1JXCHim/p5ISaDUOPB0Z0BgqBa9qfif103Av3RTHsYJsJDOF/mJwBDhaR64zyWjIMaaECq5vhXTIZGEgk6toEOwF19eJq1K2T4vW3fVYu06iyOPjtEJKiEbXaAaukV11EQUPaJn9IrejCfjxXg3PuatOSObOUR/YHz+AApAlek=</latexit>

⇥(2) : [1⇥ 4]

Neural networks learns its own features

• Features in the hidden layer are calculated/learned - not original features

• Flexibility to learn whatever features it wants to feed into the final logistic regression calculation

• Hidden layers do the job, learn what gives the best final results to feed into final output layer

• Non-linear hypothesis


Vector representation
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z2 = ⇥(1)x
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a2 = g(z2)
<latexit sha1_base64="1zXLeEs8GafnhyEjhrEVcvsE5cs=">AAACAHicbVC7SgNBFJ31GeNr1cLCZjAIsQm7UdFGCNpYRsgLkk2YncwmQ2YfzNwV4rKNv2JjoYitn2Hn3zhJttDEA5d7OOdeZu5xI8EVWNa3sbS8srq2ntvIb25t7+yae/sNFcaSsjoNRShbLlFM8IDVgYNgrUgy4ruCNd3R7cRvPjCpeBjUYBwxxyeDgHucEtBSzzx87CZn6XWnNmRAukmxfJrqVk57ZsEqWVPgRWJnpIAyVHvmV6cf0thnAVBBlGrbVgROQiRwKlia78SKRYSOyIC1NQ2Iz5STTA9I8YlW+tgLpa4A8FT9vZEQX6mx7+pJn8BQzXsT8T+vHYN35SQ8iGJgAZ095MUCQ4gnaeA+l4yCGGtCqOT6r5gOiSQUdGZ5HYI9f/IiaZRL9kXJuj8vVG6yOHLoCB2jIrLRJaqgO1RFdURRip7RK3oznowX4934mI0uGdnOAfoD4/MH1U6V6Q==</latexit>

z3 = ⇥(2)a2
<latexit sha1_base64="8tRAyPoDT8b5aWG5r4IMfgJDxlI=">AAACBXicbVC7TsMwFHV4lvIKMMJgUSG1S5XwECyVKlgYi9SX1IbIcZ3GqvOQ7SBKlIWFX2FhACFW/oGNv8FpM0DLka7u0Tn3yr7HiRgV0jC+tYXFpeWV1cJacX1jc2tb39ltizDmmLRwyELedZAgjAakJalkpBtxgnyHkY4zusr8zh3hgoZBU44jYvloGFCXYiSVZOsHnp30mx6RKC3fV2roNjlJa8PyQ9Yrtl4yqsYEcJ6YOSmBHA1b/+oPQhz7JJCYISF6phFJK0FcUsxIWuzHgkQIj9CQ9BQNkE+ElUyuSOGRUgbQDbmqQMKJ+nsjQb4QY99Rkz6Snpj1MvE/rxdL98JKaBDFkgR4+pAbMyhDmEUCB5QTLNlYEYQ5VX+F2EMcYamCK6oQzNmT50n7uGqeVY2b01L9Mo+jAPbBISgDE5yDOrgGDdACGDyCZ/AK3rQn7UV71z6mowtavrMH/kD7/AE8HZfA</latexit>

h⇥(x) = a3 = g(z3)

Θ(l) : [s(l+1) × (s(l) + 1)]

<latexit sha1_base64="AQ+4quu9bJN9irjAf8x+/FDX9Uw="></latexit>

z21 = ✓(1)10 x0 + ✓(1)11 x1 + ✓(1)12 x2 + ✓113x3 , z2
2 , z2

3 )(



Neural network — Learning — back-propagation

Forward propagation

<latexit sha1_base64="5vBiiTTogwRCGlhgkfPxL0xyE+A=">AAACAHicbVDLSsNAFL2pr1pfURcu3AwWwVVJiqIboejGZYW+oE3LZDpph04ezEyEGrLxV9y4UMStn+HOv3GaZqGtB+7lcM69zNzjRpxJZVnfRmFldW19o7hZ2tre2d0z9w9aMowFoU0S8lB0XCwpZwFtKqY47USCYt/ltO1Obmd++4EKycKgoaYRdXw8CpjHCFZaGphHj/2kmqJr1GuMqcL9xE6zNjDLVsXKgJaJnZMy5KgPzK/eMCSxTwNFOJaya1uRchIsFCOcpqVeLGmEyQSPaFfTAPtUOkl2QIpOtTJEXih0BQpl6u+NBPtSTn1XT/pYjeWiNxP/87qx8q6chAVRrGhA5g95MUcqRLM00JAJShSfaoKJYPqviIyxwETpzEo6BHvx5GXSqlbsi4p1f16u3eRxFOEYTuAMbLiEGtxBHZpAIIVneIU348l4Md6Nj/lowch3DuEPjM8fsemV1Q==</latexit>

z2 = ⇥1a1

<latexit sha1_base64="11b6sg+RJxD12JdF4bJn/tpRWLw=">AAAB+3icbVBNS8NAEN34WetXrEcvi0XwVJKq6EUoevFYoV/QpmWznbRLN5uwuxFr6F/x4kERr/4Rb/4bt20O2vpg4PHeDDPz/JgzpR3n21pZXVvf2Mxt5bd3dvf27YNCQ0WJpFCnEY9kyycKOBNQ10xzaMUSSOhzaPqj26nffACpWCRqehyDF5KBYAGjRBupZxeeumf4GndqQ9CkW8amenbRKTkz4GXiZqSIMlR79lenH9EkBKEpJ0q1XSfWXkqkZpTDJN9JFMSEjsgA2oYKEoLy0tntE3xilD4OImlKaDxTf0+kJFRqHPqmMyR6qBa9qfif1050cOWlTMSJBkHni4KEYx3haRC4zyRQzceGECqZuRXTIZGEahNX3oTgLr68TBrlkntRcu7Pi5WbLI4cOkLH6BS56BJV0B2qojqi6BE9o1f0Zk2sF+vd+pi3rljZzCH6A+vzB5vukt4=</latexit>

z3 = ⇥2a2

<latexit sha1_base64="1JrzwsgSMvnuplAv1PKpCBKKsGo=">AAACBHicbVC7SgNBFJ31GeNr1TLNYCLEJuyKoo0QtLGMYB6QrMvs7CQZMvtg5q4kLCls/BUbC0Vs/Qg7/8ZJsoUmHrhwOOde7r3HiwVXYFnfxtLyyuraem4jv7m1vbNr7u03VJRIyuo0EpFseUQxwUNWBw6CtWLJSOAJ1vQG1xO/+cCk4lF4B6OYOQHphbzLKQEtuWaB3Nv4Eg9xB9gQUlwmvo9LQ9cqHY9ds2hVrCnwIrEzUkQZaq751fEjmgQsBCqIUm3bisFJiQROBRvnO4liMaED0mNtTUMSMOWk0yfG+EgrPu5GUlcIeKr+nkhJoNQo8HRnQKCv5r2J+J/XTqB74aQ8jBNgIZ0t6iYCQ4QniWCfS0ZBjDQhVHJ9K6Z9IgkFnVteh2DPv7xIGicV+6xi3Z4Wq1dZHDlUQIeojGx0jqroBtVQHVH0iJ7RK3oznowX4934mLUuGdnMAfoD4/MHMw2V5A==</latexit>

a1 = x (add x0)

<latexit sha1_base64="V2cJ/P1nl9VmHBDPDfRBhKe96CQ=">AAACDXicbVC7SgNBFJ31GeMramkzmAhJE3YXRRshaGMZwTwg2Syzs5NkyOyDmbtiXPIDNv6KjYUitvZ2/o2TR6GJBy4czrmXe+/xYsEVmOa3sbS8srq2ntnIbm5t7+zm9vbrKkokZTUaiUg2PaKY4CGrAQfBmrFkJPAEa3iDq7HfuGNS8Si8hWHMnID0Qt7llICW3FyBdGx8gXvFh45dwm1g95DiIvF9rJ3UHrlmoTRyc3mzbE6AF4k1I3k0Q9XNfbX9iCYBC4EKolTLMmNwUiKBU8FG2XaiWEzogPRYS9OQBEw56eSbET7Wio+7kdQVAp6ovydSEig1DDzdGRDoq3lvLP7ntRLonjspD+MEWEini7qJwBDhcTTY55JREENNCJVc34ppn0hCQQeY1SFY8y8vkrpdtk7L5s1JvnI5iyODDtERKiILnaEKukZVVEMUPaJn9IrejCfjxXg3PqatS8Zs5gD9gfH5A/cDmPo=</latexit>

a2 = g(z2) (add a20)

<latexit sha1_base64="h3FSRc6Q/SOrqBHcYwQ6en6vY1A=">AAACDXicbVC7SgNBFJ2NrxhfUUubwURImrBrFG2EoI1lBPOAZBNmZyfJkNkHM3fFuOwP2PgrNhaK2Nrb+TdOHoUmHrhwOOde7r3HCQVXYJrfRmppeWV1Lb2e2djc2t7J7u7VVRBJymo0EIFsOkQxwX1WAw6CNUPJiOcI1nCGV2O/ccek4oF/C6OQ2R7p+7zHKQEtdbN50injC9wvPHTKRdwGdg8xLhDXxdqJy0nXzBeTbjZnlswJ8CKxZiSHZqh2s19tN6CRx3yggijVsswQ7JhI4FSwJNOOFAsJHZI+a2nqE48pO558k+Ajrbi4F0hdPuCJ+nsiJp5SI8/RnR6BgZr3xuJ/XiuC3rkdcz+MgPl0uqgXCQwBHkeDXS4ZBTHShFDJ9a2YDogkFHSAGR2CNf/yIqkfl6zTknlzkqtczuJIowN0iArIQmeogq5RFdUQRY/oGb2iN+PJeDHejY9pa8qYzeyjPzA+fwD7z5j9</latexit>

a3 = g(z3) (add a30)
<latexit sha1_base64="jGPLltXT1s5YG3RCd2MqabuyGdU=">AAAB/HicbVDLSgNBEJyNrxhfqzl6GQyCp7BrInoRgl48RsgLkk3oncwmQ2YfzMwK6xJ/xYsHRbz6Id78GyfJHjSxoKGo6qa7y404k8qyvo3c2vrG5lZ+u7Czu7d/YB4etWQYC0KbJOSh6LggKWcBbSqmOO1EgoLvctp2J7czv/1AhWRh0FBJRB0fRgHzGAGlpYFZfOxX8TXuNcZUQT+tTKFfGZglq2zNgVeJnZESylAfmF+9YUhinwaKcJCya1uRclIQihFOp4VeLGkEZAIj2tU0AJ9KJ50fP8WnWhliLxS6AoXn6u+JFHwpE9/VnT6osVz2ZuJ/XjdW3pWTsiCKFQ3IYpEXc6xCPEsCD5mgRPFEEyCC6VsxGYMAonReBR2CvfzyKmmdl+2LsnVfLdVusjjy6BidoDNko0tUQ3eojpqIoAQ9o1f0ZjwZL8a78bFozRnZTBH9gfH5AxTnk8M=</latexit>

z4 = ⇥3a3

<latexit sha1_base64="Oike7e8SOgOZE18XMj0z9B7bmSU=">AAACA3icbVDLSsNAFJ3UV62vqDvdDBah3ZREKropFN24rNAXtGmYTCft0MkkzEzEGgpu/BU3LhRx60+482+ctllo64ELh3Pu5d57vIhRqSzr28isrK6tb2Q3c1vbO7t75v5BU4axwKSBQxaKtockYZSThqKKkXYkCAo8Rlre6Hrqt+6IkDTkdTWOiBOgAac+xUhpyTWPUK8MK3DoJt36kCg0KdwXK4PCQ69cdM28VbJmgMvETkkepKi55le3H+I4IFxhhqTs2FaknAQJRTEjk1w3liRCeIQGpKMpRwGRTjL7YQJPtdKHfih0cQVn6u+JBAVSjgNPdwZIDeWiNxX/8zqx8i+dhPIoVoTj+SI/ZlCFcBoI7FNBsGJjTRAWVN8K8RAJhJWOLadDsBdfXibNs5J9XrJuy/nqVRpHFhyDE1AANrgAVXADaqABMHgEz+AVvBlPxovxbnzMWzNGOnMI/sD4/AFCc5X+</latexit>

a4 = h⇥(x) = g(z4)

Back propagation

<latexit sha1_base64="IhidmM/ddFu7Ppg6Sl0C66EVX7c=">AAACF3icbZC7SgNBFIZnvcZ4W7W0GQxiYrHsmog2QtDGMkJukBuzk5NkyOyFmVkhLnkLG1/FxkIRW+18GyfJFpp4YODj/8/hzPndkDOpbPvbWFpeWV1bT22kN7e2d3bNvf2qDCJBoUIDHoi6SyRw5kNFMcWhHgognsuh5g5vJn7tHoRkgV9WoxBaHun7rMcoUVrqmFazC1yRdh5f4WyzPIAJ59pxeZwYBWyd4v5J9qEd58e5jpmxLXtaeBGcBDIoqVLH/Gp2Axp54CvKiZQNxw5VKyZCMcphnG5GEkJCh6QPDY0+8UC24uldY3yslS7uBUI/X+Gp+nsiJp6UI8/VnR5RAznvTcT/vEakepetmPlhpMCns0W9iGMV4ElIuMsEUMVHGggVTP8V0wERhCodZVqH4MyfvAjVM8s5t+y7QqZ4ncSRQofoCGWRgy5QEd2iEqogih7RM3pFb8aT8WK8Gx+z1iUjmTlAf8r4/AHoiZ0/</latexit>

�3 = (⇥3)T �4. ⇤ g0(z3)

<latexit sha1_base64="NaY3o62MHjRetVIQw7ok0v5NE0g=">AAACF3icbZC7SgNBFIZn4y3G26qlzWAQE4tlNyraCEEbywi5QW7MTk6SIbMXZmaFuOQtbHwVGwtFbLXzbZwkW2jigYGP/z+HM+d3Q86ksu1vI7W0vLK6ll7PbGxube+Yu3tVGUSCQoUGPBB1l0jgzIeKYopDPRRAPJdDzR3eTPzaPQjJAr+sRiG0PNL3WY9RorTUMa1mF7gi7QK+wrlmeQATzrfj8jgxTrF1gvvHuYd2XBjnO2bWtuxp4UVwEsiipEod86vZDWjkga8oJ1I2HDtUrZgIxSiHcaYZSQgJHZI+NDT6xAPZiqd3jfGRVrq4Fwj9fIWn6u+JmHhSjjxXd3pEDeS8NxH/8xqR6l22YuaHkQKfzhb1Io5VgCch4S4TQBUfaSBUMP1XTAdEEKp0lBkdgjN/8iJUC5Zzbtl3Z9nidRJHGh2gQ5RDDrpARXSLSqiCKHpEz+gVvRlPxovxbnzMWlNGMrOP/pTx+QPiKp07</latexit>

�2 = (⇥2)T �3. ⇤ g0(z2)

<latexit sha1_base64="9EY33fmkenDas4SXybefdtNAnV8=">AAACDnicbZC7SgNBFIZn4y3GW9TSZjAEYmHYDYo2QtDGMkJukN2E2clJMmT2wsysGJY8gY2vYmOhiK21nW/jbLKFJh4Y+Pj/czhzfjfkTCrT/DYyK6tr6xvZzdzW9s7uXn7/oCmDSFBo0IAHou0SCZz50FBMcWiHAojncmi545vEb92DkCzw62oSguORoc8GjBKlpV6+aPeBK9K18BUu2fURJHzSjevT1KjgU/zQyxfMsjkrvAxWCgWUVq2X/7L7AY088BXlRMqOZYbKiYlQjHKY5uxIQkjomAyho9EnHkgnnp0zxUWt9PEgEPr5Cs/U3xMx8aSceK7u9IgayUUvEf/zOpEaXDox88NIgU/niwYRxyrASTa4zwRQxScaCBVM/xXTERGEKp1gTodgLZ68DM1K2Tovm3dnhep1GkcWHaFjVEIWukBVdItqqIEoekTP6BW9GU/Gi/FufMxbM0Y6c4j+lPH5Ay6emko=</latexit>

�1 = (⇥1)T �2 � x
<latexit sha1_base64="/lBRuzV0NFo5J8Vzy/MWt7XA25s=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBZBPJREFD0WvXisaD+gDWWznbRLN5uwuxFK6E/w4kERr/4ib/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrK6tbxQ3S1vbO7t75f2Dpo5TxbDBYhGrdkA1Ci6xYbgR2E4U0igQ2ApGt1O/9YRK81g+mnGCfkQHkoecUWOlh+oZ6ZUrbtWdgSwTLycVyFHvlb+6/ZilEUrDBNW647mJ8TOqDGcCJ6VuqjGhbEQH2LFU0gi1n81OnZATq/RJGCtb0pCZ+nsio5HW4yiwnRE1Q73oTcX/vE5qwms/4zJJDUo2XxSmgpiYTP8mfa6QGTG2hDLF7a2EDamizNh0SjYEb/HlZdI8r3qXVff+olK7yeMowhEcwyl4cAU1uIM6NIDBAJ7hFd4c4bw4787HvLXg5DOH8AfO5w8x6o0U</latexit>.⇤ elementwise multiplication


Hadamard product
<latexit sha1_base64="1JNltLqpMEQdFSqIawjZN6iYx+w=">AAAB/3icbZBNS8MwGMfT+TbnW1Xw4iU4xE2wtKLoRRh68TjBvcBWRpqlXVialiQVZt3Br+LFgyJe/Rre/DamWw86fSDkx///POTJ34sZlcq2v4zC3PzC4lJxubSyura+YW5uNWWUCEwaOGKRaHtIEkY5aSiqGGnHgqDQY6TlDa8yv3VHhKQRv1WjmLghCjj1KUZKSz1zJzio3FfhBQz0ZR1WnKMMqj2zbFv2pOBfcHIog7zqPfOz249wEhKuMENSdhw7Vm6KhKKYkXGpm0gSIzxEAelo5Cgk0k0n+4/hvlb60I+EPlzBifpzIkWhlKPQ050hUgM562Xif14nUf65m1IeJ4pwPH3ITxhUEczCgH0qCFZspAFhQfWuEA+QQFjpyEo6BGf2y3+heWw5p5Z9c1KuXeZxFMEu2AMV4IAzUAPXoA4aAIMH8ARewKvxaDwbb8b7tLVg5DPb4FcZH9/iApLM</latexit>

g0(z) = g(z). ⇤ (1� g(z))

<latexit sha1_base64="3/JAy6KbM/i8KtHqf5DopMkQemg="></latexit>

⇥3 : [4⇥ 5] ([4⇥ 6] if include bias)
<latexit sha1_base64="Vu2nYHrmtuukj1/ACbZUaK448rU=">AAACBnicbVDJSgNBEO2JW4zbqEcRGoMQL2FGExRPQS8eI2SDmUno6XSSJj0L3TVCGHLy4q948aCIV7/Bm39jZzlo4oOCx3tVVNXzY8EVWNa3kVlZXVvfyG7mtrZ3dvfM/YOGihJJWZ1GIpItnygmeMjqwEGwViwZCXzBmv7wduI3H5hUPAprMIqZF5B+yHucEtBSxzwuuLUBA9JOL8Zn7bQ2vsZO2QUeMIVLXsfMW0VrCrxM7DnJozmqHfPL7UY0CVgIVBClHNuKwUuJBE4FG+fcRLGY0CHpM0fTkOg9Xjp9Y4xPtdLFvUjqCgFP1d8TKQmUGgW+7gwIDNSiNxH/85wEeldeysM4ARbS2aJeIjBEeJIJ7nLJKIiRJoRKrm/FdEAkoaCTy+kQ7MWXl0njvGiXi9Z9KV+5mceRRUfoBBWQjS5RBd2hKqojih7RM3pFb8aT8WK8Gx+z1owxnzlEf2B8/gBTh5fA</latexit>

(⇥3)T : [5⇥ 4]

<latexit sha1_base64="PmJ5H2qjNpcdKiPU9SFSDTlTbEw=">AAAB/nicbVDLSsNAFJ34rPUVFVduBovgqiRSUVwV3bisYB+QxDKZTNqhk0mYuRFKKPgrblwo4tbvcOffOH0stPXAhcM593LvPWEmuAbH+baWlldW19ZLG+XNre2dXXtvv6XTXFHWpKlIVSckmgkuWRM4CNbJFCNJKFg7HNyM/fYjU5qn8h6GGQsS0pM85pSAkbr2oR8xAeShdoW9mg88YRq7QdeuOFVnArxI3BmpoBkaXfvLj1KaJ0wCFURrz3UyCAqigFPBRmU/1ywjdEB6zDNUErMnKCbnj/CJUSIcp8qUBDxRf08UJNF6mISmMyHQ1/PeWPzP83KIL4OCyywHJul0UZwLDCkeZ4EjrhgFMTSEUMXNrZj2iSIUTGJlE4I7//IiaZ1V3fOqc1er1K9ncZTQETpGp8hFF6iOblEDNRFFBXpGr+jNerJerHfrY9q6ZM1mDtAfWJ8/hwCUjg==</latexit>

�4 : [4⇥ 1]

<latexit sha1_base64="pNmWKgoEQ5ZDn4mMvtnEqqzyo38=">AAAB/XicbVDJSgNBEK1xjXEbl5uXxiDGS5hRg+Ip6MVjBLPAZAw9nZ6kSc9Cd4+QDMFf8eJBEa/+hzf/xk4yB018UPB4r4qqel7MmVSW9W0sLC4tr6zm1vLrG5tb2+bObl1GiSC0RiIeiaaHJeUspDXFFKfNWFAceJw2vP7N2G88UiFZFN6rQUzdAHdD5jOClZba5n73uDh8ODu5Qk65pVhAJbLdtlmwStYEaJ7YGSlAhmrb/Gp1IpIENFSEYykd24qVm2KhGOF0lG8lksaY9HGXOpqGWO9x08n1I3SklQ7yI6ErVGii/p5IcSDlIPB0Z4BVT856Y/E/z0mUf+mmLIwTRUMyXeQnHKkIjaNAHSYoUXygCSaC6VsR6WGBidKB5XUI9uzL86R+WrLLJevuvFC5zuLIwQEcQhFsuIAK3EIVakBgCM/wCm/Gk/FivBsf09YFI5vZgz8wPn8At4GTdw==</latexit>

g0(z3) : [5⇥ 1]

<latexit sha1_base64="LtdJ4DlEJSI2ylhpnM9n/m6WViU=">AAAB6nicbVA9SwNBEJ2LXzF+RS1tFoNgFe4koo0QtLGwiGg+IDnC3maTLNnbO3bnhHDkJ9hYKGLrL7Lz37hJrtDEBwOP92aYmRfEUhh03W8nt7K6tr6R3yxsbe/s7hX3DxomSjTjdRbJSLcCargUitdRoOStWHMaBpI3g9HN1G8+cW1EpB5xHHM/pAMl+oJRtNLD3VWlWyy5ZXcGsky8jJQgQ61b/Or0IpaEXCGT1Ji258bop1SjYJJPCp3E8JiyER3wtqWKhtz46ezUCTmxSo/0I21LIZmpvydSGhozDgPbGVIcmkVvKv7ntRPsX/qpUHGCXLH5on4iCUZk+jfpCc0ZyrEllGlhbyVsSDVlaNMp2BC8xZeXSeOs7J2X3ftKqXqdxZGHIziGU/DgAqpwCzWoA4MBPMMrvDnSeXHenY95a87JZg7hD5zPH5rNjVk=</latexit>

L = 4

<latexit sha1_base64="fO9oV2zrxmy7SgVQy1XYDjOz3ko=">AAAB+nicbVBNS8NAEN34WetXqkcvi0Wol5KIoseiF48V7Ae0IWw223bpZhN2J9oS+1O8eFDEq7/Em//GbZuDtj4YeLw3w8y8IBFcg+N8Wyura+sbm4Wt4vbO7t6+XTpo6jhVlDVoLGLVDohmgkvWAA6CtRPFSBQI1gqGN1O/9cCU5rG8h3HCvIj0Je9xSsBIvl2qdIGNICNhiCd45Dunvl12qs4MeJm4OSmjHHXf/uqGMU0jJoEKonXHdRLwMqKAU8EmxW6qWULokPRZx1BJIqa9bHb6BJ8YJcS9WJmSgGfq74mMRFqPo8B0RgQGetGbiv95nRR6V17GZZICk3S+qJcKDDGe5oBDrhgFMTaEUMXNrZgOiCIUTFpFE4K7+PIyaZ5V3Yuqc3derl3ncRTQETpGFeSiS1RDt6iOGoiiR/SMXtGb9WS9WO/Wx7x1xcpnDtEfWJ8/Cf2TMw==</latexit>

(add x0)

<latexit sha1_base64="DvJgG7iqex2X9jTJ1k1Pn9bwA7U=">AAAB/HicbVDLSsNAFJ34rPUV7dLNYBHqpiRF0WXRjcsK9gFtDJPJpB06eTBzI4ZQf8WNC0Xc+iHu/BunbRbaeuDC4Zx7ufceLxFcgWV9Gyura+sbm6Wt8vbO7t6+eXDYUXEqKWvTWMSy5xHFBI9YGzgI1kskI6EnWNcbX0/97gOTisfRHWQJc0IyjHjAKQEtuWalNgD2CDnxfTzB5L7hWqeuWbXq1gx4mdgFqaICLdf8GvgxTUMWARVEqb5tJeDkRAKngk3Kg1SxhNAxGbK+phEJmXLy2fETfKIVHwex1BUBnqm/J3ISKpWFnu4MCYzUojcV//P6KQSXTs6jJAUW0fmiIBUYYjxNAvtcMgoi04RQyfWtmI6IJBR0XmUdgr348jLpNOr2ed26Pas2r4o4SugIHaMastEFaqIb1EJtRFGGntErejOejBfj3fiYt64YxUwF/YHx+QMXl5PA</latexit>

(add a20)

<latexit sha1_base64="YWYrWsESWHdMrhPstsTJxGu+1CM=">AAAB/HicbVDLSsNAFJ34rPUV7dLNYBHqpiQ+0GXRjcsK9gFtDJPJpB06eTBzI4ZQf8WNC0Xc+iHu/BunbRbaeuDC4Zx7ufceLxFcgWV9G0vLK6tr66WN8ubW9s6uubffVnEqKWvRWMSy6xHFBI9YCzgI1k0kI6EnWMcbXU/8zgOTisfRHWQJc0IyiHjAKQEtuWal1gf2CDnxfTzG5P7UtY5ds2rVrSnwIrELUkUFmq751fdjmoYsAiqIUj3bSsDJiQROBRuX+6liCaEjMmA9TSMSMuXk0+PH+EgrPg5iqSsCPFV/T+QkVCoLPd0ZEhiqeW8i/uf1UggunZxHSQosorNFQSowxHiSBPa5ZBREpgmhkutbMR0SSSjovMo6BHv+5UXSPqnb53Xr9qzauCriKKEDdIhqyEYXqIFuUBO1EEUZekav6M14Ml6Md+Nj1rpkFDMV9AfG5w8ZHpPB</latexit>

(add a30)

Training set (in vector form) 
<latexit sha1_base64="JYyV5dOlxEWiEJKF5F3bxpOQmUk=">AAACJXicbZBNS8MwGMdTX+d8q3r0UhzCBmO0Q9GDh6EXjxPcC6x1pGm2hSVtSVKxlH4ZL34VLx4cInjyq5h2PejmAyF/fv/nIXn+bkiJkKb5pa2srq1vbJa2yts7u3v7+sFhVwQRR7iDAhrwvgsFpsTHHUkkxf2QY8hcinvu9Cbze4+YCxL49zIOscPg2CcjgqBUaKhf2Un16SGpWrW0Hs/vWj0nzYI0M2IjL5AiN1iOWVqz06FeMRtmXsaysApRAUW1h/rM9gIUMexLRKEQA8sMpZNALgmiOC3bkcAhRFM4xgMlfciwcJJ8y9Q4VcQzRgFXx5dGTn9PJJAJETNXdTIoJ2LRy+B/3iCSo0snIX4YSeyj+UOjiBoyMLLIDI9wjCSNlYCIE/VXA00gh0iqYMsqBGtx5WXRbTas84Z5d1ZpXRdxlMAxOAFVYIEL0AK3oA06AIFn8ArewUx70d60D+1z3rqiFTNH4E9p3z+MtaLm</latexit>

{(x(1), y(1)), (x(2), y(2)), · · · , (xm, ym)}s1 = 3 s2 = 5 s3 = 5 s4 = 4

δ4 = (a4 − y) . * g′ (z4)

δ̃4
j = a4

j − yj

from quadratic cost

δl
j − the error of neuron j in layer l



Training set (in vector form) 
<latexit sha1_base64="JYyV5dOlxEWiEJKF5F3bxpOQmUk=">AAACJXicbZBNS8MwGMdTX+d8q3r0UhzCBmO0Q9GDh6EXjxPcC6x1pGm2hSVtSVKxlH4ZL34VLx4cInjyq5h2PejmAyF/fv/nIXn+bkiJkKb5pa2srq1vbJa2yts7u3v7+sFhVwQRR7iDAhrwvgsFpsTHHUkkxf2QY8hcinvu9Cbze4+YCxL49zIOscPg2CcjgqBUaKhf2Un16SGpWrW0Hs/vWj0nzYI0M2IjL5AiN1iOWVqz06FeMRtmXsaysApRAUW1h/rM9gIUMexLRKEQA8sMpZNALgmiOC3bkcAhRFM4xgMlfciwcJJ8y9Q4VcQzRgFXx5dGTn9PJJAJETNXdTIoJ2LRy+B/3iCSo0snIX4YSeyj+UOjiBoyMLLIDI9wjCSNlYCIE/VXA00gh0iqYMsqBGtx5WXRbTas84Z5d1ZpXRdxlMAxOAFVYIEL0AK3oA06AIFn8ArewUx70d60D+1z3rqiFTNH4E9p3z+MtaLm</latexit>

{(x(1), y(1)), (x(2), y(2)), · · · , (xm, ym)}

Forward propagation Back propagation

How well is the network doing on example i ?

Calculate delta values: weighted sum of the next layer’s delta values, 
weighted by the link parameters

Calculate activation values: weighted sum of the previous 
layer’s activation values, weighted by the link parameters

Loop through the training set
<latexit sha1_base64="HAefrVsIAJK8EY37bGUTPl6x7FM=">AAAB+3icbVBNS8NAEN3Ur1q/Yj16WSyCp5KIoheh6MVjBfsBbSib7aZdupuE3Ym0hPwVLx4U8eof8ea/cdPmoK0PBh7vzTAzz48F1+A431ZpbX1jc6u8XdnZ3ds/sA+rbR0lirIWjUSkuj7RTPCQtYCDYN1YMSJ9wTr+5C73O09MaR6FjzCLmSfJKOQBpwSMNLCrHN+4uA9sCimGCGdYDuyaU3fmwKvELUgNFWgO7K/+MKKJZCFQQbTuuU4MXkoUcCpYVuknmsWETsiI9QwNiWTaS+e3Z/jUKEMcRMpUCHiu/p5IidR6Jn3TKQmM9bKXi/95vQSCay/lYZwAC+liUZCI/Mk8CDzkilEQM0MIVdzciumYKELBxFUxIbjLL6+S9nndvaw7Dxe1xm0RRxkdoxN0hlx0hRroHjVRC1E0Rc/oFb1ZmfVivVsfi9aSVcwcoT+wPn8ANayTQw==</latexit>

i = 1 to m

After executing the loop

Update the cost function

<latexit sha1_base64="XRK32+g/rq4NEvY5K/lDmUoXnUI="></latexit>

@J

@⇥(2)
12

= a(2)2 �(3)1

<latexit sha1_base64="evwIL5vERADzuMuUnRxmK7jJTM4="></latexit>

@J

@⇥(1)
12

= a(1)2 �(2)1

<latexit sha1_base64="TTisBSX6UYylp33grFQ2gr9vZqc="></latexit>

@J

@⇥(2)
22

= a(2)2 �(3)2

<latexit sha1_base64="TyOFtFOL82hXzrUK8P2/bVOWGkY="></latexit>

@J

@⇥(1)
22

= a(1)2 �(2)2

J(Θ) =
1

2m ∑
x

| |y(x) − aL(x) | |2 =
1

2m ∑
i

| |aL
i − yi | |2

∂J(Θ)
∂Θ(l)

ij
= a(l)

j δ(l+1)
i = ainδout

Neural network — Learning — back-propagation

∂J
∂Θ(1)

10
= δ(2)

1
∂J

∂Θ(2)
10

= δ(3)
1

Θ(l)
ij = Θ(l)

ij − α
∂J(Θ)
∂Θ(l)

ij



Neural network — Learning put together

1) - pick a network architecture

Input units (x, a_1)

Output units (y)

Hidden units (Theta_1, a_2, Theta_2, a_3 …)


Normally more hidden units is better but more 
computationally expensive

2) - training a network 

Randomly initiative the weights

Implement forward propagation to get a_L for any example x_i

Implement cost function J(Theta)

Implement back propagation to get partial derivatives

for i = 1:m { 
     Forward propagation on (xi, yi) --> get activation (a) terms
     Back propagation on (xi, yi) --> get delta (δ) terms
     Compute Δ := Δl + δl+1(al)T

}

With this done compute the partial derivative terms

Use (gradient descent, CG or more advanced optimization) to minimise J(\Theta):

J(\Theta) is non-convex


Nonlinearity, local minimum, time, complexity … 



An equation for the rate of change of the cost with respect to any weight in the network
<latexit sha1_base64="Qmj/dk2LQ6t8jyzRSOPoVa53/+0="></latexit>

@

@⇥l
ij

J(⇥) = alj�
l+1
iPartial derivatives

 Learn slowly if either the input neuron is low-activation, or 
if the output neuron has saturated, i.e., is either high- or 

low-activation.

<latexit sha1_base64="x9GZCrdAfz71ctHLZ7m9v22KFAg="></latexit>

�lj =
@J

@zlj
measures the error of neuron j in layer l

http://neuralnetworksanddeeplearning.com/chap2.htmlMichael Nielsen

Prove this
<latexit sha1_base64="lI18EPcgvlMyXi9e5/IHQWnoxgQ=">AAACV3icfVFdS8MwFE27Oef86vTRl+AQfBrtVPRFGPoiPk3YF6zbSLN0C0vTkqTCLP2T4sv+ii+abgN1G14IHM45997kxIsYlcq254aZy+8Udot7pf2Dw6Njq3zSlmEsMGnhkIWi6yFJGOWkpahipBsJggKPkY43fcz0zisRkoa8qWYR6QdozKlPMVKaGlrc9QXCiRshoShi8Dn9wW5zQhQa1FJ4D/+xvQ2u0nU947YNGloVu2ovCm4CZwUqYFWNofXujkIcB4QrzJCUPceOVD/JBmNG0pIbSxIhPEVj0tOQo4DIfrLIJYUXmhlBPxT6cAUX7O+OBAVSzgJPOwOkJnJdy8htWi9W/l0/oTyKFeF4uciPGVQhzEKGIyoIVmymAcKC6rtCPEE6IaW/oqRDcNafvAnatapzU7Vfriv1h1UcRXAGzsElcMAtqIMn0AAtgMEH+DRyRt6YG19mwSwuraax6jkFf8osfwOR3bVZ</latexit>

@J

@⇥2
=

@J

@z3
@z3

@⇥2

<latexit sha1_base64="lk4bIXUs4pEVG2QJ9s6QdPySH9Y=">AAAB/HicbVDLSsNAFL3xWesr2qWbwSK4KklVdCMU3bis0Be0aZlMJ+3QyYOZiRBD/RU3LhRx64e482+ctFlo64ELh3Pu5d573IgzqSzr21hZXVvf2CxsFbd3dvf2zYPDlgxjQWiThDwUHRdLyllAm4opTjuRoNh3OW27k9vMbz9QIVkYNFQSUcfHo4B5jGClpYFZeuyfoWvUa4ypwv0qympglq2KNQNaJnZOypCjPjC/esOQxD4NFOFYyq5tRcpJsVCMcDot9mJJI0wmeES7mgbYp9JJZ8dP0YlWhsgLha5AoZn6eyLFvpSJ7+pOH6uxXPQy8T+vGyvvyklZEMWKBmS+yIs5UiHKkkBDJihRPNEEE8H0rYiMscBE6byKOgR78eVl0qpW7IuKdX9ert3kcRTgCI7hFGy4hBrcQR2aQCCBZ3iFN+PJeDHejY9564qRz5TgD4zPH/cOkwg=</latexit>

z3 = ⇥2a2
<latexit sha1_base64="N5VkWHJ8GEYaaZAOl4njS63tEWE=">AAACE3icbZBNS8MwGMdTX+d8q3r0EhyCeBitU/QiDL2IpwnuBdZupGm6haVpSVJhln4HL34VLx4U8erFm9/GdBuom38I/Pg/z5Pk+Xsxo1JZ1pcxN7+wuLRcWCmurq1vbJpb2w0ZJQKTOo5YJFoekoRRTuqKKkZasSAo9BhpeoPLvN68I0LSiN+qYUzcEPU4DShGSltd89DxCVOoU4Hn0AkEwqkTI6EoYvA6++H7TiXrmiWrbI0EZ8GeQAlMVOuan44f4SQkXGGGpGzbVqzcNL8SM5IVnUSSGOEB6pG2Ro5CIt10tFMG97XjwyAS+nAFR+7viRSFUg5DT3eGSPXldC03/6u1ExWcuSnlcaIIx+OHgoRBFcE8IOhTQbBiQw0IC6r/CnEf6WSUjrGoQ7CnV56FxlHZPilbN8el6sUkjgLYBXvgANjgFFTBFaiBOsDgATyBF/BqPBrPxpvxPm6dMyYzO+CPjI9vV8Wd1g==</latexit>

�3 =
@J

@z3

Notice the shift of l by 1, index jungle

Prove this
<latexit sha1_base64="JFyfVAYOdRBB9GTz0P5pCHXjX3E="></latexit>

�2j =
@J

@z2j
=

X

k

@J

@z3k

@z3k
@z2j

=
X

k

�3k
@z3k
@z2j

<latexit sha1_base64="GjjVa3IiGWcnmxfINj55q5rWh+A="></latexit>

z3k =
X

j

⇥2
kja

2
j =

X

j

⇥2
kjg(z

2
j )

<latexit sha1_base64="OHhi7/hOuCVU0aSBKCLbhunsJ5E="></latexit>

@z3k
@z2j

= ⇥2
kjg

0(z2j )

<latexit sha1_base64="NaY3o62MHjRetVIQw7ok0v5NE0g=">AAACF3icbZC7SgNBFIZn4y3G26qlzWAQE4tlNyraCEEbywi5QW7MTk6SIbMXZmaFuOQtbHwVGwtFbLXzbZwkW2jigYGP/z+HM+d3Q86ksu1vI7W0vLK6ll7PbGxube+Yu3tVGUSCQoUGPBB1l0jgzIeKYopDPRRAPJdDzR3eTPzaPQjJAr+sRiG0PNL3WY9RorTUMa1mF7gi7QK+wrlmeQATzrfj8jgxTrF1gvvHuYd2XBjnO2bWtuxp4UVwEsiipEod86vZDWjkga8oJ1I2HDtUrZgIxSiHcaYZSQgJHZI+NDT6xAPZiqd3jfGRVrq4Fwj9fIWn6u+JmHhSjjxXd3pEDeS8NxH/8xqR6l22YuaHkQKfzhb1Io5VgCch4S4TQBUfaSBUMP1XTAdEEKp0lBkdgjN/8iJUC5Zzbtl3Z9nidRJHGh2gQ5RDDrpARXSLSqiCKHpEz+gVvRlPxovxbnzMWlNGMrOP/pTx+QPiKp07</latexit>

�2 = (⇥2)T �3. ⇤ g0(z2)

= δ3a2 = a2δ3

δ2
j = ∑

k

Θ2
kj δ3

k g′ (z2
j )

http://neuralnetworksanddeeplearning.com/chap2.html
http://neuralnetworksanddeeplearning.com/chap2.html


http://neuralnetworksanddeeplearning.com/chap2.htmlMichael Nielsen

In particular, given a mini-batch of m training examples, the following 
algorithm applies a gradient descent learning step based on that mini-batch

http://neuralnetworksanddeeplearning.com/chap2.html
http://neuralnetworksanddeeplearning.com/chap2.html


<latexit sha1_base64="NQPlMM/DoL1JHeuwj6/SjrWjgfI="></latexit>

�C ⇡ @C

@wl
jk

�wl
jk.

<latexit sha1_base64="RFujjKjhZfMt2w/LroHdaT8IoKU="></latexit>

�alj ⇡
@alj
@wl

jk

�wl
jk

<latexit sha1_base64="06ExwSLnd/EIPfAqzkezVevCgec="></latexit>

�al+1
q ⇡

@al+1
q

@alj

@alj
@wl

jk

�wl
jk

<latexit sha1_base64="fQAC2c0M8UChKNpMoMv7ZQt4aNw="></latexit>

�C ⇡ @C

@aLm

@aLm
@aL�1

n

@aL�1
n

@aL�2
p

. . .
@al+1

q

@alj

@alj
@wl

jk

�wl
jk

<latexit sha1_base64="psoXsL+iqpuPWQorzuUngYPgcO0=">AAACAXicbVDLSsNAFJ3 UV42vqBvBzWARXJVEFF0WdeGygn1AE8NketOOnTyYmQglxI2/4saFIm79C3f+jUmbhbYeuHA4517uvceLOZPKNL+1ysLi0vJKdVVfW9/Y3DK2d9oySgSFFo14JLoekcBZCC3FFIduLIAEHoeON7os/M4DCMmi8FaNY3ACMgiZzyhRueQae/YVcEWwHQUwIHcpz9z0fpTpumvUzLo5AZ4nVklqqETTNb7sfkSTAEJFOZGyZ5mxclIiFKMcMt1OJMSEjsgAejkNSQDSSScfZPgwV/rYj0ReocIT9fdESgIpx4GXdwZEDeWsV4j/eb1E+edOysI4URDS6SI/4VhFuIgD95kAqvg4J4QKlt+K6ZAIQlUeWhGCNfvyPGkf163TunlzUmtclHFU0T46QEfIQmeoga5RE7UQRY/oGb2iN+1Je9HetY9pa0UrZ3bRH2ifP7yylmw=</latexit>

�!l
jk

<latexit sha1_base64="Dlb+m7XA+pVGAYHzfWnzHwgYsLg=">AAAB+XicbVBNS8NAEN3Urxq/oh69LBbBU0lE0WNRDx4r2A9oY9hsJ+3azSbsbgol9J948aCIV/+JN/+Nm7YHbX0w8Hhvhpl5YcqZ0q77bZVWVtfWN8qb9tb2zu6es3/QVEkmKTRowhPZDokCzgQ0NNMc2qkEEoccWuHwpvBbI5CKJeJBj1PwY9IXLGKUaCMFjtO9Ba4JJo85nwRPth04FbfqToGXiTcnFTRHPXC+ur2EZjEITTlRquO5qfZzIjWjHCZ2N1OQEjokfegYKkgMys+nl0/wiVF6OEqkKaHxVP09kZNYqXEcms6Y6IFa9ArxP6+T6ejKz5lIMw2CzhZFGcc6wUUMuMckUM3HhhAqmbkV0wGRhGoTVhGCt/jyMmmeVb2Lqnt/Xqldz+MooyN0jE6Rhy5RDd2hOmogikboGb2iNyu3Xqx362PWWrLmM4foD6zPHy6kkrU=</latexit>

�alj

<latexit sha1_base64="kFnDw99NfRD6AHlUPp6Gt7TxtTw=">AAAB+3icbVDLSsNAFL2prxpfsS7dDBZBEEoiii6LunBZwT6gjWEynbRDJw9nJmIJ+RU3LhRx64+482+ctF1o64ELh3Pu5d57/IQzqWz72ygtLa+srpXXzY3Nre0da7fSknEqCG2SmMei42NJOYtoUzHFaScRFIc+p21/dFX47UcqJIujOzVOqBviQcQCRrDSkmdVeteUK4zwfcaPndx7ME3Pqto1ewK0SJwZqcIMDc/66vVjkoY0UoRjKbuOnSg3w0Ixwmlu9lJJE0xGeEC7mkY4pNLNJrfn6FArfRTEQlek0ET9PZHhUMpx6OvOEKuhnPcK8T+vm6rgws1YlKSKRmS6KEg5UjEqgkB9JihRfKwJJoLpWxEZYoGJ0nEVITjzLy+S1knNOavZt6fV+uUsjjLswwEcgQPnUIcbaEATCDzBM7zCm5EbL8a78TFtLRmzmT34A+PzBxkgkyw=</latexit>

�al+1
q

<latexit sha1_base64="fVqUzJm6yMmoUYwMIaImVY3XnpM=">AAAB+HicbVBNS8NAEJ3Ur1o/GvXoZbEInkoiih6LevDgoYL9gDaGzXbTLt3dhN2NUEN/iRcPinj1p3jz35i0OWj1wcDjvRlm5gUxZ9o4zpdVWlpeWV0rr1c2Nre2q/bObltHiSK0RSIeqW6ANeVM0pZhhtNurCgWAaedYHyZ+50HqjSL5J2ZxNQTeChZyAg2meTb1f4V5QYjfJ/eTH1R8e2aU3dmQH+JW5AaFGj69md/EJFEUGkIx1r3XCc2XoqVYYTTaaWfaBpjMsZD2suoxIJqL50dPkWHmTJAYaSykgbN1J8TKRZaT0SQdQpsRnrRy8X/vF5iwnMvZTJODJVkvihMODIRylNAA6YoMXySEUwUy25FZIQVJibLKg/BXXz5L2kf193TunN7UmtcFHGUYR8O4AhcOIMGXEMTWkAggSd4gVfr0Xq23qz3eWvJKmb24Besj2/IgZKE</latexit>

�aLm

<latexit sha1_base64="glScHi4k/SrAkF3ga25dzPPFknI="></latexit>

�C ⇡
X

mnp...q

@C

@aLm

@aLm
@aL�1

n

@aL�1
n

@aL�2
p

. . .
@al+1

q

@alj

@alj
@wl

jk

�wl
jk

<latexit sha1_base64="ER4bhxQ34TXIzq47yo3S+iRT2mE=">AAAB73icbVBNS8NAEJ3Urxq/qh69LBbBU0lE0WPRi8cKthbaUDabTbt0sxt3N0IJ/RNePCji1b/jzX/jps1BWx8MPN6bYWZemHKmjed9O5WV1bX1jeqmu7W9s7tX2z/oaJkpQttEcqm6IdaUM0HbhhlOu6miOAk5fQjHN4X/8ESVZlLcm0lKgwQPBYsZwcZK3T6JpNGuO6jVvYY3A1omfknqUKI1qH31I0myhApDONa653upCXKsDCOcTt1+pmmKyRgPac9SgROqg3x27xSdWCVCsVS2hEEz9fdEjhOtJ0loOxNsRnrRK8T/vF5m4qsgZyLNDBVkvijOODISFc+jiClKDJ9Ygoli9lZERlhhYmxERQj+4svLpHPW8C8a3t15vXldxlGFIziGU/DhEppwCy1oAwEOz/AKb86j8+K8Ox/z1opTzhzCHzifPxzij1s=</latexit>· · ·

<latexit sha1_base64="scFJ8qo/D2CWfGpQbDE/I6g/i2U="></latexit>

@C

@wl
jk

=
X

mnp...q

@C

@aLm

@aLm
@aL�1

n

@aL�1
n

@aL�2
p

. . .
@al+1

q

@alj

@alj
@wl

jk

Sigmoid is differentiable 

http://neuralnetworksanddeeplearning.com/chap2.html

http://neuralnetworksanddeeplearning.com/chap2.html
http://neuralnetworksanddeeplearning.com/chap2.html


Cross-entropy as cost function （cost function of logistic regression）
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Regularization
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Learning slowdown when output neuron saturates
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Improving the way neural networks learn
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Error in output control the learning 
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