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Neural Networks: background 

Common Network Structures 

• FC-NN; CNN; RNN; Transformer  

Learning Criterion + SGD   

Auto Differentiation: error back-propagation 

Lots of fine-tuning tricks 

Outline
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Brain: biological neuronal networks 
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neuronbrain biological  
Neuronal nets

100 billion (1012) neurons; 100 trillion (1015) connections.  

Neuron itself is simple.  

Connections and weights are more important in neuronal 
networks. 

Connections and weights are all learnable.



Artificial Neuron: a simple math model  
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Linear combination + a nonlinear activation function

sigmoid
tanh rectified linear (ReLU)



Artificial Neural Network Construction  
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Fully-connected layers: for universal function approximation  

Convolution layers: for locality modelling and weight sharing   

Feedbacks: recurrent way to keep track of history in sequences  

Tapped-delay-lines: nonrecurrent ways to memorize history in sequences 

Attentions: feature selection or long-span dependence in sequences

neural 
networks

input 
features 

x

output 
targets 

y



Universal Approximator Theory: established around 1989-90  

- G. Cybenko (1989); K. Hornik (1991) 

One hidden layer is theoretically sufficient, but it may need to be 
extremely large.
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Neural Networks: (a bit) theory



Neural Networks: (a bit) theory  
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Universal Approximator Theory is a double-edged sword: 

- Model is powerful  

- Overfitting  

data  =    signal   +   noise



Neural Network Structures 
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Feedforward DNNs: multiple fully-connected layers 

- Fixed-size input —> fixed-size output 

- Memoryless 

Convolutional Neural Networks (CNNs) 

Recurrent Neural networks (RNNs) 

Transformers



Fully-Connected (FC) Neural Networks  
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Convolutional Neural Networks (CNN)
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Convolution sum: a local feature extractor 

Convolutional Neural Networks (CNNs): 

• Extension #1: multiple input feature plies  

• Extension #2: more kernels  feature maps in output   

• Extension #3: multiple input dimensions (2D/3D) 

• Extension #4: more layers (+ ReLU + max-pooling) 

Case study: ResNet — very deep structure with shortcut paths 

⟹



Convolution (1): basics
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Convolution sum (1-dim): a basic operation in signal processing  

input 
x

kernel 
w

output 
y

x1
<latexit sha1_base64="vFBz/KducQJDf1NekQub1nJLDsE=">AAAB4HicbVC7SgNBFL0bXzG+ooKNzWAQrMJuLLQMsbFM0DwgCWF2MpsMmZ1dZu6KIaS3EbFR8B/8Cwt/wcZvcfJoknjgwuGcc5l7xo+lMOi6P05qbX1jcyu9ndnZ3ds/yB4e1UyUaMarLJKRbvjUcCkUr6JAyRux5jT0Ja/7g5uJX3/g2ohI3eMw5u2Q9pQIBKNopbvHjtfJ5ty8OwVZJd6c5IonlV/xWfoqd7LfrW7EkpArZJIa0/TcGNsjqlEwyceZVmJ4TNmA9vhoeuCYnFupS4JI21FIpupCjobGDEPfJkOKfbPsTcT/vGaCwXV7JFScIFds9lCQSIIRmbQlXaE5Qzm0hDIt7IWE9ammDO2fZGx1b7noKqkV8t5lvlDxcsUSzJCGUziDC/DgCopwC2WoAoMePMMbvDu+8+S8OK+zaMqZ7xzDApyPP7b0jO0=</latexit>

x2
<latexit sha1_base64="msR6zChe+hzKcc243CerNDae1HE=">AAAB4HicbVC7SgNBFL0bXzG+ooKNzWAQrMJuLLQMsbFM0DwgCWF2MpsMmZ1dZu6KIaS3EbFR8B/8Cwt/wcZvcfJoknjgwuGcc5l7xo+lMOi6P05qbX1jcyu9ndnZ3ds/yB4e1UyUaMarLJKRbvjUcCkUr6JAyRux5jT0Ja/7g5uJX3/g2ohI3eMw5u2Q9pQIBKNopbvHTqGTzbl5dwqySrw5yRVPKr/is/RV7mS/W92IJSFXyCQ1pum5MbZHVKNgko8zrcTwmLIB7fHR9MAxObdSlwSRtqOQTNWFHA2NGYa+TYYU+2bZm4j/ec0Eg+v2SKg4Qa7Y7KEgkQQjMmlLukJzhnJoCWVa2AsJ61NNGdo/ydjq3nLRVVIr5L3LfKHi5YolmCENp3AGF+DBFRThFspQBQY9eIY3eHd858l5cV5n0ZQz3zmGBTgff7hujO4=</latexit>

x3
<latexit sha1_base64="qVnZ1qfLlPAEBexSQBOdMKCyv/4=">AAAB4HicbVC7TgJBFL2LL8QXamJjM5GYWJFdKLQk2FhClEcChMwOszBhdnYzc9dICL2NMTaa+A/+hYW/YOO3OIAN4ElucnLOuZl7xo+lMOi6305qbX1jcyu9ndnZ3ds/yB4e1U2UaMZrLJKRbvrUcCkUr6FAyZux5jT0JW/4w+up37jn2ohI3eEo5p2Q9pUIBKNopduHbrGbzbl5dwaySrw/kiudVH/ER/mz0s1+tXsRS0KukElqTMtzY+yMqUbBJJ9k2onhMWVD2ufj2YETcm6lHgkibUchmakLORoaMwp9mwwpDsyyNxX/81oJBledsVBxglyx+UNBIglGZNqW9ITmDOXIEsq0sBcSNqCaMrR/krHVveWiq6ReyHvFfKHq5UplmCMNp3AGF+DBJZTgBipQAwZ9eIJXeHN859F5dl7m0ZTzt3MMC3DefwG56Izv</latexit> · · ·<latexit sha1_base64="bPgAIn7GP7/CGb/WXZ07bsxf36Y=">AAAB43icbVDLSgMxFL1TX3V8VV26CRbBVZmpC92IRTcuK9gHtKVkMmkbm5kMyR2hlH6BGxE3Cq78GP0D8W9MH5u2HrhwOOdcck+CRAqDnvfrZFZW19Y3spvu1vbO7l5u/6BqVKoZrzAlla4H1HApYl5BgZLXE81pFEheC/o3Y7/2yLURKr7HQcJbEe3GoiMYRStVmyxUaNq5vFfwJiDLxJ+R/NWXe5l8/rjldu67GSqWRjxGJqkxDd9LsDWkGgWTfOQ2U8MTyvq0y4eTG0fkxEoh6ShtJ0YyUedyNDJmEAU2GVHsmUVvLP7nNVLsXLSGIk5S5DGbPtRJJUFFxoVJKDRnKAeWUKaFvZCwHtWUof0W11b3F4suk2qx4J8Vind+vnQNU2ThCI7hFHw4hxLcQhkqwOABnuEN3h3uPDkvzus0mnFmO4cwB+fjD8/Bjhw=</latexit>

· · ·<latexit sha1_base64="bPgAIn7GP7/CGb/WXZ07bsxf36Y=">AAAB43icbVDLSgMxFL1TX3V8VV26CRbBVZmpC92IRTcuK9gHtKVkMmkbm5kMyR2hlH6BGxE3Cq78GP0D8W9MH5u2HrhwOOdcck+CRAqDnvfrZFZW19Y3spvu1vbO7l5u/6BqVKoZrzAlla4H1HApYl5BgZLXE81pFEheC/o3Y7/2yLURKr7HQcJbEe3GoiMYRStVmyxUaNq5vFfwJiDLxJ+R/NWXe5l8/rjldu67GSqWRjxGJqkxDd9LsDWkGgWTfOQ2U8MTyvq0y4eTG0fkxEoh6ShtJ0YyUedyNDJmEAU2GVHsmUVvLP7nNVLsXLSGIk5S5DGbPtRJJUFFxoVJKDRnKAeWUKaFvZCwHtWUof0W11b3F4suk2qx4J8Vind+vnQNU2ThCI7hFHw4hxLcQhkqwOABnuEN3h3uPDkvzus0mnFmO4cwB+fjD8/Bjhw=</latexit>

w1
<latexit sha1_base64="1lb2mT2mbAzT0aSK7hZiiokfRcw=">AAAB4HicbVC7SgNBFL0bXzG+ooKNzWAQrMJuLLQMsbFM0DwgCWF2MpsMmZ1dZu4qIaS3EbFR8B/8Cwt/wcZvcfJoknjgwuGcc5l7xo+lMOi6P05qbX1jcyu9ndnZ3ds/yB4e1UyUaMarLJKRbvjUcCkUr6JAyRux5jT0Ja/7g5uJX3/g2ohI3eMw5u2Q9pQIBKNopbvHjtfJ5ty8OwVZJd6c5IonlV/xWfoqd7LfrW7EkpArZJIa0/TcGNsjqlEwyceZVmJ4TNmA9vhoeuCYnFupS4JI21FIpupCjobGDEPfJkOKfbPsTcT/vGaCwXV7JFScIFds9lCQSIIRmbQlXaE5Qzm0hDIt7IWE9ammDO2fZGx1b7noKqkV8t5lvlDxcsUSzJCGUziDC/DgCopwC2WoAoMePMMbvDu+8+S8OK+zaMqZ7xzDApyPP7V4jOw=</latexit>

w2
<latexit sha1_base64="p3efgk5avjNDv3LBqRPRZGltLQA=">AAAB4HicbVC7SgNBFL0bXzG+ooKNzWAQrMJuLLQMsbFM0DwgCWF2MpsMmZ1dZu4qIaS3EbFR8B/8Cwt/wcZvcfJoknjgwuGcc5l7xo+lMOi6P05qbX1jcyu9ndnZ3ds/yB4e1UyUaMarLJKRbvjUcCkUr6JAyRux5jT0Ja/7g5uJX3/g2ohI3eMw5u2Q9pQIBKNopbvHTqGTzbl5dwqySrw5yRVPKr/is/RV7mS/W92IJSFXyCQ1pum5MbZHVKNgko8zrcTwmLIB7fHR9MAxObdSlwSRtqOQTNWFHA2NGYa+TYYU+2bZm4j/ec0Eg+v2SKg4Qa7Y7KEgkQQjMmlLukJzhnJoCWVa2AsJ61NNGdo/ydjq3nLRVVIr5L3LfKHi5YolmCENp3AGF+DBFRThFspQBQY9eIY3eHd858l5cV5n0ZQz3zmGBTgff7byjO0=</latexit>

w3
<latexit sha1_base64="E33JYjuRChYl+EcyrLlht2W67CY=">AAAB4HicbVC7TgJBFL2LL8QXamJjM5GYWJFdKLQk2FhClEcChMwOszBhdnYzc1dDCL2NMTaa+A/+hYW/YOO3OIAN4ElucnLOuZl7xo+lMOi6305qbX1jcyu9ndnZ3ds/yB4e1U2UaMZrLJKRbvrUcCkUr6FAyZux5jT0JW/4w+up37jn2ohI3eEo5p2Q9pUIBKNopduHbrGbzbl5dwaySrw/kiudVH/ER/mz0s1+tXsRS0KukElqTMtzY+yMqUbBJJ9k2onhMWVD2ufj2YETcm6lHgkibUchmakLORoaMwp9mwwpDsyyNxX/81oJBledsVBxglyx+UNBIglGZNqW9ITmDOXIEsq0sBcSNqCaMrR/krHVveWiq6ReyHvFfKHq5UplmCMNp3AGF+DBJZTgBipQAwZ9eIJXeHN859F5dl7m0ZTzt3MMC3DefwG4bIzu</latexit>

xd�1
<latexit sha1_base64="KLOJW+Cptf/md6nqhWVL3NCNi70=">AAAB5HicbVDJSgNBFHwTtxi3qEcvrUGIB8NMPOgx6MVjBLNAEkJPT0/SpGeh+40YhvyBICJeFPwYT/6CH+LdznJJYsGDoqoe/ardWAqNtv1jZVZW19Y3spu5re2d3b38/kFdR4livMYiGammSzWXIuQ1FCh5M1acBq7kDXdwM/YbD1xpEYX3OIx5J6C9UPiCUTRS47GbeufOqJsv2CV7ArJMnBkpVI6Lv1/P7bNqN//d9iKWBDxEJqnWLceOsZNShYJJPsq1E81jyga0x9PJkSNyaiSP+JEyEyKZqHM5Gmg9DFyTDCj29aI3Fv/zWgn6V51UhHGCPGTTh/xEEozIuDHxhOIM5dAQypQwFxLWp4oyNP+SM9WdxaLLpF4uORel8p1TqFzDFFk4ghMoggOXUIFbqEINGAzgBd7hw/KtJ+vVeptGM9Zs5xDmYH3+ATMZjlE=</latexit>

xd
<latexit sha1_base64="QvvEm3G6fGwS9Tsu0S3NwzdMh+8=">AAAB4nicbVC7SgNBFL3rM8ZXVLCxGQyCVdiNhZYhNpYJuEkgCWF2djYZMvtg5q4YlvyAjYiNgr/gX1j4CzZ+i5NHk8QDFw7nnMvcM14ihUbb/rHW1jc2t7ZzO/ndvf2Dw8LRcUPHqWLcZbGMVcujmksRcRcFSt5KFKehJ3nTG95O/OYDV1rE0T2OEt4NaT8SgWAUjeQ+9jJ/3CsU7ZI9BVklzpwUK6f1X/FZ/ar1Ct8dP2ZpyCNkkmrdduwEuxlVKJjk43wn1TyhbEj7PJueOCYXRvJJECszEZKpupCjodaj0DPJkOJAL3sT8T+vnWJw081ElKTIIzZ7KEglwZhM+hJfKM5QjgyhTAlzIWEDqihD8yt5U91ZLrpKGuWSc1Uq151ipQoz5OAMzuESHLiGCtxBDVxgIOAZ3uDd8q0n68V6nUXXrPnOCSzA+vgDvVaOLA==</latexit>

y2
<latexit sha1_base64="W3Q7aG5uqWLaXPPkOjSzfsWMH9g=">AAAB4HicbVDJSgNBFHwTtxi3qEdFGoPgKcyMBz0GvXhM0CyQhNDT6Uma9Cx0vxGGkKPgRcSLgl+ST/AX/AZ/ws5ySWLBg6KqHv2qvVgKjbb9Y2XW1jc2t7LbuZ3dvf2D/OFRTUeJYrzKIhmphkc1lyLkVRQoeSNWnAae5HVvcDfx609caRGFj5jGvB3QXih8wSga6SHtuJ18wS7aU5BV4sxJoXQ6rvw+n43Lnfx3qxuxJOAhMkm1bjp2jO0hVSiY5KNcK9E8pmxAe3w4PXBELozUJX6kzIRIpupCjgZap4FnkgHFvl72JuJ/XjNB/6Y9FGGcIA/Z7CE/kQQjMmlLukJxhjI1hDIlzIWE9amiDM2f5Ex1Z7noKqm5Reeq6FacQukWZsjCCZzDJThwDSW4hzJUgUEPXuEDPi3PerHerPdZNGPNd45hAdbXH8fdjPk=</latexit>

y1
<latexit sha1_base64="cF0+w8lX5gybeenQUi3Hplno9iU=">AAAB4HicbVDJSgNBFHwTtxi3qEdFGoPgKczEgx4HvXhM0CyQhNDT6Uma9Cx0vxGGkKPgRcSLgl+ST/AX/AZ/ws5ySWLBg6KqHv2qvVgKjbb9Y2XW1jc2t7LbuZ3dvf2D/OFRTUeJYrzKIhmphkc1lyLkVRQoeSNWnAae5HVvcDfx609caRGFj5jGvB3QXih8wSga6SHtOJ18wS7aU5BV4sxJwT0dV36fz8blTv671Y1YEvAQmaRaNx07xvaQKhRM8lGulWgeUzagPT6cHjgiF0bqEj9SZkIkU3UhRwOt08AzyYBiXy97E/E/r5mgf9MeijBOkIds9pCfSIIRmbQlXaE4Q5kaQpkS5kLC+lRRhuZPcqa6s1x0ldRKReeqWKo4BfcWZsjCCZzDJThwDS7cQxmqwKAHr/ABn5ZnvVhv1vssmrHmO8ewAOvrD8ZjjPg=</latexit>

y3
<latexit sha1_base64="ePChtGCfBp/Se/nu0v12LyES8Jg=">AAAB4HicbVDJSgNBFHwTtxiXRD0q0hgET2EmOegx6MVjgmaBJISeTk/SpGeh+40whBwFLyJeFPySfIK/4Df4E3aWSxILHhRV9ehX7UZSaLTtHyu1sbm1vZPezeztHxxmc0fHdR3GivEaC2Womi7VXIqA11Cg5M1Iceq7kjfc4d3UbzxxpUUYPGIS8Y5P+4HwBKNopIekW+rm8nbBnoGsE2dB8uWzSfX3+XxS6ea+272QxT4PkEmqdcuxI+yMqELBJB9n2rHmEWVD2uej2YFjcmmkHvFCZSZAMlOXctTXOvFdk/QpDvSqNxX/81oxejedkQiiGHnA5g95sSQYkmlb0hOKM5SJIZQpYS4kbEAVZWj+JGOqO6tF10m9WHBKhWLVyZdvYY40nMIFXIED11CGe6hADRj04RU+4NNyrRfrzXqfR1PWYucElmB9/QHJV4z6</latexit>

yn�1
<latexit sha1_base64="a0ob8Xe+bxP87SgwvtAhG54dRf8=">AAAB5HicbVDLSgMxFL3js9ZX1aWbaBHqwjJTF7osunFZwT6gLSWTZtrQTGZI7ghl6B8IIuJGwY9x5S/4Ie5NH5u2HrhwOOdcck/8WAqDrvvjrKyurW9sZray2zu7e/u5g8OaiRLNeJVFMtINnxouheJVFCh5I9achr7kdX9wO/brj1wbEakHHMa8HdKeEoFgFK1UH3ZSdeGNOrm8W3QnIMvEm5F8+aTw+/XcOq90ct+tbsSSkCtkkhrT9NwY2ynVKJjko2wrMTymbEB7PJ0cOSJnVuqSINJ2FJKJOpejoTHD0LfJkGLfLHpj8T+vmWBw3U6FihPkik0fChJJMCLjxqQrNGcoh5ZQpoW9kLA+1ZSh/Zesre4tFl0mtVLRuyyW7r18+QamyMAxnEIBPLiCMtxBBarAYAAv8A4fTuA8Oa/O2zS64sx2jmAOzucfQ3uOXA==</latexit>

yn
<latexit sha1_base64="cvQ6iDjpeOlxBzK09pBbFX5RUlk=">AAAB4nicbVDLSgMxFL1TX7W+qi4VCRbBVZlpF7osunHZgtMW2lIymUwbmskMSUYYhi7duBFxo+CH9BP8Bb/BnzB9bNp64MLhnHPJPfFizpS27R8rt7G5tb2T3y3s7R8cHhWPT5oqSiShLol4JNseVpQzQV3NNKftWFIcepy2vNH91G89UalYJB51GtNeiAeCBYxgbSQ37Wdi3C+W7LI9A1onzoKUaueTxu/zxaTeL353/YgkIRWacKxUx7Fj3cuw1IxwOi50E0VjTEZ4QLPZiWN0ZSQfBZE0IzSaqUs5HCqVhp5JhlgP1ao3Ff/zOokObnsZE3GiqSDzh4KEIx2haV/kM0mJ5qkhmEhmLkRkiCUm2vxKwVR3Vouuk2al7FTLlYZTqt3BHHk4g0u4BgduoAYPUAcXCDB4hQ/4tHzrxXqz3ufRnLXYOYUlWF9/25WOQQ==</latexit>

• size: input d, kernel f        
               output n=d-f+1 
• complexity:  
• stride: s=1,2,… 
• zero padding in input

)
<latexit sha1_base64="OBQjtfZ4JH2nw3aCvE+I0m/UXF8=">AAAB6HicbVDLSgMxFL1TX3V8VV26CRbBVZmpC92IRTcuq9gHtKVk0rSNzUyG5I5SSv/BjYgbBf0Y/QPxb0wfm7YeuHA451xyT4JYCoOe9+uklpZXVtfS6+7G5tb2TmZ3r2xUohkvMSWVrgbUcCkiXkKBkldjzWkYSF4Jelcjv/LAtREqusN+zBsh7USiLRhFK9Xqt6LTRaq1emxmsl7OG4MsEn9Kshdf7nn8+eMWm5nvekuxJOQRMkmNqflejI0B1SiY5EO3nhgeU9ajHT4YHzokR1ZqkbbSdiIkY3UmR0Nj+mFgkyHFrpn3RuJ/Xi3B9lljIKI4QR6xyUPtRBJUZNSatITmDGXfEsq0sBcS1qWaMrR/49rq/nzRRVLO5/yTXP7GzxYuYYI0HMAhHIMPp1CAayhCCRgoeIY3eHfunSfnxXmdRFPOdGcfZuB8/AGd25Ba</latexit>

O(d · f)
<latexit sha1_base64="icO75FNBlY95TtKmFMqlDgY83eE=">AAAB6HicbVDLSgMxFL1TX7W+qi7dhBahIpSZutDloBt3VrAP6JSSyWTa2MxkSDLCUPoPLhRxo+DX+Av9G9PHpq0HLhzOOZfcEz/hTGnbnli5jc2t7Z38bmFv/+DwqHh80lQilYQ2iOBCtn2sKGcxbWimOW0nkuLI57TlD++mfuuFSsVE/KSzhHYj3I9ZyAjWRuo8VAKPBEKj8KJXLNtVewa0TpwFKbsl7/Jt4mb1XvHXCwRJIxprwrFSHcdOdHeEpWaE03HBSxVNMBniPh3NDh2jcyMFKBTSTKzRTF3K4UipLPJNMsJ6oFa9qfif10l1eNMdsThJNY3J/KEw5UgLNG2NAiYp0TwzBBPJzIWIDLDERJu/KZjqzmrRddKsVZ2rau3RKbu3MEcezqAEFXDgGly4hzo0gICAd/iCb+vZerU+rM95NGctdk5hCdbPH+3DjzM=</latexit>

• locality modelling: only capture a local feature  
• weights sharing:  f (<d) weights  
                         (vs. d x n weights in fully-connected ) 

y = x ⇤w =) yj =
Pf

i=1 wi ⇥ xj+i�1 (8j = 1, · · · , n)
<latexit sha1_base64="REF4xgWYxPd098LTncUbQRsYgmI="></latexit>



Convolution (2): multiple kernels

12

Extension #1: allow multiple feature plies (e.g. RGB) in each input location

· · ·<latexit sha1_base64="bPgAIn7GP7/CGb/WXZ07bsxf36Y=">AAAB43icbVDLSgMxFL1TX3V8VV26CRbBVZmpC92IRTcuK9gHtKVkMmkbm5kMyR2hlH6BGxE3Cq78GP0D8W9MH5u2HrhwOOdcck+CRAqDnvfrZFZW19Y3spvu1vbO7l5u/6BqVKoZrzAlla4H1HApYl5BgZLXE81pFEheC/o3Y7/2yLURKr7HQcJbEe3GoiMYRStVmyxUaNq5vFfwJiDLxJ+R/NWXe5l8/rjldu67GSqWRjxGJqkxDd9LsDWkGgWTfOQ2U8MTyvq0y4eTG0fkxEoh6ShtJ0YyUedyNDJmEAU2GVHsmUVvLP7nNVLsXLSGIk5S5DGbPtRJJUFFxoVJKDRnKAeWUKaFvZCwHtWUof0W11b3F4suk2qx4J8Vind+vnQNU2ThCI7hFHw4hxLcQhkqwOABnuEN3h3uPDkvzus0mnFmO4cwB+fjD8/Bjhw=</latexit>

· · ·<latexit sha1_base64="bPgAIn7GP7/CGb/WXZ07bsxf36Y=">AAAB43icbVDLSgMxFL1TX3V8VV26CRbBVZmpC92IRTcuK9gHtKVkMmkbm5kMyR2hlH6BGxE3Cq78GP0D8W9MH5u2HrhwOOdcck+CRAqDnvfrZFZW19Y3spvu1vbO7l5u/6BqVKoZrzAlla4H1HApYl5BgZLXE81pFEheC/o3Y7/2yLURKr7HQcJbEe3GoiMYRStVmyxUaNq5vFfwJiDLxJ+R/NWXe5l8/rjldu67GSqWRjxGJqkxDd9LsDWkGgWTfOQ2U8MTyvq0y4eTG0fkxEoh6ShtJ0YyUedyNDJmEAU2GVHsmUVvLP7nNVLsXLSGIk5S5DGbPtRJJUFFxoVJKDRnKAeWUKaFvZCwHtWUof0W11b3F4suk2qx4J8Vind+vnQNU2ThCI7hFHw4hxLcQhkqwOABnuEN3h3uPDkvzus0mnFmO4cwB+fjD8/Bjhw=</latexit>

}input 
plies 

x

}kernel 
w

y1
<latexit sha1_base64="cF0+w8lX5gybeenQUi3Hplno9iU=">AAAB4HicbVDJSgNBFHwTtxi3qEdFGoPgKczEgx4HvXhM0CyQhNDT6Uma9Cx0vxGGkKPgRcSLgl+ST/AX/AZ/ws5ySWLBg6KqHv2qvVgKjbb9Y2XW1jc2t7LbuZ3dvf2D/OFRTUeJYrzKIhmphkc1lyLkVRQoeSNWnAae5HVvcDfx609caRGFj5jGvB3QXih8wSga6SHtOJ18wS7aU5BV4sxJwT0dV36fz8blTv671Y1YEvAQmaRaNx07xvaQKhRM8lGulWgeUzagPT6cHjgiF0bqEj9SZkIkU3UhRwOt08AzyYBiXy97E/E/r5mgf9MeijBOkIds9pCfSIIRmbQlXaE4Q5kaQpkS5kLC+lRRhuZPcqa6s1x0ldRKReeqWKo4BfcWZsjCCZzDJThwDS7cQxmqwKAHr/ABn5ZnvVhv1vssmrHmO8ewAOvrD8ZjjPg=</latexit> · · ·<latexit sha1_base64="bPgAIn7GP7/CGb/WXZ07bsxf36Y=">AAAB43icbVDLSgMxFL1TX3V8VV26CRbBVZmpC92IRTcuK9gHtKVkMmkbm5kMyR2hlH6BGxE3Cq78GP0D8W9MH5u2HrhwOOdcck+CRAqDnvfrZFZW19Y3spvu1vbO7l5u/6BqVKoZrzAlla4H1HApYl5BgZLXE81pFEheC/o3Y7/2yLURKr7HQcJbEe3GoiMYRStVmyxUaNq5vFfwJiDLxJ+R/NWXe5l8/rjldu67GSqWRjxGJqkxDd9LsDWkGgWTfOQ2U8MTyvq0y4eTG0fkxEoh6ShtJ0YyUedyNDJmEAU2GVHsmUVvLP7nNVLsXLSGIk5S5DGbPtRJJUFFxoVJKDRnKAeWUKaFvZCwHtWUof0W11b3F4suk2qx4J8Vind+vnQNU2ThCI7hFHw4hxLcQhkqwOABnuEN3h3uPDkvzus0mnFmO4cwB+fjD8/Bjhw=</latexit>y2

<latexit sha1_base64="W3Q7aG5uqWLaXPPkOjSzfsWMH9g=">AAAB4HicbVDJSgNBFHwTtxi3qEdFGoPgKcyMBz0GvXhM0CyQhNDT6Uma9Cx0vxGGkKPgRcSLgl+ST/AX/AZ/ws5ySWLBg6KqHv2qvVgKjbb9Y2XW1jc2t7LbuZ3dvf2D/OFRTUeJYrzKIhmphkc1lyLkVRQoeSNWnAae5HVvcDfx609caRGFj5jGvB3QXih8wSga6SHtuJ18wS7aU5BV4sxJoXQ6rvw+n43Lnfx3qxuxJOAhMkm1bjp2jO0hVSiY5KNcK9E8pmxAe3w4PXBELozUJX6kzIRIpupCjgZap4FnkgHFvl72JuJ/XjNB/6Y9FGGcIA/Z7CE/kQQjMmlLukJxhjI1hDIlzIWE9amiDM2f5Ex1Z7noKqm5Reeq6FacQukWZsjCCZzDJThwDSW4hzJUgUEPXuEDPi3PerHerPdZNGPNd45hAdbXH8fdjPk=</latexit>

y3
<latexit sha1_base64="ePChtGCfBp/Se/nu0v12LyES8Jg=">AAAB4HicbVDJSgNBFHwTtxiXRD0q0hgET2EmOegx6MVjgmaBJISeTk/SpGeh+40whBwFLyJeFPySfIK/4Df4E3aWSxILHhRV9ehX7UZSaLTtHyu1sbm1vZPezeztHxxmc0fHdR3GivEaC2Womi7VXIqA11Cg5M1Iceq7kjfc4d3UbzxxpUUYPGIS8Y5P+4HwBKNopIekW+rm8nbBnoGsE2dB8uWzSfX3+XxS6ea+272QxT4PkEmqdcuxI+yMqELBJB9n2rHmEWVD2uej2YFjcmmkHvFCZSZAMlOXctTXOvFdk/QpDvSqNxX/81oxejedkQiiGHnA5g95sSQYkmlb0hOKM5SJIZQpYS4kbEAVZWj+JGOqO6tF10m9WHBKhWLVyZdvYY40nMIFXIED11CGe6hADRj04RU+4NNyrRfrzXqfR1PWYucElmB9/QHJV4z6</latexit>

yk�1
<latexit sha1_base64="Ok7mCvKEoDRVsV6mNcGKc6knm+A=">AAAB5HicbVDJSgNBFHzjGuMW9eilNQjxYJiJBz0GvXiMYBZIQujp9CTN9Cx0vxGGIX8giIgXBT/Gk7/gh3i3s1ySWPCgqKpHv2o3lkKjbf9YK6tr6xubua389s7u3n7h4LCho0QxXmeRjFTLpZpLEfI6CpS8FStOA1fypuvfjv3mI1daROEDpjHvBnQQCk8wikZqpr3Mv3BGvULRLtsTkGXizEixelL6/XrunNd6he9OP2JJwENkkmrdduwYuxlVKJjko3wn0TymzKcDnk2OHJEzI/WJFykzIZKJOpejgdZp4JpkQHGoF72x+J/XTtC77mYijBPkIZs+5CWSYETGjUlfKM5QpoZQpoS5kLAhVZSh+Ze8qe4sFl0mjUrZuSxX7p1i9QamyMExnEIJHLiCKtxBDerAwIcXeIcPy7OerFfrbRpdsWY7RzAH6/MPPwSOWQ==</latexit>

yk
<latexit sha1_base64="mCf9wQE5eC2airknMH0gnueV4kI=">AAAB4HicbVDJSgNBFHwTtxi3qEdFGoPgKczEgx4HvXhM0CyQhNDT6Uma9Cx0vxGGkKPgRcSLgl+ST/AX/AZ/ws5ySWLBg6KqHv2qvVgKjbb9Y2XW1jc2t7LbuZ3dvf2D/OFRTUeJYrzKIhmphkc1lyLkVRQoeSNWnAae5HVvcDfx609caRGFj5jGvB3QXih8wSga6SHtDDr5gl20pyCrxJmTgns6rvw+n43Lnfx3qxuxJOAhMkm1bjp2jO0hVSiY5KNcK9E8pmxAe3w4PXBELozUJX6kzIRIpupCjgZap4FnkgHFvl72JuJ/XjNB/6Y9FGGcIA/Z7CE/kQQjMmlLukJxhjI1hDIlzIWE9amiDM2f5Ex1Z7noKqmVis5VsVRxCu4tzJCFEziHS3DgGly4hzJUgUEPXuEDPi3PerHerPdZNGPNd45hAdbXHxwWjTI=</latexit>

w11
<latexit sha1_base64="SfrKnVj0UhdphPnJi2BeLDQmiqQ=">AAAB43icbVC7SgNBFL0bXzG+ooKNzWAQrMJOLLQMsbFMwDwgCWF2MknGzD6YuauEJV9gI2Kj4Cf4Fxb+go3f4uTRJPHAhcM55zL3jBcpadB1f5zU2vrG5lZ6O7Ozu7d/kD08qpkw1lxUeahC3fCYEUoGoooSlWhEWjDfU6LuDW8mfv1BaCPD4A5HkWj7rB/InuQMrVR77CSUjjvZnJt3pyCrhM5JrnhS+ZWfpa9yJ/vd6oY89kWAXDFjmtSNsJ0wjZIrMc60YiMixoesL5LpjWNybqUu6YXaToBkqi7kmG/MyPds0mc4MMveRPzPa8bYu24nMohiFAGfPdSLFcGQTAqTrtSCoxpZwriW9kLCB0wzjvZbMrY6XS66SmqFPL3MFyo0VyzBDGk4hTO4AApXUIRbKEMVONzDM7zBuyOcJ+fFeZ1FU8585xgW4Hz8Ad9GjjM=</latexit>

w21
<latexit sha1_base64="GPI7oKrtlyY/cX42W7xyo26ZYZA=">AAAB43icbVC7TgJBFL2LL8QXamJjM5GYWJFdLLQk2FhCIo8ECJkdZmFk9pGZuxqy4QtsjLHRxE/wLyz8BRu/xWGhATzJTU7OOTdzz7iRFBpt+8fKrK1vbG5lt3M7u3v7B/nDo4YOY8V4nYUyVC2Xai5FwOsoUPJWpDj1Xcmb7uhm6jcfuNIiDO5wHPGuTweB8ASjaKTGYy8pOZNevmAX7RRklThzUiif1H7FZ+Wr2st/d/ohi30eIJNU67ZjR9hNqELBJJ/kOrHmEWUjOuBJeuOEnBupT7xQmQmQpOpCjvpaj33XJH2KQ73sTcX/vHaM3nU3EUEUIw/Y7CEvlgRDMi1M+kJxhnJsCGVKmAsJG1JFGZpvyZnqznLRVdIoFZ3LYqnmFMoVmCELp3AGF+DAFZThFqpQBwb38Axv8G5x68l6sV5n0Yw13zmGBVgff+DCjjQ=</latexit>

w31
<latexit sha1_base64="AneZEdhdPZXNsQWQzF3NKRv0DAE=">AAAB43icbVC7TgJBFL2LL8QXamJjM5GYWJFdKLAk2FhCIo8ECJkd7sLI7CMzsxqy4QtsjLHRxE/wLyz8BRu/xeHRAJ7kJifnnJu5Z9xIcKVt+8dKbWxube+kdzN7+weHR9njk4YKY8mwzkIRypZLFQoeYF1zLbAVSaS+K7Dpjm6mfvMBpeJhcKfHEXZ9Ogi4xxnVRmo89pKiM+llc3benoGsE2dBcuWz2i//rHxVe9nvTj9ksY+BZoIq1XbsSHcTKjVnAieZTqwwomxEB5jMbpyQSyP1iRdKM4EmM3UpR32lxr5rkj7VQ7XqTcX/vHasvetuwoMo1hiw+UNeLIgOybQw6XOJTIuxIZRJbi4kbEglZdp8S8ZUd1aLrpNGIe8U84WakytXYI40nMMFXIEDJSjDLVShDgzu4Rne4N1C68l6sV7n0ZS12DmFJVgff+I+jjU=</latexit>

w12
<latexit sha1_base64="uScJJObI7t5IDW40ENoRXQy86Qk=">AAAB43icbVC7TgJBFL2LL8QXamJjM5GYWJFdLLQk2FhCIo8ECJkdZmFk9pGZuxqy4QtsjLHRxE/wLyz8BRu/xWGhATzJTU7OOTdzz7iRFBpt+8fKrK1vbG5lt3M7u3v7B/nDo4YOY8V4nYUyVC2Xai5FwOsoUPJWpDj1Xcmb7uhm6jcfuNIiDO5wHPGuTweB8ASjaKTGYy9xSpNevmAX7RRklThzUiif1H7FZ+Wr2st/d/ohi30eIJNU67ZjR9hNqELBJJ/kOrHmEWUjOuBJeuOEnBupT7xQmQmQpOpCjvpaj33XJH2KQ73sTcX/vHaM3nU3EUEUIw/Y7CEvlgRDMi1M+kJxhnJsCGVKmAsJG1JFGZpvyZnqznLRVdIoFZ3LYqnmFMoVmCELp3AGF+DAFZThFqpQBwb38Axv8G5x68l6sV5n0Yw13zmGBVgff+DBjjQ=</latexit>

x11
<latexit sha1_base64="4gHt0KrNJmuJIMhbWnyS/6H0sTc=">AAAB43icbVC7SgNBFL0bXzG+ooKNzWAQrMJOLLQMsbFMwDwgCWF2MknGzD6YuSuGJV9gI2Kj4Cf4Fxb+go3f4uTRJPHAhcM55zL3jBcpadB1f5zU2vrG5lZ6O7Ozu7d/kD08qpkw1lxUeahC3fCYEUoGoooSlWhEWjDfU6LuDW8mfv1BaCPD4A5HkWj7rB/InuQMrVR77CSUjjvZnJt3pyCrhM5JrnhS+ZWfpa9yJ/vd6oY89kWAXDFjmtSNsJ0wjZIrMc60YiMixoesL5LpjWNybqUu6YXaToBkqi7kmG/MyPds0mc4MMveRPzPa8bYu24nMohiFAGfPdSLFcGQTAqTrtSCoxpZwriW9kLCB0wzjvZbMrY6XS66SmqFPL3MFyo0VyzBDGk4hTO4AApXUIRbKEMVONzDM7zBuyOcJ+fFeZ1FU8585xgW4Hz8AeDFjjQ=</latexit>

x21
<latexit sha1_base64="sy5xoLMkDzBfiW+o550d7SD1GcU=">AAAB43icbVC7TgJBFL2LL8QXamJjM5GYWJFdLLQk2FhCIo8ECJkdZmFk9pGZu0ay4QtsjLHRxE/wLyz8BRu/xWGhATzJTU7OOTdzz7iRFBpt+8fKrK1vbG5lt3M7u3v7B/nDo4YOY8V4nYUyVC2Xai5FwOsoUPJWpDj1Xcmb7uhm6jcfuNIiDO5wHPGuTweB8ASjaKTGYy8pOZNevmAX7RRklThzUiif1H7FZ+Wr2st/d/ohi30eIJNU67ZjR9hNqELBJJ/kOrHmEWUjOuBJeuOEnBupT7xQmQmQpOpCjvpaj33XJH2KQ73sTcX/vHaM3nU3EUEUIw/Y7CEvlgRDMi1M+kJxhnJsCGVKmAsJG1JFGZpvyZnqznLRVdIoFZ3LYqnmFMoVmCELp3AGF+DAFZThFqpQBwb38Axv8G5x68l6sV5n0Yw13zmGBVgff+JBjjU=</latexit>

x31
<latexit sha1_base64="wV1CrD/c3FiIUEBXS9rarOtPGQw=">AAAB43icbVC7TgJBFL2LL8QXamJjM5GYWJFdKLAk2FhCIo8ECJkd7sLI7CMzs0ay4QtsjLHRxE/wLyz8BRu/xeHRAJ7kJifnnJu5Z9xIcKVt+8dKbWxube+kdzN7+weHR9njk4YKY8mwzkIRypZLFQoeYF1zLbAVSaS+K7Dpjm6mfvMBpeJhcKfHEXZ9Ogi4xxnVRmo89pKiM+llc3benoGsE2dBcuWz2i//rHxVe9nvTj9ksY+BZoIq1XbsSHcTKjVnAieZTqwwomxEB5jMbpyQSyP1iRdKM4EmM3UpR32lxr5rkj7VQ7XqTcX/vHasvetuwoMo1hiw+UNeLIgOybQw6XOJTIuxIZRJbi4kbEglZdp8S8ZUd1aLrpNGIe8U84WakytXYI40nMMFXIEDJSjDLVShDgzu4Rne4N1C68l6sV7n0ZS12DmFJVgff+O9jjY=</latexit>

x41
<latexit sha1_base64="zucRyUdBdmJVbszv8lGwZsq210s=">AAAB43icbVDJSgNBFHwTtxi3qODFS2MQPIWZRNBjiBePCZgFkhB6Om+SNj0L3T1iGPIFXkS8KPgJ/oUHf8GL32JnuSSx4EFRVY9+1W4kuNK2/WOl1tY3NrfS25md3b39g+zhUV2FsWRYY6EIZdOlCgUPsKa5FtiMJFLfFdhwhzcTv/GAUvEwuNOjCDs+7Qfc44xqI9Ufu8mlM+5mc3benoKsEmdOcqWT6i//LH9Vutnvdi9ksY+BZoIq1XLsSHcSKjVnAseZdqwwomxI+5hMbxyTcyP1iBdKM4EmU3UhR32lRr5rkj7VA7XsTcT/vFasvetOwoMo1hiw2UNeLIgOyaQw6XGJTIuRIZRJbi4kbEAlZdp8S8ZUd5aLrpJ6Ie8U84WqkyuVYYY0nMIZXIADV1CCW6hADRjcwzO8wbuF1pP1Yr3OoilrvnMMC7A+/gDlOY43</latexit>

· · ·<latexit sha1_base64="bPgAIn7GP7/CGb/WXZ07bsxf36Y=">AAAB43icbVDLSgMxFL1TX3V8VV26CRbBVZmpC92IRTcuK9gHtKVkMmkbm5kMyR2hlH6BGxE3Cq78GP0D8W9MH5u2HrhwOOdcck+CRAqDnvfrZFZW19Y3spvu1vbO7l5u/6BqVKoZrzAlla4H1HApYl5BgZLXE81pFEheC/o3Y7/2yLURKr7HQcJbEe3GoiMYRStVmyxUaNq5vFfwJiDLxJ+R/NWXe5l8/rjldu67GSqWRjxGJqkxDd9LsDWkGgWTfOQ2U8MTyvq0y4eTG0fkxEoh6ShtJ0YyUedyNDJmEAU2GVHsmUVvLP7nNVLsXLSGIk5S5DGbPtRJJUFFxoVJKDRnKAeWUKaFvZCwHtWUof0W11b3F4suk2qx4J8Vind+vnQNU2ThCI7hFHw4hxLcQhkqwOABnuEN3h3uPDkvzus0mnFmO4cwB+fjD8/Bjhw=</latexit>

x12
<latexit sha1_base64="xOfmoSKJ26mB10DE8NQTuKturMo=">AAAB43icbVC7TgJBFL2LL8QXamJjM5GYWJFdLLQk2FhCIo8ECJkdZmFk9pGZu0ay4QtsjLHRxE/wLyz8BRu/xWGhATzJTU7OOTdzz7iRFBpt+8fKrK1vbG5lt3M7u3v7B/nDo4YOY8V4nYUyVC2Xai5FwOsoUPJWpDj1Xcmb7uhm6jcfuNIiDO5wHPGuTweB8ASjaKTGYy9xSpNevmAX7RRklThzUiif1H7FZ+Wr2st/d/ohi30eIJNU67ZjR9hNqELBJJ/kOrHmEWUjOuBJeuOEnBupT7xQmQmQpOpCjvpaj33XJH2KQ73sTcX/vHaM3nU3EUEUIw/Y7CEvlgRDMi1M+kJxhnJsCGVKmAsJG1JFGZpvyZnqznLRVdIoFZ3LYqnmFMoVmCELp3AGF+DAFZThFqpQBwb38Axv8G5x68l6sV5n0Yw13zmGBVgff+JAjjU=</latexit>

output y
• locality modelling 
• weights sharing

x1p
<latexit sha1_base64="r00Zhk66yMtCpFgncPk8MqbjriE=">AAAB43icbVC7TgJBFL2LLwQfqKXNRDSxIrtQaEm0scREHgkQMjvchZHZR2ZmiWTDF9gYY6OJv+EP2PgLfojWDo8G8CQ3OTnn3Mw940aCK23b31ZqbX1jcyu9ncnu7O7t5w4OayqMJcMqC0UoGy5VKHiAVc21wEYkkfquwLo7uJ749SFKxcPgTo8ibPu0F3CPM6qNVHvoJE407uTydsGegqwSZ07y5dOfj89h9rfSyX21uiGLfQw0E1SppmNHup1QqTkTOM60YoURZQPaw2R645icGalLvFCaCTSZqgs56is18l2T9Knuq2VvIv7nNWPtXbYTHkSxxoDNHvJiQXRIJoVJl0tkWowMoUxycyFhfSop0+ZbMqa6s1x0ldSKBadUKN46+fIVzJCGYziBc3DgAspwAxWoAoN7eIJXeLPQerSerZdZNGXNd45gAdb7Hxqxjxs=</latexit>

w1p
<latexit sha1_base64="fLMdlN+cg4clTVUhY7xSAdvplfs=">AAAB43icbVC7TgJBFL2LLwQfqKXNRDSxIrtQaEm0scREHgkQMjvchZHZR2ZmMWTDF9gYY6OJv+EP2PgLfojWDo8G8CQ3OTnn3Mw940aCK23b31ZqbX1jcyu9ncnu7O7t5w4OayqMJcMqC0UoGy5VKHiAVc21wEYkkfquwLo7uJ749SFKxcPgTo8ibPu0F3CPM6qNVHvoJE407uTydsGegqwSZ07y5dOfj89h9rfSyX21uiGLfQw0E1SppmNHup1QqTkTOM60YoURZQPaw2R645icGalLvFCaCTSZqgs56is18l2T9Knuq2VvIv7nNWPtXbYTHkSxxoDNHvJiQXRIJoVJl0tkWowMoUxycyFhfSop0+ZbMqa6s1x0ldSKBadUKN46+fIVzJCGYziBc3DgAspwAxWoAoN7eIJXeLPQerSerZdZNGXNd45gAdb7Hxkyjxo=</latexit>

f

y = x ⇤ w
<latexit sha1_base64="mfKdOrB6m7YLySCSpf4FAJmlzn8=">AAACA3icbVDLSsNAFL2pr1pfUZeKDFZBXJSkLnQjFN24bME+oC1lMp20QycPZiZqKFl246+4EXFRBff+gt/gT5i0VWjrgYFzzzmXufdaPmdSGcaXllpYXFpeSa9m1tY3Nrf07Z2K9AJBaJl43BM1C0vKmUvLiilOa76g2LE4rVq968Sv3lEhmefeqtCnTQd3XGYzglUstfSjhoNV17L7YYQu0W/xEKHTv+I+aulZI2eMgOaJOSHZwv6w9D04GBZb+mej7ZHAoa4iHEtZNw1fNftYKEY4jTKNQFIfkx7u0P5ohwgdx1Ib2Z6In6vQSJ3KYUfK0LHiZDKXnPUS8T+vHij7otlnrh8o6pLxR3bAkfJQchDUZoISxcOYYCJYPCEiXSwwUfHZMvHq5uyi86SSz5lnuXzJzBauYIw07MEhnIAJ51CAGyhCGQg8wjO8wbs20J60F+11HE1pk55dmIL28QOJLJsL</latexit>

• size: input , kernel       
           output  
• complexity:   
• stride: s=1,2,… 
• zero padding in input 

d × p f × p
⟹ d − f + 1

O(d ⋅ f ⋅ p)

yj =
Pp

i=1

Pf
k=1 wk,ixj+k�1,i

<latexit sha1_base64="f+XlKddNIw/CVLo5rUZ/nxMoQU8=">AAACFHicbVBLSwMxGMzWV62vqkcvwVIQ1LJbEb0Uil48VrAPaOuSTbNtutkHSVZdlv4NL+I/8SIiiIJX9Yd4N9v20taBwHwzE5L5rIBRIXX9R0vNzS8sLqWXMyura+sb2c2tmvBDjkkV+8znDQsJwqhHqpJKRhoBJ8i1GKlbznni128IF9T3rmQUkLaLuh61KUZSSWb2ODL7sARbInTNmJaMwXUwHpxksCGEt4of0AG8M+P+vnNoKG5mc3pBHwLOEmNMcuX87/fXY6ZbMbNvrY6PQ5d4EjMkRNPQA9mOEZcUMzLItEJBAoQd1CXxsNQA5pXUgbbP1fEkHKoTOeQKEbmWSrpI9sS0l4j/ec1Q2qftmHpBKImHRw/ZIYPSh8mGYIdygiWLFEGYU/VDiHuIIyzVHjOqujFddJbUigXjqFC8NHLlMzBCGuyAXbAHDHACyuACVEAVYPAAnsE7+NDutSftRXsdRVPa+M42mID2+QdcbaDB</latexit>



Convolution (3): multiple kernels
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Extension #2: allow multiple kernels to catch different local features

· · ·<latexit sha1_base64="bPgAIn7GP7/CGb/WXZ07bsxf36Y=">AAAB43icbVDLSgMxFL1TX3V8VV26CRbBVZmpC92IRTcuK9gHtKVkMmkbm5kMyR2hlH6BGxE3Cq78GP0D8W9MH5u2HrhwOOdcck+CRAqDnvfrZFZW19Y3spvu1vbO7l5u/6BqVKoZrzAlla4H1HApYl5BgZLXE81pFEheC/o3Y7/2yLURKr7HQcJbEe3GoiMYRStVmyxUaNq5vFfwJiDLxJ+R/NWXe5l8/rjldu67GSqWRjxGJqkxDd9LsDWkGgWTfOQ2U8MTyvq0y4eTG0fkxEoh6ShtJ0YyUedyNDJmEAU2GVHsmUVvLP7nNVLsXLSGIk5S5DGbPtRJJUFFxoVJKDRnKAeWUKaFvZCwHtWUof0W11b3F4suk2qx4J8Vind+vnQNU2ThCI7hFHw4hxLcQhkqwOABnuEN3h3uPDkvzus0mnFmO4cwB+fjD8/Bjhw=</latexit>
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• locality modelling 
• weights sharing

• size: input , kernel       
         output  
• complexity:   
• stride: s=1,2,… 
• zero padding in input 

d × p f × p × k
⟹ (d − f + 1) × k

O(d ⋅ f ⋅ p ⋅ k)

y = x ⇤ w
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Convolution (4): multiple input dimensions
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Extension #3: allow multiple input dimensions (2D:images; 3D:videos)

• locality modelling: capture 
local features in 2D space  

• weights sharing

• size: input , kernel      
           output  
• complexity:  
• stride: s=1,2,… 
• zero padding in input 

d2 × p f2 × p × k
⟹ (d − f + 1) × k

O(d2 ⋅ f2 ⋅ p ⋅ k)

y = x ⇤ w
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Convolutional Neural Networks (CNN)
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Extension #4: stack many convolution layers  
Each layer: (convolution + nonlinear ReLU) + max pooling 
Complexity:  
Fully-connected layers at the end: map locally-extracted features to targets

O(d2 · f
2 · p · k · l)
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Convolutional Neural Networks (CNN)

16

Locality modeling => hierarchical modeling   
• recursively combine local features 
• receptive fields in CNN: broaden in upper layers



Convolutional Neural Networks (CNN)
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ResNet: a popular CNN architecture for image classification 
• adding short-cut paths to facilitate error backpropagation 



Recurrent Neural Networks (RNN) 

18

Plain RNNs 

RNNs are notoriously hard to learn 

- Computationally expensive 

- Gradient vanishing or exploding  

Long Short-Term Memory (LSTM) and GRU 

Higher-order RNNs



Transformers (I)
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Transformer: a non-recurrent structure to model sequences based on 
self-attention mechanism  

Attention mechanism: weighting with an attention  function 

etj = g(st−1, hj) ⟹ et = g(st−1, [h1 h2 ⋯ hT])

αtj =
etj

∑N
j=1 etj

⟹ αt = softmax(et)

ct =
T

∑
j=1

αtjhj = [h1 h2 ⋯ hT] αt

st = f(st−1, yt−1, ct)

ct = H softmax(g(st−1, H))

⟹ C = H softmax(g(S, H))

⟹ C = V softmax(g(Q, K))

V: value matrix 
Q: query matrix 
K: key matrix



Transformers (II)
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Transformers (III) 
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Muti-head Transformers  



Given training data:  (x1,t1), (x2,t2), … 

Given a network to be learnt:  y = f ( x | W)   

The error function (the objective function)  

- Mean square error (MSE): 

- Cross entropy error (CE):

Learning Neural Networks is  
an optimization problem  

23
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X
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Gradient Descent:   hill-climbing  

Iteratively update network based on the gradient  

Gradient Descent   

24

W(l+1) = W(l) � ✏ · @Q(W)
@W

����
W=W(l)



Error Back-propagation (BP)
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The key: how to computer gradients in the most efficient way? 

• The Error Back-Propagation (BP) Algorithm 

Automatic Differentiation: the well-known chain rule in Calculus  

A local perspective on how BP works:



Fully-connected linear layers:    

Convolution layers:   

Attention layers:   

ReLU layers:   

Sigmoid layers:  

Soft-max layers:   

Max-pooling layers:   

Time-delayed layers:  

y = Wx + b

y = x * w

C = V softmax(g(Q, K))

y = ReLU(x)

y = sigmoid(x)

y = softmax(x)

y = maxpoolingm×m(x)

y = z−1(x)

Auto Differentiation for various layers f(x)    

26



Fully-connected linear layers: 

Sigmoid layers: 

Soft-max layers:

Auto-Differentiation Examples

y = softmax(a) =) yi =
eaiP
k eak

(8i)

(0) error signal : e = @Q(·)
@y

(1) error backpropagation : @Q(·)
@a = Jse

with [Js]ij =

⇢
yi(1� yi) if i = j
yiyj if i 6= j

<latexit sha1_base64="spZ5fEYYXuxFQzaRng/LQv+iwbY="></latexit>

a = Wz+ b

(0) error signal : e = @Q(·)
@a

(1) error backpropagation : @Q(·)
@z = W|e

(2) gradients of W,b : @Q(·)
@W = z|e, @Q(·)

@b = e
<latexit sha1_base64="p8Jq0DXOkTtqcuERinweAvcRcq4="></latexit>

z = sigmoid(a) = l(a)

(0) error signal : e = @Q(·)
@z

(1) error backpropagation : @Q(·)
@a = l(z)� (1� l(z))� e

<latexit sha1_base64="dor5/g7YSuWcty5fr9GvVCWYvSM="></latexit>



Error Back-propagation (BP)
Multi-layer fully-connected 
feedforward structure 

• Sigmoid activation   

• Cross-entropy error 

Given one sample {x, l}, we have Q(W) = � ln yl, and
Error Back-propagation works as follows:

• Softmax layer l = L+ 1:

e(L+1)
k = � 1

yl

@yl

@a(L+1)
k

= yk � �(k � l)

• Sigmoid + Fully-connected layers l = L, · · · , 2, 1:

e(l)k = z(l)k (1� z(l)k )
X

i

e(l+1)
i W (l+1)

ik

@Q(W)

W (l+1)
ik

= e(l+1)
i z(l)k

<latexit sha1_base64="3DXSQ8Dtr62VVxSc/yfksMTIj2U="></latexit>



Given all training data:  (x1,t1), (x2,t2), … 

Randomly select a mini-batch (10-1000 samples) of data  

• For every sample in the mini-batch (xi,ti) 

• Forward pass:   use NN to compute xi   —> yi 

• Accumulate error for the mini-batch Qi 

• Backward pass:  back-propagate error Qi to compute gradients 

• Update network weights: 

Mini-batch Stochastic Gradient Descent   

29

W(l+1) = W(l) � ✏ · @Q(W)
@W

����
W=W(l)



Neural Networks Learning in practice 
Open source toolkits:  Tensorflow, pyTorch, CNTK, MXNet, etc … 

Computationally intensive (GPUs)  

Many parameters tuning tricks: 

- Network initialization / mini-batch size/ epoch  

- Learning rates (annealing schedule)   

- Weight Decay  (L2 norm regularization)  

- Momentum  

- Dropout, data augmentation  

- Batch Normalization, layer normalization, weight normalization, …



Neural Networks Initialization  

31

NNs initialization is critical for a good convergence.  

Random Initialization is sufficient. 

- Uniform distribution 

- Norm distribution  

Controlling the dynamic range (variance) is the key. 

A widely used trick from Glorot and Bengio (2010):



Weight Decay   

32

Weight decaying is equivalent to L2 norm regularization.  

Updating formula with weight decay:  

Q(W) + � · ||W||2

W(l+1) = W(l) � ✏ · @Q(W)
@W

����
W=W(l)

� � · W(l)



Momentum  
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Momentum is a simple technique to accelerate convergence in slow 
but relevant directions, dampen oscillation in really steep directions. 

Averaging the velocity at each updating step:

�W(l+1) =
@Q(W)

@W

����
W=W(l)

+ ⌘ · �W(l)

W(l+1) = W(l) � ✏ · �W(l+1)
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Dropbox is a simple regularization technique. 

Randomly drop-out some nodes in training. 

Equivalent to adding noises in training 

A relevant technique: data augmentation 

Dropout



Other Optimization Algorithms 
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In addition to SGD, many other optimization algorithms may be 
used:  

- Nesterov accelerated gradient descent  

- Adagrad 

- Adadelta  

- RMSprop 

- Adam 

- Hessian-free



Monitoring Three Learning Curves 

36

How does your learning go? 

- The objective function  

- The error rates in the training set 

- The error rates in a development set

epoch epoch



Insights from Figures

37

Monitoring learning curves tells you a lot about the 
learning process … 



Neural Networks Learning in practice 
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Open Source Toolkits:   

- Google’s Tensorflow   (https://www.tensorflow.org/) 

- Facebook’s pyTorch (http://torch.ch/) 

- Microsoft’s CNTK (https://github.com/Microsoft/CNTK/wiki) 

- MXNet (http://mxnet.io/) 

- more



Advanced Topics in Deep Learning
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LSTMs, GRUs, higher-order RNNs, FSMNs …  

Sequence to sequence modeling 

Bottleneck features  

Unsupervised learning: 

- Restricted Boltzmann Machine (RBM) 

- (De-noising) Auto-Encoder   

- Generative Adversarial Networks


