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My background
● BSc Computer Engineering - University of Florence 

● MSc Computer Science and Engineering - Politecnico di Milano 
○ Mainly interested in Audio Signal Processing 
○ End up doing thesis on Computer Vision to work on Deep Learning 

● PhD Computer Science and Engineering - Politecnico di Milano 
○ Research on Deep Learning for Computer Vision applications 

■ Learning with different modalities, with few labels 
○ A couple of research internships in industry (NNAISENSE, NVIDIA) 

● Postdoc Researcher - Politecnico di Torino & UCL 
○ Continual Learning 
○ Federated Learning
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Education

Research



Disclaimers
• I will briefly discuss models and techniques that brought us to this exciting time in AI 

• This is an introductory lecture to give you just an overview. Not meant to be exhaustive at all! 

• If you are interested in knowing more just ask for more material 

• I will occasionally make some examples of applications 

• The field moves at an incredible pace. This revolution happened in only a decade!
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Outline plan
● Recap on CNNs, architecture designs and training tricks 

● Sequential Modeling (RNNs) 

● Attention 

● Transformer 

● Final remarks

4



Machine Learning

📝  

“Learning from experience how to perform a given task  

that has to be automatized by a machine.” 
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 Input set           Output set 

(unknown) probability on  

Loss function 

input-output predictor (candidate model) 

Basics of Supervised Learning
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<latexit sha1_base64="mI0DAqJS7M3pEOGLmPQC8gF9Mbc="></latexit>X ⇥ Y

<latexit sha1_base64="5Tfm89yTr60dBz5P6Q6P9Z9p1yU="></latexit>X <latexit sha1_base64="087j/4qK60Ot4f02/By+DPHF9+8="></latexit>Y

<latexit sha1_base64="wU3gySbpRuLm9zsuksO1N3PwYxA="></latexit>⇢

<latexit sha1_base64="nDf42TEocQHpFUGHIxB0vHzW/9g="></latexit>

R(f, ⇢) = E⇢ `(f(x), y)

Goal: minimise Expected Risk

<latexit sha1_base64="Inlrvb0ksBWBwMLcHLeSUUBIZic="></latexit>

` : Y : Y 7! R
<latexit sha1_base64="uWD4ZaTc0jZdDf6KzM8IlT192Y0="></latexit>

f : X 7! Y

<latexit sha1_base64="4854OVtrpCFwicvj3QiF+SpLi/M="></latexit>

Y = {1, . . . ,K}
<latexit sha1_base64="PH6KBDN0OztuoLx1EMDdhhZavN0="></latexit>Y ✓ R

Classification

Regression



In practice,  is unknown and it can be only accessed via finite samplesρ
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<latexit sha1_base64="mNZ+DOv+Yp5ucvljuAT9YcuzMa4="></latexit>

D = {(xi, yi)}ni=1

<latexit sha1_base64="ioH5A+cXNwvZ5gbvohKztYB4YzQ="></latexit>

A : D 7! f

Learning Algorithm

<latexit sha1_base64="4fem42gcSUMb8Lt1C660AZr81DA="></latexit>

A(�;D) = argmin
f2H

R(f,D) + ⌦�(f)

Empirical Risk Minimization (ERM) + Regulariser 

Basics of Supervised Learning

Pretty abstract and general framework

Hyper-parameters

<latexit sha1_base64="Nc8JBoLJwLH74YabXkCw/VqIA9Q=">AAAB7nicbVDLSsNAFL2pr1pfVZduBovgqiTia1l047KCtYU2lMlk0g6dTMLMjVBCP8KNC0Xc+j3u/BunbRbaemDgcM65zL0nSKUw6LrfTmlldW19o7xZ2dre2d2r7h88miTTjLdYIhPdCajhUijeQoGSd1LNaRxI3g5Gt1O//cS1EYl6wHHK/ZgOlIgEo2ildk/aaEj71Zpbd2cgy8QrSA0KNPvVr16YsCzmCpmkxnQ9N0U/pxoFk3xS6WWGp5SN6IB3LVU05sbPZ+tOyIlVQhIl2j6FZKb+nshpbMw4Dmwypjg0i95U/M/rZhhd+7lQaYZcsflHUSYJJmR6OwmF5gzl2BLKtLC7EjakmjK0DVVsCd7iycvk8azuXdYv7s9rjZuijjIcwTGcggdX0IA7aEILGIzgGV7hzUmdF+fd+ZhHS04xcwh/4Hz+AEAFj4c=</latexit>

�
<latexit sha1_base64="HP/HYX9sFUtVwAj7JOIgC52Z9bo=">AAAB8nicbVDLSgMxFM3UV62vqks3wSK4KjPia1l002UF+4DpUDJppg3NJENyRyhDP8ONC0Xc+jXu/Bsz7Sy09UDgcM695NwTJoIbcN1vp7S2vrG5Vd6u7Ozu7R9UD486RqWasjZVQuleSAwTXLI2cBCsl2hG4lCwbji5z/3uE9OGK/kI04QFMRlJHnFKwEp+PyYwpkRkzdmgWnPr7hx4lXgFqaECrUH1qz9UNI2ZBCqIMb7nJhBkRAOngs0q/dSwhNAJGTHfUkliZoJsHnmGz6wyxJHS9knAc/X3RkZiY6ZxaCfziGbZy8X/PD+F6DbIuExSYJIuPopSgUHh/H485JpREFNLCNXcZsV0TDShYFuq2BK85ZNXSeei7l3Xrx4ua427oo4yOkGn6Bx56AY1UBO1UBtRpNAzekVvDjgvzrvzsRgtOcXOMfoD5/MHfjGRaA==</latexit>

H Hypothesis/Inductive Bias



In practice,  is unknown and it can be only accessed via finite samplesρ
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<latexit sha1_base64="mNZ+DOv+Yp5ucvljuAT9YcuzMa4="></latexit>

D = {(xi, yi)}ni=1

<latexit sha1_base64="ioH5A+cXNwvZ5gbvohKztYB4YzQ="></latexit>

A : D 7! f

Learning AlgorithmLearning AlgorithmLearning Algorithm

Basics of Supervised Learning

<latexit sha1_base64="6OrwGGDw+l2eO3bzA0i2AB9uvew="></latexit>

A(�;D) = argmin
f2H

1

n

nX

i=1

`(f(xi), yi) + ⌦�(f)
Hyper-parameters


<latexit sha1_base64="Nc8JBoLJwLH74YabXkCw/VqIA9Q=">AAAB7nicbVDLSsNAFL2pr1pfVZduBovgqiTia1l047KCtYU2lMlk0g6dTMLMjVBCP8KNC0Xc+j3u/BunbRbaemDgcM65zL0nSKUw6LrfTmlldW19o7xZ2dre2d2r7h88miTTjLdYIhPdCajhUijeQoGSd1LNaRxI3g5Gt1O//cS1EYl6wHHK/ZgOlIgEo2ildk/aaEj71Zpbd2cgy8QrSA0KNPvVr16YsCzmCpmkxnQ9N0U/pxoFk3xS6WWGp5SN6IB3LVU05sbPZ+tOyIlVQhIl2j6FZKb+nshpbMw4Dmwypjg0i95U/M/rZhhd+7lQaYZcsflHUSYJJmR6OwmF5gzl2BLKtLC7EjakmjK0DVVsCd7iycvk8azuXdYv7s9rjZuijjIcwTGcggdX0IA7aEILGIzgGV7hzUmdF+fd+ZhHS04xcwh/4Hz+AEAFj4c=</latexit>

�

Hypothesis / Inductive Bias / Model
<latexit sha1_base64="HP/HYX9sFUtVwAj7JOIgC52Z9bo=">AAAB8nicbVDLSgMxFM3UV62vqks3wSK4KjPia1l002UF+4DpUDJppg3NJENyRyhDP8ONC0Xc+jXu/Bsz7Sy09UDgcM695NwTJoIbcN1vp7S2vrG5Vd6u7Ozu7R9UD486RqWasjZVQuleSAwTXLI2cBCsl2hG4lCwbji5z/3uE9OGK/kI04QFMRlJHnFKwEp+PyYwpkRkzdmgWnPr7hx4lXgFqaECrUH1qz9UNI2ZBCqIMb7nJhBkRAOngs0q/dSwhNAJGTHfUkliZoJsHnmGz6wyxJHS9knAc/X3RkZiY6ZxaCfziGbZy8X/PD+F6DbIuExSYJIuPopSgUHh/H485JpREFNLCNXcZsV0TDShYFuq2BK85ZNXSeei7l3Xrx4ua427oo4yOkGn6Bx56AY1UBO1UBtRpNAzekVvDjgvzrvzsRgtOcXOMfoD5/MHfjGRaA==</latexit>

H



In practice,  is unknown and it can be only accessed via finite samplesρ
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<latexit sha1_base64="mNZ+DOv+Yp5ucvljuAT9YcuzMa4="></latexit>

D = {(xi, yi)}ni=1

<latexit sha1_base64="ioH5A+cXNwvZ5gbvohKztYB4YzQ="></latexit>

A : D 7! f

BackProp + SGD

Basics of Supervised Learning

<latexit sha1_base64="6OrwGGDw+l2eO3bzA0i2AB9uvew="></latexit>

A(�;D) = argmin
f2H

1

n

nX

i=1

`(f(xi), yi) + ⌦�(f)
Hyper-parameters


<latexit sha1_base64="Nc8JBoLJwLH74YabXkCw/VqIA9Q=">AAAB7nicbVDLSsNAFL2pr1pfVZduBovgqiTia1l047KCtYU2lMlk0g6dTMLMjVBCP8KNC0Xc+j3u/BunbRbaemDgcM65zL0nSKUw6LrfTmlldW19o7xZ2dre2d2r7h88miTTjLdYIhPdCajhUijeQoGSd1LNaRxI3g5Gt1O//cS1EYl6wHHK/ZgOlIgEo2ildk/aaEj71Zpbd2cgy8QrSA0KNPvVr16YsCzmCpmkxnQ9N0U/pxoFk3xS6WWGp5SN6IB3LVU05sbPZ+tOyIlVQhIl2j6FZKb+nshpbMw4Dmwypjg0i95U/M/rZhhd+7lQaYZcsflHUSYJJmR6OwmF5gzl2BLKtLC7EjakmjK0DVVsCd7iycvk8azuXdYv7s9rjZuijjIcwTGcggdX0IA7aEILGIzgGV7hzUmdF+fd+ZhHS04xcwh/4Hz+AEAFj4c=</latexit>

�

Deep Neural Networks
<latexit sha1_base64="HP/HYX9sFUtVwAj7JOIgC52Z9bo=">AAAB8nicbVDLSgMxFM3UV62vqks3wSK4KjPia1l002UF+4DpUDJppg3NJENyRyhDP8ONC0Xc+jXu/Bsz7Sy09UDgcM695NwTJoIbcN1vp7S2vrG5Vd6u7Ozu7R9UD486RqWasjZVQuleSAwTXLI2cBCsl2hG4lCwbji5z/3uE9OGK/kI04QFMRlJHnFKwEp+PyYwpkRkzdmgWnPr7hx4lXgFqaECrUH1qz9UNI2ZBCqIMb7nJhBkRAOngs0q/dSwhNAJGTHfUkliZoJsHnmGz6wyxJHS9knAc/X3RkZiY6ZxaCfziGbZy8X/PD+F6DbIuExSYJIuPopSgUHh/H485JpREFNLCNXcZsV0TDShYFuq2BK85ZNXSeei7l3Xrx4ua427oo4yOkGn6Bx56AY1UBO1UBtRpNAzekVvDjgvzrvzsRgtOcXOMfoD5/MHfjGRaA==</latexit>

H



Before: classification pipeline
Input set            

Output set 

10

<latexit sha1_base64="JahxDtbZD1h8vILXttnVyx0epyM="></latexit>

X ✓ Rh⇥w⇥c

<latexit sha1_base64="4854OVtrpCFwicvj3QiF+SpLi/M="></latexit>

Y = {1, . . . ,K}

<latexit sha1_base64="gA+sARVP0l7nxK7axgc//P5u3V0="></latexit>

}
<latexit sha1_base64="0oCvyj+PeJG68d5xBMod7ojyaoE="></latexit>, <latexit sha1_base64="0oCvyj+PeJG68d5xBMod7ojyaoE="></latexit>, <latexit sha1_base64="0oCvyj+PeJG68d5xBMod7ojyaoE="></latexit>,

<latexit sha1_base64="gA+sARVP0l7nxK7axgc//P5u3V0="></latexit>

}

• Features are not learned (e.g. HOG, SIFT, bag of features) 
• Designed to have nice properties from domain experts

Hand-designed 
Feature Extraction

<latexit sha1_base64="xc/jwfvit+PIVVvRdRar4Ys0RXw="></latexit>z <latexit sha1_base64="mGum6u84stlWuCCBSfOF82FPcpk="></latexit>

ŷ
<latexit sha1_base64="C2L/hyzaQyub3SNeV5668tJLO+k="></latexit>x

<latexit sha1_base64="sG0Ea3GI+hF2xg2LJKmcAOTB4Sw="></latexit>

f✓(z)
raw input 
Images/video 
Pixels

Learned
Fixed



After: classification pipeline
Input set            

Output set 
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<latexit sha1_base64="JahxDtbZD1h8vILXttnVyx0epyM="></latexit>

X ✓ Rh⇥w⇥c

<latexit sha1_base64="4854OVtrpCFwicvj3QiF+SpLi/M="></latexit>

Y = {1, . . . ,K}

<latexit sha1_base64="jc1ilzXHAjILwE5RcLV728qDX5E="></latexit>

g�(x)
<latexit sha1_base64="xc/jwfvit+PIVVvRdRar4Ys0RXw="></latexit>z <latexit sha1_base64="mGum6u84stlWuCCBSfOF82FPcpk="></latexit>

ŷ
<latexit sha1_base64="C2L/hyzaQyub3SNeV5668tJLO+k="></latexit>x

<latexit sha1_base64="sG0Ea3GI+hF2xg2LJKmcAOTB4Sw="></latexit>

f✓(z)
raw input 
Images/video 
Pixels

<latexit sha1_base64="gA+sARVP0l7nxK7axgc//P5u3V0="></latexit>

}
<latexit sha1_base64="0oCvyj+PeJG68d5xBMod7ojyaoE="></latexit>, <latexit sha1_base64="0oCvyj+PeJG68d5xBMod7ojyaoE="></latexit>, <latexit sha1_base64="0oCvyj+PeJG68d5xBMod7ojyaoE="></latexit>,

<latexit sha1_base64="gA+sARVP0l7nxK7axgc//P5u3V0="></latexit>

}
Learned
Fixed

Representation Head (classifier)



After: classification pipeline
Input set            

Output set 
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<latexit sha1_base64="JahxDtbZD1h8vILXttnVyx0epyM="></latexit>

X ✓ Rh⇥w⇥c

<latexit sha1_base64="4854OVtrpCFwicvj3QiF+SpLi/M="></latexit>

Y = {1, . . . ,K}

<latexit sha1_base64="jc1ilzXHAjILwE5RcLV728qDX5E="></latexit>

g�(x)
<latexit sha1_base64="xc/jwfvit+PIVVvRdRar4Ys0RXw="></latexit>z <latexit sha1_base64="mGum6u84stlWuCCBSfOF82FPcpk="></latexit>

ŷ
<latexit sha1_base64="C2L/hyzaQyub3SNeV5668tJLO+k="></latexit>x

<latexit sha1_base64="sG0Ea3GI+hF2xg2LJKmcAOTB4Sw="></latexit>

f✓(z)
raw input 
Images/video 
Pixels

<latexit sha1_base64="gA+sARVP0l7nxK7axgc//P5u3V0="></latexit>

}
<latexit sha1_base64="0oCvyj+PeJG68d5xBMod7ojyaoE="></latexit>, <latexit sha1_base64="0oCvyj+PeJG68d5xBMod7ojyaoE="></latexit>, <latexit sha1_base64="0oCvyj+PeJG68d5xBMod7ojyaoE="></latexit>,

<latexit sha1_base64="gA+sARVP0l7nxK7axgc//P5u3V0="></latexit>

}
Learned
Fixed

Representations learning via Deep Neural Networks              
uses back-propagation and (stochastic) gradient descent



Prediction as Translation
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<latexit sha1_base64="jc1ilzXHAjILwE5RcLV728qDX5E="></latexit>

g�(x)
<latexit sha1_base64="mGum6u84stlWuCCBSfOF82FPcpk="></latexit>

ŷ
<latexit sha1_base64="C2L/hyzaQyub3SNeV5668tJLO+k="></latexit>x

Translate a raw signal to another space  
which has a semantic 

(End-to-end)

<latexit sha1_base64="sG0Ea3GI+hF2xg2LJKmcAOTB4Sw="></latexit>

f✓(z)



Vision Tasks

14



Object Detection

Credits Naila Murray



Activity recognition 

16Credits Naila Murray



Semantic Segmentation

17Credits Naila Murray



Pose Estimation

18Credits Naila Murray



Depth Estimation

19Credits Naila Murray



Captioning

20Credits Naila Murray



Visual Question Answering

21Credits Naila Murray



Deep Neural Networks are composition of nonlinear functions, also called layers.

Representation learning a.k.a. Deep Learning

22

<latexit sha1_base64="ZwKkaJcdU3hHlnhMyVD4tdz55QM=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHaNryPRi0dI5JHAhswODYzMzm5mZo1kwxd48aAxXv0kb/6NA+xBwUo6qVR1p7sriAXXxnW/ndzK6tr6Rn6zsLW9s7tX3D9o6ChRDOssEpFqBVSj4BLrhhuBrVghDQOBzWB0O/Wbj6g0j+S9Gcfoh3QgeZ8zaqxUe+oWS27ZnYEsEy8jJchQ7Ra/Or2IJSFKwwTVuu25sfFTqgxnAieFTqIxpmxEB9i2VNIQtZ/ODp2QE6v0SD9StqQhM/X3REpDrcdhYDtDaoZ60ZuK/3ntxPSv/ZTLODEo2XxRPxHERGT6NelxhcyIsSWUKW5vJWxIFWXGZlOwIXiLLy+TxlnZuyxf1M5LlZssjjwcwTGcggdXUIE7qEIdGCA8wyu8OQ/Oi/PufMxbc042cwh/4Hz+AOl5jQY=</latexit>x <latexit sha1_base64="x3KjGcQ7FWI8MqS0qotpkfXRkkg=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYnvcmQ2dllZlYISz7BiwdFvPpF3vwbJ8keNLGgoajqprsrSATXxnW/ncLK6tr6RnGztLW9s7tX3j9o6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0O/VbT6g0j+WjGSfoR3QgecgZNVZ6GPa8XrniVt0ZyDLxclKBHPVe+avbj1kaoTRMUK07npsYP6PKcCZwUuqmGhPKRnSAHUsljVD72ezUCTmxSp+EsbIlDZmpvycyGmk9jgLbGVEz1IveVPzP66QmvPYzLpPUoGTzRWEqiInJ9G/S5wqZEWNLKFPc3krYkCrKjE2nZEPwFl9eJs2zqndZvbg/r9Ru8jiKcATHcAoeXEEN7qAODWAwgGd4hTdHOC/Ou/Mxby04+cwh/IHz+QP2gY2a</latexit>

h1
<latexit sha1_base64="qH/cBuW8O5SAiav2draOy5Ox67Q=">AAAB6nicbVDLSgNBEOz1GeMr6tHLYBA8hd3g6xj04jGieUCyhNnJbDJkdnaZ6RXCkk/w4kERr36RN//GSbIHTSxoKKq66e4KEikMuu63s7K6tr6xWdgqbu/s7u2XDg6bJk414w0Wy1i3A2q4FIo3UKDk7URzGgWSt4LR7dRvPXFtRKwecZxwP6IDJULBKFrpYdir9kplt+LOQJaJl5My5Kj3Sl/dfszSiCtkkhrT8dwE/YxqFEzySbGbGp5QNqID3rFU0YgbP5udOiGnVumTMNa2FJKZ+nsio5Ex4yiwnRHFoVn0puJ/XifF8NrPhEpS5IrNF4WpJBiT6d+kLzRnKMeWUKaFvZWwIdWUoU2naEPwFl9eJs1qxbusXNyfl2s3eRwFOIYTOAMPrqAGd1CHBjAYwDO8wpsjnRfn3fmYt644+cwR/IHz+QP4BY2b</latexit>

h2
<latexit sha1_base64="QclTP3XXyFTcsKC9EcbSqEJfcAI=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQiyeJaB6QLGF20psMmZ1dZmaFsOQTvHhQxKtf5M2/cZLsQaMFDUVVN91dQSK4Nq775RSWlldW14rrpY3Nre2d8u5eU8epYthgsYhVO6AaBZfYMNwIbCcKaRQIbAWj66nfekSleSwfzDhBP6IDyUPOqLHS/bB32ytX3Ko7A/lLvJxUIEe9V/7s9mOWRigNE1Trjucmxs+oMpwJnJS6qcaEshEdYMdSSSPUfjY7dUKOrNInYaxsSUNm6s+JjEZaj6PAdkbUDPWiNxX/8zqpCS/9jMskNSjZfFGYCmJiMv2b9LlCZsTYEsoUt7cSNqSKMmPTKdkQvMWX/5LmSdU7r57dnVZqV3kcRTiAQzgGDy6gBjdQhwYwGMATvMCrI5xn5815n7cWnHxmH37B+fgGIoSNtw==</latexit>

hN

<latexit sha1_base64="sd7PSxCeUTd9rz0kRYaf3CrbJvg=">AAACFnicbZDLSsNAFIZPvNZ6i7p0M1gEN5akeNsIRTeupIK9QBPCZDpphk4uzEyEEvoUbnwVNy4UcSvufBunbRba+sPAx3/OmZnz+ylnUlnWt7GwuLS8slpaK69vbG5tmzu7LZlkgtAmSXgiOj6WlLOYNhVTnHZSQXHkc9r2B9fjevuBCsmS+F4NU+pGuB+zgBGstOWZx33PSUOGLlHo3SKHMEGQ00uULFjbtQJDz/bMilW1JkLzYBdQgUINz/zSl5EsorEiHEvZta1UuTkWihFOR2UnkzTFZID7tKsxxhGVbj5Za4QOtdNDQSL0iRWauL8nchxJOYx83RlhFcrZ2tj8r9bNVHDh5ixOM0VjMn0oyDhSCRpnhHpMUKL4UAMmgum/IhJigYnSSZZ1CPbsyvPQqlXts+rp3UmlflXEUYJ9OIAjsOEc6nADDWgCgUd4hld4M56MF+Pd+Ji2LhjFzB78kfH5A9J4nUo=</latexit>

g� = hN � · · · � h2 � h1

<latexit sha1_base64="ZR3mZmCUVi1nFw1uHQBTEX6X/V0=">AAAB73icbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8cI5gHJEmYns8mQ2dl1plcIS37CiwdFvPo73vwbJ8keNLGgoajqprsrSKQw6LrfTmFldW19o7hZ2tre2d0r7x80TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWj26nfeuLaiFg94DjhfkQHSoSCUbRSO+x1cciR9soVt+rOQJaJl5MK5Kj3yl/dfszSiCtkkhrT8dwE/YxqFEzySambGp5QNqID3rFU0YgbP5vdOyEnVumTMNa2FJKZ+nsio5Ex4yiwnRHFoVn0puJ/XifF8NrPhEpS5IrNF4WpJBiT6fOkLzRnKMeWUKaFvZWwIdWUoY2oZEPwFl9eJs2zqndZvbg/r9Ru8jiKcATHcAoeXEEN7qAODWAg4Rle4c15dF6cd+dj3lpw8plD+APn8wcgy5AL</latexit>

f✓
<latexit sha1_base64="Xwuz3Fsaf+RBiee9CEcKKqJi4Ok=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0nEr2PRi8cK1hbaUDbbTbt0swm7EyGE/ggvHhTx6u/x5r9x2+agrQ8GHu/NMDMvSKQw6LrfTmlldW19o7xZ2dre2d2r7h88mjjVjLdYLGPdCajhUijeQoGSdxLNaRRI3g7Gt1O//cS1EbF6wCzhfkSHSoSCUbRSuzeimGeTfrXm1t0ZyDLxClKDAs1+9as3iFkacYVMUmO6npugn1ONgkk+qfRSwxPKxnTIu5YqGnHj57NzJ+TEKgMSxtqWQjJTf0/kNDImiwLbGVEcmUVvKv7ndVMMr/1cqCRFrth8UZhKgjGZ/k4GQnOGMrOEMi3srYSNqKYMbUIVG4K3+PIyeTyre5f1i/vzWuOmiKMMR3AMp+DBFTTgDprQAgZjeIZXeHMS58V5dz7mrSWnmDmEP3A+fwC1AY/U</latexit>

ŷ

Representation: feature extractor, learned from data



Neural Networks as computational graphs

23

input

computation parameters

loss

Credits DeepMind x UCL Lectures - Sander Dieleman



Simplified diagram: implicit parameters and loss

24

input

computation

Credits DeepMind x UCL Lectures - Sander Dieleman



Building blocks of convnets

25

input

nonlinearity pooling layer

convolution layer

fully-connected layer
and several other tricks…

Credits DeepMind x UCL Lectures - Sander Dieleman



What is a layer?
Typically is just matrix multiplication! But the function can take many forms. 

26

Fully connected layer

Convolutional layer

Pooling layer (e.g., Max Pooling, Avg Pooling)

Non-linearity (e.g.,  ReLU, GeLU, Tanh, Sigmoid…)

Attention layer

Normalization layer



Backprop

27

The only requirement for layers is to be differentiable to be optimised with gradient descent

<latexit sha1_base64="p9PZdnbdb2qDb2wD01TsYU8MCrg=">AAACKHicbVDLSgMxFM34rPU16tJNsAjtwjJTfG3EohtXpYJ9QDsMmTTThmYyQ5KRlqGf48ZfcSOiSLd+iWk7iLZeCDk559wk93gRo1JZ1thYWl5ZXVvPbGQ3t7Z3ds29/boMY4FJDYcsFE0PScIoJzVFFSPNSBAUeIw0vP7tRG88EiFpyB/UMCJOgLqc+hQjpSnXvB64FXgF8z29tTEVGPbcpHJij9JTuxMqmWItlX5MdiE/cK2Ca+asojUtuAjsFORAWlXXfNNX4jggXGGGpGzZVqScBAlFMSOjbDuWJEK4j7qkpSFHAZFOMh10BI8104F+KPTiCk7Z3x0JCqQcBp52Bkj15Lw2If/TWrHyL52E8ihWhOPZQ37MoArhJDXYoYJgxYYaICyo/ivEPSQQVjrbrA7Bnh95EdRLRfu8eHZ/mivfpHFkwCE4AnlggwtQBnegCmoAgyfwAt7Bh/FsvBqfxnhmXTLSngPwp4yvb0nAoxE=</latexit>

xN = (hN � hN�1 � · · · � h2 � h1)(x0)



Backprop

28

The only requirement for layers is to be differentiable to be optimised with gradient descent

<latexit sha1_base64="2emALSksLzoub8k7/ujVxV+0yBE="></latexit>

dxn

dx0
=

dhN

dhN�1
⇥ dhN�1

dhN�2
⇥ · · ·⇥ dh1

dx0

<latexit sha1_base64="p9PZdnbdb2qDb2wD01TsYU8MCrg=">AAACKHicbVDLSgMxFM34rPU16tJNsAjtwjJTfG3EohtXpYJ9QDsMmTTThmYyQ5KRlqGf48ZfcSOiSLd+iWk7iLZeCDk559wk93gRo1JZ1thYWl5ZXVvPbGQ3t7Z3ds29/boMY4FJDYcsFE0PScIoJzVFFSPNSBAUeIw0vP7tRG88EiFpyB/UMCJOgLqc+hQjpSnXvB64FXgF8z29tTEVGPbcpHJij9JTuxMqmWItlX5MdiE/cK2Ca+asojUtuAjsFORAWlXXfNNX4jggXGGGpGzZVqScBAlFMSOjbDuWJEK4j7qkpSFHAZFOMh10BI8104F+KPTiCk7Z3x0JCqQcBp52Bkj15Lw2If/TWrHyL52E8ihWhOPZQ37MoArhJDXYoYJgxYYaICyo/ivEPSQQVjrbrA7Bnh95EdRLRfu8eHZ/mivfpHFkwCE4AnlggwtQBnegCmoAgyfwAt7Bh/FsvBqfxnhmXTLSngPwp4yvb0nAoxE=</latexit>

xN = (hN � hN�1 � · · · � h2 � h1)(x0)



Building blocks

29



Fully-connected Dense Layers

30

x1

x4

x2

x3

xd

h1

h4

h2

h3

hN



Fully-connected (Dense) Layers
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x1

x4

x2

x3

xd

h1

h4

h2

h3

hN

<latexit sha1_base64="jHOnIAySqhzk8P8ia8FeiuwVTmc=">AAACDnicbZDLSsNAFIYn9VbrLerSzWApCEJJxNumUHTjsoK9QBvDZDJtp51MwsxELSFP4MZXceNCEbeu3fk2TtsstPWHgY//nMOZ83sRo1JZ1reRW1hcWl7JrxbW1jc2t8ztnYYMY4FJHYcsFC0PScIoJ3VFFSOtSBAUeIw0veHluN68I0LSkN+oUUScAPU47VKMlLZcs9R3KazAjowDN6EVO71N/BTeax6k8MEdwEPoudQ1i1bZmgjOg51BEWSqueZXxw9xHBCuMENStm0rUk6ChKKYkbTQiSWJEB6iHmlr5Cgg0kkm56SwpB0fdkOhH1dw4v6eSFAg5SjwdGeAVF/O1sbmf7V2rLrnTkJ5FCvC8XRRN2ZQhXCcDfSpIFixkQaEBdV/hbiPBMJKJ1jQIdizJ89D46hsn5ZPro+L1YssjjzYA/vgANjgDFTBFaiBOsDgETyDV/BmPBkvxrvxMW3NGdnMLvgj4/MHgAKbJA==</latexit>

hi =
dX

i=1

wijxj + bi

<latexit sha1_base64="kUw2/qOaiLw1JXQREANXobMBf8w=">AAACDnicbVDLSsNAFL3xWesr6tLNYCkIQknE10YounFZwT6gDWUynbRDJw9mJmIJ+QI3/oobF4q4de3Ov3HSRtHWAwPnnnMvc+9xI86ksqxPY25+YXFpubBSXF1b39g0t7YbMowFoXUS8lC0XCwpZwGtK6Y4bUWCYt/ltOkOLzO/eUuFZGFwo0YRdXzcD5jHCFZa6prljo/VwPWSQYrO0XfRvEvRwU/lpl2zZFWsMdAssXNSghy1rvnR6YUk9mmgCMdStm0rUk6ChWKE07TYiSWNMBniPm1rGmCfSicZn5OislZ6yAuFfoFCY/X3RIJ9KUe+qzuzDeW0l4n/ee1YeWdOwoIoVjQgk4+8mCMVoiwb1GOCEsVHmmAimN4VkQEWmCidYFGHYE+fPEsahxX7pHJ8fVSqXuRxFGAX9mAfbDiFKlxBDepA4B4e4RlejAfjyXg13iatc0Y+swN/YLx/Ac/4m/o=</latexit>

h = Wx+ b

<latexit sha1_base64="46+nncKDfkTiv4E1hsFpE6RWEN8=">AAACD3icbVC7TsMwFHV4lvIqMLJYVCCmKkG8xgoWJlQQfUhNqBzXaa06TmTfIFVR/oCFX2FhACFWVjb+BrfNAC1HsnR8zr269x4/FlyDbX9bc/MLi0vLhZXi6tr6xmZpa7uho0RRVqeRiFTLJ5oJLlkdOAjWihUjoS9Y0x9cjvzmA1OaR/IOhjHzQtKTPOCUgJE6pQM3JND3g7SZYZdLPPn66W12n15jF3jINO5mnVLZrthj4Fni5KSMctQ6pS+3G9EkZBKoIFq3HTsGLyUKOBUsK7qJZjGhA9JjbUMlMXO8dHxPhveN0sVBpMyTgMfq746UhFoPQ99UjtbV095I/M9rJxCceymXcQJM0smgIBEYIjwKB3e5YhTE0BBCFTe7YtonilAwERZNCM70ybOkcVRxTisnN8fl6kUeRwHtoj10iBx0hqroCtVQHVH0iJ7RK3qznqwX6936mJTOWXnPDvoD6/MH7wicmw==</latexit>

W 2 RN⇥d

<latexit sha1_base64="JqjPy3Hl/M8nnZMYoAcLT6DHPwU=">AAACBnicbVDLSsNAFL3xWesr6lKEwSK4Kon4WhbduKxiH9DUMplO2qGTSZiZiCVk5cZfceNCEbd+gzv/xknbhbYeGDhzzr3ce48fc6a043xbc/MLi0vLhZXi6tr6xqa9tV1XUSIJrZGIR7LpY0U5E7Smmea0GUuKQ5/Thj+4zP3GPZWKReJWD2PaDnFPsIARrI3Usfe8EOu+H6QPGfKYQOOvn95kd2k369glp+yMgGaJOyElmKDasb+8bkSSkApNOFaq5TqxbqdYakY4zYpeomiMyQD3aMtQgUOq2unojAwdGKWLgkiaJzQaqb87UhwqNQx9U5lvqaa9XPzPayU6OG+nTMSJpoKMBwUJRzpCeSaoyyQlmg8NwUQysysifSwx0Sa5ognBnT55ltSPyu5p+eT6uFS5mMRRgF3Yh0Nw4QwqcAVVqAGBR3iGV3iznqwX6936GJfOWZOeHfgD6/MHxVqZVg==</latexit>

x 2 Rd
<latexit sha1_base64="l7ZYUHNrLSX/diW+NQtDaew3DwQ=">AAACBnicbVDLSsNAFL3xWesr6lKEwSK4Kon4WhbduJIq9gFNLZPppB06mYSZiVBCVm78FTcuFHHrN7jzb5y0XWjrgYEz59zLvff4MWdKO863NTe/sLi0XFgprq6tb2zaW9t1FSWS0BqJeCSbPlaUM0FrmmlOm7GkOPQ5bfiDy9xvPFCpWCTu9DCm7RD3BAsYwdpIHXvPC7Hu+0Haz5DHBBp//fQ2u0+vs45dcsrOCGiWuBNSggmqHfvL60YkCanQhGOlWq4T63aKpWaE06zoJYrGmAxwj7YMFTikqp2OzsjQgVG6KIikeUKjkfq7I8WhUsPQN5X5lmray8X/vFaig/N2ykScaCrIeFCQcKQjlGeCukxSovnQEEwkM7si0scSE22SK5oQ3OmTZ0n9qOyelk9ujkuVi0kcBdiFfTgEF86gAldQhRoQeIRneIU368l6sd6tj3HpnDXp2YE/sD5/AIpsmTA=</latexit>

h 2 RN



Fully-connected (Dense) Layers
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x1

x4

x2

x3

xd

h1

h4

h2

h3

hN

<latexit sha1_base64="jHOnIAySqhzk8P8ia8FeiuwVTmc=">AAACDnicbZDLSsNAFIYn9VbrLerSzWApCEJJxNumUHTjsoK9QBvDZDJtp51MwsxELSFP4MZXceNCEbeu3fk2TtsstPWHgY//nMOZ83sRo1JZ1reRW1hcWl7JrxbW1jc2t8ztnYYMY4FJHYcsFC0PScIoJ3VFFSOtSBAUeIw0veHluN68I0LSkN+oUUScAPU47VKMlLZcs9R3KazAjowDN6EVO71N/BTeax6k8MEdwEPoudQ1i1bZmgjOg51BEWSqueZXxw9xHBCuMENStm0rUk6ChKKYkbTQiSWJEB6iHmlr5Cgg0kkm56SwpB0fdkOhH1dw4v6eSFAg5SjwdGeAVF/O1sbmf7V2rLrnTkJ5FCvC8XRRN2ZQhXCcDfSpIFixkQaEBdV/hbiPBMJKJ1jQIdizJ89D46hsn5ZPro+L1YssjjzYA/vgANjgDFTBFaiBOsDgETyDV/BmPBkvxrvxMW3NGdnMLvgj4/MHgAKbJA==</latexit>

hi =
dX

i=1

wijxj + bi

<latexit sha1_base64="kUw2/qOaiLw1JXQREANXobMBf8w=">AAACDnicbVDLSsNAFL3xWesr6tLNYCkIQknE10YounFZwT6gDWUynbRDJw9mJmIJ+QI3/oobF4q4de3Ov3HSRtHWAwPnnnMvc+9xI86ksqxPY25+YXFpubBSXF1b39g0t7YbMowFoXUS8lC0XCwpZwGtK6Y4bUWCYt/ltOkOLzO/eUuFZGFwo0YRdXzcD5jHCFZa6prljo/VwPWSQYrO0XfRvEvRwU/lpl2zZFWsMdAssXNSghy1rvnR6YUk9mmgCMdStm0rUk6ChWKE07TYiSWNMBniPm1rGmCfSicZn5OislZ6yAuFfoFCY/X3RIJ9KUe+qzuzDeW0l4n/ee1YeWdOwoIoVjQgk4+8mCMVoiwb1GOCEsVHmmAimN4VkQEWmCidYFGHYE+fPEsahxX7pHJ8fVSqXuRxFGAX9mAfbDiFKlxBDepA4B4e4RlejAfjyXg13iatc0Y+swN/YLx/Ac/4m/o=</latexit>

h = Wx+ b

<latexit sha1_base64="46+nncKDfkTiv4E1hsFpE6RWEN8=">AAACD3icbVC7TsMwFHV4lvIqMLJYVCCmKkG8xgoWJlQQfUhNqBzXaa06TmTfIFVR/oCFX2FhACFWVjb+BrfNAC1HsnR8zr269x4/FlyDbX9bc/MLi0vLhZXi6tr6xmZpa7uho0RRVqeRiFTLJ5oJLlkdOAjWihUjoS9Y0x9cjvzmA1OaR/IOhjHzQtKTPOCUgJE6pQM3JND3g7SZYZdLPPn66W12n15jF3jINO5mnVLZrthj4Fni5KSMctQ6pS+3G9EkZBKoIFq3HTsGLyUKOBUsK7qJZjGhA9JjbUMlMXO8dHxPhveN0sVBpMyTgMfq746UhFoPQ99UjtbV095I/M9rJxCceymXcQJM0smgIBEYIjwKB3e5YhTE0BBCFTe7YtonilAwERZNCM70ybOkcVRxTisnN8fl6kUeRwHtoj10iBx0hqroCtVQHVH0iJ7RK3qznqwX6936mJTOWXnPDvoD6/MH7wicmw==</latexit>

W 2 RN⇥d

<latexit sha1_base64="JqjPy3Hl/M8nnZMYoAcLT6DHPwU=">AAACBnicbVDLSsNAFL3xWesr6lKEwSK4Kon4WhbduKxiH9DUMplO2qGTSZiZiCVk5cZfceNCEbd+gzv/xknbhbYeGDhzzr3ce48fc6a043xbc/MLi0vLhZXi6tr6xqa9tV1XUSIJrZGIR7LpY0U5E7Smmea0GUuKQ5/Thj+4zP3GPZWKReJWD2PaDnFPsIARrI3Usfe8EOu+H6QPGfKYQOOvn95kd2k369glp+yMgGaJOyElmKDasb+8bkSSkApNOFaq5TqxbqdYakY4zYpeomiMyQD3aMtQgUOq2unojAwdGKWLgkiaJzQaqb87UhwqNQx9U5lvqaa9XPzPayU6OG+nTMSJpoKMBwUJRzpCeSaoyyQlmg8NwUQysysifSwx0Sa5ognBnT55ltSPyu5p+eT6uFS5mMRRgF3Yh0Nw4QwqcAVVqAGBR3iGV3iznqwX6936GJfOWZOeHfgD6/MHxVqZVg==</latexit>

x 2 Rd
<latexit sha1_base64="l7ZYUHNrLSX/diW+NQtDaew3DwQ=">AAACBnicbVDLSsNAFL3xWesr6lKEwSK4Kon4WhbduJIq9gFNLZPppB06mYSZiVBCVm78FTcuFHHrN7jzb5y0XWjrgYEz59zLvff4MWdKO863NTe/sLi0XFgprq6tb2zaW9t1FSWS0BqJeCSbPlaUM0FrmmlOm7GkOPQ5bfiDy9xvPFCpWCTu9DCm7RD3BAsYwdpIHXvPC7Hu+0Haz5DHBBp//fQ2u0+vs45dcsrOCGiWuBNSggmqHfvL60YkCanQhGOlWq4T63aKpWaE06zoJYrGmAxwj7YMFTikqp2OzsjQgVG6KIikeUKjkfq7I8WhUsPQN5X5lmray8X/vFaig/N2ykScaCrIeFCQcKQjlGeCukxSovnQEEwkM7si0scSE22SK5oQ3OmTZ0n9qOyelk9ujkuVi0kcBdiFfTgEF86gAldQhRoQeIRneIU368l6sd6tj3HpnDXp2YE/sD5/AIpsmTA=</latexit>

h 2 RN

<latexit sha1_base64="OH8k8BH3a+t983P64gUmmq2s8y8="></latexit>

h = Wx =

2

6664

w11 w12 · · · w1d

w21 w22 · · · w2d
...

...
. . .

...
wN1 wN2 · · · wNd

3

7775

2

6664

x1

x2
...
xd

3

7775
=

⇥
h1 h2 · · · hN

⇤



Convolutional Layer
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Convolutional Layer
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Convolutional Layer
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x1

x4
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x3
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h3

h1
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Convolution operator  
=  

Local connectivity + Parameter Sharing 

Apply a set of weights (filter or kernel) to extract local features 
Spatially share filters to reduce the number of parameters 

Translation Equivariance 

Extract same features at every location 



Convolutional Layer

36

We Convolve the “kernel” or “filter”
with the image  

i.e. slide the filter over all the input 
locations and compute the dot 

product 

This is a local linear combination 
of the input features. 



Convolutional Layer

37

The result of the convolution between the input and 
the kernel is called  

“feature map” or “activation map” 

Depending on the type of convolution the feature 
map will have a different size: 

• VALID (n - k + 1) 
• SAME 
• FULL (n + k -1)



Convolutional Layer

38

Each color corresponds to different filters: 

• Sharing parameters among all the 
locations of the input 

• And extracting features independently on 
the location in which is applied 

The result of the convolution between the input 
and a kernel gives a feature map. 



Convolutional Layer

39

Each color corresponds to different filters: 

• Sharing parameters among all the 
locations of the input 

• And extracting features independently on 
the location in which is applied 

The result of the convolution between the input 
and a kernel gives a feature map. 



Convolutional Layer

40

In a CNN we want to learn many different filters,  
each one specialized on extracting a specific feature in the image. 

So we are going to have several feature maps! 



Convolutional Layer

41



CNNs constraint the hypothesis space to functions  
with only local interactions and translation equivariance

42



Spatial Max Pooling

43

1 1 2 4

5 6 7 8

3 2 1 0

1 2 3 4

6 8

3 4

Max pool  
2x2 filter 
2x2 stride

Reduce dimensionality (downsampling) 
Preserve spatial invariance



Nonlinearities (Activation functions)

44

<latexit sha1_base64="pgX6XtBIc5LqQyGeGD0N6gGgmjg=">AAACAnicbVDJSgNBEK2JW4zbqCfx0hiEiBhmxO0iBL14jGAWSMbQ0+lJmvQsdPdIwjB48Ve8eFDEq1/hzb+xsxw08UHB470qquq5EWdSWda3kZmbX1hcyi7nVlbX1jfMza2qDGNBaIWEPBR1F0vKWUAriilO65Gg2Hc5rbm966Ffe6BCsjC4U4OIOj7uBMxjBCsttcwdr9A/QJeo6QlMEjtN7EN6nxz107Rl5q2iNQKaJfaE5GGCcsv8arZDEvs0UIRjKRu2FSknwUIxwmmaa8aSRpj0cIc2NA2wT6WTjF5I0b5W2sgLha5AoZH6eyLBvpQD39WdPlZdOe0Nxf+8Rqy8CydhQRQrGpDxIi/mSIVomAdqM0GJ4gNNMBFM34pIF+swlE4tp0Owp1+eJdXjon1WPL09yZeuJnFkYRf2oAA2nEMJbqAMFSDwCM/wCm/Gk/FivBsf49aMMZnZhj8wPn8AZgeWMA==</latexit>

f(x) =
1

1 + e�x

<latexit sha1_base64="clI9ElBloj55KtiAVtQn908jFUI=">AAAB+HicbZDJSgNBEIZrXGNcMurRS2MQ4iXMiNtFCHrxGMEskITQ0+lJmvT0DN01Ygx5Ei8eFPHqo3jzbewsB038oeHjryqq+g8SKQx63reztLyyurae2chubm3v5NzdvaqJU814hcUy1vWAGi6F4hUUKHk90ZxGgeS1oH8zrtceuDYiVvc4SHgrol0lQsEoWqvt5sLC4zG5Ik2kqmex7ea9ojcRWQR/BnmYqdx2v5qdmKURV8gkNabhewm2hlSjYJKPss3U8ISyPu3yhkVFI25aw8nhI3JknQ4JY22fQjJxf08MaWTMIApsZ0SxZ+ZrY/O/WiPF8LI1FCpJkSs2XRSmkmBMximQjtCcoRxYoEwLeythPaopQ5tV1obgz395EaonRf+8eHZ3mi9dz+LIwAEcQgF8uIAS3EIZKsAghWd4hTfnyXlx3p2PaeuSM5vZhz9yPn8AmzCRxw==</latexit>

f(x) = tanh(x)

<latexit sha1_base64="TjSFvcW8KXe5JvGDHz+4D2SbjPw=">AAAB+nicbVDLSgNBEOz1GeNro0cvg0FIQMKu+LoIQS8eI5gHJEuYncwmQ2Z2l5lZTYj5FC8eFPHql3jzb5wke9DEgoaiqpvuLj/mTGnH+baWlldW19YzG9nNre2dXTu3V1NRIgmtkohHsuFjRTkLaVUzzWkjlhQLn9O637+Z+PUHKhWLwns9jKkncDdkASNYG6lt54LCoIiuUEvgQcE5RoNi2847JWcKtEjclOQhRaVtf7U6EUkEDTXhWKmm68TaG2GpGeF0nG0lisaY9HGXNg0NsaDKG01PH6Mjo3RQEElToUZT9ffECAulhsI3nQLrnpr3JuJ/XjPRwaU3YmGcaBqS2aIg4UhHaJID6jBJieZDQzCRzNyKSA9LTLRJK2tCcOdfXiS1k5J7Xjq7O82Xr9M4MnAAh1AAFy6gDLdQgSoQeIRneIU368l6sd6tj1nrkpXO7MMfWJ8/D7mR8g==</latexit>

f(x) = max(0, x)

<latexit sha1_base64="/DqIizOU8dT7FW+zzjmgbZ1wGJw="></latexit>

f(x) =

(
x if x � 0

↵x if x < 0

<latexit sha1_base64="W/UsSx7/BC59mYTQY468+Cwcgu8="></latexit>

f(x) =

(
x if x � 0

↵ex if x < 0Some are better than others for training,  
but each has a specific role. 



Force weights to learn independent features by preventing 
hidden units to rely on other units (co-adaptation).

Dropout regularization

45

• Each hidden unit is set to zero with p probability 
• Each layer can have a different  prob 

Idea: Randomly turn off some neurons of the network



Dropout regularization

46

Reduce overfitting!



Data Augmentation

47

Augment the dataset with several transformation 
It can be done online at every minibatch  

to improve network robustness and generalisation



e.g., standardize input to have zero-mean and unitary variance

Input normalization

48

<latexit sha1_base64="x3KjGcQ7FWI8MqS0qotpkfXRkkg=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYnvcmQ2dllZlYISz7BiwdFvPpF3vwbJ8keNLGgoajqprsrSATXxnW/ncLK6tr6RnGztLW9s7tX3j9o6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0O/VbT6g0j+WjGSfoR3QgecgZNVZ6GPa8XrniVt0ZyDLxclKBHPVe+avbj1kaoTRMUK07npsYP6PKcCZwUuqmGhPKRnSAHUsljVD72ezUCTmxSp+EsbIlDZmpvycyGmk9jgLbGVEz1IveVPzP66QmvPYzLpPUoGTzRWEqiInJ9G/S5wqZEWNLKFPc3krYkCrKjE2nZEPwFl9eJs2zqndZvbg/r9Ru8jiKcATHcAoeXEEN7qAODWAwgGd4hTdHOC/Ou/Mxby04+cwh/IHz+QP2gY2a</latexit>

h1
<latexit sha1_base64="qH/cBuW8O5SAiav2draOy5Ox67Q=">AAAB6nicbVDLSgNBEOz1GeMr6tHLYBA8hd3g6xj04jGieUCyhNnJbDJkdnaZ6RXCkk/w4kERr36RN//GSbIHTSxoKKq66e4KEikMuu63s7K6tr6xWdgqbu/s7u2XDg6bJk414w0Wy1i3A2q4FIo3UKDk7URzGgWSt4LR7dRvPXFtRKwecZxwP6IDJULBKFrpYdir9kplt+LOQJaJl5My5Kj3Sl/dfszSiCtkkhrT8dwE/YxqFEzySbGbGp5QNqID3rFU0YgbP5udOiGnVumTMNa2FJKZ+nsio5Ex4yiwnRHFoVn0puJ/XifF8NrPhEpS5IrNF4WpJBiT6d+kLzRnKMeWUKaFvZWwIdWUoU2naEPwFl9eJs1qxbusXNyfl2s3eRwFOIYTOAMPrqAGd1CHBjAYwDO8wpsjnRfn3fmYt644+cwR/IHz+QP4BY2b</latexit>

h2
<latexit sha1_base64="QclTP3XXyFTcsKC9EcbSqEJfcAI=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQiyeJaB6QLGF20psMmZ1dZmaFsOQTvHhQxKtf5M2/cZLsQaMFDUVVN91dQSK4Nq775RSWlldW14rrpY3Nre2d8u5eU8epYthgsYhVO6AaBZfYMNwIbCcKaRQIbAWj66nfekSleSwfzDhBP6IDyUPOqLHS/bB32ytX3Ko7A/lLvJxUIEe9V/7s9mOWRigNE1Trjucmxs+oMpwJnJS6qcaEshEdYMdSSSPUfjY7dUKOrNInYaxsSUNm6s+JjEZaj6PAdkbUDPWiNxX/8zqpCS/9jMskNSjZfFGYCmJiMv2b9LlCZsTYEsoUt7cSNqSKMmPTKdkQvMWX/5LmSdU7r57dnVZqV3kcRTiAQzgGDy6gBjdQhwYwGMATvMCrI5xn5815n7cWnHxmH37B+fgGIoSNtw==</latexit>

hN

<latexit sha1_base64="ZR3mZmCUVi1nFw1uHQBTEX6X/V0=">AAAB73icbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8cI5gHJEmYns8mQ2dl1plcIS37CiwdFvPo73vwbJ8keNLGgoajqprsrSKQw6LrfTmFldW19o7hZ2tre2d0r7x80TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWj26nfeuLaiFg94DjhfkQHSoSCUbRSO+x1cciR9soVt+rOQJaJl5MK5Kj3yl/dfszSiCtkkhrT8dwE/YxqFEzySambGp5QNqID3rFU0YgbP5vdOyEnVumTMNa2FJKZ+nsio5Ex4yiwnRHFoVn0puJ/XifF8NrPhEpS5IrNF4WpJBiT6fOkLzRnKMeWUKaFvZWwIdWUoY2oZEPwFl9eJs2zqndZvbg/r9Ru8jiKcATHcAoeXEEN7qAODWAg4Rle4c15dF6cd+dj3lpw8plD+APn8wcgy5AL</latexit>

f✓
<latexit sha1_base64="Xwuz3Fsaf+RBiee9CEcKKqJi4Ok=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0nEr2PRi8cK1hbaUDbbTbt0swm7EyGE/ggvHhTx6u/x5r9x2+agrQ8GHu/NMDMvSKQw6LrfTmlldW19o7xZ2dre2d2r7h88mjjVjLdYLGPdCajhUijeQoGSdxLNaRRI3g7Gt1O//cS1EbF6wCzhfkSHSoSCUbRSuzeimGeTfrXm1t0ZyDLxClKDAs1+9as3iFkacYVMUmO6npugn1ONgkk+qfRSwxPKxnTIu5YqGnHj57NzJ+TEKgMSxtqWQjJTf0/kNDImiwLbGVEcmUVvKv7ndVMMr/1cqCRFrth8UZhKgjGZ/k4GQnOGMrOEMi3srYSNqKYMbUIVG4K3+PIyeTyre5f1i/vzWuOmiKMMR3AMp+DBFTTgDprQAgZjeIZXeHMS58V5dz7mrSWnmDmEP3A+fwC1AY/U</latexit>

ŷ
<latexit sha1_base64="kvhqe/DrcwPkCTrPV4Qf/EWKDUY=">AAAB/3icbVDLSsNAFL2pr1pfUcGNm8EiuLEk4mtZdOOygn1AU8pkOmmHziRhZiKWmIW/4saFIm79DXf+jdM2C209cOFwzr3ce48fc6a043xbhYXFpeWV4mppbX1jc8ve3mmoKJGE1knEI9nysaKchbSumea0FUuKhc9p0x9ej/3mPZWKReGdHsW0I3A/ZAEjWBupa+95gcQkfUDHyBNJlnqK9QXOunbZqTgToHni5qQMOWpd+8vrRSQRNNSEY6XarhPrToqlZoTTrOQlisaYDHGftg0NsaCqk07uz9ChUXooiKSpUKOJ+nsixUKpkfBNp8B6oGa9sfif1050cNlJWRgnmoZkuihIONIRGoeBekxSovnIEEwkM7ciMsAmEG0iK5kQ3NmX50njpOKeV85uT8vVqzyOIuzDARyBCxdQhRuoQR0IPMIzvMKb9WS9WO/Wx7S1YOUzu/AH1ucP4QKWCQ==</latexit>x� µ

�

Improve convergence of gradient descent! 
Lecun et al, 1998 Efficient Backprop



Input normalization (linear example)
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Convergence speed of gradient descent 

depends on the condition number  

of the Hessian matrix
<latexit sha1_base64="8LzAib5yJY5OSYkx9B4g+JM5RQM=">AAACF3icbVDLSgMxFM3UV62vqks3wSK4KjPiayMU3bisYB/QGYY7aaYNzWSGJCOWYf7Cjb/ixoUibnXn35g+FrX1QODknHtI7gkSzpS27R+rsLS8srpWXC9tbG5t75R395oqTiWhDRLzWLYDUJQzQRuaaU7biaQQBZy2gsHNyG89UKlYLO71MKFeBD3BQkZAG8kvV90BJAngK+yGEkjmcpPtgp+5ETzm+eydiTz3yxW7ao+BF4kzJRU0Rd0vf7vdmKQRFZpwUKrj2In2MpCaEU7zkpsqmgAZQI92DBUQUeVl471yfGSULg5jaY7QeKzOJjKIlBpGgZmMQPfVvDcS//M6qQ4vvYyJJNVUkMlDYcqxjvGoJNxlkhLNh4YAkcz8FZM+mH60qbJkSnDmV14kzZOqc149uzut1K6ndRTRATpEx8hBF6iGblEdNRBBT+gFvaF369l6tT6sz8lowZpm9tEfWF+/WkWguQ==</latexit>

 =
�max

�min

<latexit sha1_base64="j/ULv91Q6X6Lx/orUrQSkbPOQB4="></latexit>

L(W ) =
1

2N

NX

i=0

(yi �W>xi)
2

Eigenvalues measure the spread of 

the input in its dimensions

<latexit sha1_base64="wjhhCuOYoIBY4e9sTeIxChGsqk4="></latexit>

H = r2L =
1

N

NX

i=0

xix
>
i

Hessian = Input Covariance matrix 

(in this linear example)



Can we use normalisation for intermediate computations?
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Batch Normalization (BN)
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BatchNorm Layer

<latexit sha1_base64="kvhqe/DrcwPkCTrPV4Qf/EWKDUY=">AAAB/3icbVDLSsNAFL2pr1pfUcGNm8EiuLEk4mtZdOOygn1AU8pkOmmHziRhZiKWmIW/4saFIm79DXf+jdM2C209cOFwzr3ce48fc6a043xbhYXFpeWV4mppbX1jc8ve3mmoKJGE1knEI9nysaKchbSumea0FUuKhc9p0x9ej/3mPZWKReGdHsW0I3A/ZAEjWBupa+95gcQkfUDHyBNJlnqK9QXOunbZqTgToHni5qQMOWpd+8vrRSQRNNSEY6XarhPrToqlZoTTrOQlisaYDHGftg0NsaCqk07uz9ChUXooiKSpUKOJ+nsixUKpkfBNp8B6oGa9sfif1050cNlJWRgnmoZkuihIONIRGoeBekxSovnIEEwkM7ciMsAmEG0iK5kQ3NmX50njpOKeV85uT8vVqzyOIuzDARyBCxdQhRuoQR0IPMIzvMKb9WS9WO/Wx7S1YOUzu/AH1ucP4QKWCQ==</latexit>x� µ

�

<latexit sha1_base64="uOKg92CrtTNnNIrBNM7LA8XIDQ0=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYnvcmQ2dllZlYISz7BiwdFvPpF3vwbJ8keNLGgoajqprsrSATXxnW/ncLK6tr6RnGztLW9s7tX3j9o6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0O/VbT6g0j+WjGSfoR3QgecgZNVZ6GPZ4r1xxq+4MZJl4OalAjnqv/NXtxyyNUBomqNYdz02Mn1FlOBM4KXVTjQllIzrAjqWSRqj9bHbqhJxYpU/CWNmShszU3xMZjbQeR4HtjKgZ6kVvKv7ndVITXvsZl0lqULL5ojAVxMRk+jfpc4XMiLEllClubyVsSBVlxqZTsiF4iy8vk+ZZ1busXtyfV2o3eRxFOIJjOAUPrqAGd1CHBjAYwDO8wpsjnBfn3fmYtxacfOYQ/sD5/AFLcI3S</latexit>

hi

<latexit sha1_base64="ZwKkaJcdU3hHlnhMyVD4tdz55QM=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHaNryPRi0dI5JHAhswODYzMzm5mZo1kwxd48aAxXv0kb/6NA+xBwUo6qVR1p7sriAXXxnW/ndzK6tr6Rn6zsLW9s7tX3D9o6ChRDOssEpFqBVSj4BLrhhuBrVghDQOBzWB0O/Wbj6g0j+S9Gcfoh3QgeZ8zaqxUe+oWS27ZnYEsEy8jJchQ7Ra/Or2IJSFKwwTVuu25sfFTqgxnAieFTqIxpmxEB9i2VNIQtZ/ODp2QE6v0SD9StqQhM/X3REpDrcdhYDtDaoZ60ZuK/3ntxPSv/ZTLODEo2XxRPxHERGT6NelxhcyIsSWUKW5vJWxIFWXGZlOwIXiLLy+TxlnZuyxf1M5LlZssjjwcwTGcggdXUIE7qEIdGCA8wyu8OQ/Oi/PufMxbc042cwh/4Hz+AOl5jQY=</latexit>x
<latexit sha1_base64="rrM3SQ9svKCHaerUzUJMNoixC/k=">AAAB7nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8cI5gHJEmYns8mQ2dllplcMSz7CiwdFvPo93vwbJ8keNLGgoajqprsrSKQw6LrfTmFldW19o7hZ2tre2d0r7x80TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWj26nfeuTaiFg94DjhfkQHSoSCUbRSqzukmD1NeuWKW3VnIMvEy0kFctR75a9uP2ZpxBUySY3peG6CfkY1Cib5pNRNDU8oG9EB71iqaMSNn83OnZATq/RJGGtbCslM/T2R0ciYcRTYzoji0Cx6U/E/r5NieO1nQiUpcsXmi8JUEozJ9HfSF5ozlGNLKNPC3krYkGrK0CZUsiF4iy8vk+ZZ1busXtyfV2o3eRxFOIJjOAUPrqAGd1CHBjAYwTO8wpuTOC/Ou/Mxby04+cwh/IHz+QOzfI/T</latexit>

x̂ <latexit sha1_base64="ORV9pLFQ/WpaUXnttnEGT2niOtE=">AAAB/3icbVDJSgNBEO2JW4xbVPDipTEIghBmxO0Y9OIxglkgE0JNp5M06Z4ZumvEMObgr3jxoIhXf8Obf2NnOWjig4LHe1VU1QtiKQy67reTWVhcWl7JrubW1jc2t/LbO1UTJZrxCotkpOsBGC5FyCsoUPJ6rDmoQPJa0L8e+bV7ro2IwjscxLypoBuKjmCAVmrl9/wuKAXU7wGmD0N6TP2AI7TyBbfojkHniTclBTJFuZX/8tsRSxQPkUkwpuG5MTZT0CiY5MOcnxgeA+tDlzcsDUFx00zH9w/poVXatBNpWyHSsfp7IgVlzEAFtlMB9sysNxL/8xoJdi6bqQjjBHnIJos6iaQY0VEYtC00ZygHlgDTwt5KWQ80MLSR5WwI3uzL86R6UvTOi2e3p4XS1TSOLNknB+SIeOSClMgNKZMKYeSRPJNX8uY8OS/Ou/Mxac0405ld8gfO5w8KWZV8</latexit>

�x̂+ �
<latexit sha1_base64="tmEvmksfb9cWDAa5xB1ckWUhUbQ=">AAAB6HicbVDLSgNBEOz1GeMr6tHLYBA8hV3xdQx68ZiAeUCyhNlJbzJmdnaZmRXCki/w4kERr36SN//GSbIHTSxoKKq66e4KEsG1cd1vZ2V1bX1js7BV3N7Z3dsvHRw2dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6m/qtJ1Sax/LBjBP0IzqQPOSMGivVx71S2a24M5Bl4uWkDDlqvdJXtx+zNEJpmKBadzw3MX5GleFM4KTYTTUmlI3oADuWShqh9rPZoRNyapU+CWNlSxoyU39PZDTSehwFtjOiZqgXvan4n9dJTXjjZ1wmqUHJ5ovCVBATk+nXpM8VMiPGllCmuL2VsCFVlBmbTdGG4C2+vEya5xXvqnJZvyhXb/M4CnAMJ3AGHlxDFe6hBg1ggPAMr/DmPDovzrvzMW9dcfKZI/gD5/MH6v2NBw==</latexit>y

<latexit sha1_base64="cLBSYuNjr31BkAtKb/pOuzagSoc=">AAAB7nicbVDLSgNBEOyNrxhfUY9eBoMgCGFXfB2DXjxGMA9IljA76U2GzM4uM7NCWPIRXjwo4tXv8ebfOEn2oIkFDUVVN91dQSK4Nq777RRWVtfWN4qbpa3tnd298v5BU8epYthgsYhVO6AaBZfYMNwIbCcKaRQIbAWju6nfekKleSwfzThBP6IDyUPOqLFSa9jL+Jk36ZUrbtWdgSwTLycVyFHvlb+6/ZilEUrDBNW647mJ8TOqDGcCJ6VuqjGhbEQH2LFU0gi1n83OnZATq/RJGCtb0pCZ+nsio5HW4yiwnRE1Q73oTcX/vE5qwhs/4zJJDUo2XxSmgpiYTH8nfa6QGTG2hDLF7a2EDamizNiESjYEb/HlZdI8r3pX1cuHi0rtNo+jCEdwDKfgwTXU4B7q0AAGI3iGV3hzEufFeXc+5q0FJ585hD9wPn8A6VSPTg==</latexit>

hi+1

Normalize input of each hidden layer and  
learn how much to normalize to be more expressive



Batch Normalization
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<latexit sha1_base64="kvhqe/DrcwPkCTrPV4Qf/EWKDUY=">AAAB/3icbVDLSsNAFL2pr1pfUcGNm8EiuLEk4mtZdOOygn1AU8pkOmmHziRhZiKWmIW/4saFIm79DXf+jdM2C209cOFwzr3ce48fc6a043xbhYXFpeWV4mppbX1jc8ve3mmoKJGE1knEI9nysaKchbSumea0FUuKhc9p0x9ej/3mPZWKReGdHsW0I3A/ZAEjWBupa+95gcQkfUDHyBNJlnqK9QXOunbZqTgToHni5qQMOWpd+8vrRSQRNNSEY6XarhPrToqlZoTTrOQlisaYDHGftg0NsaCqk07uz9ChUXooiKSpUKOJ+nsixUKpkfBNp8B6oGa9sfif1050cNlJWRgnmoZkuihIONIRGoeBekxSovnIEEwkM7ciMsAmEG0iK5kQ3NmX50njpOKeV85uT8vVqzyOIuzDARyBCxdQhRuoQR0IPMIzvMKb9WS9WO/Wx7S1YOUzu/AH1ucP4QKWCQ==</latexit>x� µ

�

<latexit sha1_base64="uOKg92CrtTNnNIrBNM7LA8XIDQ0=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYnvcmQ2dllZlYISz7BiwdFvPpF3vwbJ8keNLGgoajqprsrSATXxnW/ncLK6tr6RnGztLW9s7tX3j9o6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0O/VbT6g0j+WjGSfoR3QgecgZNVZ6GPZ4r1xxq+4MZJl4OalAjnqv/NXtxyyNUBomqNYdz02Mn1FlOBM4KXVTjQllIzrAjqWSRqj9bHbqhJxYpU/CWNmShszU3xMZjbQeR4HtjKgZ6kVvKv7ndVITXvsZl0lqULL5ojAVxMRk+jfpc4XMiLEllClubyVsSBVlxqZTsiF4iy8vk+ZZ1busXtyfV2o3eRxFOIJjOAUPrqAGd1CHBjAYwDO8wpsjnBfn3fmYtxacfOYQ/sD5/AFLcI3S</latexit>

hi

<latexit sha1_base64="ZwKkaJcdU3hHlnhMyVD4tdz55QM=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHaNryPRi0dI5JHAhswODYzMzm5mZo1kwxd48aAxXv0kb/6NA+xBwUo6qVR1p7sriAXXxnW/ndzK6tr6Rn6zsLW9s7tX3D9o6ChRDOssEpFqBVSj4BLrhhuBrVghDQOBzWB0O/Wbj6g0j+S9Gcfoh3QgeZ8zaqxUe+oWS27ZnYEsEy8jJchQ7Ra/Or2IJSFKwwTVuu25sfFTqgxnAieFTqIxpmxEB9i2VNIQtZ/ODp2QE6v0SD9StqQhM/X3REpDrcdhYDtDaoZ60ZuK/3ntxPSv/ZTLODEo2XxRPxHERGT6NelxhcyIsSWUKW5vJWxIFWXGZlOwIXiLLy+TxlnZuyxf1M5LlZssjjwcwTGcggdXUIE7qEIdGCA8wyu8OQ/Oi/PufMxbc042cwh/4Hz+AOl5jQY=</latexit>x
<latexit sha1_base64="rrM3SQ9svKCHaerUzUJMNoixC/k=">AAAB7nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8cI5gHJEmYns8mQ2dllplcMSz7CiwdFvPo93vwbJ8keNLGgoajqprsrSKQw6LrfTmFldW19o7hZ2tre2d0r7x80TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWj26nfeuTaiFg94DjhfkQHSoSCUbRSqzukmD1NeuWKW3VnIMvEy0kFctR75a9uP2ZpxBUySY3peG6CfkY1Cib5pNRNDU8oG9EB71iqaMSNn83OnZATq/RJGGtbCslM/T2R0ciYcRTYzoji0Cx6U/E/r5NieO1nQiUpcsXmi8JUEozJ9HfSF5ozlGNLKNPC3krYkGrK0CZUsiF4iy8vk+ZZ1busXtyfV2o3eRxFOIJjOAUPrqAGd1CHBjAYwTO8wpuTOC/Ou/Mxby04+cwh/IHz+QOzfI/T</latexit>

x̂
<latexit sha1_base64="tmEvmksfb9cWDAa5xB1ckWUhUbQ=">AAAB6HicbVDLSgNBEOz1GeMr6tHLYBA8hV3xdQx68ZiAeUCyhNlJbzJmdnaZmRXCki/w4kERr36SN//GSbIHTSxoKKq66e4KEsG1cd1vZ2V1bX1js7BV3N7Z3dsvHRw2dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6m/qtJ1Sax/LBjBP0IzqQPOSMGivVx71S2a24M5Bl4uWkDDlqvdJXtx+zNEJpmKBadzw3MX5GleFM4KTYTTUmlI3oADuWShqh9rPZoRNyapU+CWNlSxoyU39PZDTSehwFtjOiZqgXvan4n9dJTXjjZ1wmqUHJ5ovCVBATk+nXpM8VMiPGllCmuL2VsCFVlBmbTdGG4C2+vEya5xXvqnJZvyhXb/M4CnAMJ3AGHlxDFe6hBg1ggPAMr/DmPDovzrvzMW9dcfKZI/gD5/MH6v2NBw==</latexit>y

<latexit sha1_base64="cLBSYuNjr31BkAtKb/pOuzagSoc=">AAAB7nicbVDLSgNBEOyNrxhfUY9eBoMgCGFXfB2DXjxGMA9IljA76U2GzM4uM7NCWPIRXjwo4tXv8ebfOEn2oIkFDUVVN91dQSK4Nq777RRWVtfWN4qbpa3tnd298v5BU8epYthgsYhVO6AaBZfYMNwIbCcKaRQIbAWju6nfekKleSwfzThBP6IDyUPOqLFSa9jL+Jk36ZUrbtWdgSwTLycVyFHvlb+6/ZilEUrDBNW647mJ8TOqDGcCJ6VuqjGhbEQH2LFU0gi1n83OnZATq/RJGCtb0pCZ+nsio5HW4yiwnRE1Q73oTcX/vE5qwhs/4zJJDUo2XxSmgpiYTH8nfa6QGTG2hDLF7a2EDamizNiESjYEb/HlZdI8r3pX1cuHi0rtNo+jCEdwDKfgwTXU4B7q0AAGI3iGV3hzEufFeXc+5q0FJ585hD9wPn8A6VSPTg==</latexit>

hi+1
<latexit sha1_base64="ORV9pLFQ/WpaUXnttnEGT2niOtE=">AAAB/3icbVDJSgNBEO2JW4xbVPDipTEIghBmxO0Y9OIxglkgE0JNp5M06Z4ZumvEMObgr3jxoIhXf8Obf2NnOWjig4LHe1VU1QtiKQy67reTWVhcWl7JrubW1jc2t/LbO1UTJZrxCotkpOsBGC5FyCsoUPJ6rDmoQPJa0L8e+bV7ro2IwjscxLypoBuKjmCAVmrl9/wuKAXU7wGmD0N6TP2AI7TyBbfojkHniTclBTJFuZX/8tsRSxQPkUkwpuG5MTZT0CiY5MOcnxgeA+tDlzcsDUFx00zH9w/poVXatBNpWyHSsfp7IgVlzEAFtlMB9sysNxL/8xoJdi6bqQjjBHnIJos6iaQY0VEYtC00ZygHlgDTwt5KWQ80MLSR5WwI3uzL86R6UvTOi2e3p4XS1TSOLNknB+SIeOSClMgNKZMKYeSRPJNX8uY8OS/Ou/Mxac0405ld8gfO5w8KWZV8</latexit>

�x̂+ �

Train mode 
Use batch statistics to 

normalize activations

Inference mode 
Use dataset statistics,  

Collected 

<latexit sha1_base64="DDRvK9GTqcs5HJC3BusY6YgM/q0=">AAAB6nicdVDLSsNAFL3xWeur6tLNYBFchaRNbZdFNy4r2ge0oUymk3boZBJmJkIJ/QQ3LhRx6xe582+cPoQqeuDC4Zx7ufeeIOFMacf5tNbWNza3tnM7+d29/YPDwtFxS8WpJLRJYh7LToAV5UzQpmaa004iKY4CTtvB+Hrmtx+oVCwW93qSUD/CQ8FCRrA20l1P0H6h6NrOHMixnapXLnuGlCqeV3PQt1WEJRr9wkdvEJM0okITjpXquk6i/QxLzQin03wvVTTBZIyHtGuowBFVfjY/dYrOjTJAYSxNCY3m6upEhiOlJlFgOiOsR+q3NxP/8rqpDmt+xkSSairIYlGYcqRjNPsbDZikRPOJIZhIZm5FZIQlJtqkk18N4X/SKtnupV259Yr1q2UcOTiFM7gAF6pQhxtoQBMIDOERnuHF4taT9Wq9LVrXrOXMCfyA9f4Fij+N/g==</latexit>

6=
Be sure to be in the correct mode! 


Frequent cause of bugs…



Batch Normalization

53

• Faster convergence 
• Less sensitive to hyper parameters 
• Acts as regulariser



CNNs are simply a composition of  
conv layers, nonlinearities, normalisation and other blocks

54

Everything is differentiable, so backprop for learning parameters!



CNNs were not invented over night

55



Progress on ImageNet

56

AlexNet

VGG & GoogleNet

What happened here?



That’s it? Should we just stack more layers?

57



Expressivity & Trainability

58

* great blog https://blog.evjang.com/2017/11/exp-train-gen.html


Slides inspired by Orhan Firat M2L Lecture


https://blog.evjang.com/2017/11/exp-train-gen.html
https://www.youtube.com/watch?v=nDlfxOPrlEQ


Expressivity & Trainability

59

* great blog https://blog.evjang.com/2017/11/exp-train-gen.html


Slides inspired by Orhan Firat M2L Lecture


How good can you train your model (optimization)What functions your model can approximate

<latexit sha1_base64="Mp+fyy1nsKBbBTnrEZouWnT6YhE=">AAAB8nicbVDLSgMxFM3UV62vqks3wSK4KjPia1nUhcsK9gHToWTSTBuaSYbkjlCGfoYbF4q49Wvc+Tdm2llo64HA4Zx7ybknTAQ34LrfTmlldW19o7xZ2dre2d2r7h+0jUo1ZS2qhNLdkBgmuGQt4CBYN9GMxKFgnXB8m/udJ6YNV/IRJgkLYjKUPOKUgJX8XkxgRInI7qb9as2tuzPgZeIVpIYKNPvVr95A0TRmEqggxviem0CQEQ2cCjat9FLDEkLHZMh8SyWJmQmyWeQpPrHKAEdK2ycBz9TfGxmJjZnEoZ3MI5pFLxf/8/wUousg4zJJgUk6/yhKBQaF8/vxgGtGQUwsIVRzmxXTEdGEgm2pYkvwFk9eJu2zundZv3g4rzVuijrK6Agdo1PkoSvUQPeoiVqIIoWe0St6c8B5cd6dj/loySl2DtEfOJ8/eB2RZA==</latexit>D
<latexit sha1_base64="RnyzIg4Iy64zhhoBANN9EcBOI5Y=">AAAB7XicbVDLSgNBEJyNrxhfUY9eBoPgKeyKr2PQi8cI5gHJEmYnvcmY2Z1lplcIS/7BiwdFvPo/3vwbJ8keNLGgoajqprsrSKQw6LrfTmFldW19o7hZ2tre2d0r7x80jUo1hwZXUul2wAxIEUMDBUpoJxpYFEhoBaPbqd96Am2Eih9wnIAfsUEsQsEZWqnZxSEg65UrbtWdgS4TLycVkqPeK391+4qnEcTIJTOm47kJ+hnTKLiESambGkgYH7EBdCyNWQTGz2bXTuiJVfo0VNpWjHSm/p7IWGTMOApsZ8RwaBa9qfif10kxvPYzEScpQszni8JUUlR0+jrtCw0c5dgSxrWwt1I+ZJpxtAGVbAje4svLpHlW9S6rF/fnldpNHkeRHJFjcko8ckVq5I7USYNw8kieySt5c5Tz4rw7H/PWgpPPHJI/cD5/AKc3jzI=</latexit>

✓

<latexit sha1_base64="Nc8JBoLJwLH74YabXkCw/VqIA9Q=">AAAB7nicbVDLSsNAFL2pr1pfVZduBovgqiTia1l047KCtYU2lMlk0g6dTMLMjVBCP8KNC0Xc+j3u/BunbRbaemDgcM65zL0nSKUw6LrfTmlldW19o7xZ2dre2d2r7h88miTTjLdYIhPdCajhUijeQoGSd1LNaRxI3g5Gt1O//cS1EYl6wHHK/ZgOlIgEo2ildk/aaEj71Zpbd2cgy8QrSA0KNPvVr16YsCzmCpmkxnQ9N0U/pxoFk3xS6WWGp5SN6IB3LVU05sbPZ+tOyIlVQhIl2j6FZKb+nshpbMw4Dmwypjg0i95U/M/rZhhd+7lQaYZcsflHUSYJJmR6OwmF5gzl2BLKtLC7EjakmjK0DVVsCd7iycvk8azuXdYv7s9rjZuijjIcwTGcggdX0IA7aEILGIzgGV7hzUmdF+fd+ZhHS04xcwh/4Hz+AEAFj4c=</latexit>

�

= Data

= Model

= Loss, optimizer, hyperparams

<latexit sha1_base64="cTWkXnsKy3fjZ29lLLNWYej8Fyc=">AAACGnicbVDLSgNBEJz1bXxFPXoZDIKChF3xdRFEPXhUMEbIhtA76TVDZh/O9IphyXd48Ve8eFDEm3jxb5zEHDRaMExR1T3TXUGqpCHX/XRGRsfGJyanpgszs3PzC8XFpUuTZFpgRSQq0VcBGFQyxgpJUniVaoQoUFgN2sc9v3qL2sgkvqBOivUIrmMZSgFkpUbR8wnvKL/JQEnqdPkBD/m6HwG1BKj8pLvJfWohgb2VfbUJG41iyS27ffC/xBuQEhvgrFF895uJyCKMSSgwpua5KdVz0CSFwm7BzwymINpwjTVLY4jQ1PP+al2+ZpUmDxNtT0y8r/7syCEyphMFtrI3tBn2euJ/Xi2jcL+eyzjNCGPx/VGYKU4J7+XEm1KjINWxBISWdlYuWqBBkE2zYEPwhlf+Sy63yt5ueed8u3R4NIhjiq2wVbbOPLbHDtkpO2MVJtg9e2TP7MV5cJ6cV+ftu3TEGfQss19wPr4AK8agTg==</latexit>

quality = f(D, ✓,�)

https://blog.evjang.com/2017/11/exp-train-gen.html
https://www.youtube.com/watch?v=nDlfxOPrlEQ


Credit Assignment Problem in Machine Learning

60

Representations learning via Neural Networks  
uses back-propagation and gradient descent

1) Evaluate all the intermediate computations that the predictor has made 
• understand what could have been done differently to obtain a better outcome 
• assign the proper credit to each decision (or unit) involved in the prediction 

2) Update the system accordingly



Vanishing gradient problem

61

Earlier units do net get any credit for their computation (bad or good 
prediction) because the gradients vanishes (or even explode) 

over depth because of successive multiplication

<latexit sha1_base64="2emALSksLzoub8k7/ujVxV+0yBE="></latexit>

dxn

dx0
=

dhN

dhN�1
⇥ dhN�1

dhN�2
⇥ · · ·⇥ dh1

dx0

<latexit sha1_base64="p9PZdnbdb2qDb2wD01TsYU8MCrg=">AAACKHicbVDLSgMxFM34rPU16tJNsAjtwjJTfG3EohtXpYJ9QDsMmTTThmYyQ5KRlqGf48ZfcSOiSLd+iWk7iLZeCDk559wk93gRo1JZ1thYWl5ZXVvPbGQ3t7Z3ds29/boMY4FJDYcsFE0PScIoJzVFFSPNSBAUeIw0vP7tRG88EiFpyB/UMCJOgLqc+hQjpSnXvB64FXgF8z29tTEVGPbcpHJij9JTuxMqmWItlX5MdiE/cK2Ca+asojUtuAjsFORAWlXXfNNX4jggXGGGpGzZVqScBAlFMSOjbDuWJEK4j7qkpSFHAZFOMh10BI8104F+KPTiCk7Z3x0JCqQcBp52Bkj15Lw2If/TWrHyL52E8ihWhOPZQ37MoArhJDXYoYJgxYYaICyo/ivEPSQQVjrbrA7Bnh95EdRLRfu8eHZ/mivfpHFkwCE4AnlggwtQBnegCmoAgyfwAt7Bh/FsvBqfxnhmXTLSngPwp4yvb0nAoxE=</latexit>

xN = (hN � hN�1 � · · · � h2 � h1)(x0)



Choosing the correct nonlinearity 
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<latexit sha1_base64="pgX6XtBIc5LqQyGeGD0N6gGgmjg=">AAACAnicbVDJSgNBEK2JW4zbqCfx0hiEiBhmxO0iBL14jGAWSMbQ0+lJmvQsdPdIwjB48Ve8eFDEq1/hzb+xsxw08UHB470qquq5EWdSWda3kZmbX1hcyi7nVlbX1jfMza2qDGNBaIWEPBR1F0vKWUAriilO65Gg2Hc5rbm966Ffe6BCsjC4U4OIOj7uBMxjBCsttcwdr9A/QJeo6QlMEjtN7EN6nxz107Rl5q2iNQKaJfaE5GGCcsv8arZDEvs0UIRjKRu2FSknwUIxwmmaa8aSRpj0cIc2NA2wT6WTjF5I0b5W2sgLha5AoZH6eyLBvpQD39WdPlZdOe0Nxf+8Rqy8CydhQRQrGpDxIi/mSIVomAdqM0GJ4gNNMBFM34pIF+swlE4tp0Owp1+eJdXjon1WPL09yZeuJnFkYRf2oAA2nEMJbqAMFSDwCM/wCm/Gk/FivBsf49aMMZnZhj8wPn8AZgeWMA==</latexit>

f(x) =
1

1 + e�x
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f(x) = tanh(x)

Saturating units 



Choosing the correct nonlinearity 
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f(x) =
1

1 + e�x
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f(x) = tanh(x)

Saturating units 

Gradient goes to zero

Gradient goes to zero



Choosing the correct nonlinearity 
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f(x) =
1

1 + e�x
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f(x) = tanh(x)
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f(x) = max(0, x)

Saturating units Non-saturating units 

Gradient is 1
Gradient goes to zero

Gradient goes to zero



Residual and Highway Networks

He et al. (2015) 
Srivastava et al. (2015) 65

<latexit sha1_base64="SFlXxRoUJdKIwEEs3GS+BOYuS3s="></latexit>x

<latexit sha1_base64="g9UbLBg+WyI83ywXo4ULDXHmL/k="></latexit>

f(x; ✓)
Redesign neural networks to make 

them easier to optimize 

even for very large depths


 (solving the vanishing 

gradient problem)

“Shortcut or  
skip connection” 

The gradient can skip layers  
of computation to assign  

credit to initial units. 

<latexit sha1_base64="jgyK3iC1Ayh+OouRxiA438O2iO8="></latexit>

y = x · C(x; ✓C) + f(x; ✓) · T (x; ✓T )

<latexit sha1_base64="fPIy4SyWpKdw9kNDPofMz53SaAg="></latexit>

y = x+ f(x; ✓)

Carry gate Transform gate

https://arxiv.org/abs/1512.03385
https://arxiv.org/abs/1507.06228


ResNets

66Deep Residual Learning for Image Recognition, He et al (2015)

https://arxiv.org/abs/1512.03385


Residual and Highway Networks
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Additive Compositional Layers

68

<latexit sha1_base64="ojbl0ZkP3qW9qTOy/zPHRqVVBss="></latexit>

x(k + 1) = x(k) + f(x(k), ✓(k))
Additive Non-Linear TransformationPrevious Representation

Inductive bias: Iterative inference and features refinement

Most of the successfully trained very deep architectures share a core building block

to compute a vector representation at layer , parametrised by :k + 1 θ(k)



Iterative inference in ResNets and Highway Networks

69
Greff et al. (2017) 
Jastrzebski et al. (2018)

Lower residual blocks learn  
hierarchical representations 


(each block discovers  
a different representation)

Higher residual blocks learn to perform iterative 
inference and feature refinement.


(keep the semantics of the representation  
of the previous layer)

https://arxiv.org/abs/1612.07771
https://arxiv.org/abs/1710.04773


U-Net

70

Skip connections from the encoder to the decoder  
for better gradient flow and details reconstruction 

U-Net: Convolutional Networks for Biomedical Image Segmentation, Ronneberger et al 2015

https://arxiv.org/abs/1505.04597


DenseNet

71

L(L+1) / 2 direct connections 

Lang, K. J., and Witbrock. M. (1988). “Learning to Tell Two Spirals Apart.” In Proc. of 1988 Connectionist Models Summer School

Densely Connected Convolutional Networks, Huang et al 2016

https://www.researchgate.net/publication/269337640_Learning_to_Tell_Two_Spirals_Apart
https://arxiv.org/abs/1608.06993


So far…
● CNNs are powerful models for image/video representation learning 

○ Deeper and larger models need some tricks (skip connections & normalisation) 
to be trained because of vanishing gradients and instabilities

72



Sequence Modelling

73



Feed-forward Networks

74
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h1
<latexit sha1_base64="qH/cBuW8O5SAiav2draOy5Ox67Q=">AAAB6nicbVDLSgNBEOz1GeMr6tHLYBA8hd3g6xj04jGieUCyhNnJbDJkdnaZ6RXCkk/w4kERr36RN//GSbIHTSxoKKq66e4KEikMuu63s7K6tr6xWdgqbu/s7u2XDg6bJk414w0Wy1i3A2q4FIo3UKDk7URzGgWSt4LR7dRvPXFtRKwecZxwP6IDJULBKFrpYdir9kplt+LOQJaJl5My5Kj3Sl/dfszSiCtkkhrT8dwE/YxqFEzySbGbGp5QNqID3rFU0YgbP5udOiGnVumTMNa2FJKZ+nsio5Ex4yiwnRHFoVn0puJ/XifF8NrPhEpS5IrNF4WpJBiT6d+kLzRnKMeWUKaFvZWwIdWUoU2naEPwFl9eJs1qxbusXNyfl2s3eRwFOIYTOAMPrqAGd1CHBjAYwDO8wpsjnRfn3fmYt644+cwR/IHz+QP4BY2b</latexit>

h2
<latexit sha1_base64="QclTP3XXyFTcsKC9EcbSqEJfcAI=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQiyeJaB6QLGF20psMmZ1dZmaFsOQTvHhQxKtf5M2/cZLsQaMFDUVVN91dQSK4Nq775RSWlldW14rrpY3Nre2d8u5eU8epYthgsYhVO6AaBZfYMNwIbCcKaRQIbAWj66nfekSleSwfzDhBP6IDyUPOqLHS/bB32ytX3Ko7A/lLvJxUIEe9V/7s9mOWRigNE1Trjucmxs+oMpwJnJS6qcaEshEdYMdSSSPUfjY7dUKOrNInYaxsSUNm6s+JjEZaj6PAdkbUDPWiNxX/8zqpCS/9jMskNSjZfFGYCmJiMv2b9LlCZsTYEsoUt7cSNqSKMmPTKdkQvMWX/5LmSdU7r57dnVZqV3kcRTiAQzgGDy6gBjdQhwYwGMATvMCrI5xn5815n7cWnHxmH37B+fgGIoSNtw==</latexit>

hN <latexit sha1_base64="Xwuz3Fsaf+RBiee9CEcKKqJi4Ok=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0nEr2PRi8cK1hbaUDbbTbt0swm7EyGE/ggvHhTx6u/x5r9x2+agrQ8GHu/NMDMvSKQw6LrfTmlldW19o7xZ2dre2d2r7h88mjjVjLdYLGPdCajhUijeQoGSdxLNaRRI3g7Gt1O//cS1EbF6wCzhfkSHSoSCUbRSuzeimGeTfrXm1t0ZyDLxClKDAs1+9as3iFkacYVMUmO6npugn1ONgkk+qfRSwxPKxnTIu5YqGnHj57NzJ+TEKgMSxtqWQjJTf0/kNDImiwLbGVEcmUVvKv7ndVMMr/1cqCRFrth8UZhKgjGZ/k4GQnOGMrOEMi3srYSNqKYMbUIVG4K3+PIyeTyre5f1i/vzWuOmiKMMR3AMp+DBFTTgDprQAgZjeIZXeHMS58V5dz7mrSWnmDmEP3A+fwC1AY/U</latexit>

ŷ

Information only flows forward

<latexit sha1_base64="bb5iJiQmPD28+nI31Go6vN5iCwQ=">AAAB+3icbVC7TsMwFHXKq5RXKCOLRYXEVCWI11jBwlgQfUhNqBzXaa3aTmQ7qFWUX2FhACFWfoSNv8FpM0DLkSwdnXOv7vEJYkaVdpxvq7Syura+Ud6sbG3v7O7Z+9W2ihKJSQtHLJLdACnCqCAtTTUj3VgSxANGOsH4Jvc7T0QqGokHPY2Jz9FQ0JBipI3Ut6sT6FEBPY70KAjS++yR9+2aU3dmgMvELUgNFGj27S9vEOGEE6ExQ0r1XCfWfoqkppiRrOIlisQIj9GQ9AwViBPlp7PsGTw2ygCGkTRPaDhTf2+kiCs15YGZzDOqRS8X//N6iQ6v/JSKONFE4PmhMGFQRzAvAg6oJFizqSEIS2qyQjxCEmFt6qqYEtzFLy+T9mndvaif353VGtdFHWVwCI7ACXDBJWiAW9AELYDBBDyDV/BmZdaL9W59zEdLVrFzAP7A+vwBoYGUMw==</latexit>

x 2 Rm
<latexit sha1_base64="oHExDLPYv9Y23c8FoLBsvzcdur8=">AAACAXicbVDLSsNAFJ3UV62vqhvBzWARXJVEfC2LblxWsQ9oYplMJ+3QySTM3Agh1I2/4saFIm79C3f+jdM2C209cOFwzr3ce48fC67Btr+twsLi0vJKcbW0tr6xuVXe3mnqKFGUNWgkItX2iWaCS9YADoK1Y8VI6AvW8odXY7/1wJTmkbyDNGZeSPqSB5wSMFK3vOcOCGTpCLtcYjckMPD97HZ0b6yKXbUnwPPEyUkF5ah3y19uL6JJyCRQQbTuOHYMXkYUcCrYqOQmmsWEDkmfdQyVJGTayyYfjPChUXo4iJQpCXii/p7ISKh1Gvqmc3yjnvXG4n9eJ4Hgwsu4jBNgkk4XBYnAEOFxHLjHFaMgUkMIVdzciumAKELBhFYyITizL8+T5nHVOaue3pxUapd5HEW0jw7QEXLQOaqha1RHDUTRI3pGr+jNerJerHfrY9pasPKZXfQH1ucPm8WXAg==</latexit>

ŷ 2 Rn



Handling sequences

<latexit sha1_base64="bUszJa7AkmQwSaRPC0f+hIzY1TU=">AAACA3icbVDLSgMxFM34rPU16k43wSK4KGVGfC2LblxW6As6w5BJM21oJhmSjLQMBTf+ihsXirj1J9z5N6btLLT1wIWTc+4l954wYVRpx/m2lpZXVtfWCxvFza3tnV17b7+pRCoxaWDBhGyHSBFGOWloqhlpJ5KgOGSkFQ5uJ37rgUhFBa/rUUL8GPU4jShG2kiBfehlw8Apw2HglqGHu0KrMjSvujcO7JJTcaaAi8TNSQnkqAX2l9cVOI0J15ghpTquk2g/Q1JTzMi46KWKJAgPUI90DOUoJsrPpjeM4YlRujAS0hTXcKr+nshQrNQoDk1njHRfzXsT8T+vk+ro2s8oT1JNOJ59FKUMagEngcAulQRrNjIEYUnNrhD3kURYm9iKJgR3/uRF0jyruJeVi/vzUvUmj6MAjsAxOAUuuAJVcAdqoAEweATP4BW8WU/Wi/Vufcxal6x85gD8gfX5A23mliA=</latexit>

{x0, x1, · · · , xT }

Correlated inputs with a time dependence
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<latexit sha1_base64="bUszJa7AkmQwSaRPC0f+hIzY1TU=">AAACA3icbVDLSgMxFM34rPU16k43wSK4KGVGfC2LblxW6As6w5BJM21oJhmSjLQMBTf+ihsXirj1J9z5N6btLLT1wIWTc+4l954wYVRpx/m2lpZXVtfWCxvFza3tnV17b7+pRCoxaWDBhGyHSBFGOWloqhlpJ5KgOGSkFQ5uJ37rgUhFBa/rUUL8GPU4jShG2kiBfehlw8Apw2HglqGHu0KrMjSvujcO7JJTcaaAi8TNSQnkqAX2l9cVOI0J15ghpTquk2g/Q1JTzMi46KWKJAgPUI90DOUoJsrPpjeM4YlRujAS0hTXcKr+nshQrNQoDk1njHRfzXsT8T+vk+ro2s8oT1JNOJ59FKUMagEngcAulQRrNjIEYUnNrhD3kURYm9iKJgR3/uRF0jyruJeVi/vzUvUmj6MAjsAxOAUuuAJVcAdqoAEweATP4BW8WU/Wi/Vufcxal6x85gD8gfX5A23mliA=</latexit>

{x0, x1, · · · , xT } Correlated inputs with a time dependence

output only depends on current time

<latexit sha1_base64="o9UNsoOAgncWYzMvqd8qSmfUt0I=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYns8mQ2dllplcMSz7BiwdFvPpF3vwbJ8keNFrQUFR1090VJFIYdN0vp7C0vLK6VlwvbWxube+Ud/eaJk414w0Wy1i3A2q4FIo3UKDk7URzGgWSt4LR9dRvPXBtRKzucZxwP6IDJULBKFrp7rGHvXLFrbozkL/Ey0kFctR75c9uP2ZpxBUySY3peG6CfkY1Cib5pNRNDU8oG9EB71iqaMSNn81OnZAjq/RJGGtbCslM/TmR0ciYcRTYzoji0Cx6U/E/r5NieOlnQiUpcsXmi8JUEozJ9G/SF5ozlGNLKNPC3krYkGrK0KZTsiF4iy//Jc2TqndePbs9rdSu8jiKcACHcAweXEANbqAODWAwgCd4gVdHOs/Om/M+by04+cw+/ILz8Q10fI3t</latexit>xt

<latexit sha1_base64="w4RY1m1cp9R4P1Y3fEdx8rP2WNI=">AAAB8HicbVDLSgNBEOyNrxhfUY9eFoPgKeyKr2PQi8cI5iHJEmYnk2TIzOwy0yssS77CiwdFvPo53vwbJ8keNLGgoajqprsrjAU36HnfTmFldW19o7hZ2tre2d0r7x80TZRoyho0EpFuh8QwwRVrIEfB2rFmRIaCtcLx7dRvPTFteKQeMI1ZIMlQ8QGnBK302B0RzNJJD3vlilf1ZnCXiZ+TCuSo98pf3X5EE8kUUkGM6fhejEFGNHIq2KTUTQyLCR2TIetYqohkJshmB0/cE6v03UGkbSl0Z+rviYxIY1IZ2k5JcGQWvan4n9dJcHAdZFzFCTJF54sGiXAxcqffu32uGUWRWkKo5vZWl46IJhRtRiUbgr/48jJpnlX9y+rF/XmldpPHUYQjOIZT8OEKanAHdWgABQnP8ApvjnZenHfnY95acPKZQ/gD5/MHRUCQuw==</latexit>

ŷt

<latexit sha1_base64="WQ1eUAu1DD8mx6Eo/k6Syc0haI4=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHaJryPRi0eM8khgQ2aHBibMzm5mZo1kwyd48aAxXv0ib/6NA+xBwUo6qVR1p7sriAXXxnW/ndzK6tr6Rn6zsLW9s7tX3D9o6ChRDOssEpFqBVSj4BLrhhuBrVghDQOBzWB0M/Wbj6g0j+SDGcfoh3QgeZ8zaqx0/9StdIslt+zOQJaJl5ESZKh1i1+dXsSSEKVhgmrd9tzY+ClVhjOBk0In0RhTNqIDbFsqaYjaT2enTsiJVXqkHylb0pCZ+nsipaHW4zCwnSE1Q73oTcX/vHZi+ld+ymWcGJRsvqifCGIiMv2b9LhCZsTYEsoUt7cSNqSKMmPTKdgQvMWXl0mjUvYuyud3Z6XqdRZHHo7gGE7Bg0uowi3UoA4MBvAMr/DmCOfFeXc+5q05J5s5hD9wPn8AEHSNqw==</latexit>x2

<latexit sha1_base64="TTffiM8DJ4cpcttPmSi7JhyV67k=">AAAB8HicbVDLSgNBEOz1GeMr6tHLYBA8hd3g6xj04jGCeUiyhNnJbDJkdnaZ6RXCkq/w4kERr36ON//GSbIHTSxoKKq66e4KEikMuu63s7K6tr6xWdgqbu/s7u2XDg6bJk414w0Wy1i3A2q4FIo3UKDk7URzGgWSt4LR7dRvPXFtRKwecJxwP6IDJULBKFrpsTukmI0nvWqvVHYr7gxkmXg5KUOOeq/01e3HLI24QiapMR3PTdDPqEbBJJ8Uu6nhCWUjOuAdSxWNuPGz2cETcmqVPgljbUshmam/JzIaGTOOAtsZURyaRW8q/ud1Ugyv/UyoJEWu2HxRmEqCMZl+T/pCc4ZybAllWthbCRtSTRnajIo2BG/x5WXSrFa8y8rF/Xm5dpPHUYBjOIEz8OAKanAHdWgAgwie4RXeHO28OO/Ox7x1xclnjuAPnM8f4SmQeQ==</latexit>

ŷ2

<latexit sha1_base64="cT3z+/LKf/DKKyfnnlxX1lOJRwc=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYnvcmQ2dllZlYMSz7BiwdFvPpF3vwbJ8keNFrQUFR1090VJIJr47pfTmFpeWV1rbhe2tjc2t4p7+41dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6nvqtB1Sax/LejBP0IzqQPOSMGivdPfa8XrniVt0ZyF/i5aQCOeq98me3H7M0QmmYoFp3PDcxfkaV4UzgpNRNNSaUjegAO5ZKGqH2s9mpE3JklT4JY2VLGjJTf05kNNJ6HAW2M6JmqBe9qfif10lNeOlnXCapQcnmi8JUEBOT6d+kzxUyI8aWUKa4vZWwIVWUGZtOyYbgLb78lzRPqt559ez2tFK7yuMowgEcwjF4cAE1uIE6NIDBAJ7gBV4d4Tw7b877vLXg5DP78AvOxzcO8I2q</latexit>x1

<latexit sha1_base64="7NWyoSMeTqUJUsrNZD/71D1iarg=">AAAB8HicbVDLSgNBEOyNrxhfUY9eFoPgKeyKr2PQi8cI5iHJEmYnk2TIzOwy0yssS77CiwdFvPo53vwbJ8keNLGgoajqprsrjAU36HnfTmFldW19o7hZ2tre2d0r7x80TZRoyho0EpFuh8QwwRVrIEfB2rFmRIaCtcLx7dRvPTFteKQeMI1ZIMlQ8QGnBK302B0RzNJJz++VK17Vm8FdJn5OKpCj3it/dfsRTSRTSAUxpuN7MQYZ0cipYJNSNzEsJnRMhqxjqSKSmSCbHTxxT6zSdweRtqXQnam/JzIijUllaDslwZFZ9Kbif14nwcF1kHEVJ8gUnS8aJMLFyJ1+7/a5ZhRFagmhmttbXToimlC0GZVsCP7iy8ukeVb1L6sX9+eV2k0eRxGO4BhOwYcrqMEd1KEBFCQ8wyu8Odp5cd6dj3lrwclnDuEPnM8f36WQeA==</latexit>

ŷ1
<latexit sha1_base64="/u2SApo+y+VV0RbSdAlaQIO0aAc=">AAAB8HicbVDLSgNBEOyNrxhfUY9eFoPgKeyKr2PQi8cI5iHJEmYnk2TIzOwy0yssS77CiwdFvPo53vwbJ8keNLGgoajqprsrjAU36HnfTmFldW19o7hZ2tre2d0r7x80TZRoyho0EpFuh8QwwRVrIEfB2rFmRIaCtcLx7dRvPTFteKQeMI1ZIMlQ8QGnBK302B0RzNJJz+uVK17Vm8FdJn5OKpCj3it/dfsRTSRTSAUxpuN7MQYZ0cipYJNSNzEsJnRMhqxjqSKSmSCbHTxxT6zSdweRtqXQnam/JzIijUllaDslwZFZ9Kbif14nwcF1kHEVJ8gUnS8aJMLFyJ1+7/a5ZhRFagmhmttbXToimlC0GZVsCP7iy8ukeVb1L6sX9+eV2k0eRxGO4BhOwYcrqMEd1KEBFCQ8wyu8Odp5cd6dj3lrwclnDuEPnM8f3iGQdw==</latexit>

ŷ0

<latexit sha1_base64="J5F2AVWD9tB/JLoDazyJYYZ5LxI=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYnvcmQ2dllZlYMSz7BiwdFvPpF3vwbJ8keNFrQUFR1090VJIJr47pfTmFpeWV1rbhe2tjc2t4p7+41dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6nvqtB1Sax/LejBP0IzqQPOSMGivdPfbcXrniVt0ZyF/i5aQCOeq98me3H7M0QmmYoFp3PDcxfkaV4UzgpNRNNSaUjegAO5ZKGqH2s9mpE3JklT4JY2VLGjJTf05kNNJ6HAW2M6JmqBe9qfif10lNeOlnXCapQcnmi8JUEBOT6d+kzxUyI8aWUKa4vZWwIVWUGZtOyYbgLb78lzRPqt559ez2tFK7yuMowgEcwjF4cAE1uIE6NIDBAJ7gBV4d4Tw7b877vLXg5DP78AvOxzcNbI2p</latexit>x0
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<latexit sha1_base64="bUszJa7AkmQwSaRPC0f+hIzY1TU=">AAACA3icbVDLSgMxFM34rPU16k43wSK4KGVGfC2LblxW6As6w5BJM21oJhmSjLQMBTf+ihsXirj1J9z5N6btLLT1wIWTc+4l954wYVRpx/m2lpZXVtfWCxvFza3tnV17b7+pRCoxaWDBhGyHSBFGOWloqhlpJ5KgOGSkFQ5uJ37rgUhFBa/rUUL8GPU4jShG2kiBfehlw8Apw2HglqGHu0KrMjSvujcO7JJTcaaAi8TNSQnkqAX2l9cVOI0J15ghpTquk2g/Q1JTzMi46KWKJAgPUI90DOUoJsrPpjeM4YlRujAS0hTXcKr+nshQrNQoDk1njHRfzXsT8T+vk+ro2s8oT1JNOJ59FKUMagEngcAulQRrNjIEYUnNrhD3kURYm9iKJgR3/uRF0jyruJeVi/vzUvUmj6MAjsAxOAUuuAJVcAdqoAEweATP4BW8WU/Wi/Vufcxal6x85gD8gfX5A23mliA=</latexit>

{x0, x1, · · · , xT } Correlated inputs with a time dependence

output conditioned on a fixed window of k past elements

<latexit sha1_base64="cGXS0eXk0iPmOnVX3AcPwe4dk5o=">AAACAnicbZDLSsNAFIYn9VbrLepK3AwWwYWWpHhbFt24rGAv0IQwmU7boZMLMyfSEoIbX8WNC0Xc+hTufBunbRZa/WHg4z/ncOb8fiy4Asv6MgoLi0vLK8XV0tr6xuaWub3TVFEiKWvQSESy7RPFBA9ZAzgI1o4lI4EvWMsfXk/qrXsmFY/COxjHzA1IP+Q9TgloyzP3nHTkwTEeeSmc2FkO1czJPLNsVayp8F+wcyijXHXP/HS6EU0CFgIVRKmObcXgpkQCp4JlJSdRLCZ0SPqsozEkAVNuOj0hw4fa6eJeJPULAU/dnxMpCZQaB77uDAgM1HxtYv5X6yTQu3RTHsYJsJDOFvUSgSHCkzxwl0tGQYw1ECq5/iumAyIJBZ1aSYdgz5/8F5rVin1eObs9Ldeu8jiKaB8doCNkowtUQzeojhqIogf0hF7Qq/FoPBtvxvustWDkM7vol4yPb/QfloU=</latexit>

{xt, xt�1, xt�2}
<latexit sha1_base64="9W9TOEwMCxhs9USoUWAFdmHx6PI=">AAAB+nicbVDLSsNAFL2pr1pfqS7dDBbBhZSk+FoW3bisYB/QhDCZTtuhkwczE22J/RQ3LhRx65e482+ctFlo64F7OZxzL3Pn+DFnUlnWt1FYWV1b3yhulra2d3b3zPJ+S0aJILRJIh6Jjo8l5SykTcUUp51YUBz4nLb90U3mtx+okCwK79Ukpm6AByHrM4KVljyz7KRjzzpFY8/OWs2ZembFqlozoGVi56QCORqe+eX0IpIENFSEYym7thUrN8VCMcLptOQkksaYjPCAdjUNcUClm85On6JjrfRQPxK6QoVm6u+NFAdSTgJfTwZYDeWil4n/ed1E9a/clIVxomhI5g/1E45UhLIcUI8JShSfaIKJYPpWRIZYYKJ0WiUdgr345WXSqlXti+r53Vmlfp3HUYRDOIITsOES6nALDWgCgUd4hld4M56MF+Pd+JiPFox85wD+wPj8AUyJkr8=</latexit>

{x0, x1, x2}
<latexit sha1_base64="+JvnjlFdkYFvjPam9MevKg5ryrc=">AAAB7nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8cI5gHZJcxOJsmQ2dllplcMSz7CiwdFvPo93vwbJ8keNLGgoajqprsrTKQw6LrfTmFldW19o7hZ2tre2d0r7x80TZxqxhsslrFuh9RwKRRvoEDJ24nmNAolb4Wj26nfeuTaiFg94DjhQUQHSvQFo2illp89dV1/0i1X3Ko7A1kmXk4qkKPeLX/5vZilEVfIJDWm47kJBhnVKJjkk5KfGp5QNqID3rFU0YibIJudOyEnVumRfqxtKSQz9fdERiNjxlFoOyOKQ7PoTcX/vE6K/esgEypJkSs2X9RPJcGYTH8nPaE5Qzm2hDIt7K2EDammDG1CJRuCt/jyMmmeVb3L6sX9eaV2k8dRhCM4hlPw4ApqcAd1aACDETzDK7w5ifPivDsf89aCk88cwh84nz82/o+B</latexit>

{x0}
<latexit sha1_base64="FUyOat11aHB3Zr4HffNFUIZLYcs=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgQkoivpZFNy4r2Ac0IUymk3boZBJmJtIS8htuXCji1p9x5984bbPQ1gMXDufcy733BAlnStv2t1VaWV1b3yhvVra2d3b3qvsHbRWnktAWiXksuwFWlDNBW5ppTruJpDgKOO0Eo7up33miUrFYPOpJQr0IDwQLGcHaSK6bjX37DI19x839as2u2zOgZeIUpAYFmn71y+3HJI2o0IRjpXqOnWgvw1IzwmlecVNFE0xGeEB7hgocUeVls5tzdGKUPgpjaUpoNFN/T2Q4UmoSBaYzwnqoFr2p+J/XS3V442VMJKmmgswXhSlHOkbTAFCfSUo0nxiCiWTmVkSGWGKiTUwVE4Kz+PIyaZ/Xnav65cNFrXFbxFGGIziGU3DgGhpwD01oAYEEnuEV3qzUerHerY95a8kqZg7hD6zPHwGckQc=</latexit>

{x0, x1}

<latexit sha1_base64="w4RY1m1cp9R4P1Y3fEdx8rP2WNI=">AAAB8HicbVDLSgNBEOyNrxhfUY9eFoPgKeyKr2PQi8cI5iHJEmYnk2TIzOwy0yssS77CiwdFvPo53vwbJ8keNLGgoajqprsrjAU36HnfTmFldW19o7hZ2tre2d0r7x80TZRoyho0EpFuh8QwwRVrIEfB2rFmRIaCtcLx7dRvPTFteKQeMI1ZIMlQ8QGnBK302B0RzNJJD3vlilf1ZnCXiZ+TCuSo98pf3X5EE8kUUkGM6fhejEFGNHIq2KTUTQyLCR2TIetYqohkJshmB0/cE6v03UGkbSl0Z+rviYxIY1IZ2k5JcGQWvan4n9dJcHAdZFzFCTJF54sGiXAxcqffu32uGUWRWkKo5vZWl46IJhRtRiUbgr/48jJpnlX9y+rF/XmldpPHUYQjOIZT8OEKanAHdWgABQnP8ApvjnZenHfnY95acPKZQ/gD5/MHRUCQuw==</latexit>

ŷt
<latexit sha1_base64="TTffiM8DJ4cpcttPmSi7JhyV67k=">AAAB8HicbVDLSgNBEOz1GeMr6tHLYBA8hd3g6xj04jGCeUiyhNnJbDJkdnaZ6RXCkq/w4kERr36ON//GSbIHTSxoKKq66e4KEikMuu63s7K6tr6xWdgqbu/s7u2XDg6bJk414w0Wy1i3A2q4FIo3UKDk7URzGgWSt4LR7dRvPXFtRKwecJxwP6IDJULBKFrpsTukmI0nvWqvVHYr7gxkmXg5KUOOeq/01e3HLI24QiapMR3PTdDPqEbBJJ8Uu6nhCWUjOuAdSxWNuPGz2cETcmqVPgljbUshmam/JzIaGTOOAtsZURyaRW8q/ud1Ugyv/UyoJEWu2HxRmEqCMZl+T/pCc4ZybAllWthbCRtSTRnajIo2BG/x5WXSrFa8y8rF/Xm5dpPHUYBjOIEz8OAKanAHdWgAgwie4RXeHO28OO/Ox7x1xclnjuAPnM8f4SmQeQ==</latexit>

ŷ2
<latexit sha1_base64="7NWyoSMeTqUJUsrNZD/71D1iarg=">AAAB8HicbVDLSgNBEOyNrxhfUY9eFoPgKeyKr2PQi8cI5iHJEmYnk2TIzOwy0yssS77CiwdFvPo53vwbJ8keNLGgoajqprsrjAU36HnfTmFldW19o7hZ2tre2d0r7x80TZRoyho0EpFuh8QwwRVrIEfB2rFmRIaCtcLx7dRvPTFteKQeMI1ZIMlQ8QGnBK302B0RzNJJz++VK17Vm8FdJn5OKpCj3it/dfsRTSRTSAUxpuN7MQYZ0cipYJNSNzEsJnRMhqxjqSKSmSCbHTxxT6zSdweRtqXQnam/JzIijUllaDslwZFZ9Kbif14nwcF1kHEVJ8gUnS8aJMLFyJ1+7/a5ZhRFagmhmttbXToimlC0GZVsCP7iy8ukeVb1L6sX9+eV2k0eRxGO4BhOwYcrqMEd1KEBFCQ8wyu8Odp5cd6dj3lrwclnDuEPnM8f36WQeA==</latexit>

ŷ1
<latexit sha1_base64="/u2SApo+y+VV0RbSdAlaQIO0aAc=">AAAB8HicbVDLSgNBEOyNrxhfUY9eFoPgKeyKr2PQi8cI5iHJEmYnk2TIzOwy0yssS77CiwdFvPo53vwbJ8keNLGgoajqprsrjAU36HnfTmFldW19o7hZ2tre2d0r7x80TZRoyho0EpFuh8QwwRVrIEfB2rFmRIaCtcLx7dRvPTFteKQeMI1ZIMlQ8QGnBK302B0RzNJJz+uVK17Vm8FdJn5OKpCj3it/dfsRTSRTSAUxpuN7MQYZ0cipYJNSNzEsJnRMhqxjqSKSmSCbHTxxT6zSdweRtqXQnam/JzIijUllaDslwZFZ9Kbif14nwcF1kHEVJ8gUnS8aJMLFyJ1+7/a5ZhRFagmhmttbXToimlC0GZVsCP7iy8ukeVb1L6sX9+eV2k0eRxGO4BhOwYcrqMEd1KEBFCQ8wyu8Odp5cd6dj3lrwclnDuEPnM8f3iGQdw==</latexit>

ŷ0
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<latexit sha1_base64="bUszJa7AkmQwSaRPC0f+hIzY1TU=">AAACA3icbVDLSgMxFM34rPU16k43wSK4KGVGfC2LblxW6As6w5BJM21oJhmSjLQMBTf+ihsXirj1J9z5N6btLLT1wIWTc+4l954wYVRpx/m2lpZXVtfWCxvFza3tnV17b7+pRCoxaWDBhGyHSBFGOWloqhlpJ5KgOGSkFQ5uJ37rgUhFBa/rUUL8GPU4jShG2kiBfehlw8Apw2HglqGHu0KrMjSvujcO7JJTcaaAi8TNSQnkqAX2l9cVOI0J15ghpTquk2g/Q1JTzMi46KWKJAgPUI90DOUoJsrPpjeM4YlRujAS0hTXcKr+nshQrNQoDk1njHRfzXsT8T+vk+ro2s8oT1JNOJ59FKUMagEngcAulQRrNjIEYUnNrhD3kURYm9iKJgR3/uRF0jyruJeVi/vzUvUmj6MAjsAxOAUuuAJVcAdqoAEweATP4BW8WU/Wi/Vufcxal6x85gD8gfX5A23mliA=</latexit>

{x0, x1, · · · , xT }

Learn a function that summarises the context 
and creates a persistent state (memory)

<latexit sha1_base64="0BOSFLVX0uBdychWteQUx/nIHrc=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYns8mQ2dllplcISz7BiwdFvPpF3vwbJ8keNLGgoajqprsrSKQw6LrfTmFldW19o7hZ2tre2d0r7x80TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWj26nfeuLaiFg94jjhfkQHSoSCUbTSw7CHvXLFrbozkGXi5aQCOeq98le3H7M04gqZpMZ0PDdBP6MaBZN8UuqmhieUjeiAdyxVNOLGz2anTsiJVfokjLUthWSm/p7IaGTMOApsZ0RxaBa9qfif10kxvPYzoZIUuWLzRWEqCcZk+jfpC80ZyrEllGlhbyVsSDVlaNMp2RC8xZeXSfOs6l1WL+7PK7WbPI4iHMExnIIHV1CDO6hDAxgM4Ble4c2Rzovz7nzMWwtOPnMIf+B8/gBcHI3d</latexit>

ht

<latexit sha1_base64="Yh2GnPwnJvH9a6B+Pte5TbWEXyw=">AAACF3icbVDLSgMxFM3UV62vUZdugkVooZYZ8bUsunFZwT6gLUMmTdvQzExI7kjL2L9w46+4caGIW935N6aPhbYeCBzOOTfJPb4UXIPjfFuppeWV1bX0emZjc2t7x97dq+ooVpRVaCQiVfeJZoKHrAIcBKtLxUjgC1bz+9djv3bPlOZReAdDyVoB6Ya8wykBI3l2UeYGHjzggecWcLMdgS4YnsCxO8rjJpFSRQM8zfQ8yHt21ik6E+BF4s5IFs1Q9uwvcymNAxYCFUTrhutIaCVEAaeCjTLNWDNJaJ90WcPQkARMt5LJXiN8ZJQ27kTKnBDwRP09kZBA62Hgm2RAoKfnvbH4n9eIoXPZSngoY2AhnT7UiQWGCI9Lwm2uGAUxNIRQxc1fMe0RRSiYKjOmBHd+5UVSPSm658Wz29Ns6WpWRxodoEOUQy66QCV0g8qogih6RM/oFb1ZT9aL9W59TKMpazazj/7A+vwByP+eeQ==</latexit>

p(xt|x1, . . . , xt�1) ⇡ p(xt|ht)
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<latexit sha1_base64="bUszJa7AkmQwSaRPC0f+hIzY1TU=">AAACA3icbVDLSgMxFM34rPU16k43wSK4KGVGfC2LblxW6As6w5BJM21oJhmSjLQMBTf+ihsXirj1J9z5N6btLLT1wIWTc+4l954wYVRpx/m2lpZXVtfWCxvFza3tnV17b7+pRCoxaWDBhGyHSBFGOWloqhlpJ5KgOGSkFQ5uJ37rgUhFBa/rUUL8GPU4jShG2kiBfehlw8Apw2HglqGHu0KrMjSvujcO7JJTcaaAi8TNSQnkqAX2l9cVOI0J15ghpTquk2g/Q1JTzMi46KWKJAgPUI90DOUoJsrPpjeM4YlRujAS0hTXcKr+nshQrNQoDk1njHRfzXsT8T+vk+ro2s8oT1JNOJ59FKUMagEngcAulQRrNjIEYUnNrhD3kURYm9iKJgR3/uRF0jyruJeVi/vzUvUmj6MAjsAxOAUuuAJVcAdqoAEweATP4BW8WU/Wi/Vufcxal6x85gD8gfX5A23mliA=</latexit>

{x0, x1, · · · , xT } Correlated inputs with a time dependence

<latexit sha1_base64="KrOkrERSPhlE8r+Ij/tPml4oXPs=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYns8mQ2dllplcISz7BiwdFvPpF3vwbJ8keNLGgoajqprsrSKQw6LrfTmFldW19o7hZ2tre2d0r7x80TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWj26nfeuLaiFg94jjhfkQHSoSCUbTSw7Dn9soVt+rOQJaJl5MK5Kj3yl/dfszSiCtkkhrT8dwE/YxqFEzySambGp5QNqID3rFU0YgbP5udOiEnVumTMNa2FJKZ+nsio5Ex4yiwnRHFoVn0puJ/XifF8NrPhEpS5IrNF4WpJBiT6d+kLzRnKMeWUKaFvZWwIdWUoU2nZEPwFl9eJs2zqndZvbg/r9Ru8jiKcATHcAoeXEEN7qAODWAwgGd4hTdHOi/Ou/Mxby04+cwh/IHz+QP0/Y2Z</latexit>

h0
<latexit sha1_base64="x3KjGcQ7FWI8MqS0qotpkfXRkkg=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYnvcmQ2dllZlYISz7BiwdFvPpF3vwbJ8keNLGgoajqprsrSATXxnW/ncLK6tr6RnGztLW9s7tX3j9o6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0O/VbT6g0j+WjGSfoR3QgecgZNVZ6GPa8XrniVt0ZyDLxclKBHPVe+avbj1kaoTRMUK07npsYP6PKcCZwUuqmGhPKRnSAHUsljVD72ezUCTmxSp+EsbIlDZmpvycyGmk9jgLbGVEz1IveVPzP66QmvPYzLpPUoGTzRWEqiInJ9G/S5wqZEWNLKFPc3krYkCrKjE2nZEPwFl9eJs2zqndZvbg/r9Ru8jiKcATHcAoeXEEN7qAODWAwgGd4hTdHOC/Ou/Mxby04+cwh/IHz+QP2gY2a</latexit>

h1

<latexit sha1_base64="o9UNsoOAgncWYzMvqd8qSmfUt0I=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYns8mQ2dllplcMSz7BiwdFvPpF3vwbJ8keNFrQUFR1090VJFIYdN0vp7C0vLK6VlwvbWxube+Ud/eaJk414w0Wy1i3A2q4FIo3UKDk7URzGgWSt4LR9dRvPXBtRKzucZxwP6IDJULBKFrp7rGHvXLFrbozkL/Ey0kFctR75c9uP2ZpxBUySY3peG6CfkY1Cib5pNRNDU8oG9EB71iqaMSNn81OnZAjq/RJGGtbCslM/TmR0ciYcRTYzoji0Cx6U/E/r5NieOlnQiUpcsXmi8JUEozJ9G/SF5ozlGNLKNPC3krYkGrK0KZTsiF4iy//Jc2TqndePbs9rdSu8jiKcACHcAweXEANbqAODWAwgCd4gVdHOs/Om/M+by04+cw+/ILz8Q10fI3t</latexit>xt

<latexit sha1_base64="w4RY1m1cp9R4P1Y3fEdx8rP2WNI=">AAAB8HicbVDLSgNBEOyNrxhfUY9eFoPgKeyKr2PQi8cI5iHJEmYnk2TIzOwy0yssS77CiwdFvPo53vwbJ8keNLGgoajqprsrjAU36HnfTmFldW19o7hZ2tre2d0r7x80TZRoyho0EpFuh8QwwRVrIEfB2rFmRIaCtcLx7dRvPTFteKQeMI1ZIMlQ8QGnBK302B0RzNJJD3vlilf1ZnCXiZ+TCuSo98pf3X5EE8kUUkGM6fhejEFGNHIq2KTUTQyLCR2TIetYqohkJshmB0/cE6v03UGkbSl0Z+rviYxIY1IZ2k5JcGQWvan4n9dJcHAdZFzFCTJF54sGiXAxcqffu32uGUWRWkKo5vZWl46IJhRtRiUbgr/48jJpnlX9y+rF/XmldpPHUYQjOIZT8OEKanAHdWgABQnP8ApvjnZenHfnY95acPKZQ/gD5/MHRUCQuw==</latexit>

ŷt

<latexit sha1_base64="WQ1eUAu1DD8mx6Eo/k6Syc0haI4=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHaJryPRi0eM8khgQ2aHBibMzm5mZo1kwyd48aAxXv0ib/6NA+xBwUo6qVR1p7sriAXXxnW/ndzK6tr6Rn6zsLW9s7tX3D9o6ChRDOssEpFqBVSj4BLrhhuBrVghDQOBzWB0M/Wbj6g0j+SDGcfoh3QgeZ8zaqx0/9StdIslt+zOQJaJl5ESZKh1i1+dXsSSEKVhgmrd9tzY+ClVhjOBk0In0RhTNqIDbFsqaYjaT2enTsiJVXqkHylb0pCZ+nsipaHW4zCwnSE1Q73oTcX/vHZi+ld+ymWcGJRsvqifCGIiMv2b9LhCZsTYEsoUt7cSNqSKMmPTKdgQvMWXl0mjUvYuyud3Z6XqdRZHHo7gGE7Bg0uowi3UoA4MBvAMr/DmCOfFeXc+5q05J5s5hD9wPn8AEHSNqw==</latexit>x2

<latexit sha1_base64="TTffiM8DJ4cpcttPmSi7JhyV67k=">AAAB8HicbVDLSgNBEOz1GeMr6tHLYBA8hd3g6xj04jGCeUiyhNnJbDJkdnaZ6RXCkq/w4kERr36ON//GSbIHTSxoKKq66e4KEikMuu63s7K6tr6xWdgqbu/s7u2XDg6bJk414w0Wy1i3A2q4FIo3UKDk7URzGgWSt4LR7dRvPXFtRKwecJxwP6IDJULBKFrpsTukmI0nvWqvVHYr7gxkmXg5KUOOeq/01e3HLI24QiapMR3PTdDPqEbBJJ8Uu6nhCWUjOuAdSxWNuPGz2cETcmqVPgljbUshmam/JzIaGTOOAtsZURyaRW8q/ud1Ugyv/UyoJEWu2HxRmEqCMZl+T/pCc4ZybAllWthbCRtSTRnajIo2BG/x5WXSrFa8y8rF/Xm5dpPHUYBjOIEz8OAKanAHdWgAgwie4RXeHO28OO/Ox7x1xclnjuAPnM8f4SmQeQ==</latexit>

ŷ2

<latexit sha1_base64="cT3z+/LKf/DKKyfnnlxX1lOJRwc=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYnvcmQ2dllZlYMSz7BiwdFvPpF3vwbJ8keNFrQUFR1090VJIJr47pfTmFpeWV1rbhe2tjc2t4p7+41dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6nvqtB1Sax/LejBP0IzqQPOSMGivdPfa8XrniVt0ZyF/i5aQCOeq98me3H7M0QmmYoFp3PDcxfkaV4UzgpNRNNSaUjegAO5ZKGqH2s9mpE3JklT4JY2VLGjJTf05kNNJ6HAW2M6JmqBe9qfif10lNeOlnXCapQcnmi8JUEBOT6d+kzxUyI8aWUKa4vZWwIVWUGZtOyYbgLb78lzRPqt559ez2tFK7yuMowgEcwjF4cAE1uIE6NIDBAJ7gBV4d4Tw7b877vLXg5DP78AvOxzcO8I2q</latexit>x1

<latexit sha1_base64="7NWyoSMeTqUJUsrNZD/71D1iarg=">AAAB8HicbVDLSgNBEOyNrxhfUY9eFoPgKeyKr2PQi8cI5iHJEmYnk2TIzOwy0yssS77CiwdFvPo53vwbJ8keNLGgoajqprsrjAU36HnfTmFldW19o7hZ2tre2d0r7x80TZRoyho0EpFuh8QwwRVrIEfB2rFmRIaCtcLx7dRvPTFteKQeMI1ZIMlQ8QGnBK302B0RzNJJz++VK17Vm8FdJn5OKpCj3it/dfsRTSRTSAUxpuN7MQYZ0cipYJNSNzEsJnRMhqxjqSKSmSCbHTxxT6zSdweRtqXQnam/JzIijUllaDslwZFZ9Kbif14nwcF1kHEVJ8gUnS8aJMLFyJ1+7/a5ZhRFagmhmttbXToimlC0GZVsCP7iy8ukeVb1L6sX9+eV2k0eRxGO4BhOwYcrqMEd1KEBFCQ8wyu8Odp5cd6dj3lrwclnDuEPnM8f36WQeA==</latexit>

ŷ1
<latexit sha1_base64="/u2SApo+y+VV0RbSdAlaQIO0aAc=">AAAB8HicbVDLSgNBEOyNrxhfUY9eFoPgKeyKr2PQi8cI5iHJEmYnk2TIzOwy0yssS77CiwdFvPo53vwbJ8keNLGgoajqprsrjAU36HnfTmFldW19o7hZ2tre2d0r7x80TZRoyho0EpFuh8QwwRVrIEfB2rFmRIaCtcLx7dRvPTFteKQeMI1ZIMlQ8QGnBK302B0RzNJJz+uVK17Vm8FdJn5OKpCj3it/dfsRTSRTSAUxpuN7MQYZ0cipYJNSNzEsJnRMhqxjqSKSmSCbHTxxT6zSdweRtqXQnam/JzIijUllaDslwZFZ9Kbif14nwcF1kHEVJ8gUnS8aJMLFyJ1+7/a5ZhRFagmhmttbXToimlC0GZVsCP7iy8ukeVb1L6sX9+eV2k0eRxGO4BhOwYcrqMEd1KEBFCQ8wyu8Odp5cd6dj3lrwclnDuEPnM8f3iGQdw==</latexit>

ŷ0

<latexit sha1_base64="J5F2AVWD9tB/JLoDazyJYYZ5LxI=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYnvcmQ2dllZlYMSz7BiwdFvPpF3vwbJ8keNFrQUFR1090VJIJr47pfTmFpeWV1rbhe2tjc2t4p7+41dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6nvqtB1Sax/LejBP0IzqQPOSMGivdPfbcXrniVt0ZyF/i5aQCOeq98me3H7M0QmmYoFp3PDcxfkaV4UzgpNRNNSaUjegAO5ZKGqH2s9mpE3JklT4JY2VLGjJTf05kNNJ6HAW2M6JmqBe9qfif10lNeOlnXCapQcnmi8JUEBOT6d+kzxUyI8aWUKa4vZWwIVWUGZtOyYbgLb78lzRPqt559ez2tFK7yuMowgEcwjF4cAE1uIE6NIDBAJ7gBV4d4Tw7b877vLXg5DP78AvOxzcNbI2p</latexit>x0
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<latexit sha1_base64="d3M/BMMQD4NjuXuIgnEnVPewCjE=">AAAB/nicbVDLSsNAFJ3UV62vqLhyM1iECloS8bURim5cVrAPaEOYTCdm6OTBzI1YQsFfceNCEbd+hzv/xmmbhbYeuHA4517uvcdLBFdgWd9GYW5+YXGpuFxaWV1b3zA3t5oqTiVlDRqLWLY9opjgEWsAB8HaiWQk9ARref3rkd96YFLxOLqDQcKckNxH3OeUgJZccydwAV9iv/LowiEO3AyO7OGBa5atqjUGniV2TsooR901v7q9mKYhi4AKolTHthJwMiKBU8GGpW6qWEJon9yzjqYRCZlysvH5Q7yvlR72Y6krAjxWf09kJFRqEHq6MyQQqGlvJP7ndVLwL5yMR0kKLKKTRX4qMMR4lAXucckoiIEmhEqub8U0IJJQ0ImVdAj29MuzpHlctc+qp7cn5dpVHkcR7aI9VEE2Okc1dIPqqIEoytAzekVvxpPxYrwbH5PWgpHPbKM/MD5/AM8slB4=</latexit>

ht = f(xt, ht�1)

Apply recurrent relation at 
every time step to process a 

sequence:

<latexit sha1_base64="o9UNsoOAgncWYzMvqd8qSmfUt0I=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYns8mQ2dllplcMSz7BiwdFvPpF3vwbJ8keNFrQUFR1090VJFIYdN0vp7C0vLK6VlwvbWxube+Ud/eaJk414w0Wy1i3A2q4FIo3UKDk7URzGgWSt4LR9dRvPXBtRKzucZxwP6IDJULBKFrp7rGHvXLFrbozkL/Ey0kFctR75c9uP2ZpxBUySY3peG6CfkY1Cib5pNRNDU8oG9EB71iqaMSNn81OnZAjq/RJGGtbCslM/TmR0ciYcRTYzoji0Cx6U/E/r5NieOlnQiUpcsXmi8JUEozJ9G/SF5ozlGNLKNPC3krYkGrK0KZTsiF4iy//Jc2TqndePbs9rdSu8jiKcACHcAweXEANbqAODWAwgCd4gVdHOs/Om/M+by04+cw+/ILz8Q10fI3t</latexit>xt

<latexit sha1_base64="w4RY1m1cp9R4P1Y3fEdx8rP2WNI=">AAAB8HicbVDLSgNBEOyNrxhfUY9eFoPgKeyKr2PQi8cI5iHJEmYnk2TIzOwy0yssS77CiwdFvPo53vwbJ8keNLGgoajqprsrjAU36HnfTmFldW19o7hZ2tre2d0r7x80TZRoyho0EpFuh8QwwRVrIEfB2rFmRIaCtcLx7dRvPTFteKQeMI1ZIMlQ8QGnBK302B0RzNJJD3vlilf1ZnCXiZ+TCuSo98pf3X5EE8kUUkGM6fhejEFGNHIq2KTUTQyLCR2TIetYqohkJshmB0/cE6v03UGkbSl0Z+rviYxIY1IZ2k5JcGQWvan4n9dJcHAdZFzFCTJF54sGiXAxcqffu32uGUWRWkKo5vZWl46IJhRtRiUbgr/48jJpnlX9y+rF/XmldpPHUYQjOIZT8OEKanAHdWgABQnP8ApvjnZenHfnY95acPKZQ/gD5/MHRUCQuw==</latexit>

ŷt

RNN cell
<latexit sha1_base64="0BOSFLVX0uBdychWteQUx/nIHrc=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYns8mQ2dllplcISz7BiwdFvPpF3vwbJ8keNLGgoajqprsrSKQw6LrfTmFldW19o7hZ2tre2d0r7x80TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWj26nfeuLaiFg94jjhfkQHSoSCUbTSw7CHvXLFrbozkGXi5aQCOeq98le3H7M04gqZpMZ0PDdBP6MaBZN8UuqmhieUjeiAdyxVNOLGz2anTsiJVfokjLUthWSm/p7IaGTMOApsZ0RxaBa9qfif10kxvPYzoZIUuWLzRWEqCcZk+jfpC80ZyrEllGlhbyVsSDVlaNMp2RC8xZeXSfOs6l1WL+7PK7WbPI4iHMExnIIHV1CDO6hDAxgM4Ble4c2Rzovz7nzMWwtOPnMIf+B8/gBcHI3d</latexit>

ht
The same function and set 

of parameters are used at 
every time step

General formulation! 
The recurrent cell can be anything (differentiable)
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What are they?

• Very powerful sequence models (in theory) 
• Non-Markovian (Infinite-Context) Sequence Modelling 
• Directly model original conditional probabilities 

Expressivity (Representational Capacity) 
• FFNN are universal function approximators  

[Hornik, 1989; Cybenko,1989] 
• RNN are universal dynamical system approximators  

[Schӓfer, 2006] 
• Turing complete 

Compute anything a Turing machine can compute (learn to program) 
[Siegelmann, 1991; Graves, 2014] 

• Strong connection with Finite State Machines [Horne, 1998]

<latexit sha1_base64="o9UNsoOAgncWYzMvqd8qSmfUt0I=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYns8mQ2dllplcMSz7BiwdFvPpF3vwbJ8keNFrQUFR1090VJFIYdN0vp7C0vLK6VlwvbWxube+Ud/eaJk414w0Wy1i3A2q4FIo3UKDk7URzGgWSt4LR9dRvPXBtRKzucZxwP6IDJULBKFrp7rGHvXLFrbozkL/Ey0kFctR75c9uP2ZpxBUySY3peG6CfkY1Cib5pNRNDU8oG9EB71iqaMSNn81OnZAjq/RJGGtbCslM/TmR0ciYcRTYzoji0Cx6U/E/r5NieOlnQiUpcsXmi8JUEozJ9G/SF5ozlGNLKNPC3krYkGrK0KZTsiF4iy//Jc2TqndePbs9rdSu8jiKcACHcAweXEANbqAODWAwgCd4gVdHOs/Om/M+by04+cw+/ILz8Q10fI3t</latexit>xt

<latexit sha1_base64="w4RY1m1cp9R4P1Y3fEdx8rP2WNI=">AAAB8HicbVDLSgNBEOyNrxhfUY9eFoPgKeyKr2PQi8cI5iHJEmYnk2TIzOwy0yssS77CiwdFvPo53vwbJ8keNLGgoajqprsrjAU36HnfTmFldW19o7hZ2tre2d0r7x80TZRoyho0EpFuh8QwwRVrIEfB2rFmRIaCtcLx7dRvPTFteKQeMI1ZIMlQ8QGnBK302B0RzNJJD3vlilf1ZnCXiZ+TCuSo98pf3X5EE8kUUkGM6fhejEFGNHIq2KTUTQyLCR2TIetYqohkJshmB0/cE6v03UGkbSl0Z+rviYxIY1IZ2k5JcGQWvan4n9dJcHAdZFzFCTJF54sGiXAxcqffu32uGUWRWkKo5vZWl46IJhRtRiUbgr/48jJpnlX9y+rF/XmldpPHUYQjOIZT8OEKanAHdWgABQnP8ApvjnZenHfnY95acPKZQ/gD5/MHRUCQuw==</latexit>

ŷt

RNN cell
<latexit sha1_base64="0BOSFLVX0uBdychWteQUx/nIHrc=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYns8mQ2dllplcISz7BiwdFvPpF3vwbJ8keNLGgoajqprsrSKQw6LrfTmFldW19o7hZ2tre2d0r7x80TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWj26nfeuLaiFg94jjhfkQHSoSCUbTSw7CHvXLFrbozkGXi5aQCOeq98le3H7M04gqZpMZ0PDdBP6MaBZN8UuqmhieUjeiAdyxVNOLGz2anTsiJVfokjLUthWSm/p7IaGTMOApsZ0RxaBa9qfif10kxvPYzoZIUuWLzRWEqCcZk+jfpC80ZyrEllGlhbyVsSDVlaNMp2RC8xZeXSfOs6l1WL+7PK7WbPI4iHMExnIIHV1CDO6hDAxgM4Ble4c2Rzovz7nzMWwtOPnMIf+B8/gBcHI3d</latexit>

ht

<latexit sha1_base64="jpKTzCrX7vwaoGL/iVlvdJr7fCo="></latexit>

p(x1, x2, · · · , xT ) =
TY

t=1

p(xt|x1, · · · , xt�1)
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<latexit sha1_base64="o9UNsoOAgncWYzMvqd8qSmfUt0I=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYns8mQ2dllplcMSz7BiwdFvPpF3vwbJ8keNFrQUFR1090VJFIYdN0vp7C0vLK6VlwvbWxube+Ud/eaJk414w0Wy1i3A2q4FIo3UKDk7URzGgWSt4LR9dRvPXBtRKzucZxwP6IDJULBKFrp7rGHvXLFrbozkL/Ey0kFctR75c9uP2ZpxBUySY3peG6CfkY1Cib5pNRNDU8oG9EB71iqaMSNn81OnZAjq/RJGGtbCslM/TmR0ciYcRTYzoji0Cx6U/E/r5NieOlnQiUpcsXmi8JUEozJ9G/SF5ozlGNLKNPC3krYkGrK0KZTsiF4iy//Jc2TqndePbs9rdSu8jiKcACHcAweXEANbqAODWAwgCd4gVdHOs/Om/M+by04+cw+/ILz8Q10fI3t</latexit>xt

<latexit sha1_base64="w4RY1m1cp9R4P1Y3fEdx8rP2WNI=">AAAB8HicbVDLSgNBEOyNrxhfUY9eFoPgKeyKr2PQi8cI5iHJEmYnk2TIzOwy0yssS77CiwdFvPo53vwbJ8keNLGgoajqprsrjAU36HnfTmFldW19o7hZ2tre2d0r7x80TZRoyho0EpFuh8QwwRVrIEfB2rFmRIaCtcLx7dRvPTFteKQeMI1ZIMlQ8QGnBK302B0RzNJJD3vlilf1ZnCXiZ+TCuSo98pf3X5EE8kUUkGM6fhejEFGNHIq2KTUTQyLCR2TIetYqohkJshmB0/cE6v03UGkbSl0Z+rviYxIY1IZ2k5JcGQWvan4n9dJcHAdZFzFCTJF54sGiXAxcqffu32uGUWRWkKo5vZWl46IJhRtRiUbgr/48jJpnlX9y+rF/XmldpPHUYQjOIZT8OEKanAHdWgABQnP8ApvjnZenHfnY95acPKZQ/gD5/MHRUCQuw==</latexit>

ŷt

RNN cell
<latexit sha1_base64="0BOSFLVX0uBdychWteQUx/nIHrc=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYns8mQ2dllplcISz7BiwdFvPpF3vwbJ8keNLGgoajqprsrSKQw6LrfTmFldW19o7hZ2tre2d0r7x80TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWj26nfeuLaiFg94jjhfkQHSoSCUbTSw7CHvXLFrbozkGXi5aQCOeq98le3H7M04gqZpMZ0PDdBP6MaBZN8UuqmhieUjeiAdyxVNOLGz2anTsiJVfokjLUthWSm/p7IaGTMOApsZ0RxaBa9qfif10kxvPYzoZIUuWLzRWEqCcZk+jfpC80ZyrEllGlhbyVsSDVlaNMp2RC8xZeXSfOs6l1WL+7PK7WbPI4iHMExnIIHV1CDO6hDAxgM4Ble4c2Rzovz7nzMWwtOPnMIf+B8/gBcHI3d</latexit>

ht

<latexit sha1_base64="o9UNsoOAgncWYzMvqd8qSmfUt0I=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYns8mQ2dllplcMSz7BiwdFvPpF3vwbJ8keNFrQUFR1090VJFIYdN0vp7C0vLK6VlwvbWxube+Ud/eaJk414w0Wy1i3A2q4FIo3UKDk7URzGgWSt4LR9dRvPXBtRKzucZxwP6IDJULBKFrp7rGHvXLFrbozkL/Ey0kFctR75c9uP2ZpxBUySY3peG6CfkY1Cib5pNRNDU8oG9EB71iqaMSNn81OnZAjq/RJGGtbCslM/TmR0ciYcRTYzoji0Cx6U/E/r5NieOlnQiUpcsXmi8JUEozJ9G/SF5ozlGNLKNPC3krYkGrK0KZTsiF4iy//Jc2TqndePbs9rdSu8jiKcACHcAweXEANbqAODWAwgCd4gVdHOs/Om/M+by04+cw+/ILz8Q10fI3t</latexit>xt

Output vector

Input vector

Hidden State update

<latexit sha1_base64="NtGd/qCZyG9Tf88BBsh40eqZXwI=">AAACC3icbZC7SgNBFIZn4y3G26qlzZAgWIVd8dYIQRvLCOYC2XWZnUySIbMXZs4KYdjexlexsVDE1hew822cXApN/GHg5zvncOb8YSq4Asf5tgpLyyura8X10sbm1vaOvbvXVEkmKWvQRCSyHRLFBI9ZAzgI1k4lI1EoWCscXo/rrQcmFU/iOxilzI9IP+Y9TgkYFNhlb0BA61GeB4AvsW7l99qDJM0Dw7AeGBzYFafqTIQXjTszFTRTPbC/vG5Cs4jFQAVRquM6KfiaSOBUsLzkZYqlhA5Jn3WMjUnElK8nt+T40JAu7iXSvBjwhP6e0CRSahSFpjMiMFDztTH8r9bJoHfhax6nGbCYThf1MoEhweNgcJdLRkGMjCFUcvNXTAdEEgomvpIJwZ0/edE0j6vuWfX09qRSu5rFUUQHqIyOkIvOUQ3doDpqIIoe0TN6RW/Wk/VivVsf09aCNZvZR39kff4AOymb0g==</latexit>

ŷt = W>
y ht

<latexit sha1_base64="zTA8244i8xqZ7cl+416wGd77IRQ=">AAACGXicbZDLSgMxFIYz9VbrrerSTbAIFbHMiLeNUHTjsoK9QFuHTJp2QjOZITkjLUNfw42v4saFIi515duYtrPQ6g+Bn++cw8n5vUhwDbb9ZWXm5hcWl7LLuZXVtfWN/OZWTYexoqxKQxGqhkc0E1yyKnAQrBEpRgJPsLrXvxrX6/dMaR7KWxhGrB2QnuRdTgkY5OZt3wV8gVtApF+su4k/umtBGGHfTeDQGeEDbOAghQMX9t18wS7ZE+G/xklNAaWquPmPViekccAkUEG0bjp2BO2EKOBUsFGuFWsWEdonPdY0VpKA6XYyuWyE9wzp4G6ozJOAJ/TnREICrYeBZzoDAr6erY3hf7VmDN3zdsJlFAOTdLqoGwsMIR7HhDtcMQpiaAyhipu/YuoTRSiYMHMmBGf25L+mdlRyTksnN8eF8mUaRxbtoF1URA46Q2V0jSqoiih6QE/oBb1aj9az9Wa9T1szVjqzjX7J+vwGsXCfgg==</latexit>

ht = tanh(W>
h ht�1 +W>

x xt)
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<latexit sha1_base64="o9UNsoOAgncWYzMvqd8qSmfUt0I=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYns8mQ2dllplcMSz7BiwdFvPpF3vwbJ8keNFrQUFR1090VJFIYdN0vp7C0vLK6VlwvbWxube+Ud/eaJk414w0Wy1i3A2q4FIo3UKDk7URzGgWSt4LR9dRvPXBtRKzucZxwP6IDJULBKFrp7rGHvXLFrbozkL/Ey0kFctR75c9uP2ZpxBUySY3peG6CfkY1Cib5pNRNDU8oG9EB71iqaMSNn81OnZAjq/RJGGtbCslM/TmR0ciYcRTYzoji0Cx6U/E/r5NieOlnQiUpcsXmi8JUEozJ9G/SF5ozlGNLKNPC3krYkGrK0KZTsiF4iy//Jc2TqndePbs9rdSu8jiKcACHcAweXEANbqAODWAwgCd4gVdHOs/Om/M+by04+cw+/ILz8Q10fI3t</latexit>xt

<latexit sha1_base64="w4RY1m1cp9R4P1Y3fEdx8rP2WNI=">AAAB8HicbVDLSgNBEOyNrxhfUY9eFoPgKeyKr2PQi8cI5iHJEmYnk2TIzOwy0yssS77CiwdFvPo53vwbJ8keNLGgoajqprsrjAU36HnfTmFldW19o7hZ2tre2d0r7x80TZRoyho0EpFuh8QwwRVrIEfB2rFmRIaCtcLx7dRvPTFteKQeMI1ZIMlQ8QGnBK302B0RzNJJD3vlilf1ZnCXiZ+TCuSo98pf3X5EE8kUUkGM6fhejEFGNHIq2KTUTQyLCR2TIetYqohkJshmB0/cE6v03UGkbSl0Z+rviYxIY1IZ2k5JcGQWvan4n9dJcHAdZFzFCTJF54sGiXAxcqffu32uGUWRWkKo5vZWl46IJhRtRiUbgr/48jJpnlX9y+rF/XmldpPHUYQjOIZT8OEKanAHdWgABQnP8ApvjnZenHfnY95acPKZQ/gD5/MHRUCQuw==</latexit>

ŷt

RNN cell
<latexit sha1_base64="0BOSFLVX0uBdychWteQUx/nIHrc=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYns8mQ2dllplcISz7BiwdFvPpF3vwbJ8keNLGgoajqprsrSKQw6LrfTmFldW19o7hZ2tre2d0r7x80TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWj26nfeuLaiFg94jjhfkQHSoSCUbTSw7CHvXLFrbozkGXi5aQCOeq98le3H7M04gqZpMZ0PDdBP6MaBZN8UuqmhieUjeiAdyxVNOLGz2anTsiJVfokjLUthWSm/p7IaGTMOApsZ0RxaBa9qfif10kxvPYzoZIUuWLzRWEqCcZk+jfpC80ZyrEllGlhbyVsSDVlaNMp2RC8xZeXSfOs6l1WL+7PK7WbPI4iHMExnIIHV1CDO6hDAxgM4Ble4c2Rzovz7nzMWwtOPnMIf+B8/gBcHI3d</latexit>

ht

RNNs as computational graph unrolled across time<latexit sha1_base64="WaL0tWjltrkuxlqV+KuqJEpv8BI=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr4sQ9OIxAfOAZAmzk04yZnZ2mZkVwpIv8OJBEa9+kjf/xkmyB00saCiquunuCmLBtXHdbye3srq2vpHfLGxt7+zuFfcPGjpKFMM6i0SkWgHVKLjEuuFGYCtWSMNAYDMY3U395hMqzSP5YMYx+iEdSN7njBor1W66xZJbdmcgy8TLSAkyVLvFr04vYkmI0jBBtW57bmz8lCrDmcBJoZNojCkb0QG2LZU0RO2ns0Mn5MQqPdKPlC1pyEz9PZHSUOtxGNjOkJqhXvSm4n9eOzH9az/lMk4MSjZf1E8EMRGZfk16XCEzYmwJZYrbWwkbUkWZsdkUbAje4svLpHFW9i7LF7XzUuU2iyMPR3AMp+DBFVTgHqpQBwYIz/AKb86j8+K8Ox/z1pyTzRzCHzifP5ANjMs=</latexit>=
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<latexit sha1_base64="o9UNsoOAgncWYzMvqd8qSmfUt0I=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYns8mQ2dllplcMSz7BiwdFvPpF3vwbJ8keNFrQUFR1090VJFIYdN0vp7C0vLK6VlwvbWxube+Ud/eaJk414w0Wy1i3A2q4FIo3UKDk7URzGgWSt4LR9dRvPXBtRKzucZxwP6IDJULBKFrp7rGHvXLFrbozkL/Ey0kFctR75c9uP2ZpxBUySY3peG6CfkY1Cib5pNRNDU8oG9EB71iqaMSNn81OnZAjq/RJGGtbCslM/TmR0ciYcRTYzoji0Cx6U/E/r5NieOlnQiUpcsXmi8JUEozJ9G/SF5ozlGNLKNPC3krYkGrK0KZTsiF4iy//Jc2TqndePbs9rdSu8jiKcACHcAweXEANbqAODWAwgCd4gVdHOs/Om/M+by04+cw+/ILz8Q10fI3t</latexit>xt

<latexit sha1_base64="w4RY1m1cp9R4P1Y3fEdx8rP2WNI=">AAAB8HicbVDLSgNBEOyNrxhfUY9eFoPgKeyKr2PQi8cI5iHJEmYnk2TIzOwy0yssS77CiwdFvPo53vwbJ8keNLGgoajqprsrjAU36HnfTmFldW19o7hZ2tre2d0r7x80TZRoyho0EpFuh8QwwRVrIEfB2rFmRIaCtcLx7dRvPTFteKQeMI1ZIMlQ8QGnBK302B0RzNJJD3vlilf1ZnCXiZ+TCuSo98pf3X5EE8kUUkGM6fhejEFGNHIq2KTUTQyLCR2TIetYqohkJshmB0/cE6v03UGkbSl0Z+rviYxIY1IZ2k5JcGQWvan4n9dJcHAdZFzFCTJF54sGiXAxcqffu32uGUWRWkKo5vZWl46IJhRtRiUbgr/48jJpnlX9y+rF/XmldpPHUYQjOIZT8OEKanAHdWgABQnP8ApvjnZenHfnY95acPKZQ/gD5/MHRUCQuw==</latexit>

ŷt

RNN cell
<latexit sha1_base64="0BOSFLVX0uBdychWteQUx/nIHrc=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYns8mQ2dllplcISz7BiwdFvPpF3vwbJ8keNLGgoajqprsrSKQw6LrfTmFldW19o7hZ2tre2d0r7x80TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWj26nfeuLaiFg94jjhfkQHSoSCUbTSw7CHvXLFrbozkGXi5aQCOeq98le3H7M04gqZpMZ0PDdBP6MaBZN8UuqmhieUjeiAdyxVNOLGz2anTsiJVfokjLUthWSm/p7IaGTMOApsZ0RxaBa9qfif10kxvPYzoZIUuWLzRWEqCcZk+jfpC80ZyrEllGlhbyVsSDVlaNMp2RC8xZeXSfOs6l1WL+7PK7WbPI4iHMExnIIHV1CDO6hDAxgM4Ble4c2Rzovz7nzMWwtOPnMIf+B8/gBcHI3d</latexit>

ht

Re-use the same weight matrices at every time-step

<latexit sha1_base64="WaL0tWjltrkuxlqV+KuqJEpv8BI=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr4sQ9OIxAfOAZAmzk04yZnZ2mZkVwpIv8OJBEa9+kjf/xkmyB00saCiquunuCmLBtXHdbye3srq2vpHfLGxt7+zuFfcPGjpKFMM6i0SkWgHVKLjEuuFGYCtWSMNAYDMY3U395hMqzSP5YMYx+iEdSN7njBor1W66xZJbdmcgy8TLSAkyVLvFr04vYkmI0jBBtW57bmz8lCrDmcBJoZNojCkb0QG2LZU0RO2ns0Mn5MQqPdKPlC1pyEz9PZHSUOtxGNjOkJqhXvSm4n9eOzH9az/lMk4MSjZf1E8EMRGZfk16XCEzYmwJZYrbWwkbUkWZsdkUbAje4svLpHFW9i7LF7XzUuU2iyMPR3AMp+DBFVTgHqpQBwYIz/AKb86j8+K8Ox/z1pyTzRzCHzifP5ANjMs=</latexit>=

<latexit sha1_base64="5+nyS8hU2hxnqdw8c1v+IWfwmYw=">AAAB8nicbVDLSgMxFM3UV62vqks3wSK4KjPia1l048JFBfuA6VAyaaYNzSRDckcoQz/DjQtF3Po17vwbM+0stPVA4HDOveTcEyaCG3Ddb6e0srq2vlHerGxt7+zuVfcP2kalmrIWVULpbkgME1yyFnAQrJtoRuJQsE44vs39zhPThiv5CJOEBTEZSh5xSsBKfi8mMKJEZPfTfrXm1t0Z8DLxClJDBZr96ldvoGgaMwlUEGN8z00gyIgGTgWbVnqpYQmhYzJkvqWSxMwE2SzyFJ9YZYAjpe2TgGfq742MxMZM4tBO5hHNopeL/3l+CtF1kHGZpMAknX8UpQKDwvn9eMA1oyAmlhCquc2K6YhoQsG2VLEleIsnL5P2Wd27rF88nNcaN0UdZXSEjtEp8tAVaqA71EQtRJFCz+gVvTngvDjvzsd8tOQUO4foD5zPH4RFkWw=</latexit>

L
<latexit sha1_base64="bFDjQaDhszHNy+s7ijuuuKuQ390=">AAAB9HicbVDLSgMxFL1TX7W+qi7dBIvgqsyIr2XRjQsXFewD2qFk0kwbmmTGJFMoQ7/DjQtF3Pox7vwbM+0stPVA4HDOvdyTE8ScaeO6305hZXVtfaO4Wdra3tndK+8fNHWUKEIbJOKRagdYU84kbRhmOG3HimIRcNoKRreZ3xpTpVkkH80kpr7AA8lCRrCxkt8V2AwJ5un9tOf1yhW36s6AlomXkwrkqPfKX91+RBJBpSEca93x3Nj4KVaGEU6npW6iaYzJCA9ox1KJBdV+Ogs9RSdW6aMwUvZJg2bq740UC60nIrCTWUi96GXif14nMeG1nzIZJ4ZKMj8UJhyZCGUNoD5TlBg+sQQTxWxWRIZYYWJsTyVbgrf45WXSPKt6l9WLh/NK7SavowhHcAyn4MEV1OAO6tAAAk/wDK/w5oydF+fd+ZiPFpx85xD+wPn8AbHZkhA=</latexit>

L1

<latexit sha1_base64="TP/11oyJcmjMkzWMShSya9XdxG0=">AAAB9HicbVDLSgMxFL3js9ZX1aWbYBFclZnia1l048JFBfuAdiiZNNOGZpIxyRTK0O9w40IRt36MO//GTDsLbT0QOJxzL/fkBDFn2rjut7Oyura+sVnYKm7v7O7tlw4Om1omitAGkVyqdoA15UzQhmGG03asKI4CTlvB6DbzW2OqNJPi0Uxi6kd4IFjICDZW8rsRNkOCeXo/7VV7pbJbcWdAy8TLSRly1Hulr25fkiSiwhCOte54bmz8FCvDCKfTYjfRNMZkhAe0Y6nAEdV+Ogs9RadW6aNQKvuEQTP190aKI60nUWAns5B60cvE/7xOYsJrP2UiTgwVZH4oTDgyEmUNoD5TlBg+sQQTxWxWRIZYYWJsT0Vbgrf45WXSrFa8y8rFw3m5dpPXUYBjOIEz8OAKanAHdWgAgSd4hld4c8bOi/PufMxHV5x85wj+wPn8AbNdkhE=</latexit>

L2
<latexit sha1_base64="fceNYJZGcAsrKHBHl2ZqrZ6/Qio=">AAAB9HicbVDLSsNAFL2pr1pfVZdugkVwVRLxtSy6ceGign1AG8pkOmmHTiZx5qZQQr/DjQtF3Pox7vwbJ20W2npg4HDOvdwzx48F1+g431ZhZXVtfaO4Wdra3tndK+8fNHWUKMoaNBKRavtEM8ElayBHwdqxYiT0BWv5o9vMb42Z0jySjziJmReSgeQBpwSN5HVDgkNKRHo/7WGvXHGqzgz2MnFzUoEc9V75q9uPaBIyiVQQrTuuE6OXEoWcCjYtdRPNYkJHZMA6hkoSMu2ls9BT+8QofTuIlHkS7Zn6eyMlodaT0DeTWUi96GXif14nweDaS7mME2SSzg8FibAxsrMG7D5XjKKYGEKo4iarTYdEEYqmp5IpwV388jJpnlXdy+rFw3mldpPXUYQjOIZTcOEKanAHdWgAhSd4hld4s8bWi/VufcxHC1a+cwh/YH3+ABd0klM=</latexit>

Lt

<latexit sha1_base64="/u2SApo+y+VV0RbSdAlaQIO0aAc=">AAAB8HicbVDLSgNBEOyNrxhfUY9eFoPgKeyKr2PQi8cI5iHJEmYnk2TIzOwy0yssS77CiwdFvPo53vwbJ8keNLGgoajqprsrjAU36HnfTmFldW19o7hZ2tre2d0r7x80TZRoyho0EpFuh8QwwRVrIEfB2rFmRIaCtcLx7dRvPTFteKQeMI1ZIMlQ8QGnBK302B0RzNJJz+uVK17Vm8FdJn5OKpCj3it/dfsRTSRTSAUxpuN7MQYZ0cipYJNSNzEsJnRMhqxjqSKSmSCbHTxxT6zSdweRtqXQnam/JzIijUllaDslwZFZ9Kbif14nwcF1kHEVJ8gUnS8aJMLFyJ1+7/a5ZhRFagmhmttbXToimlC0GZVsCP7iy8ukeVb1L6sX9+eV2k0eRxGO4BhOwYcrqMEd1KEBFCQ8wyu8Odp5cd6dj3lrwclnDuEPnM8f3iGQdw==</latexit>

ŷ0

<latexit sha1_base64="J5F2AVWD9tB/JLoDazyJYYZ5LxI=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYnvcmQ2dllZlYMSz7BiwdFvPpF3vwbJ8keNFrQUFR1090VJIJr47pfTmFpeWV1rbhe2tjc2t4p7+41dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6nvqtB1Sax/LejBP0IzqQPOSMGivdPfbcXrniVt0ZyF/i5aQCOeq98me3H7M0QmmYoFp3PDcxfkaV4UzgpNRNNSaUjegAO5ZKGqH2s9mpE3JklT4JY2VLGjJTf05kNNJ6HAW2M6JmqBe9qfif10lNeOlnXCapQcnmi8JUEBOT6d+kzxUyI8aWUKa4vZWwIVWUGZtOyYbgLb78lzRPqt559ez2tFK7yuMowgEcwjF4cAE1uIE6NIDBAJ7gBV4d4Tw7b877vLXg5DP78AvOxzcNbI2p</latexit>x0

<latexit sha1_base64="RIHmV0pEVaG8ZM20EtzOIQopZmc=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYnvcmQ2dllZlYISz7BiwdFvPpF3vwbJ8keNLGgoajqprsrSATXxnW/ncLK6tr6RnGztLW9s7tX3j9o6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0O/VbT6g0j+WjGSfoR3QgecgZNVZ6aPXGvXLFrbozkGXi5aQCOeq98le3H7M0QmmYoFp3PDcxfkaV4UzgpNRNNSaUjegAO5ZKGqH2s9mpE3JilT4JY2VLGjJTf09kNNJ6HAW2M6JmqBe9qfif10lNeO1nXCapQcnmi8JUEBOT6d+kzxUyI8aWUKa4vZWwIVWUGZtOyYbgLb68TJpnVe+yenF/Xqnd5HEU4QiO4RQ8uIIa3EEdGsBgAM/wCm+OcF6cd+dj3lpw8plD+APn8wdJyo3R</latexit>

Wy

<latexit sha1_base64="b67rHqrD1y1N+h4BPLxzqchcn6s=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYns8mQ2dllplcMSz7BiwdFvPpF3vwbJ8keNFrQUFR1090VJFIYdN0vp7C0vLK6VlwvbWxube+Ud/eaJk414w0Wy1i3A2q4FIo3UKDk7URzGgWSt4LR9dRvPXBtRKzucZxwP6IDJULBKFrprtV77JUrbtWdgfwlXk4qkKPeK392+zFLI66QSWpMx3MT9DOqUTDJJ6VuanhC2YgOeMdSRSNu/Gx26oQcWaVPwljbUkhm6s+JjEbGjKPAdkYUh2bRm4r/eZ0Uw0s/EypJkSs2XxSmkmBMpn+TvtCcoRxbQpkW9lbChlRThjadkg3BW3z5L2meVL3z6tntaaV2lcdRhAM4hGPw4AJqcAN1aACDATzBC7w60nl23pz3eWvByWf24Recj29IRo3Q</latexit>

Wx

<latexit sha1_base64="w4RY1m1cp9R4P1Y3fEdx8rP2WNI=">AAAB8HicbVDLSgNBEOyNrxhfUY9eFoPgKeyKr2PQi8cI5iHJEmYnk2TIzOwy0yssS77CiwdFvPo53vwbJ8keNLGgoajqprsrjAU36HnfTmFldW19o7hZ2tre2d0r7x80TZRoyho0EpFuh8QwwRVrIEfB2rFmRIaCtcLx7dRvPTFteKQeMI1ZIMlQ8QGnBK302B0RzNJJD3vlilf1ZnCXiZ+TCuSo98pf3X5EE8kUUkGM6fhejEFGNHIq2KTUTQyLCR2TIetYqohkJshmB0/cE6v03UGkbSl0Z+rviYxIY1IZ2k5JcGQWvan4n9dJcHAdZFzFCTJF54sGiXAxcqffu32uGUWRWkKo5vZWl46IJhRtRiUbgr/48jJpnlX9y+rF/XmldpPHUYQjOIZT8OEKanAHdWgABQnP8ApvjnZenHfnY95acPKZQ/gD5/MHRUCQuw==</latexit>

ŷt

<latexit sha1_base64="o9UNsoOAgncWYzMvqd8qSmfUt0I=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYns8mQ2dllplcMSz7BiwdFvPpF3vwbJ8keNFrQUFR1090VJFIYdN0vp7C0vLK6VlwvbWxube+Ud/eaJk414w0Wy1i3A2q4FIo3UKDk7URzGgWSt4LR9dRvPXBtRKzucZxwP6IDJULBKFrp7rGHvXLFrbozkL/Ey0kFctR75c9uP2ZpxBUySY3peG6CfkY1Cib5pNRNDU8oG9EB71iqaMSNn81OnZAjq/RJGGtbCslM/TmR0ciYcRTYzoji0Cx6U/E/r5NieOlnQiUpcsXmi8JUEozJ9G/SF5ozlGNLKNPC3krYkGrK0KZTsiF4iy//Jc2TqndePbs9rdSu8jiKcACHcAweXEANbqAODWAwgCd4gVdHOs/Om/M+by04+cw+/ILz8Q10fI3t</latexit>xt

<latexit sha1_base64="RIHmV0pEVaG8ZM20EtzOIQopZmc=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYnvcmQ2dllZlYISz7BiwdFvPpF3vwbJ8keNLGgoajqprsrSATXxnW/ncLK6tr6RnGztLW9s7tX3j9o6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0O/VbT6g0j+WjGSfoR3QgecgZNVZ6aPXGvXLFrbozkGXi5aQCOeq98le3H7M0QmmYoFp3PDcxfkaV4UzgpNRNNSaUjegAO5ZKGqH2s9mpE3JilT4JY2VLGjJTf09kNNJ6HAW2M6JmqBe9qfif10lNeO1nXCapQcnmi8JUEBOT6d+kzxUyI8aWUKa4vZWwIVWUGZtOyYbgLb68TJpnVe+yenF/Xqnd5HEU4QiO4RQ8uIIa3EEdGsBgAM/wCm+OcF6cd+dj3lpw8plD+APn8wdJyo3R</latexit>

Wy

<latexit sha1_base64="b67rHqrD1y1N+h4BPLxzqchcn6s=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYns8mQ2dllplcMSz7BiwdFvPpF3vwbJ8keNFrQUFR1090VJFIYdN0vp7C0vLK6VlwvbWxube+Ud/eaJk414w0Wy1i3A2q4FIo3UKDk7URzGgWSt4LR9dRvPXBtRKzucZxwP6IDJULBKFrprtV77JUrbtWdgfwlXk4qkKPeK392+zFLI66QSWpMx3MT9DOqUTDJJ6VuanhC2YgOeMdSRSNu/Gx26oQcWaVPwljbUkhm6s+JjEbGjKPAdkYUh2bRm4r/eZ0Uw0s/EypJkSs2XxSmkmBMpn+TvtCcoRxbQpkW9lbChlRThjadkg3BW3z5L2meVL3z6tntaaV2lcdRhAM4hGPw4AJqcAN1aACDATzBC7w60nl23pz3eWvByWf24Recj29IRo3Q</latexit>

Wx

<latexit sha1_base64="+64/89ufmOQmimw/5ADLhNq0Q94=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYnvcmQ2dllZlYISz7BiwdFvPpF3vwbJ8keNLGgoajqprsrSATXxnW/ncLK6tr6RnGztLW9s7tX3j9o6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0O/VbT6g0j+WjGSfoR3QgecgZNVZ6aPWGvXLFrbozkGXi5aQCOeq98le3H7M0QmmYoFp3PDcxfkaV4UzgpNRNNSaUjegAO5ZKGqH2s9mpE3JilT4JY2VLGjJTf09kNNJ6HAW2M6JmqBe9qfif10lNeO1nXCapQcnmi8JUEBOT6d+kzxUyI8aWUKa4vZWwIVWUGZtOyYbgLb68TJpnVe+yenF/Xqnd5HEU4QiO4RQ8uIIa3EEdGsBgAM/wCm+OcF6cd+dj3lpw8plD+APn8wcwBo3A</latexit>

Wh

<latexit sha1_base64="cT3z+/LKf/DKKyfnnlxX1lOJRwc=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYnvcmQ2dllZlYMSz7BiwdFvPpF3vwbJ8keNFrQUFR1090VJIJr47pfTmFpeWV1rbhe2tjc2t4p7+41dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6nvqtB1Sax/LejBP0IzqQPOSMGivdPfa8XrniVt0ZyF/i5aQCOeq98me3H7M0QmmYoFp3PDcxfkaV4UzgpNRNNSaUjegAO5ZKGqH2s9mpE3JklT4JY2VLGjJTf05kNNJ6HAW2M6JmqBe9qfif10lNeOlnXCapQcnmi8JUEBOT6d+kzxUyI8aWUKa4vZWwIVWUGZtOyYbgLb78lzRPqt559ez2tFK7yuMowgEcwjF4cAE1uIE6NIDBAJ7gBV4d4Tw7b877vLXg5DP78AvOxzcO8I2q</latexit>x1

<latexit sha1_base64="7NWyoSMeTqUJUsrNZD/71D1iarg=">AAAB8HicbVDLSgNBEOyNrxhfUY9eFoPgKeyKr2PQi8cI5iHJEmYnk2TIzOwy0yssS77CiwdFvPo53vwbJ8keNLGgoajqprsrjAU36HnfTmFldW19o7hZ2tre2d0r7x80TZRoyho0EpFuh8QwwRVrIEfB2rFmRIaCtcLx7dRvPTFteKQeMI1ZIMlQ8QGnBK302B0RzNJJz++VK17Vm8FdJn5OKpCj3it/dfsRTSRTSAUxpuN7MQYZ0cipYJNSNzEsJnRMhqxjqSKSmSCbHTxxT6zSdweRtqXQnam/JzIijUllaDslwZFZ9Kbif14nwcF1kHEVJ8gUnS8aJMLFyJ1+7/a5ZhRFagmhmttbXToimlC0GZVsCP7iy8ukeVb1L6sX9+eV2k0eRxGO4BhOwYcrqMEd1KEBFCQ8wyu8Odp5cd6dj3lrwclnDuEPnM8f36WQeA==</latexit>

ŷ1
<latexit sha1_base64="RIHmV0pEVaG8ZM20EtzOIQopZmc=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYnvcmQ2dllZlYISz7BiwdFvPpF3vwbJ8keNLGgoajqprsrSATXxnW/ncLK6tr6RnGztLW9s7tX3j9o6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0O/VbT6g0j+WjGSfoR3QgecgZNVZ6aPXGvXLFrbozkGXi5aQCOeq98le3H7M0QmmYoFp3PDcxfkaV4UzgpNRNNSaUjegAO5ZKGqH2s9mpE3JilT4JY2VLGjJTf09kNNJ6HAW2M6JmqBe9qfif10lNeO1nXCapQcnmi8JUEBOT6d+kzxUyI8aWUKa4vZWwIVWUGZtOyYbgLb68TJpnVe+yenF/Xqnd5HEU4QiO4RQ8uIIa3EEdGsBgAM/wCm+OcF6cd+dj3lpw8plD+APn8wdJyo3R</latexit>

Wy

<latexit sha1_base64="+64/89ufmOQmimw/5ADLhNq0Q94=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYnvcmQ2dllZlYISz7BiwdFvPpF3vwbJ8keNLGgoajqprsrSATXxnW/ncLK6tr6RnGztLW9s7tX3j9o6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0O/VbT6g0j+WjGSfoR3QgecgZNVZ6aPWGvXLFrbozkGXi5aQCOeq98le3H7M0QmmYoFp3PDcxfkaV4UzgpNRNNSaUjegAO5ZKGqH2s9mpE3JilT4JY2VLGjJTf09kNNJ6HAW2M6JmqBe9qfif10lNeO1nXCapQcnmi8JUEBOT6d+kzxUyI8aWUKa4vZWwIVWUGZtOyYbgLb68TJpnVe+yenF/Xqnd5HEU4QiO4RQ8uIIa3EEdGsBgAM/wCm+OcF6cd+dj3lpw8plD+APn8wcwBo3A</latexit>

Wh

<latexit sha1_base64="b67rHqrD1y1N+h4BPLxzqchcn6s=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYns8mQ2dllplcMSz7BiwdFvPpF3vwbJ8keNFrQUFR1090VJFIYdN0vp7C0vLK6VlwvbWxube+Ud/eaJk414w0Wy1i3A2q4FIo3UKDk7URzGgWSt4LR9dRvPXBtRKzucZxwP6IDJULBKFrprtV77JUrbtWdgfwlXk4qkKPeK392+zFLI66QSWpMx3MT9DOqUTDJJ6VuanhC2YgOeMdSRSNu/Gx26oQcWaVPwljbUkhm6s+JjEbGjKPAdkYUh2bRm4r/eZ0Uw0s/EypJkSs2XxSmkmBMpn+TvtCcoRxbQpkW9lbChlRThjadkg3BW3z5L2meVL3z6tntaaV2lcdRhAM4hGPw4AJqcAN1aACDATzBC7w60nl23pz3eWvByWf24Recj29IRo3Q</latexit>

Wx



Backprop through time

85

<latexit sha1_base64="o9UNsoOAgncWYzMvqd8qSmfUt0I=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYns8mQ2dllplcMSz7BiwdFvPpF3vwbJ8keNFrQUFR1090VJFIYdN0vp7C0vLK6VlwvbWxube+Ud/eaJk414w0Wy1i3A2q4FIo3UKDk7URzGgWSt4LR9dRvPXBtRKzucZxwP6IDJULBKFrp7rGHvXLFrbozkL/Ey0kFctR75c9uP2ZpxBUySY3peG6CfkY1Cib5pNRNDU8oG9EB71iqaMSNn81OnZAjq/RJGGtbCslM/TmR0ciYcRTYzoji0Cx6U/E/r5NieOlnQiUpcsXmi8JUEozJ9G/SF5ozlGNLKNPC3krYkGrK0KZTsiF4iy//Jc2TqndePbs9rdSu8jiKcACHcAweXEANbqAODWAwgCd4gVdHOs/Om/M+by04+cw+/ILz8Q10fI3t</latexit>xt

<latexit sha1_base64="w4RY1m1cp9R4P1Y3fEdx8rP2WNI=">AAAB8HicbVDLSgNBEOyNrxhfUY9eFoPgKeyKr2PQi8cI5iHJEmYnk2TIzOwy0yssS77CiwdFvPo53vwbJ8keNLGgoajqprsrjAU36HnfTmFldW19o7hZ2tre2d0r7x80TZRoyho0EpFuh8QwwRVrIEfB2rFmRIaCtcLx7dRvPTFteKQeMI1ZIMlQ8QGnBK302B0RzNJJD3vlilf1ZnCXiZ+TCuSo98pf3X5EE8kUUkGM6fhejEFGNHIq2KTUTQyLCR2TIetYqohkJshmB0/cE6v03UGkbSl0Z+rviYxIY1IZ2k5JcGQWvan4n9dJcHAdZFzFCTJF54sGiXAxcqffu32uGUWRWkKo5vZWl46IJhRtRiUbgr/48jJpnlX9y+rF/XmldpPHUYQjOIZT8OEKanAHdWgABQnP8ApvjnZenHfnY95acPKZQ/gD5/MHRUCQuw==</latexit>

ŷt

RNN cell
<latexit sha1_base64="0BOSFLVX0uBdychWteQUx/nIHrc=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYns8mQ2dllplcISz7BiwdFvPpF3vwbJ8keNLGgoajqprsrSKQw6LrfTmFldW19o7hZ2tre2d0r7x80TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWj26nfeuLaiFg94jjhfkQHSoSCUbTSw7CHvXLFrbozkGXi5aQCOeq98le3H7M04gqZpMZ0PDdBP6MaBZN8UuqmhieUjeiAdyxVNOLGz2anTsiJVfokjLUthWSm/p7IaGTMOApsZ0RxaBa9qfif10kxvPYzoZIUuWLzRWEqCcZk+jfpC80ZyrEllGlhbyVsSDVlaNMp2RC8xZeXSfOs6l1WL+7PK7WbPI4iHMExnIIHV1CDO6hDAxgM4Ble4c2Rzovz7nzMWwtOPnMIf+B8/gBcHI3d</latexit>

ht

<latexit sha1_base64="WaL0tWjltrkuxlqV+KuqJEpv8BI=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr4sQ9OIxAfOAZAmzk04yZnZ2mZkVwpIv8OJBEa9+kjf/xkmyB00saCiquunuCmLBtXHdbye3srq2vpHfLGxt7+zuFfcPGjpKFMM6i0SkWgHVKLjEuuFGYCtWSMNAYDMY3U395hMqzSP5YMYx+iEdSN7njBor1W66xZJbdmcgy8TLSAkyVLvFr04vYkmI0jBBtW57bmz8lCrDmcBJoZNojCkb0QG2LZU0RO2ns0Mn5MQqPdKPlC1pyEz9PZHSUOtxGNjOkJqhXvSm4n9eOzH9az/lMk4MSjZf1E8EMRGZfk16XCEzYmwJZYrbWwkbUkWZsdkUbAje4svLpHFW9i7LF7XzUuU2iyMPR3AMp+DBFVTgHqpQBwYIz/AKb86j8+K8Ox/z1pyTzRzCHzifP5ANjMs=</latexit>=

<latexit sha1_base64="/u2SApo+y+VV0RbSdAlaQIO0aAc=">AAAB8HicbVDLSgNBEOyNrxhfUY9eFoPgKeyKr2PQi8cI5iHJEmYnk2TIzOwy0yssS77CiwdFvPo53vwbJ8keNLGgoajqprsrjAU36HnfTmFldW19o7hZ2tre2d0r7x80TZRoyho0EpFuh8QwwRVrIEfB2rFmRIaCtcLx7dRvPTFteKQeMI1ZIMlQ8QGnBK302B0RzNJJz+uVK17Vm8FdJn5OKpCj3it/dfsRTSRTSAUxpuN7MQYZ0cipYJNSNzEsJnRMhqxjqSKSmSCbHTxxT6zSdweRtqXQnam/JzIijUllaDslwZFZ9Kbif14nwcF1kHEVJ8gUnS8aJMLFyJ1+7/a5ZhRFagmhmttbXToimlC0GZVsCP7iy8ukeVb1L6sX9+eV2k0eRxGO4BhOwYcrqMEd1KEBFCQ8wyu8Odp5cd6dj3lrwclnDuEPnM8f3iGQdw==</latexit>

ŷ0

<latexit sha1_base64="J5F2AVWD9tB/JLoDazyJYYZ5LxI=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYnvcmQ2dllZlYMSz7BiwdFvPpF3vwbJ8keNFrQUFR1090VJIJr47pfTmFpeWV1rbhe2tjc2t4p7+41dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6nvqtB1Sax/LejBP0IzqQPOSMGivdPfbcXrniVt0ZyF/i5aQCOeq98me3H7M0QmmYoFp3PDcxfkaV4UzgpNRNNSaUjegAO5ZKGqH2s9mpE3JklT4JY2VLGjJTf05kNNJ6HAW2M6JmqBe9qfif10lNeOlnXCapQcnmi8JUEBOT6d+kzxUyI8aWUKa4vZWwIVWUGZtOyYbgLb78lzRPqt559ez2tFK7yuMowgEcwjF4cAE1uIE6NIDBAJ7gBV4d4Tw7b877vLXg5DP78AvOxzcNbI2p</latexit>x0
<latexit sha1_base64="cT3z+/LKf/DKKyfnnlxX1lOJRwc=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYnvcmQ2dllZlYMSz7BiwdFvPpF3vwbJ8keNFrQUFR1090VJIJr47pfTmFpeWV1rbhe2tjc2t4p7+41dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6nvqtB1Sax/LejBP0IzqQPOSMGivdPfa8XrniVt0ZyF/i5aQCOeq98me3H7M0QmmYoFp3PDcxfkaV4UzgpNRNNSaUjegAO5ZKGqH2s9mpE3JklT4JY2VLGjJTf05kNNJ6HAW2M6JmqBe9qfif10lNeOlnXCapQcnmi8JUEBOT6d+kzxUyI8aWUKa4vZWwIVWUGZtOyYbgLb78lzRPqt559ez2tFK7yuMowgEcwjF4cAE1uIE6NIDBAJ7gBV4d4Tw7b877vLXg5DP78AvOxzcO8I2q</latexit>x1

<latexit sha1_base64="7NWyoSMeTqUJUsrNZD/71D1iarg=">AAAB8HicbVDLSgNBEOyNrxhfUY9eFoPgKeyKr2PQi8cI5iHJEmYnk2TIzOwy0yssS77CiwdFvPo53vwbJ8keNLGgoajqprsrjAU36HnfTmFldW19o7hZ2tre2d0r7x80TZRoyho0EpFuh8QwwRVrIEfB2rFmRIaCtcLx7dRvPTFteKQeMI1ZIMlQ8QGnBK302B0RzNJJz++VK17Vm8FdJn5OKpCj3it/dfsRTSRTSAUxpuN7MQYZ0cipYJNSNzEsJnRMhqxjqSKSmSCbHTxxT6zSdweRtqXQnam/JzIijUllaDslwZFZ9Kbif14nwcF1kHEVJ8gUnS8aJMLFyJ1+7/a5ZhRFagmhmttbXToimlC0GZVsCP7iy8ukeVb1L6sX9+eV2k0eRxGO4BhOwYcrqMEd1KEBFCQ8wyu8Odp5cd6dj3lrwclnDuEPnM8f36WQeA==</latexit>

ŷ1

<latexit sha1_base64="5+nyS8hU2hxnqdw8c1v+IWfwmYw=">AAAB8nicbVDLSgMxFM3UV62vqks3wSK4KjPia1l048JFBfuA6VAyaaYNzSRDckcoQz/DjQtF3Po17vwbM+0stPVA4HDOveTcEyaCG3Ddb6e0srq2vlHerGxt7+zuVfcP2kalmrIWVULpbkgME1yyFnAQrJtoRuJQsE44vs39zhPThiv5CJOEBTEZSh5xSsBKfi8mMKJEZPfTfrXm1t0Z8DLxClJDBZr96ldvoGgaMwlUEGN8z00gyIgGTgWbVnqpYQmhYzJkvqWSxMwE2SzyFJ9YZYAjpe2TgGfq742MxMZM4tBO5hHNopeL/3l+CtF1kHGZpMAknX8UpQKDwvn9eMA1oyAmlhCquc2K6YhoQsG2VLEleIsnL5P2Wd27rF88nNcaN0UdZXSEjtEp8tAVaqA71EQtRJFCz+gVvTngvDjvzsd8tOQUO4foD5zPH4RFkWw=</latexit>

L
<latexit sha1_base64="bFDjQaDhszHNy+s7ijuuuKuQ390=">AAAB9HicbVDLSgMxFL1TX7W+qi7dBIvgqsyIr2XRjQsXFewD2qFk0kwbmmTGJFMoQ7/DjQtF3Pox7vwbM+0stPVA4HDOvdyTE8ScaeO6305hZXVtfaO4Wdra3tndK+8fNHWUKEIbJOKRagdYU84kbRhmOG3HimIRcNoKRreZ3xpTpVkkH80kpr7AA8lCRrCxkt8V2AwJ5un9tOf1yhW36s6AlomXkwrkqPfKX91+RBJBpSEca93x3Nj4KVaGEU6npW6iaYzJCA9ox1KJBdV+Ogs9RSdW6aMwUvZJg2bq740UC60nIrCTWUi96GXif14nMeG1nzIZJ4ZKMj8UJhyZCGUNoD5TlBg+sQQTxWxWRIZYYWJsTyVbgrf45WXSPKt6l9WLh/NK7SavowhHcAyn4MEV1OAO6tAAAk/wDK/w5oydF+fd+ZiPFpx85xD+wPn8AbHZkhA=</latexit>

L1

<latexit sha1_base64="TP/11oyJcmjMkzWMShSya9XdxG0=">AAAB9HicbVDLSgMxFL3js9ZX1aWbYBFclZnia1l048JFBfuAdiiZNNOGZpIxyRTK0O9w40IRt36MO//GTDsLbT0QOJxzL/fkBDFn2rjut7Oyura+sVnYKm7v7O7tlw4Om1omitAGkVyqdoA15UzQhmGG03asKI4CTlvB6DbzW2OqNJPi0Uxi6kd4IFjICDZW8rsRNkOCeXo/7VV7pbJbcWdAy8TLSRly1Hulr25fkiSiwhCOte54bmz8FCvDCKfTYjfRNMZkhAe0Y6nAEdV+Ogs9RadW6aNQKvuEQTP190aKI60nUWAns5B60cvE/7xOYsJrP2UiTgwVZH4oTDgyEmUNoD5TlBg+sQQTxWxWRIZYYWJsT0Vbgrf45WXSrFa8y8rFw3m5dpPXUYBjOIEz8OAKanAHdWgAgSd4hld4c8bOi/PufMxHV5x85wj+wPn8AbNdkhE=</latexit>

L2
<latexit sha1_base64="fceNYJZGcAsrKHBHl2ZqrZ6/Qio=">AAAB9HicbVDLSsNAFL2pr1pfVZdugkVwVRLxtSy6ceGign1AG8pkOmmHTiZx5qZQQr/DjQtF3Pox7vwbJ20W2npg4HDOvdwzx48F1+g431ZhZXVtfaO4Wdra3tndK+8fNHWUKMoaNBKRavtEM8ElayBHwdqxYiT0BWv5o9vMb42Z0jySjziJmReSgeQBpwSN5HVDgkNKRHo/7WGvXHGqzgz2MnFzUoEc9V75q9uPaBIyiVQQrTuuE6OXEoWcCjYtdRPNYkJHZMA6hkoSMu2ls9BT+8QofTuIlHkS7Zn6eyMlodaT0DeTWUi96GXif14nweDaS7mME2SSzg8FibAxsrMG7D5XjKKYGEKo4iarTYdEEYqmp5IpwV388jJpnlXdy+rFw3mldpPXUYQjOIZTcOEKanAHdWgAhSd4hld4s8bWi/VufcxHC1a+cwh/YH3+ABd0klM=</latexit>

Lt

Re-use the same weight matrices at every time-step

<latexit sha1_base64="w4RY1m1cp9R4P1Y3fEdx8rP2WNI=">AAAB8HicbVDLSgNBEOyNrxhfUY9eFoPgKeyKr2PQi8cI5iHJEmYnk2TIzOwy0yssS77CiwdFvPo53vwbJ8keNLGgoajqprsrjAU36HnfTmFldW19o7hZ2tre2d0r7x80TZRoyho0EpFuh8QwwRVrIEfB2rFmRIaCtcLx7dRvPTFteKQeMI1ZIMlQ8QGnBK302B0RzNJJD3vlilf1ZnCXiZ+TCuSo98pf3X5EE8kUUkGM6fhejEFGNHIq2KTUTQyLCR2TIetYqohkJshmB0/cE6v03UGkbSl0Z+rviYxIY1IZ2k5JcGQWvan4n9dJcHAdZFzFCTJF54sGiXAxcqffu32uGUWRWkKo5vZWl46IJhRtRiUbgr/48jJpnlX9y+rF/XmldpPHUYQjOIZT8OEKanAHdWgABQnP8ApvjnZenHfnY95acPKZQ/gD5/MHRUCQuw==</latexit>

ŷt

<latexit sha1_base64="o9UNsoOAgncWYzMvqd8qSmfUt0I=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYns8mQ2dllplcMSz7BiwdFvPpF3vwbJ8keNFrQUFR1090VJFIYdN0vp7C0vLK6VlwvbWxube+Ud/eaJk414w0Wy1i3A2q4FIo3UKDk7URzGgWSt4LR9dRvPXBtRKzucZxwP6IDJULBKFrp7rGHvXLFrbozkL/Ey0kFctR75c9uP2ZpxBUySY3peG6CfkY1Cib5pNRNDU8oG9EB71iqaMSNn81OnZAjq/RJGGtbCslM/TmR0ciYcRTYzoji0Cx6U/E/r5NieOlnQiUpcsXmi8JUEozJ9G/SF5ozlGNLKNPC3krYkGrK0KZTsiF4iy//Jc2TqndePbs9rdSu8jiKcACHcAweXEANbqAODWAwgCd4gVdHOs/Om/M+by04+cw+/ILz8Q10fI3t</latexit>xt

Backward pass
Forward pass

<latexit sha1_base64="RIHmV0pEVaG8ZM20EtzOIQopZmc=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYnvcmQ2dllZlYISz7BiwdFvPpF3vwbJ8keNLGgoajqprsrSATXxnW/ncLK6tr6RnGztLW9s7tX3j9o6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0O/VbT6g0j+WjGSfoR3QgecgZNVZ6aPXGvXLFrbozkGXi5aQCOeq98le3H7M0QmmYoFp3PDcxfkaV4UzgpNRNNSaUjegAO5ZKGqH2s9mpE3JilT4JY2VLGjJTf09kNNJ6HAW2M6JmqBe9qfif10lNeO1nXCapQcnmi8JUEBOT6d+kzxUyI8aWUKa4vZWwIVWUGZtOyYbgLb68TJpnVe+yenF/Xqnd5HEU4QiO4RQ8uIIa3EEdGsBgAM/wCm+OcF6cd+dj3lpw8plD+APn8wdJyo3R</latexit>

Wy
<latexit sha1_base64="RIHmV0pEVaG8ZM20EtzOIQopZmc=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYnvcmQ2dllZlYISz7BiwdFvPpF3vwbJ8keNLGgoajqprsrSATXxnW/ncLK6tr6RnGztLW9s7tX3j9o6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0O/VbT6g0j+WjGSfoR3QgecgZNVZ6aPXGvXLFrbozkGXi5aQCOeq98le3H7M0QmmYoFp3PDcxfkaV4UzgpNRNNSaUjegAO5ZKGqH2s9mpE3JilT4JY2VLGjJTf09kNNJ6HAW2M6JmqBe9qfif10lNeO1nXCapQcnmi8JUEBOT6d+kzxUyI8aWUKa4vZWwIVWUGZtOyYbgLb68TJpnVe+yenF/Xqnd5HEU4QiO4RQ8uIIa3EEdGsBgAM/wCm+OcF6cd+dj3lpw8plD+APn8wdJyo3R</latexit>

Wy
<latexit sha1_base64="RIHmV0pEVaG8ZM20EtzOIQopZmc=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYnvcmQ2dllZlYISz7BiwdFvPpF3vwbJ8keNLGgoajqprsrSATXxnW/ncLK6tr6RnGztLW9s7tX3j9o6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0O/VbT6g0j+WjGSfoR3QgecgZNVZ6aPXGvXLFrbozkGXi5aQCOeq98le3H7M0QmmYoFp3PDcxfkaV4UzgpNRNNSaUjegAO5ZKGqH2s9mpE3JilT4JY2VLGjJTf09kNNJ6HAW2M6JmqBe9qfif10lNeO1nXCapQcnmi8JUEBOT6d+kzxUyI8aWUKa4vZWwIVWUGZtOyYbgLb68TJpnVe+yenF/Xqnd5HEU4QiO4RQ8uIIa3EEdGsBgAM/wCm+OcF6cd+dj3lpw8plD+APn8wdJyo3R</latexit>

Wy

<latexit sha1_base64="+64/89ufmOQmimw/5ADLhNq0Q94=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYnvcmQ2dllZlYISz7BiwdFvPpF3vwbJ8keNLGgoajqprsrSATXxnW/ncLK6tr6RnGztLW9s7tX3j9o6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0O/VbT6g0j+WjGSfoR3QgecgZNVZ6aPWGvXLFrbozkGXi5aQCOeq98le3H7M0QmmYoFp3PDcxfkaV4UzgpNRNNSaUjegAO5ZKGqH2s9mpE3JilT4JY2VLGjJTf09kNNJ6HAW2M6JmqBe9qfif10lNeO1nXCapQcnmi8JUEBOT6d+kzxUyI8aWUKa4vZWwIVWUGZtOyYbgLb68TJpnVe+yenF/Xqnd5HEU4QiO4RQ8uIIa3EEdGsBgAM/wCm+OcF6cd+dj3lpw8plD+APn8wcwBo3A</latexit>

Wh
<latexit sha1_base64="+64/89ufmOQmimw/5ADLhNq0Q94=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYnvcmQ2dllZlYISz7BiwdFvPpF3vwbJ8keNLGgoajqprsrSATXxnW/ncLK6tr6RnGztLW9s7tX3j9o6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0O/VbT6g0j+WjGSfoR3QgecgZNVZ6aPWGvXLFrbozkGXi5aQCOeq98le3H7M0QmmYoFp3PDcxfkaV4UzgpNRNNSaUjegAO5ZKGqH2s9mpE3JilT4JY2VLGjJTf09kNNJ6HAW2M6JmqBe9qfif10lNeO1nXCapQcnmi8JUEBOT6d+kzxUyI8aWUKa4vZWwIVWUGZtOyYbgLb68TJpnVe+yenF/Xqnd5HEU4QiO4RQ8uIIa3EEdGsBgAM/wCm+OcF6cd+dj3lpw8plD+APn8wcwBo3A</latexit>

Wh

<latexit sha1_base64="b67rHqrD1y1N+h4BPLxzqchcn6s=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYns8mQ2dllplcMSz7BiwdFvPpF3vwbJ8keNFrQUFR1090VJFIYdN0vp7C0vLK6VlwvbWxube+Ud/eaJk414w0Wy1i3A2q4FIo3UKDk7URzGgWSt4LR9dRvPXBtRKzucZxwP6IDJULBKFrprtV77JUrbtWdgfwlXk4qkKPeK392+zFLI66QSWpMx3MT9DOqUTDJJ6VuanhC2YgOeMdSRSNu/Gx26oQcWaVPwljbUkhm6s+JjEbGjKPAdkYUh2bRm4r/eZ0Uw0s/EypJkSs2XxSmkmBMpn+TvtCcoRxbQpkW9lbChlRThjadkg3BW3z5L2meVL3z6tntaaV2lcdRhAM4hGPw4AJqcAN1aACDATzBC7w60nl23pz3eWvByWf24Recj29IRo3Q</latexit>

Wx
<latexit sha1_base64="b67rHqrD1y1N+h4BPLxzqchcn6s=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYns8mQ2dllplcMSz7BiwdFvPpF3vwbJ8keNFrQUFR1090VJFIYdN0vp7C0vLK6VlwvbWxube+Ud/eaJk414w0Wy1i3A2q4FIo3UKDk7URzGgWSt4LR9dRvPXBtRKzucZxwP6IDJULBKFrprtV77JUrbtWdgfwlXk4qkKPeK392+zFLI66QSWpMx3MT9DOqUTDJJ6VuanhC2YgOeMdSRSNu/Gx26oQcWaVPwljbUkhm6s+JjEbGjKPAdkYUh2bRm4r/eZ0Uw0s/EypJkSs2XxSmkmBMpn+TvtCcoRxbQpkW9lbChlRThjadkg3BW3z5L2meVL3z6tntaaV2lcdRhAM4hGPw4AJqcAN1aACDATzBC7w60nl23pz3eWvByWf24Recj29IRo3Q</latexit>

Wx
<latexit sha1_base64="b67rHqrD1y1N+h4BPLxzqchcn6s=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYns8mQ2dllplcMSz7BiwdFvPpF3vwbJ8keNFrQUFR1090VJFIYdN0vp7C0vLK6VlwvbWxube+Ud/eaJk414w0Wy1i3A2q4FIo3UKDk7URzGgWSt4LR9dRvPXBtRKzucZxwP6IDJULBKFrprtV77JUrbtWdgfwlXk4qkKPeK392+zFLI66QSWpMx3MT9DOqUTDJJ6VuanhC2YgOeMdSRSNu/Gx26oQcWaVPwljbUkhm6s+JjEbGjKPAdkYUh2bRm4r/eZ0Uw0s/EypJkSs2XxSmkmBMpn+TvtCcoRxbQpkW9lbChlRThjadkg3BW3z5L2meVL3z6tntaaV2lcdRhAM4hGPw4AJqcAN1aACDATzBC7w60nl23pz3eWvByWf24Recj29IRo3Q</latexit>

Wx
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* great blog https://blog.evjang.com/2017/11/exp-train-gen.html


Slides inspired by Orhan Firat M2L Lecture


How good can you train your model (optimization)What functions your model can approximate

<latexit sha1_base64="Mp+fyy1nsKBbBTnrEZouWnT6YhE=">AAAB8nicbVDLSgMxFM3UV62vqks3wSK4KjPia1nUhcsK9gHToWTSTBuaSYbkjlCGfoYbF4q49Wvc+Tdm2llo64HA4Zx7ybknTAQ34LrfTmlldW19o7xZ2dre2d2r7h+0jUo1ZS2qhNLdkBgmuGQt4CBYN9GMxKFgnXB8m/udJ6YNV/IRJgkLYjKUPOKUgJX8XkxgRInI7qb9as2tuzPgZeIVpIYKNPvVr95A0TRmEqggxviem0CQEQ2cCjat9FLDEkLHZMh8SyWJmQmyWeQpPrHKAEdK2ycBz9TfGxmJjZnEoZ3MI5pFLxf/8/wUousg4zJJgUk6/yhKBQaF8/vxgGtGQUwsIVRzmxXTEdGEgm2pYkvwFk9eJu2zundZv3g4rzVuijrK6Agdo1PkoSvUQPeoiVqIIoWe0St6c8B5cd6dj/loySl2DtEfOJ8/eB2RZA==</latexit>D
<latexit sha1_base64="RnyzIg4Iy64zhhoBANN9EcBOI5Y=">AAAB7XicbVDLSgNBEJyNrxhfUY9eBoPgKeyKr2PQi8cI5gHJEmYnvcmY2Z1lplcIS/7BiwdFvPo/3vwbJ8keNLGgoajqprsrSKQw6LrfTmFldW19o7hZ2tre2d0r7x80jUo1hwZXUul2wAxIEUMDBUpoJxpYFEhoBaPbqd96Am2Eih9wnIAfsUEsQsEZWqnZxSEg65UrbtWdgS4TLycVkqPeK391+4qnEcTIJTOm47kJ+hnTKLiESambGkgYH7EBdCyNWQTGz2bXTuiJVfo0VNpWjHSm/p7IWGTMOApsZ8RwaBa9qfif10kxvPYzEScpQszni8JUUlR0+jrtCw0c5dgSxrWwt1I+ZJpxtAGVbAje4svLpHlW9S6rF/fnldpNHkeRHJFjcko8ckVq5I7USYNw8kieySt5c5Tz4rw7H/PWgpPPHJI/cD5/AKc3jzI=</latexit>

✓

<latexit sha1_base64="Nc8JBoLJwLH74YabXkCw/VqIA9Q=">AAAB7nicbVDLSsNAFL2pr1pfVZduBovgqiTia1l047KCtYU2lMlk0g6dTMLMjVBCP8KNC0Xc+j3u/BunbRbaemDgcM65zL0nSKUw6LrfTmlldW19o7xZ2dre2d2r7h88miTTjLdYIhPdCajhUijeQoGSd1LNaRxI3g5Gt1O//cS1EYl6wHHK/ZgOlIgEo2ildk/aaEj71Zpbd2cgy8QrSA0KNPvVr16YsCzmCpmkxnQ9N0U/pxoFk3xS6WWGp5SN6IB3LVU05sbPZ+tOyIlVQhIl2j6FZKb+nshpbMw4Dmwypjg0i95U/M/rZhhd+7lQaYZcsflHUSYJJmR6OwmF5gzl2BLKtLC7EjakmjK0DVVsCd7iycvk8azuXdYv7s9rjZuijjIcwTGcggdX0IA7aEILGIzgGV7hzUmdF+fd+ZhHS04xcwh/4Hz+AEAFj4c=</latexit>

�

= Data

= Model

= Loss, optimizer, hyperparams

<latexit sha1_base64="cTWkXnsKy3fjZ29lLLNWYej8Fyc=">AAACGnicbVDLSgNBEJz1bXxFPXoZDIKChF3xdRFEPXhUMEbIhtA76TVDZh/O9IphyXd48Ve8eFDEm3jxb5zEHDRaMExR1T3TXUGqpCHX/XRGRsfGJyanpgszs3PzC8XFpUuTZFpgRSQq0VcBGFQyxgpJUniVaoQoUFgN2sc9v3qL2sgkvqBOivUIrmMZSgFkpUbR8wnvKL/JQEnqdPkBD/m6HwG1BKj8pLvJfWohgb2VfbUJG41iyS27ffC/xBuQEhvgrFF895uJyCKMSSgwpua5KdVz0CSFwm7BzwymINpwjTVLY4jQ1PP+al2+ZpUmDxNtT0y8r/7syCEyphMFtrI3tBn2euJ/Xi2jcL+eyzjNCGPx/VGYKU4J7+XEm1KjINWxBISWdlYuWqBBkE2zYEPwhlf+Sy63yt5ueed8u3R4NIhjiq2wVbbOPLbHDtkpO2MVJtg9e2TP7MV5cJ6cV+ftu3TEGfQss19wPr4AK8agTg==</latexit>

quality = f(D, ✓,�)

https://blog.evjang.com/2017/11/exp-train-gen.html
https://www.youtube.com/watch?v=nDlfxOPrlEQ
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A simple example

<latexit sha1_base64="+64/89ufmOQmimw/5ADLhNq0Q94=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYnvcmQ2dllZlYISz7BiwdFvPpF3vwbJ8keNLGgoajqprsrSATXxnW/ncLK6tr6RnGztLW9s7tX3j9o6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0O/VbT6g0j+WjGSfoR3QgecgZNVZ6aPWGvXLFrbozkGXi5aQCOeq98le3H7M0QmmYoFp3PDcxfkaV4UzgpNRNNSaUjegAO5ZKGqH2s9mpE3JilT4JY2VLGjJTf09kNNJ6HAW2M6JmqBe9qfif10lNeO1nXCapQcnmi8JUEBOT6d+kzxUyI8aWUKa4vZWwIVWUGZtOyYbgLb68TJpnVe+yenF/Xqnd5HEU4QiO4RQ8uIIa3EEdGsBgAM/wCm+OcF6cd+dj3lpw8plD+APn8wcwBo3A</latexit>

Wh
<latexit sha1_base64="+64/89ufmOQmimw/5ADLhNq0Q94=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYnvcmQ2dllZlYISz7BiwdFvPpF3vwbJ8keNLGgoajqprsrSATXxnW/ncLK6tr6RnGztLW9s7tX3j9o6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0O/VbT6g0j+WjGSfoR3QgecgZNVZ6aPWGvXLFrbozkGXi5aQCOeq98le3H7M0QmmYoFp3PDcxfkaV4UzgpNRNNSaUjegAO5ZKGqH2s9mpE3JilT4JY2VLGjJTf09kNNJ6HAW2M6JmqBe9qfif10lNeO1nXCapQcnmi8JUEBOT6d+kzxUyI8aWUKa4vZWwIVWUGZtOyYbgLb68TJpnVe+yenF/Xqnd5HEU4QiO4RQ8uIIa3EEdGsBgAM/wCm+OcF6cd+dj3lpw8plD+APn8wcwBo3A</latexit>

Wh

<latexit sha1_base64="KrOkrERSPhlE8r+Ij/tPml4oXPs=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYns8mQ2dllplcISz7BiwdFvPpF3vwbJ8keNLGgoajqprsrSKQw6LrfTmFldW19o7hZ2tre2d0r7x80TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWj26nfeuLaiFg94jjhfkQHSoSCUbTSw7Dn9soVt+rOQJaJl5MK5Kj3yl/dfszSiCtkkhrT8dwE/YxqFEzySambGp5QNqID3rFU0YgbP5udOiEnVumTMNa2FJKZ+nsio5Ex4yiwnRHFoVn0puJ/XifF8NrPhEpS5IrNF4WpJBiT6d+kLzRnKMeWUKaFvZWwIdWUoU2nZEPwFl9eJs2zqndZvbg/r9Ru8jiKcATHcAoeXEEN7qAODWAwgGd4hTdHOi/Ou/Mxby04+cwh/IHz+QP0/Y2Z</latexit>

h0
<latexit sha1_base64="x3KjGcQ7FWI8MqS0qotpkfXRkkg=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYnvcmQ2dllZlYISz7BiwdFvPpF3vwbJ8keNLGgoajqprsrSATXxnW/ncLK6tr6RnGztLW9s7tX3j9o6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0O/VbT6g0j+WjGSfoR3QgecgZNVZ6GPa8XrniVt0ZyDLxclKBHPVe+avbj1kaoTRMUK07npsYP6PKcCZwUuqmGhPKRnSAHUsljVD72ezUCTmxSp+EsbIlDZmpvycyGmk9jgLbGVEz1IveVPzP66QmvPYzLpPUoGTzRWEqiInJ9G/S5wqZEWNLKFPc3krYkCrKjE2nZEPwFl9eJs2zqndZvbg/r9Ru8jiKcATHcAoeXEEN7qAODWAwgGd4hTdHOC/Ou/Mxby04+cwh/IHz+QP2gY2a</latexit>

h1
<latexit sha1_base64="0BOSFLVX0uBdychWteQUx/nIHrc=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYns8mQ2dllplcISz7BiwdFvPpF3vwbJ8keNLGgoajqprsrSKQw6LrfTmFldW19o7hZ2tre2d0r7x80TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWj26nfeuLaiFg94jjhfkQHSoSCUbTSw7CHvXLFrbozkGXi5aQCOeq98le3H7M04gqZpMZ0PDdBP6MaBZN8UuqmhieUjeiAdyxVNOLGz2anTsiJVfokjLUthWSm/p7IaGTMOApsZ0RxaBa9qfif10kxvPYzoZIUuWLzRWEqCcZk+jfpC80ZyrEllGlhbyVsSDVlaNMp2RC8xZeXSfOs6l1WL+7PK7WbPI4iHMExnIIHV1CDO6hDAxgM4Ble4c2Rzovz7nzMWwtOPnMIf+B8/gBcHI3d</latexit>

ht

<latexit sha1_base64="+XhK27ekrssxBqeMjMhNwCh5Jtk=">AAACCHicbVDLSsNAFJ34rPUVdenCwSLUhSURXxuh6MZlBfuANobJdNIMnTyYuRFK6NKNv+LGhSJu/QR3/o3TNgttPTBw7jn3cuceLxFcgWV9G3PzC4tLy4WV4ura+samubXdUHEqKavTWMSy5RHFBI9YHTgI1kokI6EnWNPrX4/85gOTisfRHQwS5oSkF3GfUwJacs29wAV8iZtugAM3gyN7qKuyLg/vQSuWa5asijUGniV2TkooR801vzrdmKYhi4AKolTbthJwMiKBU8GGxU6qWEJon/RYW9OIhEw52fiQIT7QShf7sdQvAjxWf09kJFRqEHq6MyQQqGlvJP7ntVPwL5yMR0kKLKKTRX4qMMR4lArucskoiIEmhEqu/4ppQCShoLMr6hDs6ZNnSeO4Yp9VTm9PStWrPI4C2kX7qIxsdI6q6AbVUB1R9Iie0St6M56MF+Pd+Ji0zhn5zA76A+PzB8MBl0c=</latexit>

ht = Whht�1 = (Wh)
th0

<latexit sha1_base64="hIWmRfzsvtXQHjjby+PGIsBMYuE="></latexit>

ht ! 1 if kWhk > 1

ht ! 0 if kWhk < 1

Credits DeepMind x UCL Lectures - Marta Garnelo

Exploding Gradients

Vanishing Gradients
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<latexit sha1_base64="IsFRF5i3f+4CciOD3rGSbQUM6Ko="></latexit>

@ht

@hk
=

tY

i=k+1

@hi

@hi�1
=

tY

i=k+1

W>
h diag[f

0(hi�1)] = W(t�k)
h

> tY

i=k+1

diag[f 0(hi�1)]

<latexit sha1_base64="zTA8244i8xqZ7cl+416wGd77IRQ=">AAACGXicbZDLSgMxFIYz9VbrrerSTbAIFbHMiLeNUHTjsoK9QFuHTJp2QjOZITkjLUNfw42v4saFIi515duYtrPQ6g+Bn++cw8n5vUhwDbb9ZWXm5hcWl7LLuZXVtfWN/OZWTYexoqxKQxGqhkc0E1yyKnAQrBEpRgJPsLrXvxrX6/dMaR7KWxhGrB2QnuRdTgkY5OZt3wV8gVtApF+su4k/umtBGGHfTeDQGeEDbOAghQMX9t18wS7ZE+G/xklNAaWquPmPViekccAkUEG0bjp2BO2EKOBUsFGuFWsWEdonPdY0VpKA6XYyuWyE9wzp4G6ozJOAJ/TnREICrYeBZzoDAr6erY3hf7VmDN3zdsJlFAOTdLqoGwsMIR7HhDtcMQpiaAyhipu/YuoTRSiYMHMmBGf25L+mdlRyTksnN8eF8mUaRxbtoF1URA46Q2V0jSqoiih6QE/oBb1aj9az9Wa9T1szVjqzjX7J+vwGsXCfgg==</latexit>

ht = tanh(W>
h ht�1 +W>

x xt)
Vanilla RNN gradient flow

<latexit sha1_base64="87eGxaQSypmoIU96uOf32lpwUxQ="></latexit>����
@hi

@hi�1

���� 
��W>

h

�� kdiag (f 0 (hi�1))k  ��max

����
@ht

@hk

���� 
tY

i=k+1

����
@hi

@hi�1

����  k��maxk(t�k)

Exploding grads

Vanishing grads

<latexit sha1_base64="gMk/jLeGNwLLz7Kgzj657a4hj9w="></latexit>

��max > 1

��max < 1

Largest singular value

Bound on nonlinearity

Bounding the norms of these terms using the power iteration method:

<latexit sha1_base64="o9UNsoOAgncWYzMvqd8qSmfUt0I=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYns8mQ2dllplcMSz7BiwdFvPpF3vwbJ8keNFrQUFR1090VJFIYdN0vp7C0vLK6VlwvbWxube+Ud/eaJk414w0Wy1i3A2q4FIo3UKDk7URzGgWSt4LR9dRvPXBtRKzucZxwP6IDJULBKFrp7rGHvXLFrbozkL/Ey0kFctR75c9uP2ZpxBUySY3peG6CfkY1Cib5pNRNDU8oG9EB71iqaMSNn81OnZAjq/RJGGtbCslM/TmR0ciYcRTYzoji0Cx6U/E/r5NieOlnQiUpcsXmi8JUEozJ9G/SF5ozlGNLKNPC3krYkGrK0KZTsiF4iy//Jc2TqndePbs9rdSu8jiKcACHcAweXEANbqAODWAwgCd4gVdHOs/Om/M+by04+cw+/ILz8Q10fI3t</latexit>xt

<latexit sha1_base64="w4RY1m1cp9R4P1Y3fEdx8rP2WNI=">AAAB8HicbVDLSgNBEOyNrxhfUY9eFoPgKeyKr2PQi8cI5iHJEmYnk2TIzOwy0yssS77CiwdFvPo53vwbJ8keNLGgoajqprsrjAU36HnfTmFldW19o7hZ2tre2d0r7x80TZRoyho0EpFuh8QwwRVrIEfB2rFmRIaCtcLx7dRvPTFteKQeMI1ZIMlQ8QGnBK302B0RzNJJD3vlilf1ZnCXiZ+TCuSo98pf3X5EE8kUUkGM6fhejEFGNHIq2KTUTQyLCR2TIetYqohkJshmB0/cE6v03UGkbSl0Z+rviYxIY1IZ2k5JcGQWvan4n9dJcHAdZFzFCTJF54sGiXAxcqffu32uGUWRWkKo5vZWl46IJhRtRiUbgr/48jJpnlX9y+rF/XmldpPHUYQjOIZT8OEKanAHdWgABQnP8ApvjnZenHfnY95acPKZQ/gD5/MHRUCQuw==</latexit>

ŷt

<latexit sha1_base64="0BOSFLVX0uBdychWteQUx/nIHrc=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYns8mQ2dllplcISz7BiwdFvPpF3vwbJ8keNLGgoajqprsrSKQw6LrfTmFldW19o7hZ2tre2d0r7x80TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWj26nfeuLaiFg94jjhfkQHSoSCUbTSw7CHvXLFrbozkGXi5aQCOeq98le3H7M04gqZpMZ0PDdBP6MaBZN8UuqmhieUjeiAdyxVNOLGz2anTsiJVfokjLUthWSm/p7IaGTMOApsZ0RxaBa9qfif10kxvPYzoZIUuWLzRWEqCcZk+jfpC80ZyrEllGlhbyVsSDVlaNMp2RC8xZeXSfOs6l1WL+7PK7WbPI4iHMExnIIHV1CDO6hDAxgM4Ble4c2Rzovz7nzMWwtOPnMIf+B8/gBcHI3d</latexit>

ht

<latexit sha1_base64="8APx92igqw4NJbDB+aRREIiCylg="></latexit>

@L✓,t

@Wh
=

tX

k=1

@L✓,t

@ŷt

@ŷt

@ht

@ht

@hk

@hk

@Wh



Vanilla RNN gradient flow
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<latexit sha1_base64="/u2SApo+y+VV0RbSdAlaQIO0aAc=">AAAB8HicbVDLSgNBEOyNrxhfUY9eFoPgKeyKr2PQi8cI5iHJEmYnk2TIzOwy0yssS77CiwdFvPo53vwbJ8keNLGgoajqprsrjAU36HnfTmFldW19o7hZ2tre2d0r7x80TZRoyho0EpFuh8QwwRVrIEfB2rFmRIaCtcLx7dRvPTFteKQeMI1ZIMlQ8QGnBK302B0RzNJJz+uVK17Vm8FdJn5OKpCj3it/dfsRTSRTSAUxpuN7MQYZ0cipYJNSNzEsJnRMhqxjqSKSmSCbHTxxT6zSdweRtqXQnam/JzIijUllaDslwZFZ9Kbif14nwcF1kHEVJ8gUnS8aJMLFyJ1+7/a5ZhRFagmhmttbXToimlC0GZVsCP7iy8ukeVb1L6sX9+eV2k0eRxGO4BhOwYcrqMEd1KEBFCQ8wyu8Odp5cd6dj3lrwclnDuEPnM8f3iGQdw==</latexit>

ŷ0

<latexit sha1_base64="J5F2AVWD9tB/JLoDazyJYYZ5LxI=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYnvcmQ2dllZlYMSz7BiwdFvPpF3vwbJ8keNFrQUFR1090VJIJr47pfTmFpeWV1rbhe2tjc2t4p7+41dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6nvqtB1Sax/LejBP0IzqQPOSMGivdPfbcXrniVt0ZyF/i5aQCOeq98me3H7M0QmmYoFp3PDcxfkaV4UzgpNRNNSaUjegAO5ZKGqH2s9mpE3JklT4JY2VLGjJTf05kNNJ6HAW2M6JmqBe9qfif10lNeOlnXCapQcnmi8JUEBOT6d+kzxUyI8aWUKa4vZWwIVWUGZtOyYbgLb78lzRPqt559ez2tFK7yuMowgEcwjF4cAE1uIE6NIDBAJ7gBV4d4Tw7b877vLXg5DP78AvOxzcNbI2p</latexit>x0
<latexit sha1_base64="cT3z+/LKf/DKKyfnnlxX1lOJRwc=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYnvcmQ2dllZlYMSz7BiwdFvPpF3vwbJ8keNFrQUFR1090VJIJr47pfTmFpeWV1rbhe2tjc2t4p7+41dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6nvqtB1Sax/LejBP0IzqQPOSMGivdPfa8XrniVt0ZyF/i5aQCOeq98me3H7M0QmmYoFp3PDcxfkaV4UzgpNRNNSaUjegAO5ZKGqH2s9mpE3JklT4JY2VLGjJTf05kNNJ6HAW2M6JmqBe9qfif10lNeOlnXCapQcnmi8JUEBOT6d+kzxUyI8aWUKa4vZWwIVWUGZtOyYbgLb78lzRPqt559ez2tFK7yuMowgEcwjF4cAE1uIE6NIDBAJ7gBV4d4Tw7b877vLXg5DP78AvOxzcO8I2q</latexit>x1

<latexit sha1_base64="7NWyoSMeTqUJUsrNZD/71D1iarg=">AAAB8HicbVDLSgNBEOyNrxhfUY9eFoPgKeyKr2PQi8cI5iHJEmYnk2TIzOwy0yssS77CiwdFvPo53vwbJ8keNLGgoajqprsrjAU36HnfTmFldW19o7hZ2tre2d0r7x80TZRoyho0EpFuh8QwwRVrIEfB2rFmRIaCtcLx7dRvPTFteKQeMI1ZIMlQ8QGnBK302B0RzNJJz++VK17Vm8FdJn5OKpCj3it/dfsRTSRTSAUxpuN7MQYZ0cipYJNSNzEsJnRMhqxjqSKSmSCbHTxxT6zSdweRtqXQnam/JzIijUllaDslwZFZ9Kbif14nwcF1kHEVJ8gUnS8aJMLFyJ1+7/a5ZhRFagmhmttbXToimlC0GZVsCP7iy8ukeVb1L6sX9+eV2k0eRxGO4BhOwYcrqMEd1KEBFCQ8wyu8Odp5cd6dj3lrwclnDuEPnM8f36WQeA==</latexit>

ŷ1
<latexit sha1_base64="w4RY1m1cp9R4P1Y3fEdx8rP2WNI=">AAAB8HicbVDLSgNBEOyNrxhfUY9eFoPgKeyKr2PQi8cI5iHJEmYnk2TIzOwy0yssS77CiwdFvPo53vwbJ8keNLGgoajqprsrjAU36HnfTmFldW19o7hZ2tre2d0r7x80TZRoyho0EpFuh8QwwRVrIEfB2rFmRIaCtcLx7dRvPTFteKQeMI1ZIMlQ8QGnBK302B0RzNJJD3vlilf1ZnCXiZ+TCuSo98pf3X5EE8kUUkGM6fhejEFGNHIq2KTUTQyLCR2TIetYqohkJshmB0/cE6v03UGkbSl0Z+rviYxIY1IZ2k5JcGQWvan4n9dJcHAdZFzFCTJF54sGiXAxcqffu32uGUWRWkKo5vZWl46IJhRtRiUbgr/48jJpnlX9y+rF/XmldpPHUYQjOIZT8OEKanAHdWgABQnP8ApvjnZenHfnY95acPKZQ/gD5/MHRUCQuw==</latexit>

ŷt

<latexit sha1_base64="o9UNsoOAgncWYzMvqd8qSmfUt0I=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYns8mQ2dllplcMSz7BiwdFvPpF3vwbJ8keNFrQUFR1090VJFIYdN0vp7C0vLK6VlwvbWxube+Ud/eaJk414w0Wy1i3A2q4FIo3UKDk7URzGgWSt4LR9dRvPXBtRKzucZxwP6IDJULBKFrp7rGHvXLFrbozkL/Ey0kFctR75c9uP2ZpxBUySY3peG6CfkY1Cib5pNRNDU8oG9EB71iqaMSNn81OnZAjq/RJGGtbCslM/TmR0ciYcRTYzoji0Cx6U/E/r5NieOlnQiUpcsXmi8JUEozJ9G/SF5ozlGNLKNPC3krYkGrK0KZTsiF4iy//Jc2TqndePbs9rdSu8jiKcACHcAweXEANbqAODWAwgCd4gVdHOs/Om/M+by04+cw+/ILz8Q10fI3t</latexit>xt

<latexit sha1_base64="RIHmV0pEVaG8ZM20EtzOIQopZmc=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYnvcmQ2dllZlYISz7BiwdFvPpF3vwbJ8keNLGgoajqprsrSATXxnW/ncLK6tr6RnGztLW9s7tX3j9o6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0O/VbT6g0j+WjGSfoR3QgecgZNVZ6aPXGvXLFrbozkGXi5aQCOeq98le3H7M0QmmYoFp3PDcxfkaV4UzgpNRNNSaUjegAO5ZKGqH2s9mpE3JilT4JY2VLGjJTf09kNNJ6HAW2M6JmqBe9qfif10lNeO1nXCapQcnmi8JUEBOT6d+kzxUyI8aWUKa4vZWwIVWUGZtOyYbgLb68TJpnVe+yenF/Xqnd5HEU4QiO4RQ8uIIa3EEdGsBgAM/wCm+OcF6cd+dj3lpw8plD+APn8wdJyo3R</latexit>

Wy
<latexit sha1_base64="RIHmV0pEVaG8ZM20EtzOIQopZmc=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYnvcmQ2dllZlYISz7BiwdFvPpF3vwbJ8keNLGgoajqprsrSATXxnW/ncLK6tr6RnGztLW9s7tX3j9o6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0O/VbT6g0j+WjGSfoR3QgecgZNVZ6aPXGvXLFrbozkGXi5aQCOeq98le3H7M0QmmYoFp3PDcxfkaV4UzgpNRNNSaUjegAO5ZKGqH2s9mpE3JilT4JY2VLGjJTf09kNNJ6HAW2M6JmqBe9qfif10lNeO1nXCapQcnmi8JUEBOT6d+kzxUyI8aWUKa4vZWwIVWUGZtOyYbgLb68TJpnVe+yenF/Xqnd5HEU4QiO4RQ8uIIa3EEdGsBgAM/wCm+OcF6cd+dj3lpw8plD+APn8wdJyo3R</latexit>

Wy
<latexit sha1_base64="RIHmV0pEVaG8ZM20EtzOIQopZmc=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYnvcmQ2dllZlYISz7BiwdFvPpF3vwbJ8keNLGgoajqprsrSATXxnW/ncLK6tr6RnGztLW9s7tX3j9o6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0O/VbT6g0j+WjGSfoR3QgecgZNVZ6aPXGvXLFrbozkGXi5aQCOeq98le3H7M0QmmYoFp3PDcxfkaV4UzgpNRNNSaUjegAO5ZKGqH2s9mpE3JilT4JY2VLGjJTf09kNNJ6HAW2M6JmqBe9qfif10lNeO1nXCapQcnmi8JUEBOT6d+kzxUyI8aWUKa4vZWwIVWUGZtOyYbgLb68TJpnVe+yenF/Xqnd5HEU4QiO4RQ8uIIa3EEdGsBgAM/wCm+OcF6cd+dj3lpw8plD+APn8wdJyo3R</latexit>

Wy

<latexit sha1_base64="+64/89ufmOQmimw/5ADLhNq0Q94=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYnvcmQ2dllZlYISz7BiwdFvPpF3vwbJ8keNLGgoajqprsrSATXxnW/ncLK6tr6RnGztLW9s7tX3j9o6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0O/VbT6g0j+WjGSfoR3QgecgZNVZ6aPWGvXLFrbozkGXi5aQCOeq98le3H7M0QmmYoFp3PDcxfkaV4UzgpNRNNSaUjegAO5ZKGqH2s9mpE3JilT4JY2VLGjJTf09kNNJ6HAW2M6JmqBe9qfif10lNeO1nXCapQcnmi8JUEBOT6d+kzxUyI8aWUKa4vZWwIVWUGZtOyYbgLb68TJpnVe+yenF/Xqnd5HEU4QiO4RQ8uIIa3EEdGsBgAM/wCm+OcF6cd+dj3lpw8plD+APn8wcwBo3A</latexit>

Wh
<latexit sha1_base64="+64/89ufmOQmimw/5ADLhNq0Q94=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYnvcmQ2dllZlYISz7BiwdFvPpF3vwbJ8keNLGgoajqprsrSATXxnW/ncLK6tr6RnGztLW9s7tX3j9o6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0O/VbT6g0j+WjGSfoR3QgecgZNVZ6aPWGvXLFrbozkGXi5aQCOeq98le3H7M0QmmYoFp3PDcxfkaV4UzgpNRNNSaUjegAO5ZKGqH2s9mpE3JilT4JY2VLGjJTf09kNNJ6HAW2M6JmqBe9qfif10lNeO1nXCapQcnmi8JUEBOT6d+kzxUyI8aWUKa4vZWwIVWUGZtOyYbgLb68TJpnVe+yenF/Xqnd5HEU4QiO4RQ8uIIa3EEdGsBgAM/wCm+OcF6cd+dj3lpw8plD+APn8wcwBo3A</latexit>

Wh

<latexit sha1_base64="b67rHqrD1y1N+h4BPLxzqchcn6s=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYns8mQ2dllplcMSz7BiwdFvPpF3vwbJ8keNFrQUFR1090VJFIYdN0vp7C0vLK6VlwvbWxube+Ud/eaJk414w0Wy1i3A2q4FIo3UKDk7URzGgWSt4LR9dRvPXBtRKzucZxwP6IDJULBKFrprtV77JUrbtWdgfwlXk4qkKPeK392+zFLI66QSWpMx3MT9DOqUTDJJ6VuanhC2YgOeMdSRSNu/Gx26oQcWaVPwljbUkhm6s+JjEbGjKPAdkYUh2bRm4r/eZ0Uw0s/EypJkSs2XxSmkmBMpn+TvtCcoRxbQpkW9lbChlRThjadkg3BW3z5L2meVL3z6tntaaV2lcdRhAM4hGPw4AJqcAN1aACDATzBC7w60nl23pz3eWvByWf24Recj29IRo3Q</latexit>

Wx
<latexit sha1_base64="b67rHqrD1y1N+h4BPLxzqchcn6s=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYns8mQ2dllplcMSz7BiwdFvPpF3vwbJ8keNFrQUFR1090VJFIYdN0vp7C0vLK6VlwvbWxube+Ud/eaJk414w0Wy1i3A2q4FIo3UKDk7URzGgWSt4LR9dRvPXBtRKzucZxwP6IDJULBKFrprtV77JUrbtWdgfwlXk4qkKPeK392+zFLI66QSWpMx3MT9DOqUTDJJ6VuanhC2YgOeMdSRSNu/Gx26oQcWaVPwljbUkhm6s+JjEbGjKPAdkYUh2bRm4r/eZ0Uw0s/EypJkSs2XxSmkmBMpn+TvtCcoRxbQpkW9lbChlRThjadkg3BW3z5L2meVL3z6tntaaV2lcdRhAM4hGPw4AJqcAN1aACDATzBC7w60nl23pz3eWvByWf24Recj29IRo3Q</latexit>

Wx
<latexit sha1_base64="b67rHqrD1y1N+h4BPLxzqchcn6s=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYns8mQ2dllplcMSz7BiwdFvPpF3vwbJ8keNFrQUFR1090VJFIYdN0vp7C0vLK6VlwvbWxube+Ud/eaJk414w0Wy1i3A2q4FIo3UKDk7URzGgWSt4LR9dRvPXBtRKzucZxwP6IDJULBKFrprtV77JUrbtWdgfwlXk4qkKPeK392+zFLI66QSWpMx3MT9DOqUTDJJ6VuanhC2YgOeMdSRSNu/Gx26oQcWaVPwljbUkhm6s+JjEbGjKPAdkYUh2bRm4r/eZ0Uw0s/EypJkSs2XxSmkmBMpn+TvtCcoRxbQpkW9lbChlRThjadkg3BW3z5L2meVL3z6tntaaV2lcdRhAM4hGPw4AJqcAN1aACDATzBC7w60nl23pz3eWvByWf24Recj29IRo3Q</latexit>

Wx

Exploding Gradients Vanishing Gradients
1. Activation functions 
2. Weight initialization 
3. Network architecture

Gradient clipping  
to scale large gradients



The problem of Long-Term Dependencies
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<latexit sha1_base64="/u2SApo+y+VV0RbSdAlaQIO0aAc=">AAAB8HicbVDLSgNBEOyNrxhfUY9eFoPgKeyKr2PQi8cI5iHJEmYnk2TIzOwy0yssS77CiwdFvPo53vwbJ8keNLGgoajqprsrjAU36HnfTmFldW19o7hZ2tre2d0r7x80TZRoyho0EpFuh8QwwRVrIEfB2rFmRIaCtcLx7dRvPTFteKQeMI1ZIMlQ8QGnBK302B0RzNJJz+uVK17Vm8FdJn5OKpCj3it/dfsRTSRTSAUxpuN7MQYZ0cipYJNSNzEsJnRMhqxjqSKSmSCbHTxxT6zSdweRtqXQnam/JzIijUllaDslwZFZ9Kbif14nwcF1kHEVJ8gUnS8aJMLFyJ1+7/a5ZhRFagmhmttbXToimlC0GZVsCP7iy8ukeVb1L6sX9+eV2k0eRxGO4BhOwYcrqMEd1KEBFCQ8wyu8Odp5cd6dj3lrwclnDuEPnM8f3iGQdw==</latexit>

ŷ0

<latexit sha1_base64="J5F2AVWD9tB/JLoDazyJYYZ5LxI=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYnvcmQ2dllZlYMSz7BiwdFvPpF3vwbJ8keNFrQUFR1090VJIJr47pfTmFpeWV1rbhe2tjc2t4p7+41dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6nvqtB1Sax/LejBP0IzqQPOSMGivdPfbcXrniVt0ZyF/i5aQCOeq98me3H7M0QmmYoFp3PDcxfkaV4UzgpNRNNSaUjegAO5ZKGqH2s9mpE3JklT4JY2VLGjJTf05kNNJ6HAW2M6JmqBe9qfif10lNeOlnXCapQcnmi8JUEBOT6d+kzxUyI8aWUKa4vZWwIVWUGZtOyYbgLb78lzRPqt559ez2tFK7yuMowgEcwjF4cAE1uIE6NIDBAJ7gBV4d4Tw7b877vLXg5DP78AvOxzcNbI2p</latexit>x0
<latexit sha1_base64="cT3z+/LKf/DKKyfnnlxX1lOJRwc=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYnvcmQ2dllZlYMSz7BiwdFvPpF3vwbJ8keNFrQUFR1090VJIJr47pfTmFpeWV1rbhe2tjc2t4p7+41dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6nvqtB1Sax/LejBP0IzqQPOSMGivdPfa8XrniVt0ZyF/i5aQCOeq98me3H7M0QmmYoFp3PDcxfkaV4UzgpNRNNSaUjegAO5ZKGqH2s9mpE3JklT4JY2VLGjJTf05kNNJ6HAW2M6JmqBe9qfif10lNeOlnXCapQcnmi8JUEBOT6d+kzxUyI8aWUKa4vZWwIVWUGZtOyYbgLb78lzRPqt559ez2tFK7yuMowgEcwjF4cAE1uIE6NIDBAJ7gBV4d4Tw7b877vLXg5DP78AvOxzcO8I2q</latexit>x1

<latexit sha1_base64="7NWyoSMeTqUJUsrNZD/71D1iarg=">AAAB8HicbVDLSgNBEOyNrxhfUY9eFoPgKeyKr2PQi8cI5iHJEmYnk2TIzOwy0yssS77CiwdFvPo53vwbJ8keNLGgoajqprsrjAU36HnfTmFldW19o7hZ2tre2d0r7x80TZRoyho0EpFuh8QwwRVrIEfB2rFmRIaCtcLx7dRvPTFteKQeMI1ZIMlQ8QGnBK302B0RzNJJz++VK17Vm8FdJn5OKpCj3it/dfsRTSRTSAUxpuN7MQYZ0cipYJNSNzEsJnRMhqxjqSKSmSCbHTxxT6zSdweRtqXQnam/JzIijUllaDslwZFZ9Kbif14nwcF1kHEVJ8gUnS8aJMLFyJ1+7/a5ZhRFagmhmttbXToimlC0GZVsCP7iy8ukeVb1L6sX9+eV2k0eRxGO4BhOwYcrqMEd1KEBFCQ8wyu8Odp5cd6dj3lrwclnDuEPnM8f36WQeA==</latexit>

ŷ1
<latexit sha1_base64="w4RY1m1cp9R4P1Y3fEdx8rP2WNI=">AAAB8HicbVDLSgNBEOyNrxhfUY9eFoPgKeyKr2PQi8cI5iHJEmYnk2TIzOwy0yssS77CiwdFvPo53vwbJ8keNLGgoajqprsrjAU36HnfTmFldW19o7hZ2tre2d0r7x80TZRoyho0EpFuh8QwwRVrIEfB2rFmRIaCtcLx7dRvPTFteKQeMI1ZIMlQ8QGnBK302B0RzNJJD3vlilf1ZnCXiZ+TCuSo98pf3X5EE8kUUkGM6fhejEFGNHIq2KTUTQyLCR2TIetYqohkJshmB0/cE6v03UGkbSl0Z+rviYxIY1IZ2k5JcGQWvan4n9dJcHAdZFzFCTJF54sGiXAxcqffu32uGUWRWkKo5vZWl46IJhRtRiUbgr/48jJpnlX9y+rF/XmldpPHUYQjOIZT8OEKanAHdWgABQnP8ApvjnZenHfnY95acPKZQ/gD5/MHRUCQuw==</latexit>

ŷt

<latexit sha1_base64="o9UNsoOAgncWYzMvqd8qSmfUt0I=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYns8mQ2dllplcMSz7BiwdFvPpF3vwbJ8keNFrQUFR1090VJFIYdN0vp7C0vLK6VlwvbWxube+Ud/eaJk414w0Wy1i3A2q4FIo3UKDk7URzGgWSt4LR9dRvPXBtRKzucZxwP6IDJULBKFrp7rGHvXLFrbozkL/Ey0kFctR75c9uP2ZpxBUySY3peG6CfkY1Cib5pNRNDU8oG9EB71iqaMSNn81OnZAjq/RJGGtbCslM/TmR0ciYcRTYzoji0Cx6U/E/r5NieOlnQiUpcsXmi8JUEozJ9G/SF5ozlGNLKNPC3krYkGrK0KZTsiF4iy//Jc2TqndePbs9rdSu8jiKcACHcAweXEANbqAODWAwgCd4gVdHOs/Om/M+by04+cw+/ILz8Q10fI3t</latexit>xt

<latexit sha1_base64="RIHmV0pEVaG8ZM20EtzOIQopZmc=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYnvcmQ2dllZlYISz7BiwdFvPpF3vwbJ8keNLGgoajqprsrSATXxnW/ncLK6tr6RnGztLW9s7tX3j9o6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0O/VbT6g0j+WjGSfoR3QgecgZNVZ6aPXGvXLFrbozkGXi5aQCOeq98le3H7M0QmmYoFp3PDcxfkaV4UzgpNRNNSaUjegAO5ZKGqH2s9mpE3JilT4JY2VLGjJTf09kNNJ6HAW2M6JmqBe9qfif10lNeO1nXCapQcnmi8JUEBOT6d+kzxUyI8aWUKa4vZWwIVWUGZtOyYbgLb68TJpnVe+yenF/Xqnd5HEU4QiO4RQ8uIIa3EEdGsBgAM/wCm+OcF6cd+dj3lpw8plD+APn8wdJyo3R</latexit>

Wy
<latexit sha1_base64="RIHmV0pEVaG8ZM20EtzOIQopZmc=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYnvcmQ2dllZlYISz7BiwdFvPpF3vwbJ8keNLGgoajqprsrSATXxnW/ncLK6tr6RnGztLW9s7tX3j9o6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0O/VbT6g0j+WjGSfoR3QgecgZNVZ6aPXGvXLFrbozkGXi5aQCOeq98le3H7M0QmmYoFp3PDcxfkaV4UzgpNRNNSaUjegAO5ZKGqH2s9mpE3JilT4JY2VLGjJTf09kNNJ6HAW2M6JmqBe9qfif10lNeO1nXCapQcnmi8JUEBOT6d+kzxUyI8aWUKa4vZWwIVWUGZtOyYbgLb68TJpnVe+yenF/Xqnd5HEU4QiO4RQ8uIIa3EEdGsBgAM/wCm+OcF6cd+dj3lpw8plD+APn8wdJyo3R</latexit>

Wy
<latexit sha1_base64="RIHmV0pEVaG8ZM20EtzOIQopZmc=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYnvcmQ2dllZlYISz7BiwdFvPpF3vwbJ8keNLGgoajqprsrSATXxnW/ncLK6tr6RnGztLW9s7tX3j9o6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0O/VbT6g0j+WjGSfoR3QgecgZNVZ6aPXGvXLFrbozkGXi5aQCOeq98le3H7M0QmmYoFp3PDcxfkaV4UzgpNRNNSaUjegAO5ZKGqH2s9mpE3JilT4JY2VLGjJTf09kNNJ6HAW2M6JmqBe9qfif10lNeO1nXCapQcnmi8JUEBOT6d+kzxUyI8aWUKa4vZWwIVWUGZtOyYbgLb68TJpnVe+yenF/Xqnd5HEU4QiO4RQ8uIIa3EEdGsBgAM/wCm+OcF6cd+dj3lpw8plD+APn8wdJyo3R</latexit>

Wy

<latexit sha1_base64="+64/89ufmOQmimw/5ADLhNq0Q94=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYnvcmQ2dllZlYISz7BiwdFvPpF3vwbJ8keNLGgoajqprsrSATXxnW/ncLK6tr6RnGztLW9s7tX3j9o6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0O/VbT6g0j+WjGSfoR3QgecgZNVZ6aPWGvXLFrbozkGXi5aQCOeq98le3H7M0QmmYoFp3PDcxfkaV4UzgpNRNNSaUjegAO5ZKGqH2s9mpE3JilT4JY2VLGjJTf09kNNJ6HAW2M6JmqBe9qfif10lNeO1nXCapQcnmi8JUEBOT6d+kzxUyI8aWUKa4vZWwIVWUGZtOyYbgLb68TJpnVe+yenF/Xqnd5HEU4QiO4RQ8uIIa3EEdGsBgAM/wCm+OcF6cd+dj3lpw8plD+APn8wcwBo3A</latexit>

Wh
<latexit sha1_base64="+64/89ufmOQmimw/5ADLhNq0Q94=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYnvcmQ2dllZlYISz7BiwdFvPpF3vwbJ8keNLGgoajqprsrSATXxnW/ncLK6tr6RnGztLW9s7tX3j9o6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0O/VbT6g0j+WjGSfoR3QgecgZNVZ6aPWGvXLFrbozkGXi5aQCOeq98le3H7M0QmmYoFp3PDcxfkaV4UzgpNRNNSaUjegAO5ZKGqH2s9mpE3JilT4JY2VLGjJTf09kNNJ6HAW2M6JmqBe9qfif10lNeO1nXCapQcnmi8JUEBOT6d+kzxUyI8aWUKa4vZWwIVWUGZtOyYbgLb68TJpnVe+yenF/Xqnd5HEU4QiO4RQ8uIIa3EEdGsBgAM/wCm+OcF6cd+dj3lpw8plD+APn8wcwBo3A</latexit>

Wh

<latexit sha1_base64="b67rHqrD1y1N+h4BPLxzqchcn6s=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYns8mQ2dllplcMSz7BiwdFvPpF3vwbJ8keNFrQUFR1090VJFIYdN0vp7C0vLK6VlwvbWxube+Ud/eaJk414w0Wy1i3A2q4FIo3UKDk7URzGgWSt4LR9dRvPXBtRKzucZxwP6IDJULBKFrprtV77JUrbtWdgfwlXk4qkKPeK392+zFLI66QSWpMx3MT9DOqUTDJJ6VuanhC2YgOeMdSRSNu/Gx26oQcWaVPwljbUkhm6s+JjEbGjKPAdkYUh2bRm4r/eZ0Uw0s/EypJkSs2XxSmkmBMpn+TvtCcoRxbQpkW9lbChlRThjadkg3BW3z5L2meVL3z6tntaaV2lcdRhAM4hGPw4AJqcAN1aACDATzBC7w60nl23pz3eWvByWf24Recj29IRo3Q</latexit>

Wx
<latexit sha1_base64="b67rHqrD1y1N+h4BPLxzqchcn6s=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYns8mQ2dllplcMSz7BiwdFvPpF3vwbJ8keNFrQUFR1090VJFIYdN0vp7C0vLK6VlwvbWxube+Ud/eaJk414w0Wy1i3A2q4FIo3UKDk7URzGgWSt4LR9dRvPXBtRKzucZxwP6IDJULBKFrprtV77JUrbtWdgfwlXk4qkKPeK392+zFLI66QSWpMx3MT9DOqUTDJJ6VuanhC2YgOeMdSRSNu/Gx26oQcWaVPwljbUkhm6s+JjEbGjKPAdkYUh2bRm4r/eZ0Uw0s/EypJkSs2XxSmkmBMpn+TvtCcoRxbQpkW9lbChlRThjadkg3BW3z5L2meVL3z6tntaaV2lcdRhAM4hGPw4AJqcAN1aACDATzBC7w60nl23pz3eWvByWf24Recj29IRo3Q</latexit>

Wx
<latexit sha1_base64="b67rHqrD1y1N+h4BPLxzqchcn6s=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYns8mQ2dllplcMSz7BiwdFvPpF3vwbJ8keNFrQUFR1090VJFIYdN0vp7C0vLK6VlwvbWxube+Ud/eaJk414w0Wy1i3A2q4FIo3UKDk7URzGgWSt4LR9dRvPXBtRKzucZxwP6IDJULBKFrprtV77JUrbtWdgfwlXk4qkKPeK392+zFLI66QSWpMx3MT9DOqUTDJJ6VuanhC2YgOeMdSRSNu/Gx26oQcWaVPwljbUkhm6s+JjEbGjKPAdkYUh2bRm4r/eZ0Uw0s/EypJkSs2XxSmkmBMpn+TvtCcoRxbQpkW9lbChlRThjadkg3BW3z5L2meVL3z6tntaaV2lcdRhAM4hGPw4AJqcAN1aACDATzBC7w60nl23pz3eWvByWf24Recj29IRo3Q</latexit>

Wx

RNNs can model sequences of variable length  
and can be trained via back-propagation  

However, the vanishing gradients problem  
stops them from capturing long-term dependencies.



Long-Term Dependencies are important

91

… Finally, Tim was planning to visit France on the final 

week of his journey. He was quite excited to try the local 

delicacies and had lots of recommendations for good 

restaurants and exhibitions. His first stop was, of 

course, the capital where he would meet his long-time 

Friend Jean-Pierre. In order to arrive for breakfast he 

took the early 5 AM train from London to ...

PARIS!
Credits DeepMind x UCL Lectures - Marta Garnelo



How can we model long-term dependencies? 
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Long-Short Term Memory (LSTM)
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The LSTM cell contains four interacting modules
From https://colah.github.io/posts/2015-08-Understanding-LSTMs/

https://colah.github.io/posts/2015-08-Understanding-LSTMs/


Cell Memory
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The core idea of LSTM is to have a cell memory with only some minor linear interactions.  

It’s very easy for information to just flow along it unchanged.



Gates: regulating information flow
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The LSTM cell has the ability to remove or add information 
to the cell state, regulated by modules called gates.

Gates are a way to optionally let 
information through conditioned on the 

current input and the past state.

A value of zero means “let nothing 
through,” while a value of one 

means “let everything through!”

sigmoid + affine transformation 
(matrix multiplication)



Forget Gate

96

<latexit sha1_base64="jlAhKy+MmjCfPxp7bBVcr/rY/Ks=">AAACFnicbVDJSgNBEO2JW4zbqEcvjUGIaMKMuF2EoBePEcwCyTj0dHqSJj0L3TViGPIVXvwVLx4U8Sre/Bs7y0ETHxQ83quiqp4XC67Asr6NzNz8wuJSdjm3srq2vmFubtVUlEjKqjQSkWx4RDHBQ1YFDoI1YslI4AlW93pXQ79+z6TiUXgL/Zg5AemE3OeUgJZcs+i7gC9wS/FOQHCh7vp3LYhi3MRdN4WiPTjEDy44+AB7rr/vmnmrZI2AZ4k9IXk0QcU1v1rtiCYBC4EKolTTtmJwUiKBU8EGuVaiWExoj3RYU9OQBEw56eitAd7TShv7kdQVAh6pvydSEijVDzzdGRDoqmlvKP7nNRPwz52Uh3ECLKTjRX4iMER4mBFuc8koiL4mhEqub8W0SyShoJPM6RDs6ZdnSe2oZJ+WTm6O8+XLSRxZtIN2UQHZ6AyV0TWqoCqi6BE9o1f0ZjwZL8a78TFuzRiTmW30B8bnDzXinOY=</latexit>

ft = �(W>
f [ht�1, xt] + bf )

Decide what information to throw away from the cell state



Input Gate
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<latexit sha1_base64="w90gXimkkqBmjSEX3Vo2+voRyUY="></latexit>

it = �(W>
i [ht�1, xt] + bi)

C̃t = tanh(W>
c [ht�1, xt] + bc)

Decide what new information to store in the cell state



Memory cell update
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<latexit sha1_base64="+ZEEd3ev+SN2hKJ6nFm5EBUNUsE=">AAACGHicbVDLSgMxFM3UV62vUZdugkUQxDojvjZCsRuXFewD2jJkMpk2NDMZkjtCGfoZbvwVNy4Ucdudf2P6QLR64F4O59xLco+fCK7BcT6t3MLi0vJKfrWwtr6xuWVv79S1TBVlNSqFVE2faCZ4zGrAQbBmohiJfMEafr8y9hsPTGku43sYJKwTkW7MQ04JGMmzTyoe4Gscmt6WgQRc8TI4dof4CPNvrQ1cBCyrDD3w7KJTcibAf4k7I0U0Q9WzR+1A0jRiMVBBtG65TgKdjCjgVLBhoZ1qlhDaJ13WMjQmEdOdbHLYEB8YJcChVKZiwBP150ZGIq0HkW8mIwI9Pe+Nxf+8VgrhVSfjcZICi+n0oTAVGCQep4QDrhgFMTCEUMXNXzHtEUUomCwLJgR3/uS/pH5aci9K53dnxfLNLI482kP76BC56BKV0S2qohqi6BE9o1f0Zj1ZL9a79TEdzVmznV30C9boC/Sqnoo=</latexit>

Ct = ft � Ct�1 + it � C̃t

Update cell state removing old information and storing new one



Output Gate
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<latexit sha1_base64="oVUwpM7FZXwfLBH3uYJSZZ4rsg0="></latexit>

ot = �(W>
o [ht�1, xt] + bo)

ht = ot � tanh(Ct)
<latexit sha1_base64="+ZEEd3ev+SN2hKJ6nFm5EBUNUsE=">AAACGHicbVDLSgMxFM3UV62vUZdugkUQxDojvjZCsRuXFewD2jJkMpk2NDMZkjtCGfoZbvwVNy4Ucdudf2P6QLR64F4O59xLco+fCK7BcT6t3MLi0vJKfrWwtr6xuWVv79S1TBVlNSqFVE2faCZ4zGrAQbBmohiJfMEafr8y9hsPTGku43sYJKwTkW7MQ04JGMmzTyoe4Gscmt6WgQRc8TI4dof4CPNvrQ1cBCyrDD3w7KJTcibAf4k7I0U0Q9WzR+1A0jRiMVBBtG65TgKdjCjgVLBhoZ1qlhDaJ13WMjQmEdOdbHLYEB8YJcChVKZiwBP150ZGIq0HkW8mIwI9Pe+Nxf+8VgrhVSfjcZICi+n0oTAVGCQep4QDrhgFMTCEUMXNXzHtEUUomCwLJgR3/uS/pH5aci9K53dnxfLNLI482kP76BC56BKV0S2qohqi6BE9o1f0Zj1ZL9a79TEdzVmznV30C9boC/Sqnoo=</latexit>

Ct = ft � Ct�1 + it � C̃t

Decide what to output



LSTM cell
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<latexit sha1_base64="+ZEEd3ev+SN2hKJ6nFm5EBUNUsE=">AAACGHicbVDLSgMxFM3UV62vUZdugkUQxDojvjZCsRuXFewD2jJkMpk2NDMZkjtCGfoZbvwVNy4Ucdudf2P6QLR64F4O59xLco+fCK7BcT6t3MLi0vJKfrWwtr6xuWVv79S1TBVlNSqFVE2faCZ4zGrAQbBmohiJfMEafr8y9hsPTGku43sYJKwTkW7MQ04JGMmzTyoe4Gscmt6WgQRc8TI4dof4CPNvrQ1cBCyrDD3w7KJTcibAf4k7I0U0Q9WzR+1A0jRiMVBBtG65TgKdjCjgVLBhoZ1qlhDaJ13WMjQmEdOdbHLYEB8YJcChVKZiwBP150ZGIq0HkW8mIwI9Pe+Nxf+8VgrhVSfjcZICi+n0oTAVGCQep4QDrhgFMTCEUMXNXzHtEUUomCwLJgR3/uS/pH5aci9K53dnxfLNLI482kP76BC56BKV0S2qohqi6BE9o1f0Zj1ZL9a79TEdzVmznV30C9boC/Sqnoo=</latexit>

Ct = ft � Ct�1 + it � C̃t

<latexit sha1_base64="w90gXimkkqBmjSEX3Vo2+voRyUY="></latexit>

it = �(W>
i [ht�1, xt] + bi)

C̃t = tanh(W>
c [ht�1, xt] + bc)

<latexit sha1_base64="oVUwpM7FZXwfLBH3uYJSZZ4rsg0="></latexit>

ot = �(W>
o [ht�1, xt] + bo)

ht = ot � tanh(Ct)

<latexit sha1_base64="jlAhKy+MmjCfPxp7bBVcr/rY/Ks=">AAACFnicbVDJSgNBEO2JW4zbqEcvjUGIaMKMuF2EoBePEcwCyTj0dHqSJj0L3TViGPIVXvwVLx4U8Sre/Bs7y0ETHxQ83quiqp4XC67Asr6NzNz8wuJSdjm3srq2vmFubtVUlEjKqjQSkWx4RDHBQ1YFDoI1YslI4AlW93pXQ79+z6TiUXgL/Zg5AemE3OeUgJZcs+i7gC9wS/FOQHCh7vp3LYhi3MRdN4WiPTjEDy44+AB7rr/vmnmrZI2AZ4k9IXk0QcU1v1rtiCYBC4EKolTTtmJwUiKBU8EGuVaiWExoj3RYU9OQBEw56eitAd7TShv7kdQVAh6pvydSEijVDzzdGRDoqmlvKP7nNRPwz52Uh3ECLKTjRX4iMER4mBFuc8koiL4mhEqub8W0SyShoJPM6RDs6ZdnSe2oZJ+WTm6O8+XLSRxZtIN2UQHZ6AyV0TWqoCqi6BE9o1f0ZjwZL8a78TFuzRiTmW30B8bnDzXinOY=</latexit>

ft = �(W>
f [ht�1, xt] + bf )

<latexit sha1_base64="w90gXimkkqBmjSEX3Vo2+voRyUY="></latexit>

it = �(W>
i [ht�1, xt] + bi)

C̃t = tanh(W>
c [ht�1, xt] + bc)

<latexit sha1_base64="oVUwpM7FZXwfLBH3uYJSZZ4rsg0="></latexit>

ot = �(W>
o [ht�1, xt] + bo)

ht = ot � tanh(Ct)

LSTM can be seen as differentiable hardware register with “load”, “save” and “reset” operations.
More details on https://d-nb.info/1082034037/34

https://d-nb.info/1082034037/34


How LSTM solves vanishing gradient?
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Within the LSTM cell, the gradient of the memory with respect to its 
immediate predecessor is the only module where gradients flow through time

<latexit sha1_base64="ggQPKoecTLARc+D3eNeBpVIHUS0="></latexit>

@ct0

@ct
=

t0�tY

k=1

� (ft+k)

<latexit sha1_base64="ffEYxAdJDVx2G46R+nbrmRHLipY="></latexit>

@ht

@hk
= W(t�k)

h

> tY

i=k+1

diag[f 0(hi�1)]

• No exponential decay for very large time lags t’ >> t 
• Safe from exploding, bounded by 1 thanks to sigmoid

(Copied from past slide, sorry for the indexes)

LSTM

RNN

N.B. The whole gradient might still explode due to the other parts of the total derivative, 
but we can now learn long-term dependencies!

<latexit sha1_base64="iWOMAP9fipSTq9gjjbDi7ral1vA="></latexit>

@ct
@ct�1

=
@� (ft, ct�1)

@ct�1

=
@� (ft) ct�1

@ct�1

= ct�1
@� (ft)

@ct�1| {z }
=0

+
@ct�1

@ct�1| {z }
=1

� (ft)

= � (ft)



Sequential Data Problems
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One to one One to many Many to one Many to many Many to many

Fixed-sized 
input to fixed-
sized output 
(e.g. image 
classification)

Sequence output 
(e.g. image 
captioning takes an 
image and outputs a 
sentence of words).

Sequence input (e.g. 
sentiment analysis 
where a given sentence 
is classified as 
expressing positive or 
negative sentiment).

Sequence input and 
sequence output (e.g. 
Machine Translation: an RNN 
reads a sentence in English 
and then outputs a sentence 
in French)

Synced sequence 
input and output (e.g. 
video classification 
where we wish to label 
each frame of the 
video)



Sequence Learning examples
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One to many

Image Captioning: input a single image and get a series or sequence of words as output which describe it. The 
image has a fixed size, but the output has varying length.



Sequence Learning examples
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Sentiment Analysis: input a sequence of characters or words, e.g., a tweet, and classify the sequence into 
positive or negative sentiment. Input has varying lengths; output is of a fixed type and size

Many to one

I really like using chatGPT

I hate using chat



Sequence Learning examples
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Language Translation: having some text in a particular language, e.g., English, we wish to translate it in another, 
e.g., Italian. Each language has it’s own semantics and it has varying lengths for the same sentence.

ChatGPT è un modello linguistico all'avanguardia basato sull'architettura 
GPT-3.5 e addestrato da OpenAI. È progettato per generare risposte simili a 
quelle umane di alta qualità agli input del linguaggio naturale, rendendolo uno 
strumento prezioso per una varietà di applicazioni, inclusi chatbot, assistenti 
virtuali e generazione di testo. Con le sue capacità avanzate nella comprensione 
e generazione del linguaggio, ChatGPT sta contribuendo a rivoluzionare il modo 
in cui comunichiamo e interagiamo con la tecnologia.

ChatGPT is a cutting-edge language model based on the GPT-3.5 architecture 
and trained by OpenAI. It is designed to generate high-quality, human-like 
responses to natural language inputs, making it a valuable tool for a variety of 
applications, including chatbots, virtual assistants, and text generation. With its 
advanced capabilities in language understanding and generation, ChatGPT is 
helping to revolutionize the way we communicate and interact with technology.

Many to many



So far…
● CNNs are powerful models for image/video representation learning 

○ Deeper and larger models need some tricks (skip connections & normalisation) 
to be trained because of vanishing gradients and instabilities 

● RNNs can be used to model sequence data 
○ They suffer even more of vanishing gradient

106



Expressivity & Trainability III
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* great blog https://blog.evjang.com/2017/11/exp-train-gen.html


Slides inspired by Orhan Firat M2L Lecture


How good can you train your model (optimization)What functions your model can approximate

<latexit sha1_base64="Mp+fyy1nsKBbBTnrEZouWnT6YhE=">AAAB8nicbVDLSgMxFM3UV62vqks3wSK4KjPia1nUhcsK9gHToWTSTBuaSYbkjlCGfoYbF4q49Wvc+Tdm2llo64HA4Zx7ybknTAQ34LrfTmlldW19o7xZ2dre2d2r7h+0jUo1ZS2qhNLdkBgmuGQt4CBYN9GMxKFgnXB8m/udJ6YNV/IRJgkLYjKUPOKUgJX8XkxgRInI7qb9as2tuzPgZeIVpIYKNPvVr95A0TRmEqggxviem0CQEQ2cCjat9FLDEkLHZMh8SyWJmQmyWeQpPrHKAEdK2ycBz9TfGxmJjZnEoZ3MI5pFLxf/8/wUousg4zJJgUk6/yhKBQaF8/vxgGtGQUwsIVRzmxXTEdGEgm2pYkvwFk9eJu2zundZv3g4rzVuijrK6Agdo1PkoSvUQPeoiVqIIoWe0St6c8B5cd6dj/loySl2DtEfOJ8/eB2RZA==</latexit>D
<latexit sha1_base64="RnyzIg4Iy64zhhoBANN9EcBOI5Y=">AAAB7XicbVDLSgNBEJyNrxhfUY9eBoPgKeyKr2PQi8cI5gHJEmYnvcmY2Z1lplcIS/7BiwdFvPo/3vwbJ8keNLGgoajqprsrSKQw6LrfTmFldW19o7hZ2tre2d0r7x80jUo1hwZXUul2wAxIEUMDBUpoJxpYFEhoBaPbqd96Am2Eih9wnIAfsUEsQsEZWqnZxSEg65UrbtWdgS4TLycVkqPeK391+4qnEcTIJTOm47kJ+hnTKLiESambGkgYH7EBdCyNWQTGz2bXTuiJVfo0VNpWjHSm/p7IWGTMOApsZ8RwaBa9qfif10kxvPYzEScpQszni8JUUlR0+jrtCw0c5dgSxrWwt1I+ZJpxtAGVbAje4svLpHlW9S6rF/fnldpNHkeRHJFjcko8ckVq5I7USYNw8kieySt5c5Tz4rw7H/PWgpPPHJI/cD5/AKc3jzI=</latexit>

✓

<latexit sha1_base64="Nc8JBoLJwLH74YabXkCw/VqIA9Q=">AAAB7nicbVDLSsNAFL2pr1pfVZduBovgqiTia1l047KCtYU2lMlk0g6dTMLMjVBCP8KNC0Xc+j3u/BunbRbaemDgcM65zL0nSKUw6LrfTmlldW19o7xZ2dre2d2r7h88miTTjLdYIhPdCajhUijeQoGSd1LNaRxI3g5Gt1O//cS1EYl6wHHK/ZgOlIgEo2ildk/aaEj71Zpbd2cgy8QrSA0KNPvVr16YsCzmCpmkxnQ9N0U/pxoFk3xS6WWGp5SN6IB3LVU05sbPZ+tOyIlVQhIl2j6FZKb+nshpbMw4Dmwypjg0i95U/M/rZhhd+7lQaYZcsflHUSYJJmR6OwmF5gzl2BLKtLC7EjakmjK0DVVsCd7iycvk8azuXdYv7s9rjZuijjIcwTGcggdX0IA7aEILGIzgGV7hzUmdF+fd+ZhHS04xcwh/4Hz+AEAFj4c=</latexit>

�

= Data

= Model

= Loss, optimizer, hyperparams

<latexit sha1_base64="cTWkXnsKy3fjZ29lLLNWYej8Fyc=">AAACGnicbVDLSgNBEJz1bXxFPXoZDIKChF3xdRFEPXhUMEbIhtA76TVDZh/O9IphyXd48Ve8eFDEm3jxb5zEHDRaMExR1T3TXUGqpCHX/XRGRsfGJyanpgszs3PzC8XFpUuTZFpgRSQq0VcBGFQyxgpJUniVaoQoUFgN2sc9v3qL2sgkvqBOivUIrmMZSgFkpUbR8wnvKL/JQEnqdPkBD/m6HwG1BKj8pLvJfWohgb2VfbUJG41iyS27ffC/xBuQEhvgrFF895uJyCKMSSgwpua5KdVz0CSFwm7BzwymINpwjTVLY4jQ1PP+al2+ZpUmDxNtT0y8r/7syCEyphMFtrI3tBn2euJ/Xi2jcL+eyzjNCGPx/VGYKU4J7+XEm1KjINWxBISWdlYuWqBBkE2zYEPwhlf+Sy63yt5ueed8u3R4NIhjiq2wVbbOPLbHDtkpO2MVJtg9e2TP7MV5cJ6cV+ftu3TEGfQss19wPr4AK8agTg==</latexit>

quality = f(D, ✓,�)

https://blog.evjang.com/2017/11/exp-train-gen.html
https://www.youtube.com/watch?v=nDlfxOPrlEQ


Sequence to Sequence models (Sutsekerver et al 2014, Cho et al 2014)
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Seq2Seq models learn the conditional probability p( y | x )

<latexit sha1_base64="dvVpAReuOpCHSuBDj7Ll0TZaDKU=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4Kon4dSx68VjBtIU2ls120i7dbMLuRqilv8GLB0W8+oO8+W/ctjlo64OBx3szzMwLU8G1cd1vZ2l5ZXVtvbBR3Nza3tkt7e3XdZIphj5LRKKaIdUouETfcCOwmSqkcSiwEQ5uJn7jEZXmibw3wxSDmPYkjzijxkr+U8d78DqlsltxpyCLxMtJGXLUOqWvdjdhWYzSMEG1bnluaoIRVYYzgeNiO9OYUjagPWxZKmmMOhhNjx2TY6t0SZQoW9KQqfp7YkRjrYdxaDtjavp63puI/3mtzERXwYjLNDMo2WxRlAliEjL5nHS5QmbE0BLKFLe3EtanijJj8ynaELz5lxdJ/bTiXVTO787K1es8jgIcwhGcgAeXUIVbqIEPDDg8wyu8OdJ5cd6dj1nrkpPPHMAfOJ8/NwuOTw==</latexit>

z11
<latexit sha1_base64="d/YN2UhwdCo/t2QhBc57PM7nb9g=">AAAB7HicbVBNTwIxEJ3iF+IX6tFLIzHxRHaJX0eiF4+YuEACK+mWLjR0u5u2a4IbfoMXDxrj1R/kzX9jgT0o+JJJXt6bycy8IBFcG8f5RoWV1bX1jeJmaWt7Z3evvH/Q1HGqKPNoLGLVDohmgkvmGW4EayeKkSgQrBWMbqZ+65EpzWN5b8YJ8yMykDzklBgreU+92oPbK1ecqjMDXiZuTiqQo9Erf3X7MU0jJg0VROuO6yTGz4gynAo2KXVTzRJCR2TAOpZKEjHtZ7NjJ/jEKn0cxsqWNHim/p7ISKT1OApsZ0TMUC96U/E/r5Oa8MrPuExSwySdLwpTgU2Mp5/jPleMGjG2hFDF7a2YDoki1Nh8SjYEd/HlZdKsVd2L6vndWaV+ncdRhCM4hlNw4RLqcAsN8IACh2d4hTck0Qt6Rx/z1gLKZw7hD9DnDziRjlA=</latexit>

z12
<latexit sha1_base64="IqIcH59GGLD1Mcu6srTavWzC4zI=">AAAB7HicbVBNTwIxEJ3FL8Qv1KOXRmLiiez6fSR68YiJCySwkm7pQkO33bRdE9zwG7x40Biv/iBv/hsL7EHBl0zy8t5MZuaFCWfauO63U1haXlldK66XNja3tnfKu3sNLVNFqE8kl6oVYk05E9Q3zHDaShTFcchpMxzeTPzmI1WaSXFvRgkNYtwXLGIEGyv5T93TB69brrhVdwq0SLycVCBHvVv+6vQkSWMqDOFY67bnJibIsDKMcDoudVJNE0yGuE/blgocUx1k02PH6MgqPRRJZUsYNFV/T2Q41noUh7Yzxmag572J+J/XTk10FWRMJKmhgswWRSlHRqLJ56jHFCWGjyzBRDF7KyIDrDAxNp+SDcGbf3mRNE6q3kX1/O6sUrvO4yjCARzCMXhwCTW4hTr4QIDBM7zCmyOcF+fd+Zi1Fpx8Zh/+wPn8AToXjlE=</latexit>

z13
<latexit sha1_base64="aQRvbBLrWOPY0t3Qz6Mw+zrzQqc=">AAAB7HicbVBNTwIxEJ3iF+IX6tFLIzHxRHYNfhyJXjxi4gIJrKRbutDQ7W7arglu+A1ePGiMV3+QN/+NBfag4EsmeXlvJjPzgkRwbRznGxVWVtfWN4qbpa3tnd298v5BU8eposyjsYhVOyCaCS6ZZ7gRrJ0oRqJAsFYwupn6rUemNI/lvRknzI/IQPKQU2Ks5D31ag9ur1xxqs4MeJm4OalAjkav/NXtxzSNmDRUEK07rpMYPyPKcCrYpNRNNUsIHZEB61gqScS0n82OneATq/RxGCtb0uCZ+nsiI5HW4yiwnRExQ73oTcX/vE5qwis/4zJJDZN0vihMBTYxnn6O+1wxasTYEkIVt7diOiSKUGPzKdkQ3MWXl0nzrOpeVM/vapX6dR5HEY7gGE7BhUuowy00wAMKHJ7hFd6QRC/oHX3MWwsonzmEP0CfPzudjlI=</latexit>

z14
<latexit sha1_base64="rhCUvzBF3Sq+NUS/EqXY8by1Fv8=">AAAB7HicbVBNTwIxEJ3FL8Qv1KOXRmLiiewaUY9ELx4xcYEEVtItXWjotpu2a4IbfoMXDxrj1R/kzX9jgT0o+JJJXt6bycy8MOFMG9f9dgorq2vrG8XN0tb2zu5eef+gqWWqCPWJ5FK1Q6wpZ4L6hhlO24miOA45bYWjm6nfeqRKMynuzTihQYwHgkWMYGMl/6lXe/B65YpbdWdAy8TLSQVyNHrlr25fkjSmwhCOte54bmKCDCvDCKeTUjfVNMFkhAe0Y6nAMdVBNjt2gk6s0keRVLaEQTP190SGY63HcWg7Y2yGetGbiv95ndREV0HGRJIaKsh8UZRyZCSafo76TFFi+NgSTBSztyIyxAoTY/Mp2RC8xZeXSfOs6l1Ua3fnlfp1HkcRjuAYTsGDS6jDLTTABwIMnuEV3hzhvDjvzse8teDkM4fwB87nDz0jjlM=</latexit>

z15

<latexit sha1_base64="bQ/SsoG4vAol480i8fPRUAFwZrc=">AAAB7HicbVBNTwIxEJ36ifiFevTSSEw8kV0i6pHoxSMmLpDASrqlCw3d7qbtmuCG3+DFg8Z49Qd5899YYA8KvmSSl/dmMjMvSATXxnG+0crq2vrGZmGruL2zu7dfOjhs6jhVlHk0FrFqB0QzwSXzDDeCtRPFSBQI1gpGN1O/9ciU5rG8N+OE+REZSB5ySoyVvKde7aHaK5WdijMDXiZuTsqQo9ErfXX7MU0jJg0VROuO6yTGz4gynAo2KXZTzRJCR2TAOpZKEjHtZ7NjJ/jUKn0cxsqWNHim/p7ISKT1OApsZ0TMUC96U/E/r5Oa8MrPuExSwySdLwpTgU2Mp5/jPleMGjG2hFDF7a2YDoki1Nh8ijYEd/HlZdKsVtyLSu3uvFy/zuMowDGcwBm4cAl1uIUGeECBwzO8whuS6AW9o4956wrKZ47gD9DnDz6njlQ=</latexit>

z25
<latexit sha1_base64="J36KHGGS2cTcP5DGJ5KFQJ74jHg=">AAAB7HicbVBNTwIxEJ31E/EL9eilkZh4IrsEP45ELx4xcYEEVtItXWhou5u2a4IbfoMXDxrj1R/kzX9jgT0o+JJJXt6bycy8MOFMG9f9dlZW19Y3Ngtbxe2d3b390sFhU8epItQnMY9VO8Saciapb5jhtJ0oikXIaSsc3Uz91iNVmsXy3owTGgg8kCxiBBsr+U+92kO1Vyq7FXcGtEy8nJQhR6NX+ur2Y5IKKg3hWOuO5yYmyLAyjHA6KXZTTRNMRnhAO5ZKLKgOstmxE3RqlT6KYmVLGjRTf09kWGg9FqHtFNgM9aI3Ff/zOqmJroKMySQ1VJL5oijlyMRo+jnqM0WJ4WNLMFHM3orIECtMjM2naEPwFl9eJs1qxbuonN/VyvXrPI4CHMMJnIEHl1CHW2iADwQYPMMrvDnSeXHenY9564qTzxzBHzifPz0hjlM=</latexit>

z24
<latexit sha1_base64="K2zM2DCLG80jTDE4kkc5h0Izvi0=">AAAB7HicbVBNTwIxEJ31E/EL9eilkZh4Irv4eSR68YiJCySwkm7pQkPb3bRdE9zwG7x40Biv/iBv/hsL7EHBl0zy8t5MZuaFCWfauO63s7S8srq2Xtgobm5t7+yW9vYbOk4VoT6JeaxaIdaUM0l9wwynrURRLEJOm+HwZuI3H6nSLJb3ZpTQQOC+ZBEj2FjJf+qePlS7pbJbcadAi8TLSRly1Lulr04vJqmg0hCOtW57bmKCDCvDCKfjYifVNMFkiPu0banEguogmx47RsdW6aEoVrakQVP190SGhdYjEdpOgc1Az3sT8T+vnZroKsiYTFJDJZktilKOTIwmn6MeU5QYPrIEE8XsrYgMsMLE2HyKNgRv/uVF0qhWvIvK+d1ZuXadx1GAQziCE/DgEmpwC3XwgQCDZ3iFN0c6L8678zFrXXLymQP4A+fzBzubjlI=</latexit>

z23
<latexit sha1_base64="FgRbL5vgFHsy4oAffMJ+AZ0UQ6Y=">AAAB7HicbVBNTwIxEJ3iF+IX6tFLIzHxRHaJX0eiF4+YuEACK+mWLjR0u5u2a4IbfoMXDxrj1R/kzX9jgT0o+JJJXt6bycy8IBFcG8f5RoWV1bX1jeJmaWt7Z3evvH/Q1HGqKPNoLGLVDohmgkvmGW4EayeKkSgQrBWMbqZ+65EpzWN5b8YJ8yMykDzklBgreU+92kOtV644VWcGvEzcnFQgR6NX/ur2Y5pGTBoqiNYd10mMnxFlOBVsUuqmmiWEjsiAdSyVJGLaz2bHTvCJVfo4jJUtafBM/T2RkUjrcRTYzoiYoV70puJ/Xic14ZWfcZmkhkk6XxSmApsYTz/Hfa4YNWJsCaGK21sxHRJFqLH5lGwI7uLLy6RZq7oX1fO7s0r9Oo+jCEdwDKfgwiXU4RYa4AEFDs/wCm9Iohf0jj7mrQWUzxzCH6DPHzoVjlE=</latexit>

z22
<latexit sha1_base64="d/YN2UhwdCo/t2QhBc57PM7nb9g=">AAAB7HicbVBNTwIxEJ3iF+IX6tFLIzHxRHaJX0eiF4+YuEACK+mWLjR0u5u2a4IbfoMXDxrj1R/kzX9jgT0o+JJJXt6bycy8IBFcG8f5RoWV1bX1jeJmaWt7Z3evvH/Q1HGqKPNoLGLVDohmgkvmGW4EayeKkSgQrBWMbqZ+65EpzWN5b8YJ8yMykDzklBgreU+92oPbK1ecqjMDXiZuTiqQo9Erf3X7MU0jJg0VROuO6yTGz4gynAo2KXVTzRJCR2TAOpZKEjHtZ7NjJ/jEKn0cxsqWNHim/p7ISKT1OApsZ0TMUC96U/E/r5Oa8MrPuExSwySdLwpTgU2Mp5/jPleMGjG2hFDF7a2YDoki1Nh8SjYEd/HlZdKsVd2L6vndWaV+ncdRhCM4hlNw4RLqcAsN8IACh2d4hTck0Qt6Rx/z1gLKZw7hD9DnDziRjlA=</latexit>

z12

<latexit sha1_base64="J5F2AVWD9tB/JLoDazyJYYZ5LxI=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYnvcmQ2dllZlYMSz7BiwdFvPpF3vwbJ8keNFrQUFR1090VJIJr47pfTmFpeWV1rbhe2tjc2t4p7+41dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6nvqtB1Sax/LejBP0IzqQPOSMGivdPfbcXrniVt0ZyF/i5aQCOeq98me3H7M0QmmYoFp3PDcxfkaV4UzgpNRNNSaUjegAO5ZKGqH2s9mpE3JklT4JY2VLGjJTf05kNNJ6HAW2M6JmqBe9qfif10lNeOlnXCapQcnmi8JUEBOT6d+kzxUyI8aWUKa4vZWwIVWUGZtOyYbgLb78lzRPqt559ez2tFK7yuMowgEcwjF4cAE1uIE6NIDBAJ7gBV4d4Tw7b877vLXg5DP78AvOxzcNbI2p</latexit>x0
<latexit sha1_base64="cT3z+/LKf/DKKyfnnlxX1lOJRwc=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYnvcmQ2dllZlYMSz7BiwdFvPpF3vwbJ8keNFrQUFR1090VJIJr47pfTmFpeWV1rbhe2tjc2t4p7+41dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6nvqtB1Sax/LejBP0IzqQPOSMGivdPfa8XrniVt0ZyF/i5aQCOeq98me3H7M0QmmYoFp3PDcxfkaV4UzgpNRNNSaUjegAO5ZKGqH2s9mpE3JklT4JY2VLGjJTf05kNNJ6HAW2M6JmqBe9qfif10lNeOlnXCapQcnmi8JUEBOT6d+kzxUyI8aWUKa4vZWwIVWUGZtOyYbgLb78lzRPqt559ez2tFK7yuMowgEcwjF4cAE1uIE6NIDBAJ7gBV4d4Tw7b877vLXg5DP78AvOxzcO8I2q</latexit>x1

<latexit sha1_base64="7NWyoSMeTqUJUsrNZD/71D1iarg=">AAAB8HicbVDLSgNBEOyNrxhfUY9eFoPgKeyKr2PQi8cI5iHJEmYnk2TIzOwy0yssS77CiwdFvPo53vwbJ8keNLGgoajqprsrjAU36HnfTmFldW19o7hZ2tre2d0r7x80TZRoyho0EpFuh8QwwRVrIEfB2rFmRIaCtcLx7dRvPTFteKQeMI1ZIMlQ8QGnBK302B0RzNJJz++VK17Vm8FdJn5OKpCj3it/dfsRTSRTSAUxpuN7MQYZ0cipYJNSNzEsJnRMhqxjqSKSmSCbHTxxT6zSdweRtqXQnam/JzIijUllaDslwZFZ9Kbif14nwcF1kHEVJ8gUnS8aJMLFyJ1+7/a5ZhRFagmhmttbXToimlC0GZVsCP7iy8ukeVb1L6sX9+eV2k0eRxGO4BhOwYcrqMEd1KEBFCQ8wyu8Odp5cd6dj3lrwclnDuEPnM8f36WQeA==</latexit>

ŷ1

<latexit sha1_base64="rMHRuQQ1n0dU8BnLplsZjNDtQo0=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0nEr2PRi8cKpi20sWy223bpZhN2J0IJ/Q1ePCji1R/kzX/jts1BWx8MPN6bYWZemEhh0HW/ncLK6tr6RnGztLW9s7tX3j9omDjVjPsslrFuhdRwKRT3UaDkrURzGoWSN8PR7dRvPnFtRKwecJzwIKIDJfqCUbSSP+x6j163XHGr7gxkmXg5qUCOerf81enFLI24QiapMW3PTTDIqEbBJJ+UOqnhCWUjOuBtSxWNuAmy2bETcmKVHunH2pZCMlN/T2Q0MmYchbYzojg0i95U/M9rp9i/DjKhkhS5YvNF/VQSjMn0c9ITmjOUY0so08LeStiQasrQ5lOyIXiLLy+TxlnVu6xe3J9Xajd5HEU4gmM4BQ+uoAZ3UAcfGAh4hld4c5Tz4rw7H/PWgpPPHMIfOJ8/G3uOPQ==</latexit>

h1
1

<latexit sha1_base64="pDnS3YSbA4rob9+GJ/OgV3sEEm4=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4Kknx61j04rGCaQttLJvtpl262YTdiVBKf4MXD4p49Qd589+4bXPQ1gcDj/dmmJkXplIYdN1vZ2V1bX1js7BV3N7Z3dsvHRw2TJJpxn2WyES3Qmq4FIr7KFDyVqo5jUPJm+Hwduo3n7g2IlEPOEp5ENO+EpFgFK3kD7reY7VbKrsVdwayTLyclCFHvVv66vQSlsVcIZPUmLbnphiMqUbBJJ8UO5nhKWVD2udtSxWNuQnGs2Mn5NQqPRIl2pZCMlN/T4xpbMwoDm1nTHFgFr2p+J/XzjC6DsZCpRlyxeaLokwSTMj0c9ITmjOUI0so08LeStiAasrQ5lO0IXiLLy+TRrXiXVYu7s/LtZs8jgIcwwmcgQdXUIM7qIMPDAQ8wyu8Ocp5cd6dj3nripPPHMEfOJ8/HP+OPg==</latexit>

h2
1

<latexit sha1_base64="1hU9xPPkBqoVaCWazYVWnmfSz4w=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4Kknx61j04rGCaQttLJvtpl262YTdiVBKf4MXD4p49Qd589+4bXPQ1gcDj/dmmJkXplIYdN1vZ2V1bX1js7BV3N7Z3dsvHRw2TJJpxn2WyES3Qmq4FIr7KFDyVqo5jUPJm+Hwduo3n7g2IlEPOEp5ENO+EpFgFK3kD7rVR69bKrsVdwayTLyclCFHvVv66vQSlsVcIZPUmLbnphiMqUbBJJ8UO5nhKWVD2udtSxWNuQnGs2Mn5NQqPRIl2pZCMlN/T4xpbMwoDm1nTHFgFr2p+J/XzjC6DsZCpRlyxeaLokwSTMj0c9ITmjOUI0so08LeStiAasrQ5lO0IXiLLy+TRrXiXVYu7s/LtZs8jgIcwwmcgQdXUIM7qIMPDAQ8wyu8Ocp5cd6dj3nripPPHMEfOJ8/HQGOPg==</latexit>

h1
2

<latexit sha1_base64="KqbyFUJoh0Jps6weBxAmiOOcWPs=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0n8Pha9eKxg2kJby2Y7aZduNmF3I5TQ3+DFgyJe/UHe/Ddu2xy0+mDg8d4MM/OCRHBtXPfLKSwtr6yuFddLG5tb2zvl3b2GjlPF0GexiFUroBoFl+gbbgS2EoU0CgQ2g9HN1G8+otI8lvdmnGA3ogPJQ86osZI/7J0+eL1yxa26M5C/xMtJBXLUe+XPTj9maYTSMEG1bntuYroZVYYzgZNSJ9WYUDaiA2xbKmmEupvNjp2QI6v0SRgrW9KQmfpzIqOR1uMosJ0RNUO96E3F/7x2asKrbsZlkhqUbL4oTAUxMZl+TvpcITNibAllittbCRtSRZmx+ZRsCN7iy39J46TqXVTP784qtes8jiIcwCEcgweXUINbqIMPDDg8wQu8OtJ5dt6c93lrwcln9uEXnI9vHoeOPw==</latexit>

h1
3

<latexit sha1_base64="cKTCYEoxZyS+dy8w4Bi6mn0wDOg=">AAAB7HicbVBNTwIxEJ3FL8Qv1KOXRmLiiezi55HoxSMmLpDASrqlCw1td9N2TciG3+DFg8Z49Qd5899YYA8KvmSSl/dmMjMvTDjTxnW/ncLK6tr6RnGztLW9s7tX3j9o6jhVhPok5rFqh1hTziT1DTOcthNFsQg5bYWj26nfeqJKs1g+mHFCA4EHkkWMYGMlf9g7e6z1yhW36s6AlomXkwrkaPTKX91+TFJBpSEca93x3MQEGVaGEU4npW6qaYLJCA9ox1KJBdVBNjt2gk6s0kdRrGxJg2bq74kMC63HIrSdApuhXvSm4n9eJzXRdZAxmaSGSjJfFKUcmRhNP0d9pigxfGwJJorZWxEZYoWJsfmUbAje4svLpFmrepfVi/vzSv0mj6MIR3AMp+DBFdThDhrgAwEGz/AKb450Xpx352PeWnDymUP4A+fzByALjkA=</latexit>

h2
3

<latexit sha1_base64="W367ULhWf/Cvh/fsJKsRs9IQdyw=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4Kknx61j04rGCaQttLJvtpl262YTdiVBKf4MXD4p49Qd589+4bXPQ1gcDj/dmmJkXplIYdN1vZ2V1bX1js7BV3N7Z3dsvHRw2TJJpxn2WyES3Qmq4FIr7KFDyVqo5jUPJm+Hwduo3n7g2IlEPOEp5ENO+EpFgFK3kD7rVx2q3VHYr7gxkmXg5KUOOerf01eklLIu5QiapMW3PTTEYU42CST4pdjLDU8qGtM/blioacxOMZ8dOyKlVeiRKtC2FZKb+nhjT2JhRHNrOmOLALHpT8T+vnWF0HYyFSjPkis0XRZkkmJDp56QnNGcoR5ZQpoW9lbAB1ZShzadoQ/AWX14mjWrFu6xc3J+Xazd5HAU4hhM4Aw+uoAZ3UAcfGAh4hld4c5Tz4rw7H/PWFSefOYI/cD5/AB6Fjj8=</latexit>

h2
2

<latexit sha1_base64="YOcOH8HoNeXdJGwq+XLwL4jL1V4=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHZ9H4lePGKURwIbMjs0MGF2djMzayQbPsGLB43x6hd5828cYA8KVtJJpao73V1BLLg2rvvt5JaWV1bX8uuFjc2t7Z3i7l5dR4liWGORiFQzoBoFl1gz3AhsxgppGAhsBMObid94RKV5JB/MKEY/pH3Je5xRY6X7p85pp1hyy+4UZJF4GSlBhmqn+NXuRiwJURomqNYtz42Nn1JlOBM4LrQTjTFlQ9rHlqWShqj9dHrqmBxZpUt6kbIlDZmqvydSGmo9CgPbGVIz0PPeRPzPayWmd+WnXMaJQclmi3qJICYik79JlytkRowsoUxxeythA6ooMzadgg3Bm395kdRPyt5F+fzurFS5zuLIwwEcwjF4cAkVuIUq1IBBH57hFd4c4bw4787HrDXnZDP78AfO5w8R+I2s</latexit>x3
<latexit sha1_base64="3Xqkk9RPeHMBpOojWs8YwuJM3NQ=">AAAB63icbVDLSgNBEOyNrxhfUY9eBoPgKe6Kr4NI0IvHiOYByRJmJ7PJkJnZZWZWCEt+wYsHRbz6Q978G2eTPWi0oKGo6qa7K4g508Z1v5zCwuLS8kpxtbS2vrG5Vd7eaeooUYQ2SMQj1Q6wppxJ2jDMcNqOFcUi4LQVjG4yv/VIlWaRfDDjmPoCDyQLGcEmky6P7q965YpbdadAf4mXkwrkqPfKn91+RBJBpSEca93x3Nj4KVaGEU4npW6iaYzJCA9ox1KJBdV+Or11gg6s0kdhpGxJg6bqz4kUC63HIrCdApuhnvcy8T+vk5jwwk+ZjBNDJZktChOOTISyx1GfKUoMH1uCiWL2VkSGWGFibDwlG4I3//Jf0jyuemfV07uTSu06j6MIe7APh+DBOdTgFurQAAJDeIIXeHWE8+y8Oe+z1oKTz+zCLzgf3yG+jag=</latexit>

< /S >

Generate the output sequence, one token at the time (autoregressively)

Encoder Decoder

<latexit sha1_base64="TTffiM8DJ4cpcttPmSi7JhyV67k=">AAAB8HicbVDLSgNBEOz1GeMr6tHLYBA8hd3g6xj04jGCeUiyhNnJbDJkdnaZ6RXCkq/w4kERr36ON//GSbIHTSxoKKq66e4KEikMuu63s7K6tr6xWdgqbu/s7u2XDg6bJk414w0Wy1i3A2q4FIo3UKDk7URzGgWSt4LR7dRvPXFtRKwecJxwP6IDJULBKFrpsTukmI0nvWqvVHYr7gxkmXg5KUOOeq/01e3HLI24QiapMR3PTdDPqEbBJJ8Uu6nhCWUjOuAdSxWNuPGz2cETcmqVPgljbUshmam/JzIaGTOOAtsZURyaRW8q/ud1Ugyv/UyoJEWu2HxRmEqCMZl+T/pCc4ZybAllWthbCRtSTRnajIo2BG/x5WXSrFa8y8rF/Xm5dpPHUYBjOIEz8OAKanAHdWgAgwie4RXeHO28OO/Ox7x1xclnjuAPnM8f4SmQeQ==</latexit>

ŷ2

<latexit sha1_base64="7NWyoSMeTqUJUsrNZD/71D1iarg=">AAAB8HicbVDLSgNBEOyNrxhfUY9eFoPgKeyKr2PQi8cI5iHJEmYnk2TIzOwy0yssS77CiwdFvPo53vwbJ8keNLGgoajqprsrjAU36HnfTmFldW19o7hZ2tre2d0r7x80TZRoyho0EpFuh8QwwRVrIEfB2rFmRIaCtcLx7dRvPTFteKQeMI1ZIMlQ8QGnBK302B0RzNJJz++VK17Vm8FdJn5OKpCj3it/dfsRTSRTSAUxpuN7MQYZ0cipYJNSNzEsJnRMhqxjqSKSmSCbHTxxT6zSdweRtqXQnam/JzIijUllaDslwZFZ9Kbif14nwcF1kHEVJ8gUnS8aJMLFyJ1+7/a5ZhRFagmhmttbXToimlC0GZVsCP7iy8ukeVb1L6sX9+eV2k0eRxGO4BhOwYcrqMEd1KEBFCQ8wyu8Odp5cd6dj3lrwclnDuEPnM8f36WQeA==</latexit>

ŷ1

<latexit sha1_base64="3iIyo9fMSRPJgNtnVpiFsfzvwDI=">AAAB8HicbVDLSgNBEOyNrxhfUY9eFoPgKez6Pga9eIxgHpIsYXYymwyZmV1meoWw5Cu8eFDEq5/jzb9xkuxBowUNRVU33V1hIrhBz/tyCkvLK6trxfXSxubW9k55d69p4lRT1qCxiHU7JIYJrlgDOQrWTjQjMhSsFY5upn7rkWnDY3WP44QFkgwUjzglaKWH7pBgNp70Tnvlilf1ZnD/Ej8nFchR75U/u/2YppIppIIY0/G9BIOMaORUsEmpmxqWEDoiA9axVBHJTJDNDp64R1bpu1GsbSl0Z+rPiYxIY8YytJ2S4NAselPxP6+TYnQVZFwlKTJF54uiVLgYu9Pv3T7XjKIYW0Ko5vZWlw6JJhRtRiUbgr/48l/SPKn6F9Xzu7NK7TqPowgHcAjH4MMl1OAW6tAAChKe4AVeHe08O2/O+7y14OQz+/ALzsc34q2Qeg==</latexit>

ŷ3

<latexit sha1_base64="TTffiM8DJ4cpcttPmSi7JhyV67k=">AAAB8HicbVDLSgNBEOz1GeMr6tHLYBA8hd3g6xj04jGCeUiyhNnJbDJkdnaZ6RXCkq/w4kERr36ON//GSbIHTSxoKKq66e4KEikMuu63s7K6tr6xWdgqbu/s7u2XDg6bJk414w0Wy1i3A2q4FIo3UKDk7URzGgWSt4LR7dRvPXFtRKwecJxwP6IDJULBKFrpsTukmI0nvWqvVHYr7gxkmXg5KUOOeq/01e3HLI24QiapMR3PTdDPqEbBJJ8Uu6nhCWUjOuAdSxWNuPGz2cETcmqVPgljbUshmam/JzIaGTOOAtsZURyaRW8q/ud1Ugyv/UyoJEWu2HxRmEqCMZl+T/pCc4ZybAllWthbCRtSTRnajIo2BG/x5WXSrFa8y8rF/Xm5dpPHUYBjOIEz8OAKanAHdWgAgwie4RXeHO28OO/Ox7x1xclnjuAPnM8f4SmQeQ==</latexit>

ŷ2

<latexit sha1_base64="QCgCW6iAYxxWeWHmYndkiiSaxoA=">AAAB8HicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8cI5iHJEmYns8mQ2dllplcIS77CiwdFvPo53vwbJ8keNLGgoajqprsrSKQw6LrfTmFldW19o7hZ2tre2d0r7x80TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWj26nfeuLaiFg94DjhfkQHSoSCUbTSY3dIMRtPeue9csWtujOQZeLlpAI56r3yV7cfszTiCpmkxnQ8N0E/oxoFk3xS6qaGJ5SN6IB3LFU04sbPZgdPyIlV+iSMtS2FZKb+nshoZMw4CmxnRHFoFr2p+J/XSTG89jOhkhS5YvNFYSoJxmT6PekLzRnKsSWUaWFvJWxINWVoMyrZELzFl5dJ86zqXVYv7s8rtZs8jiIcwTGcggdXUIM7qEMDGETwDK/w5mjnxXl3PuatBSefOYQ/cD5/AOQxkHs=</latexit>

ŷ4

<latexit sha1_base64="3iIyo9fMSRPJgNtnVpiFsfzvwDI=">AAAB8HicbVDLSgNBEOyNrxhfUY9eFoPgKez6Pga9eIxgHpIsYXYymwyZmV1meoWw5Cu8eFDEq5/jzb9xkuxBowUNRVU33V1hIrhBz/tyCkvLK6trxfXSxubW9k55d69p4lRT1qCxiHU7JIYJrlgDOQrWTjQjMhSsFY5upn7rkWnDY3WP44QFkgwUjzglaKWH7pBgNp70Tnvlilf1ZnD/Ej8nFchR75U/u/2YppIppIIY0/G9BIOMaORUsEmpmxqWEDoiA9axVBHJTJDNDp64R1bpu1GsbSl0Z+rPiYxIY8YytJ2S4NAselPxP6+TYnQVZFwlKTJF54uiVLgYu9Pv3T7XjKIYW0Ko5vZWlw6JJhRtRiUbgr/48l/SPKn6F9Xzu7NK7TqPowgHcAjH4MMl1OAW6tAAChKe4AVeHe08O2/O+7y14OQz+/ALzsc34q2Qeg==</latexit>

ŷ3

<latexit sha1_base64="3Xqkk9RPeHMBpOojWs8YwuJM3NQ=">AAAB63icbVDLSgNBEOyNrxhfUY9eBoPgKe6Kr4NI0IvHiOYByRJmJ7PJkJnZZWZWCEt+wYsHRbz6Q978G2eTPWi0oKGo6qa7K4g508Z1v5zCwuLS8kpxtbS2vrG5Vd7eaeooUYQ2SMQj1Q6wppxJ2jDMcNqOFcUi4LQVjG4yv/VIlWaRfDDjmPoCDyQLGcEmky6P7q965YpbdadAf4mXkwrkqPfKn91+RBJBpSEca93x3Nj4KVaGEU4npW6iaYzJCA9ox1KJBdV+Or11gg6s0kdhpGxJg6bqz4kUC63HIrCdApuhnvcy8T+vk5jwwk+ZjBNDJZktChOOTISyx1GfKUoMH1uCiWL2VkSGWGFibDwlG4I3//Jf0jyuemfV07uTSu06j6MIe7APh+DBOdTgFurQAAJDeIIXeHWE8+y8Oe+z1oKTz+zCLzgf3yG+jag=</latexit>

< /S >

<latexit sha1_base64="QCgCW6iAYxxWeWHmYndkiiSaxoA=">AAAB8HicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8cI5iHJEmYns8mQ2dllplcIS77CiwdFvPo53vwbJ8keNLGgoajqprsrSKQw6LrfTmFldW19o7hZ2tre2d0r7x80TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWj26nfeuLaiFg94DjhfkQHSoSCUbTSY3dIMRtPeue9csWtujOQZeLlpAI56r3yV7cfszTiCpmkxnQ8N0E/oxoFk3xS6qaGJ5SN6IB3LFU04sbPZgdPyIlV+iSMtS2FZKb+nshoZMw4CmxnRHFoFr2p+J/XSTG89jOhkhS5YvNFYSoJxmT6PekLzRnKsSWUaWFvJWxINWVoMyrZELzFl5dJ86zqXVYv7s8rtZs8jiIcwTGcggdXUIM7qEMDGETwDK/w5mjnxXl3PuatBSefOYQ/cD5/AOQxkHs=</latexit>

ŷ4



The encoder-decoder bottleneck

109Example derived from Bahdanau, et al. 2014Slide credit: Ilharco et al. High Performance NLP, EMNLP’20

https://arxiv.org/pdf/1409.0473.pdf
https://gabrielilharco.com/files/EMNLP_2020_Tutorial__High_Performance_NLP.pdf


Seq2Seq with attention (Bahdanau et al. 2015)

110https://distill.pub/2016/augmented-rnns/

Encoder

Decoder

Attention

Attention gives weights [importance / similarity / relevance] 
of the source states/tokens for the target state/token

Solves the information bottleneck problem!

https://distill.pub/2016/augmented-rnns/


Seq2Seq with attention (Bahdanau et al. 2015)

111https://distill.pub/2016/augmented-rnns/

Encoder

Decoder

Attention

Attention gives weights [importance / similarity / relevance] 
of the source states/tokens for the target state/token

Solves the information bottleneck problem!

The problem is reduced to an alignment problem,  
where we aim at (soft) aligning two sets of vectors  

every state in the target sequence with every state in the source sequence

https://distill.pub/2016/augmented-rnns/


Attention module (simplified)

112

A summary of the inputs 

based on how similar they 

are with the query

<latexit sha1_base64="iVGWJjUY9T0HmMOpn/tMDZu36y8=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHaNryPRi0dI5JHAhswODYzMzq4zsyZkwxd48aAxXv0kb/6NA+xBwUo6qVR1p7sriAXXxnW/ndzK6tr6Rn6zsLW9s7tX3D9o6ChRDOssEpFqBVSj4BLrhhuBrVghDQOBzWB0O/WbT6g0j+S9Gcfoh3QgeZ8zaqxUe+wWS27ZnYEsEy8jJchQ7Ra/Or2IJSFKwwTVuu25sfFTqgxnAieFTqIxpmxEB9i2VNIQtZ/ODp2QE6v0SD9StqQhM/X3REpDrcdhYDtDaoZ60ZuK/3ntxPSv/ZTLODEo2XxRPxHERGT6NelxhcyIsSWUKW5vJWxIFWXGZlOwIXiLLy+TxlnZuyxf1M5LlZssjjwcwTGcggdXUIE7qEIdGCA8wyu8OQ/Oi/PufMxbc042cwh/4Hz+AN7djP8=</latexit>q

<latexit sha1_base64="mI13Rglwudx12KnAioDTcsxZIms=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYns8mQ2dllplcISz7BiwdFvPpF3vwbJ8keNLGgoajqprsrSKQw6LrfTmFldW19o7hZ2tre2d0r7x80TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWj26nfeuLaiFg94jjhfkQHSoSCUbTSg+i5vXLFrbozkGXi5aQCOeq98le3H7M04gqZpMZ0PDdBP6MaBZN8UuqmhieUjeiAdyxVNOLGz2anTsiJVfokjLUthWSm/p7IaGTMOApsZ0RxaBa9qfif10kxvPYzoZIUuWLzRWEqCcZk+jfpC80ZyrEllGlhbyVsSDVlaNMp2RC8xZeXSfOs6l1WL+7PK7WbPI4iHMExnIIHV1CDO6hDAxgM4Ble4c2Rzovz7nzMWwtOPnMIf+B8/gD2g42a</latexit>

i0
<latexit sha1_base64="ARZlgpXy3jO5FC+gSEG2sS78SRM=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYns8mQ2dllplcISz7BiwdFvPpF3vwbJ8keNLGgoajqprsrSKQw6LrfTmFldW19o7hZ2tre2d0r7x80TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWj26nfeuLaiFg94jjhfkQHSoSCUbTSg+h5vXLFrbozkGXi5aQCOeq98le3H7M04gqZpMZ0PDdBP6MaBZN8UuqmhieUjeiAdyxVNOLGz2anTsiJVfokjLUthWSm/p7IaGTMOApsZ0RxaBa9qfif10kxvPYzoZIUuWLzRWEqCcZk+jfpC80ZyrEllGlhbyVsSDVlaNMp2RC8xZeXSfOs6l1WL+7PK7WbPI4iHMExnIIHV1CDO6hDAxgM4Ble4c2Rzovz7nzMWwtOPnMIf+B8/gD4B42b</latexit>

i1
<latexit sha1_base64="fp8dQ38phPU2qU+xZDjl9gj1krE=">AAAB6nicbVDLSgNBEOz1GeMr6tHLYBA8hd3g6xj04jGieUCyhNlJbzJkdnaZmRXCkk/w4kERr36RN//GSbIHTSxoKKq66e4KEsG1cd1vZ2V1bX1js7BV3N7Z3dsvHRw2dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6nfqtJ1Sax/LRjBP0IzqQPOSMGis98F61Vyq7FXcGsky8nJQhR71X+ur2Y5ZGKA0TVOuO5ybGz6gynAmcFLupxoSyER1gx1JJI9R+Njt1Qk6t0idhrGxJQ2bq74mMRlqPo8B2RtQM9aI3Ff/zOqkJr/2MyyQ1KNl8UZgKYmIy/Zv0uUJmxNgSyhS3txI2pIoyY9Mp2hC8xZeXSbNa8S4rF/fn5dpNHkcBjuEEzsCDK6jBHdShAQwG8Ayv8OYI58V5dz7mrStOPnMEf+B8/gD5i42c</latexit>

i2
<latexit sha1_base64="RiL7sc1LU8NDlv2FYsFtAEbBJWk=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYns8mQ2dllplcISz7BiwdFvPpF3vwbJ8keNLGgoajqprsrSKQw6LrfTmFldW19o7hZ2tre2d0r7x80TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWj26nfeuLaiFg94jjhfkQHSoSCUbTSg+ipXrniVt0ZyDLxclKBHPVe+avbj1kacYVMUmM6npugn1GNgkk+KXVTwxPKRnTAO5YqGnHjZ7NTJ+TEKn0SxtqWQjJTf09kNDJmHAW2M6I4NIveVPzP66QYXvuZUEmKXLH5ojCVBGMy/Zv0heYM5dgSyrSwtxI2pJoytOmUbAje4svLpHlW9S6rF/fnldpNHkcRjuAYTsGDK6jBHdShAQwG8Ayv8OZI58V5dz7mrQUnnzmEP3A+fwBUio3Y</latexit>

in

<latexit sha1_base64="OxNWMMW8gio5nPun+01zUjW0INo=">AAAB7XicbVDLSgNBEOyNrxhfUY9eFoPgKeyKr2PQi8cI5gHJEmZnJ8mY2ZllplcIS/7BiwdFvPo/3vwbJ8keNLGgoajqprsrTAQ36HnfTmFldW19o7hZ2tre2d0r7x80jUo1ZQ2qhNLtkBgmuGQN5ChYO9GMxKFgrXB0O/VbT0wbruQDjhMWxGQgeZ9TglZqdmmk0PTKFa/qzeAuEz8nFchR75W/upGiacwkUkGM6fhegkFGNHIq2KTUTQ1LCB2RAetYKknMTJDNrp24J1aJ3L7StiS6M/X3REZiY8ZxaDtjgkOz6E3F/7xOiv3rIOMySZFJOl/UT4WLyp2+7kZcM4pibAmhmttbXTokmlC0AZVsCP7iy8ukeVb1L6sX9+eV2k0eRxGO4BhOwYcrqMEd1KEBFB7hGV7hzVHOi/PufMxbC04+cwh/4Hz+ALGXjzk=</latexit>· · ·

Attention head

Slide credit: Ilharco et al. High Performance NLP, EMNLP’20

https://gabrielilharco.com/files/EMNLP_2020_Tutorial__High_Performance_NLP.pdf
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<latexit sha1_base64="CIQnJwwLWDuTkA43cowb3olM5Ys=">AAACAXicbVDLSsNAFJ3UV42vqBvBzWARXJVEfG2EohuXFewDmhgm00k7ZDIJMxOhhLrxV9y4UMStf+HOv3HSZqGtBy4czrmXe+8JUkalsu1vo7KwuLS8Ul0119Y3Nres7Z22TDKBSQsnLBHdAEnCKCctRRUj3VQQFAeMdILouvA7D0RImvA7NUqJF6MBpyHFSGnJt/ZMV2axn0eX9vieQ+RHkPqR65q+VbPr9gRwnjglqYESTd/6cvsJzmLCFWZIyp5jp8rLkVAUMzI23UySFOEIDUhPU45iIr188sEYHmqlD8NE6OIKTtTfEzmKpRzFge6MkRrKWa8Q//N6mQovvJzyNFOE4+miMGNQJbCIA/apIFixkSYIC6pvhXiIBMJKh1aE4My+PE/ax3XnrH56e1JrXJVxVME+OABHwAHnoAFuQBO0AAaP4Bm8gjfjyXgx3o2PaWvFKGd2wR8Ynz+g/pW7</latexit> nX

k=0

akik

<latexit sha1_base64="4iRqjMtCf61fEBubi4bqgmuEP/k=">AAACH3icbVBNS8NAEN3U7/pV9ehlsQgKUhLx6yKIXjwq2FZoatlsJ+3STbLuTsQS+k+8+Fe8eFBEvPlv3NYctPpg4PHeDDPzAiWFQdf9dAoTk1PTM7NzxfmFxaXl0spqzSSp5lDliUz0dcAMSBFDFQVKuFYaWBRIqAe9s6FfvwNtRBJfYV9BM2KdWISCM7RSq3Tgq67wJYS4dbtDRavna9Hp4vaxD/eK5sZN5mOiBj/sVqnsVtwR6F/i5aRMcly0Sh9+O+FpBDFyyYxpeK7CZsY0Ci5hUPRTA4rxHutAw9KYRWCa2ei/Ad20SpuGibYVIx2pPycyFhnTjwLbGTHsmnFvKP7nNVIMj5qZiFWKEPPvRWEqKSZ0GBZtCw0cZd8SxrWwt1LeZZpxtJEWbQje+Mt/SW234h1U9i/3yieneRyzZJ1skC3ikUNyQs7JBakSTh7IE3khr86j8+y8Oe/frQUnn1kjv+B8fgG+D6LR</latexit>

� (q, ik) = exp
�
q>ik

�

<latexit sha1_base64="E9KuX7tCLyndAphzEZVqiIoN/iw="></latexit>

ak =
� (q, ik)Pn
j=0 � (q, ij)

<latexit sha1_base64="iVGWJjUY9T0HmMOpn/tMDZu36y8=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHaNryPRi0dI5JHAhswODYzMzq4zsyZkwxd48aAxXv0kb/6NA+xBwUo6qVR1p7sriAXXxnW/ndzK6tr6Rn6zsLW9s7tX3D9o6ChRDOssEpFqBVSj4BLrhhuBrVghDQOBzWB0O/WbT6g0j+S9Gcfoh3QgeZ8zaqxUe+wWS27ZnYEsEy8jJchQ7Ra/Or2IJSFKwwTVuu25sfFTqgxnAieFTqIxpmxEB9i2VNIQtZ/ODp2QE6v0SD9StqQhM/X3REpDrcdhYDtDaoZ60ZuK/3ntxPSv/ZTLODEo2XxRPxHERGT6NelxhcyIsSWUKW5vJWxIFWXGZlOwIXiLLy+TxlnZuyxf1M5LlZssjjwcwTGcggdXUIE7qEIdGCA8wyu8OQ/Oi/PufMxbc042cwh/4Hz+AN7djP8=</latexit>q

Attention module (simplified)

<latexit sha1_base64="mI13Rglwudx12KnAioDTcsxZIms=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYns8mQ2dllplcISz7BiwdFvPpF3vwbJ8keNLGgoajqprsrSKQw6LrfTmFldW19o7hZ2tre2d0r7x80TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWj26nfeuLaiFg94jjhfkQHSoSCUbTSg+i5vXLFrbozkGXi5aQCOeq98le3H7M04gqZpMZ0PDdBP6MaBZN8UuqmhieUjeiAdyxVNOLGz2anTsiJVfokjLUthWSm/p7IaGTMOApsZ0RxaBa9qfif10kxvPYzoZIUuWLzRWEqCcZk+jfpC80ZyrEllGlhbyVsSDVlaNMp2RC8xZeXSfOs6l1WL+7PK7WbPI4iHMExnIIHV1CDO6hDAxgM4Ble4c2Rzovz7nzMWwtOPnMIf+B8/gD2g42a</latexit>

i0
<latexit sha1_base64="ARZlgpXy3jO5FC+gSEG2sS78SRM=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYns8mQ2dllplcISz7BiwdFvPpF3vwbJ8keNLGgoajqprsrSKQw6LrfTmFldW19o7hZ2tre2d0r7x80TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWj26nfeuLaiFg94jjhfkQHSoSCUbTSg+h5vXLFrbozkGXi5aQCOeq98le3H7M04gqZpMZ0PDdBP6MaBZN8UuqmhieUjeiAdyxVNOLGz2anTsiJVfokjLUthWSm/p7IaGTMOApsZ0RxaBa9qfif10kxvPYzoZIUuWLzRWEqCcZk+jfpC80ZyrEllGlhbyVsSDVlaNMp2RC8xZeXSfOs6l1WL+7PK7WbPI4iHMExnIIHV1CDO6hDAxgM4Ble4c2Rzovz7nzMWwtOPnMIf+B8/gD4B42b</latexit>

i1
<latexit sha1_base64="fp8dQ38phPU2qU+xZDjl9gj1krE=">AAAB6nicbVDLSgNBEOz1GeMr6tHLYBA8hd3g6xj04jGieUCyhNlJbzJkdnaZmRXCkk/w4kERr36RN//GSbIHTSxoKKq66e4KEsG1cd1vZ2V1bX1js7BV3N7Z3dsvHRw2dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6nfqtJ1Sax/LRjBP0IzqQPOSMGis98F61Vyq7FXcGsky8nJQhR71X+ur2Y5ZGKA0TVOuO5ybGz6gynAmcFLupxoSyER1gx1JJI9R+Njt1Qk6t0idhrGxJQ2bq74mMRlqPo8B2RtQM9aI3Ff/zOqkJr/2MyyQ1KNl8UZgKYmIy/Zv0uUJmxNgSyhS3txI2pIoyY9Mp2hC8xZeXSbNa8S4rF/fn5dpNHkcBjuEEzsCDK6jBHdShAQwG8Ayv8OYI58V5dz7mrStOPnMEf+B8/gD5i42c</latexit>

i2
<latexit sha1_base64="RiL7sc1LU8NDlv2FYsFtAEbBJWk=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi8eI5gHJEmYns8mQ2dllplcISz7BiwdFvPpF3vwbJ8keNLGgoajqprsrSKQw6LrfTmFldW19o7hZ2tre2d0r7x80TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWj26nfeuLaiFg94jjhfkQHSoSCUbTSg+ipXrniVt0ZyDLxclKBHPVe+avbj1kacYVMUmM6npugn1GNgkk+KXVTwxPKRnTAO5YqGnHjZ7NTJ+TEKn0SxtqWQjJTf09kNDJmHAW2M6I4NIveVPzP66QYXvuZUEmKXLH5ojCVBGMy/Zv0heYM5dgSyrSwtxI2pJoytOmUbAje4svLpHlW9S6rF/fnldpNHkcRjuAYTsGDK6jBHdShAQwG8Ayv8OZI58V5dz7mrQUnnzmEP3A+fwBUio3Y</latexit>

in

<latexit sha1_base64="OxNWMMW8gio5nPun+01zUjW0INo=">AAAB7XicbVDLSgNBEOyNrxhfUY9eFoPgKeyKr2PQi8cI5gHJEmZnJ8mY2ZllplcIS/7BiwdFvPo/3vwbJ8keNLGgoajqprsrTAQ36HnfTmFldW19o7hZ2tre2d0r7x80jUo1ZQ2qhNLtkBgmuGQN5ChYO9GMxKFgrXB0O/VbT0wbruQDjhMWxGQgeZ9TglZqdmmk0PTKFa/qzeAuEz8nFchR75W/upGiacwkUkGM6fhegkFGNHIq2KTUTQ1LCB2RAetYKknMTJDNrp24J1aJ3L7StiS6M/X3REZiY8ZxaDtjgkOz6E3F/7xOiv3rIOMySZFJOl/UT4WLyp2+7kZcM4pibAmhmttbXTokmlC0AZVsCP7iy8ukeVb1L6sX9+eV2k0eRxGO4BhOwYcrqMEd1KEBFB7hGV7hzVHOi/PufMxbC04+cwh/4Hz+ALGXjzk=</latexit>· · ·

Attention head

Weighted combination of the inputs

Softmax normalisation

Attention matrix

Slide credit: Ilharco et al. High Performance NLP, EMNLP’20

https://gabrielilharco.com/files/EMNLP_2020_Tutorial__High_Performance_NLP.pdf


114Slide credit: Ilharco et al. High Performance NLP, EMNLP’20

https://gabrielilharco.com/files/EMNLP_2020_Tutorial__High_Performance_NLP.pdf


Attention is all you need?

115Slide credit: Ilharco et al. High Performance NLP, EMNLP’20

https://gabrielilharco.com/files/EMNLP_2020_Tutorial__High_Performance_NLP.pdf
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<latexit sha1_base64="OQThD/PlzMuAkzr7cZiwrlX+9+o=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi+AlAfOAZAmzk04yZnZ2mZkVwpIv8OJBEa9+kjf/xkmyB00saCiquunuCmLBtXHdbye3srq2vpHfLGxt7+zuFfcPGjpKFMM6i0SkWgHVKLjEuuFGYCtWSMNAYDMY3U795hMqzSP5YMYx+iEdSN7njBor1e67xZJbdmcgy8TLSAkyVLvFr04vYkmI0jBBtW57bmz8lCrDmcBJoZNojCkb0QG2LZU0RO2ns0Mn5MQqPdKPlC1pyEz9PZHSUOtxGNjOkJqhXvSm4n9eOzH9az/lMk4MSjZf1E8EMRGZfk16XCEzYmwJZYrbWwkbUkWZsdkUbAje4svLpHFW9i7LF7XzUuUmiyMPR3AMp+DBFVTgDqpQBwYIz/AKb86j8+K8Ox/z1pyTzRzCHzifP6VFjNk=</latexit>

K
<latexit sha1_base64="wW/FYuM+uQPEIsfDWGUcEmwyeqw=">AAAB6HicbVDLSgNBEOz1GeMr6tHLYBA8hV3xdQx68ZiAeUCyhNlJbzJmdnaZmRXCki/w4kERr36SN//GSbIHTSxoKKq66e4KEsG1cd1vZ2V1bX1js7BV3N7Z3dsvHRw2dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6m/qtJ1Sax/LBjBP0IzqQPOSMGivVm71S2a24M5Bl4uWkDDlqvdJXtx+zNEJpmKBadzw3MX5GleFM4KTYTTUmlI3oADuWShqh9rPZoRNyapU+CWNlSxoyU39PZDTSehwFtjOiZqgXvan4n9dJTXjjZ1wmqUHJ5ovCVBATk+nXpM8VMiPGllCmuL2VsCFVlBmbTdGG4C2+vEya5xXvqnJZvyhXb/M4CnAMJ3AGHlxDFe6hBg1ggPAMr/DmPDovzrvzMW9dcfKZI/gD5/MHtfGM5A==</latexit>

V

A summary of values 

based on how similar their 

corresponding keys are 

with the query

Attention head

<latexit sha1_base64="iVGWJjUY9T0HmMOpn/tMDZu36y8=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHaNryPRi0dI5JHAhswODYzMzq4zsyZkwxd48aAxXv0kb/6NA+xBwUo6qVR1p7sriAXXxnW/ndzK6tr6Rn6zsLW9s7tX3D9o6ChRDOssEpFqBVSj4BLrhhuBrVghDQOBzWB0O/WbT6g0j+S9Gcfoh3QgeZ8zaqxUe+wWS27ZnYEsEy8jJchQ7Ra/Or2IJSFKwwTVuu25sfFTqgxnAieFTqIxpmxEB9i2VNIQtZ/ODp2QE6v0SD9StqQhM/X3REpDrcdhYDtDaoZ60ZuK/3ntxPSv/ZTLODEo2XxRPxHERGT6NelxhcyIsSWUKW5vJWxIFWXGZlOwIXiLLy+TxlnZuyxf1M5LlZssjjwcwTGcggdXUIE7qEIdGCA8wyu8OQ/Oi/PufMxbc042cwh/4Hz+AN7djP8=</latexit>q

Scaled Dot-Product Attention

(jargon used in transformers)

Slide credit: Ilharco et al. High Performance NLP, EMNLP’20

https://gabrielilharco.com/files/EMNLP_2020_Tutorial__High_Performance_NLP.pdf


Scaled Dot-Product Attention
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3. Usually k and v are derived from the same input x
<latexit sha1_base64="mElko+lwyHN8XCjv0OO8mDaVEEk=">AAACHHicbVDLSsNAFJ3UV62vqEs3g0VwVRLfG6HoxmUF+4AmhMlk0g6dPJiZFEvIh7jxV9y4UMSNC8G/cdJGqa0HBs6ccy/33uPGjAppGF9aaWFxaXmlvFpZW9/Y3NK3d1oiSjgmTRyxiHdcJAijIWlKKhnpxJygwGWk7Q6uc789JFzQKLyTo5jYAeqF1KcYSSU5+rEVINl3/XSYwUv482lnzpRuYS+Sv9595uhVo2aMAeeJWZAqKNBw9A/Li3ASkFBihoTomkYs7RRxSTEjWcVKBIkRHqAe6SoaooAIOx0fl8EDpXjQj7h6oYRjdbojRYEQo8BVlfmGYtbLxf+8biL9CzulYZxIEuLJID9hUEYwTwp6lBMs2UgRhDlVu0LcRxxhqfKsqBDM2ZPnSeuoZp7VTm9PqvWrIo4y2AP74BCY4BzUwQ1ogCbA4AE8gRfwqj1qz9qb9j4pLWlFzy74A+3zGxs9oqg=</latexit>

v = Wv · x <latexit sha1_base64="LARY8H65EotweB3R1CbFIYt8ihU=">AAACHHicbVDLSsNAFJ34rPUVdelmsAiuSuJ7IxTduKxgH9CGMJlM2qGTTJiZiCXkQ9z4K25cKOLGheDfOGmj1NYDA2fOuZd77/FiRqWyrC9jbn5hcWm5tFJeXVvf2DS3tpuSJwKTBuaMi7aHJGE0Ig1FFSPtWBAUeoy0vMFV7rfuiJCUR7dqGBMnRL2IBhQjpSXXPOqGSPW9IB1k8AL+fFqZO6F3sc/Vr3efuWbFqlojwFliF6QCCtRd86Prc5yEJFKYISk7thUrJ0VCUcxIVu4mksQID1CPdDSNUEikk46Oy+C+VnwYcKFfpOBInexIUSjlMPR0Zb6hnPZy8T+vk6jg3ElpFCeKRHg8KEgYVBzmSUGfCoIVG2qCsKB6V4j7SCCsdJ5lHYI9ffIsaR5W7dPqyc1xpXZZxFECu2APHAAbnIEauAZ10AAYPIAn8AJejUfj2Xgz3selc0bRswP+wPj8BvdCopI=</latexit>

k = Wk · x

2. Output is an attention-weighted average of values
<latexit sha1_base64="LmwTHH696Z+d/TsFFdI5SF3I1rU=">AAACNnicbVDLSsNAFJ34rPUVdelmsAiuSiK+NoWiGzdCBfuAJoTJZNIOnTyYmRRqyFe58TvcdeNCEbd+gpM2Sm09MHDmnHu59x43ZlRIwxhrS8srq2vrpY3y5tb2zq6+t98SUcIxaeKIRbzjIkEYDUlTUslIJ+YEBS4jbXdwk/vtIeGCRuGDHMXEDlAvpD7FSCrJ0e+sAMm+66ePGaxBSySBQ+GPhjInpdnvd5gprzbjQgt7kZz19YpRNSaAi8QsSAUUaDj6i+VFOAlIKDFDQnRNI5Z2irikmJGsbCWCxAgPUI90FQ1RQISdTs7O4LFSPOhHXL1Qwok625GiQIhR4KrKfEMx7+Xif143kf6VndIwTiQJ8XSQnzAoI5hnCD3KCZZspAjCnKpdIe4jjrBUSZdVCOb8yYukdVo1L6rn92eV+nURRwkcgiNwAkxwCergFjRAE2DwBMbgDbxrz9qr9qF9TkuXtKLnAPyB9vUN2/OtPg==</latexit>

z =
X

i

aivi = a · v

The query q can come from a separate input y

Or from the same input x. Then we call it “self-attention”
<latexit sha1_base64="/FMIwKYzy64Bo7Q9Y2u6mClY22M=">AAACHHicbVDLSsNAFJ3UV62vqEs3g0VwVRLfG6HoxmUF+4AmhMlk0g6dPJyZiCXkQ9z4K25cKOLGheDfOGmj1NYDA2fOuZd773FjRoU0jC+tNDe/sLhUXq6srK6tb+ibWy0RJRyTJo5YxDsuEoTRkDQllYx0Yk5Q4DLSdgeXud++I1zQKLyRw5jYAeqF1KcYSSU5+qEVINl3/fQ2g+fw59POnAndwl4kf737zNGrRs0YAc4SsyBVUKDh6B+WF+EkIKHEDAnRNY1Y2inikmJGsoqVCBIjPEA90lU0RAERdjo6LoN7SvGgH3H1QglH6mRHigIhhoGrKvMNxbSXi/953UT6Z3ZKwziRJMTjQX7CoIxgnhT0KCdYsqEiCHOqdoW4jzjCUuVZUSGY0yfPktZBzTypHV8fVesXRRxlsAN2wT4wwSmogyvQAE2AwQN4Ai/gVXvUnrU37X1cWtKKnm3wB9rnNwrpop4=</latexit>

q = Wq · x

<latexit sha1_base64="rNGFOuuiF5p5CJTrd0DOjstbgMw=">AAACHHicbVDLSsNAFJ34rPUVdelmsAiuSuJ7IxTduKxgH9CEMJlM2qGThzMTIYR8iBt/xY0LRdy4EPwbJ22U2npg4Mw593LvPW7MqJCG8aXNzS8sLi1XVqqra+sbm/rWdltECcekhSMW8a6LBGE0JC1JJSPdmBMUuIx03OFV4XfuCRc0Cm9lGhM7QP2Q+hQjqSRHP7ICJAeun93l8AL+fDq5M6Fb2Ivkr5fmjl4z6sYIcJaYJamBEk1H/7C8CCcBCSVmSIieacTSzhCXFDOSV61EkBjhIeqTnqIhCoiws9FxOdxXigf9iKsXSjhSJzsyFAiRBq6qLDYU014h/uf1Eumf2xkN40SSEI8H+QmDMoJFUtCjnGDJUkUQ5lTtCvEAcYSlyrOqQjCnT54l7cO6eVo/uTmuNS7LOCpgF+yBA2CCM9AA16AJWgCDB/AEXsCr9qg9a2/a+7h0Tit7dsAfaJ/fDG6inw==</latexit>

q = Wq · y

1. Attention weights are query-key similarities, normalized by a softmax

<latexit sha1_base64="EFLKZnGZkWPHViTF0qXbXaD75h0=">AAACHHicbVDLSsNAFJ3UV62vqks3g0VwVRLfG6HoxmUF+4AmhMl00g6dPJy5EUrIh7jxV9y4UMSNC8G/cdJW0dYDA2fOuZd77/FiwRWY5qdRmJtfWFwqLpdWVtfWN8qbW00VJZKyBo1EJNseUUzwkDWAg2DtWDISeIK1vMFl7rfumFQ8Cm9gGDMnIL2Q+5wS0JJbPrT7BFI7IND3/JRkmcvxOf7+32bYpt0IfoRB7rvlilk1R8CzxJqQCpqg7pbf7W5Ek4CFQAVRqmOZMTgpkcCpYFnJThSLCR2QHutoGpKAKScdHZfhPa10sR9J/ULAI/V3R0oCpYaBpyvzJdW0l4v/eZ0E/DMn5WGcAAvpeJCfCAwRzpPCXS4ZBTHUhFDJ9a6Y9okkFHSeJR2CNX3yLGkeVK2T6vH1UaV2MYmjiHbQLtpHFjpFNXSF6qiBKLpHj+gZvRgPxpPxaryNSwvGpGcb/YHx8QWKxKJG</latexit>

âi = q · ki

<latexit sha1_base64="c06J9yCDpNNLFUUUwwzSR7iX4oA=">AAACM3icdZDLSsNAFIYnXmu9RV26GSyCq5KIt41QdCOuKtgLNDFMppN27OTCzEQoQ97JjS/iQhAXirj1HZy0AbXVAwM//3cOc87vJ4wKaVnPxszs3PzCYmmpvLyyurZubmw2RZxyTBo4ZjFv+0gQRiPSkFQy0k44QaHPSMsfnOe8dUe4oHF0LYcJcUPUi2hAMZLa8sxLJ0Sy7wcKZR6Fp9AJOMKK3Cinj6T6hppmmXJEGnq3/1DPrFhVa1RwWtiFqICi6p756HRjnIYkkpghITq2lUhXIS4pZiQrO6kgCcID1CMdLSMUEuGq0c0Z3NVOFwYx1y+ScOT+nFAoFGIY+rozX1NMstz8i3VSGZy4ikZJKkmExx8FKYMyhnmAsEs5wZINtUCYU70rxH2kU5M65rIOwZ48eVo096v2UfXw6qBSOyviKIFtsAP2gA2OQQ1cgDpoAAzuwRN4BW/Gg/FivBsf49YZo5jZAr/K+PwCYX6t3Q==</latexit>

ai =
eâi

P
j e

âi
(Single query point)

Attention is a function similar to a soft (differentiable) key-value dictionary lookup

Slide credit Luca Beyer M2L 2022
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1. We can compute attention for multiple queries in parallel 
thanks to dot product. Stacking queries lead to Attention Matrix 
and many outputs

<latexit sha1_base64="OQThD/PlzMuAkzr7cZiwrlX+9+o=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi+AlAfOAZAmzk04yZnZ2mZkVwpIv8OJBEa9+kjf/xkmyB00saCiquunuCmLBtXHdbye3srq2vpHfLGxt7+zuFfcPGjpKFMM6i0SkWgHVKLjEuuFGYCtWSMNAYDMY3U795hMqzSP5YMYx+iEdSN7njBor1e67xZJbdmcgy8TLSAkyVLvFr04vYkmI0jBBtW57bmz8lCrDmcBJoZNojCkb0QG2LZU0RO2ns0Mn5MQqPdKPlC1pyEz9PZHSUOtxGNjOkJqhXvSm4n9eOzH9az/lMk4MSjZf1E8EMRGZfk16XCEzYmwJZYrbWwkbUkWZsdkUbAje4svLpHFW9i7LF7XzUuUmiyMPR3AMp+DBFVTgDqpQBwYIz/AKb86j8+K8Ox/z1pyTzRzCHzifP6VFjNk=</latexit>

K
<latexit sha1_base64="wW/FYuM+uQPEIsfDWGUcEmwyeqw=">AAAB6HicbVDLSgNBEOz1GeMr6tHLYBA8hV3xdQx68ZiAeUCyhNlJbzJmdnaZmRXCki/w4kERr36SN//GSbIHTSxoKKq66e4KEsG1cd1vZ2V1bX1js7BV3N7Z3dsvHRw2dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6m/qtJ1Sax/LBjBP0IzqQPOSMGivVm71S2a24M5Bl4uWkDDlqvdJXtx+zNEJpmKBadzw3MX5GleFM4KTYTTUmlI3oADuWShqh9rPZoRNyapU+CWNlSxoyU39PZDTSehwFtjOiZqgXvan4n9dJTXjjZ1wmqUHJ5ovCVBATk+nXpM8VMiPGllCmuL2VsCFVlBmbTdGG4C2+vEya5xXvqnJZvyhXb/M4CnAMJ3AGHlxDFe6hBg1ggPAMr/DmPDovzrvzMW9dcfKZI/gD5/MHtfGM5A==</latexit>

V

Attention head

<latexit sha1_base64="Y1hJizHldN0mHgwN50bchS+3n+E=">AAAB6HicbVDLSgNBEOz1GeMr6tHLYBA8hV3xdQx68ZiAeUCyhNlJbzJmdnaZmRXCki/w4kERr36SN//GSbIHTSxoKKq66e4KEsG1cd1vZ2V1bX1js7BV3N7Z3dsvHRw2dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6m/qtJ1Sax/LBjBP0IzqQPOSMGivV671S2a24M5Bl4uWkDDlqvdJXtx+zNEJpmKBadzw3MX5GleFM4KTYTTUmlI3oADuWShqh9rPZoRNyapU+CWNlSxoyU39PZDTSehwFtjOiZqgXvan4n9dJTXjjZ1wmqUHJ5ovCVBATk+nXpM8VMiPGllCmuL2VsCFVlBmbTdGG4C2+vEya5xXvqnJZvyhXb/M4CnAMJ3AGHlxDFe6hBg1ggPAMr/DmPDovzrvzMW9dcfKZI/gD5/MHrl2M3w==</latexit>

Q

<latexit sha1_base64="9EjUKPNlo0raXTLpwN4/wiUYpSk=">AAACA3icbVDLSsNAFJ3UV62vqDvdDBbBVUnE17LoxmUV+4Amlslk0g6dPJi5EUoIuPFX3LhQxK0/4c6/cdJ2oa0HLhzOuZd77/ESwRVY1rdRWlhcWl4pr1bW1jc2t8ztnZaKU0lZk8Yilh2PKCZ4xJrAQbBOIhkJPcHa3vCq8NsPTCoeR3cwSpgbkn7EA04JaKln7jkhgYHnZbf5feYwIbADPGQK+3nPrFo1aww8T+wpqaIpGj3zy/FjmoYsAiqIUl3bSsDNiAROBcsrTqpYQuiQ9FlX04joPW42/iHHh1rxcRBLXRHgsfp7IiOhUqPQ053FxWrWK8T/vG4KwYWb8ShJgUV0sihIBYYYF4Fgn0tGQYw0IVRyfSumAyIJBR1bRYdgz748T1rHNfusdnpzUq1fTuMoo310gI6Qjc5RHV2jBmoiih7RM3pFb8aT8WK8Gx+T1pIxndlFf2B8/gArlJfe</latexit>

R`⇥d

<latexit sha1_base64="M+QrIjwMLfUysYb+OI+j8bPIWZQ=">AAACBnicbVDLSsNAFL2pr1pfUZciDBbBVUnE17LoxmUV+4Amlsl00g6dPJiZCCVk5cZfceNCEbd+gzv/xkmbhbYeuHA4517uvceLOZPKsr6N0sLi0vJKebWytr6xuWVu77RklAhCmyTikeh4WFLOQtpUTHHaiQXFgcdp2xtd5X77gQrJovBOjWPqBngQMp8RrLTUM/edAKuh56W32X3qUM6Ro1hAJcp51jOrVs2aAM0TuyBVKNDomV9OPyJJQENFOJaya1uxclMsFCOcZhUnkTTGZIQHtKtpiPUqN528kaFDrfSRHwldoUIT9fdEigMpx4GnO/Oj5ayXi/953UT5F27KwjhRNCTTRX7CkYpQngnqM0GJ4mNNMBFM34rIEAtMlE6uokOwZ1+eJ63jmn1WO705qdYvizjKsAcHcAQ2nEMdrqEBTSDwCM/wCm/Gk/FivBsf09aSUczswh8Ynz+O9pkx</latexit>

R`⇥`

<latexit sha1_base64="ZWHGX4MlAgHrT/UDNZmGWHg7pUo="></latexit>

softmax

✓
QK>
p
d

◆
V

<latexit sha1_base64="9EjUKPNlo0raXTLpwN4/wiUYpSk=">AAACA3icbVDLSsNAFJ3UV62vqDvdDBbBVUnE17LoxmUV+4Amlslk0g6dPJi5EUoIuPFX3LhQxK0/4c6/cdJ2oa0HLhzOuZd77/ESwRVY1rdRWlhcWl4pr1bW1jc2t8ztnZaKU0lZk8Yilh2PKCZ4xJrAQbBOIhkJPcHa3vCq8NsPTCoeR3cwSpgbkn7EA04JaKln7jkhgYHnZbf5feYwIbADPGQK+3nPrFo1aww8T+wpqaIpGj3zy/FjmoYsAiqIUl3bSsDNiAROBcsrTqpYQuiQ9FlX04joPW42/iHHh1rxcRBLXRHgsfp7IiOhUqPQ053FxWrWK8T/vG4KwYWb8ShJgUV0sihIBYYYF4Fgn0tGQYw0IVRyfSumAyIJBR1bRYdgz748T1rHNfusdnpzUq1fTuMoo310gI6Qjc5RHV2jBmoiih7RM3pFb8aT8WK8Gx+T1pIxndlFf2B8/gArlJfe</latexit>

R`⇥d

<latexit sha1_base64="uBkqGpwHRAh8wpFdfz/HC3Vne9M=">AAAB63icbVBNS8NAEJ3Ur1q/qh69BIvgqSTi17HoxWMFawttKJvtpF26uwm7G6GE/gUvHhTx6h/y5r9x0+agrQ8GHu/NMDMvTDjTxvO+ndLK6tr6RnmzsrW9s7tX3T941HGqKLZozGPVCYlGziS2DDMcO4lCIkKO7XB8m/vtJ1SaxfLBTBIMBBlKFjFKTC71kPN+tebVvRncZeIXpAYFmv3qV28Q01SgNJQTrbu+l5ggI8owynFa6aUaE0LHZIhdSyURqINsduvUPbHKwI1iZUsad6b+nsiI0HoiQtspiBnpRS8X//O6qYmug4zJJDUo6XxRlHLXxG7+uDtgCqnhE0sIVcze6tIRUYQaG0/FhuAvvrxMHs/q/mX94v681rgp4ijDERzDKfhwBQ24gya0gMIInuEV3hzhvDjvzse8teQUM4fwB87nDxCmjkU=</latexit>

`
<latexit sha1_base64="pbrTBi+I5TdMb2KRSYVNYXSeyj4=">AAAB6HicbVDLSgNBEOz1GeMr6tHLYBA8hV3xdQx68ZiAeUCyhNnZ3mTM7OwyMyuEkC/w4kERr36SN//GSbIHTSxoKKq66e4KUsG1cd1vZ2V1bX1js7BV3N7Z3dsvHRw2dZIphg2WiES1A6pRcIkNw43AdqqQxoHAVjC8m/qtJ1SaJ/LBjFL0Y9qXPOKMGivVw16p7FbcGcgy8XJShhy1XumrGyYsi1EaJqjWHc9NjT+mynAmcFLsZhpTyoa0jx1LJY1R++PZoRNyapWQRImyJQ2Zqb8nxjTWehQHtjOmZqAXvan4n9fJTHTjj7lMM4OSzRdFmSAmIdOvScgVMiNGllCmuL2VsAFVlBmbTdGG4C2+vEya5xXvqnJZvyhXb/M4CnAMJ3AGHlxDFe6hBg1ggPAMr/DmPDovzrvzMW9dcfKZI/gD5/MHyymM8g==</latexit>

d

= Sequence length 

= Feature dim

Attention is quadratic 

in sequence length!

Slide credit: Ilharco et al. High Performance NLP, EMNLP’20

https://gabrielilharco.com/files/EMNLP_2020_Tutorial__High_Performance_NLP.pdf
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2. We usually use “multi-head” attention. This means the 
operation is repeated h times and the results are 
concatenated along the feature dimension. We use different 
parameters W.

<latexit sha1_base64="Kc7a4Jq2/PykLUe2FnBdbbSC0hk=">AAACGXicbVDLSsNAFJ34rPUVdelmsAgupCTia1l0I7hpxT6gScNkMmmHTiZhZiKUkN9w46+4caGIS135N07aLrT1wHAP59zL3Hv8hFGpLOvbWFhcWl5ZLa2V1zc2t7bNnd2WjFOBSRPHLBYdH0nCKCdNRRUjnUQQFPmMtP3hdeG3H4iQNOb3apQQN0J9TkOKkdKSZ1ptj/Zuj2FRWpPSgA7l0ImQGvh+dpf3MicUCGdBng3y3DMrVtUaA84Te0oqYIq6Z346QYzTiHCFGZKya1uJcjMkFMWM5GUnlSRBeIj6pKspRxGRbja+LIeHWglgGAv9uIJj9fdEhiIpR5GvO4t95axXiP953VSFl25GeZIqwvHkozBlUMWwiAkGVBCs2EgThAXVu0I8QDoGpcMs6xDs2ZPnSeukap9XzxqnldrVNI4S2AcH4AjY4ALUwA2ogybA4BE8g1fwZjwZL8a78TFpXTCmM3vgD4yvH5uXoCc=</latexit>

WK
i ,WV

i ,WQ
i 2 R d

h

<latexit sha1_base64="OQThD/PlzMuAkzr7cZiwrlX+9+o=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoPgKeyKr2PQi+AlAfOAZAmzk04yZnZ2mZkVwpIv8OJBEa9+kjf/xkmyB00saCiquunuCmLBtXHdbye3srq2vpHfLGxt7+zuFfcPGjpKFMM6i0SkWgHVKLjEuuFGYCtWSMNAYDMY3U795hMqzSP5YMYx+iEdSN7njBor1e67xZJbdmcgy8TLSAkyVLvFr04vYkmI0jBBtW57bmz8lCrDmcBJoZNojCkb0QG2LZU0RO2ns0Mn5MQqPdKPlC1pyEz9PZHSUOtxGNjOkJqhXvSm4n9eOzH9az/lMk4MSjZf1E8EMRGZfk16XCEzYmwJZYrbWwkbUkWZsdkUbAje4svLpHFW9i7LF7XzUuUmiyMPR3AMp+DBFVTgDqpQBwYIz/AKb86j8+K8Ox/z1pyTzRzCHzifP6VFjNk=</latexit>

K
<latexit sha1_base64="wW/FYuM+uQPEIsfDWGUcEmwyeqw=">AAAB6HicbVDLSgNBEOz1GeMr6tHLYBA8hV3xdQx68ZiAeUCyhNlJbzJmdnaZmRXCki/w4kERr36SN//GSbIHTSxoKKq66e4KEsG1cd1vZ2V1bX1js7BV3N7Z3dsvHRw2dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6m/qtJ1Sax/LBjBP0IzqQPOSMGivVm71S2a24M5Bl4uWkDDlqvdJXtx+zNEJpmKBadzw3MX5GleFM4KTYTTUmlI3oADuWShqh9rPZoRNyapU+CWNlSxoyU39PZDTSehwFtjOiZqgXvan4n9dJTXjjZ1wmqUHJ5ovCVBATk+nXpM8VMiPGllCmuL2VsCFVlBmbTdGG4C2+vEya5xXvqnJZvyhXb/M4CnAMJ3AGHlxDFe6hBg1ggPAMr/DmPDovzrvzMW9dcfKZI/gD5/MHtfGM5A==</latexit>

V
<latexit sha1_base64="Y1hJizHldN0mHgwN50bchS+3n+E=">AAAB6HicbVDLSgNBEOz1GeMr6tHLYBA8hV3xdQx68ZiAeUCyhNlJbzJmdnaZmRXCki/w4kERr36SN//GSbIHTSxoKKq66e4KEsG1cd1vZ2V1bX1js7BV3N7Z3dsvHRw2dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6m/qtJ1Sax/LBjBP0IzqQPOSMGivV671S2a24M5Bl4uWkDDlqvdJXtx+zNEJpmKBadzw3MX5GleFM4KTYTTUmlI3oADuWShqh9rPZoRNyapU+CWNlSxoyU39PZDTSehwFtjOiZqgXvan4n9dJTXjjZ1wmqUHJ5ovCVBATk+nXpM8VMiPGllCmuL2VsCFVlBmbTdGG4C2+vEya5xXvqnJZvyhXb/M4CnAMJ3AGHlxDFe6hBg1ggPAMr/DmPDovzrvzMW9dcfKZI/gD5/MHrl2M3w==</latexit>

Q

Multi-headed Attention

linear

linear linear linear

<latexit sha1_base64="9EjUKPNlo0raXTLpwN4/wiUYpSk=">AAACA3icbVDLSsNAFJ3UV62vqDvdDBbBVUnE17LoxmUV+4Amlslk0g6dPJi5EUoIuPFX3LhQxK0/4c6/cdJ2oa0HLhzOuZd77/ESwRVY1rdRWlhcWl4pr1bW1jc2t8ztnZaKU0lZk8Yilh2PKCZ4xJrAQbBOIhkJPcHa3vCq8NsPTCoeR3cwSpgbkn7EA04JaKln7jkhgYHnZbf5feYwIbADPGQK+3nPrFo1aww8T+wpqaIpGj3zy/FjmoYsAiqIUl3bSsDNiAROBcsrTqpYQuiQ9FlX04joPW42/iHHh1rxcRBLXRHgsfp7IiOhUqPQ053FxWrWK8T/vG4KwYWb8ShJgUV0sihIBYYYF4Fgn0tGQYw0IVRyfSumAyIJBR1bRYdgz748T1rHNfusdnpzUq1fTuMoo310gI6Qjc5RHV2jBmoiih7RM3pFb8aT8WK8Gx+T1pIxndlFf2B8/gArlJfe</latexit>

R`⇥d

<latexit sha1_base64="uBkqGpwHRAh8wpFdfz/HC3Vne9M=">AAAB63icbVBNS8NAEJ3Ur1q/qh69BIvgqSTi17HoxWMFawttKJvtpF26uwm7G6GE/gUvHhTx6h/y5r9x0+agrQ8GHu/NMDMvTDjTxvO+ndLK6tr6RnmzsrW9s7tX3T941HGqKLZozGPVCYlGziS2DDMcO4lCIkKO7XB8m/vtJ1SaxfLBTBIMBBlKFjFKTC71kPN+tebVvRncZeIXpAYFmv3qV28Q01SgNJQTrbu+l5ggI8owynFa6aUaE0LHZIhdSyURqINsduvUPbHKwI1iZUsad6b+nsiI0HoiQtspiBnpRS8X//O6qYmug4zJJDUo6XxRlHLXxG7+uDtgCqnhE0sIVcze6tIRUYQaG0/FhuAvvrxMHs/q/mX94v681rgp4ijDERzDKfhwBQ24gya0gMIInuEV3hzhvDjvzse8teQUM4fwB87nDxCmjkU=</latexit>

`
<latexit sha1_base64="pbrTBi+I5TdMb2KRSYVNYXSeyj4=">AAAB6HicbVDLSgNBEOz1GeMr6tHLYBA8hV3xdQx68ZiAeUCyhNnZ3mTM7OwyMyuEkC/w4kERr36SN//GSbIHTSxoKKq66e4KUsG1cd1vZ2V1bX1js7BV3N7Z3dsvHRw2dZIphg2WiES1A6pRcIkNw43AdqqQxoHAVjC8m/qtJ1SaJ/LBjFL0Y9qXPOKMGivVw16p7FbcGcgy8XJShhy1XumrGyYsi1EaJqjWHc9NjT+mynAmcFLsZhpTyoa0jx1LJY1R++PZoRNyapWQRImyJQ2Zqb8nxjTWehQHtjOmZqAXvan4n9fJTHTjj7lMM4OSzRdFmSAmIdOvScgVMiNGllCmuL2VsAFVlBmbTdGG4C2+vEya5xXvqnJZvyhXb/M4CnAMJ3AGHlxDFe6hBg1ggPAMr/DmPDovzrvzMW9dcfKZI/gD5/MHyymM8g==</latexit>

d
<latexit sha1_base64="fDp9Q3Hu8/8EJL9Nk2n8BR7BLHU=">AAAB6HicbVDLSgNBEOz1GeMr6tHLYBA8hV3xdQx68ZiAeUCyhNlJbzJmdnaZmRXCki/w4kERr36SN//GSbIHTSxoKKq66e4KEsG1cd1vZ2V1bX1js7BV3N7Z3dsvHRw2dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6m/qtJ1Sax/LBjBP0IzqQPOSMGivVh71S2a24M5Bl4uWkDDlqvdJXtx+zNEJpmKBadzw3MX5GleFM4KTYTTUmlI3oADuWShqh9rPZoRNyapU+CWNlSxoyU39PZDTSehwFtjOiZqgXvan4n9dJTXjjZ1wmqUHJ5ovCVBATk+nXpM8VMiPGllCmuL2VsCFVlBmbTdGG4C2+vEya5xXvqnJZvyhXb/M4CnAMJ3AGHlxDFe6hBg1ggPAMr/DmPDovzrvzMW9dcfKZI/gD5/MH0TmM9g==</latexit>

h

= Sequence length 

= Feature dim

= # attention head

<latexit sha1_base64="9EjUKPNlo0raXTLpwN4/wiUYpSk=">AAACA3icbVDLSsNAFJ3UV62vqDvdDBbBVUnE17LoxmUV+4Amlslk0g6dPJi5EUoIuPFX3LhQxK0/4c6/cdJ2oa0HLhzOuZd77/ESwRVY1rdRWlhcWl4pr1bW1jc2t8ztnZaKU0lZk8Yilh2PKCZ4xJrAQbBOIhkJPcHa3vCq8NsPTCoeR3cwSpgbkn7EA04JaKln7jkhgYHnZbf5feYwIbADPGQK+3nPrFo1aww8T+wpqaIpGj3zy/FjmoYsAiqIUl3bSsDNiAROBcsrTqpYQuiQ9FlX04joPW42/iHHh1rxcRBLXRHgsfp7IiOhUqPQ053FxWrWK8T/vG4KwYWb8ShJgUV0sihIBYYYF4Fgn0tGQYw0IVRyfSumAyIJBR1bRYdgz748T1rHNfusdnpzUq1fTuMoo310gI6Qjc5RHV2jBmoiih7RM3pFb8aT8WK8Gx+T1pIxndlFf2B8/gArlJfe</latexit>

R`⇥d

Attention is quadratic in sequence length!

<latexit sha1_base64="bnG5BxtXIDix7Kx/KvvpLGKX9WY=">AAACDXicbVC7TsMwFHXKq5RXgJHFoiAxVQniNVawMBZEH1ITKsdxWquOE9kOUmXlB1j4FRYGEGJlZ+NvcNoO0HKkKx2dc6/uvSdIGZXKcb6t0sLi0vJKebWytr6xuWVv77RkkglMmjhhiegESBJGOWkqqhjppIKgOGCkHQyvCr/9QISkCb9To5T4MepzGlGMlJF69oEXIzUIAn2b32uPMAY9RWMioRcJhHWY60Ge9+yqU3PGgPPEnZIqmKLRs7+8MMFZTLjCDEnZdZ1U+RoJRTEjecXLJEkRHqI+6RrKkdno6/E3OTw0SgijRJjiCo7V3xMaxVKO4sB0FrfLWa8Q//O6mYoufE15minC8WRRlDGoElhEA0MqCFZsZAjCgppbIR4gE4MyAVZMCO7sy/OkdVxzz2qnNyfV+uU0jjLYA/vgCLjgHNTBNWiAJsDgETyDV/BmPVkv1rv1MWktWdOZXfAH1ucPoTOckg==</latexit>

R`⇥ d
hEach head:

<latexit sha1_base64="bnG5BxtXIDix7Kx/KvvpLGKX9WY=">AAACDXicbVC7TsMwFHXKq5RXgJHFoiAxVQniNVawMBZEH1ITKsdxWquOE9kOUmXlB1j4FRYGEGJlZ+NvcNoO0HKkKx2dc6/uvSdIGZXKcb6t0sLi0vJKebWytr6xuWVv77RkkglMmjhhiegESBJGOWkqqhjppIKgOGCkHQyvCr/9QISkCb9To5T4MepzGlGMlJF69oEXIzUIAn2b32uPMAY9RWMioRcJhHWY60Ge9+yqU3PGgPPEnZIqmKLRs7+8MMFZTLjCDEnZdZ1U+RoJRTEjecXLJEkRHqI+6RrKkdno6/E3OTw0SgijRJjiCo7V3xMaxVKO4sB0FrfLWa8Q//O6mYoufE15minC8WRRlDGoElhEA0MqCFZsZAjCgppbIR4gE4MyAVZMCO7sy/OkdVxzz2qnNyfV+uU0jjLYA/vgCLjgHNTBNWiAJsDgETyDV/BmPVkv1rv1MWktWdOZXfAH1ucPoTOckg==</latexit>

R`⇥ d
hEach head:

Slide credit: Ilharco et al. High Performance NLP, EMNLP’20

https://gabrielilharco.com/files/EMNLP_2020_Tutorial__High_Performance_NLP.pdf


Positional encodings
So far, attention has been a set operator, meaning 
that is permutation invariant. 

As we want to deal with sequences, we we to add 
a positional information! 

This can be either fixed or learned.
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<latexit sha1_base64="qNjRGLlYGfjH9En+CkLCkjrR+Yk="></latexit>

Eki =

8
<

:
sin

⇣
k/10000

i
N

⌘
if i is even

cos
⇣
k/10000

i�1
N

⌘
if i is odd

example: fixed for a position k in the sequence and i in the feature space

Positional 
encoding

Input 
embedding

Slide credit: Ilharco et al. High Performance NLP, EMNLP’20

https://gabrielilharco.com/files/EMNLP_2020_Tutorial__High_Performance_NLP.pdf


The Transformer  
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Encoder Decoder

Slide credit: Ilharco et al. High Performance NLP, EMNLP’20

https://gabrielilharco.com/files/EMNLP_2020_Tutorial__High_Performance_NLP.pdf


So far…
● CNNs are powerful models for image/video representation learning 

○ Deeper and larger models need some tricks (skip connections & normalisation) 
to be trained because of vanishing gradients and instabilities 

● RNNs can be used to model sequence data 
○ They suffer even more of vanishing gradient 

● Attention can be used to solve the information bottleneck problem 

● Attention can be used to replace recurrent computation
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One revolution at the time
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First revolution ~2010-2017

124Deng, Jia, et al. "Imagenet: A large-scale hierarchical image database." 2009

1. Large-scale supervised datasets 
e.g. ImageNet 1K (1.2M imgs)  

subset of 21K (14M imgs)

2. GPUs Parallelisation 
larger models & more data

3. Autodiff frameworks 
&  

communities 



Second revolution ~2017-now : Attention & Scale is all you need
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Transformers are scalable and parallelizable! 
Let’s use larger models and more data

GPT-2 1.5 Billion GPT-3 175 Billion ???

Easter egg :) Look who won the best paper award the same year as GPT-3

https://neuripsconf.medium.com/announcing-the-neurips-2020-award-recipients-73e4d3101537


Transformers taking over one field at the time
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NLP: RNNs (+ LSTM)

Reinforcement Learning

Vision: CNNs (+ ResNet)

Audio

Cons: you need far more data. Especially in vision, as you don’t have any model inductive bias



Anything you can tokenize, you can feed to Transformer
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Anything you can tokenize, you can feed to Transformer
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So far…
● CNNs are powerful models for image/video representation learning 

○ Deeper and larger models need some tricks (skip connections & normalisation) 
to be trained because of vanishing gradients and instabilities 

● RNNs can be used to model sequence data 
○ They suffer even more of vanishing gradient 

● Attention can be used to solve the information bottleneck problem 

● Attention can be used to replace recurrent computation 

● Scale & Attention is all you need (we will see…)
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Questions?
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