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What you will learn in the next 90 min
1 Introduction to NNs

4 Recap2 Training with backpropagation

3 The transformer architecture
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Intro to Neural Networks



‣ NN is a family of maps                            parameterized by parameters 
‣ The map     is a concatenation of 

• affine transformations 

• element-wise non-linear functions  

‣ Compare with 
• Taylor Expansion 

• Fourier Expansion

Neural Networks
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‣ So why would one ever do this? 
 
 

Neural Networks as function approximations

[Cybenko `89; Hornik `91; Leshno et.al. `93; Pinkus `99]
Theorem: NNs are universal function approximators
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DISCLAIMER:  
This is NOT 

what a NN does 



‣ Learning functions for regression 
 
 
 
 
 
 

‣ Learning functions as decision 
boundaries for classification

‣ In practice: build finite width, 
finite depth NN

Neural Networks as function approximations

widthdepth



Training with backpropagation
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‣ In supervised ML, you have a notion of what you want the NN output to be 
‣ This is encoded in a loss function    , which gives the distance between 

the NN output           and the desired output  
‣ Given this distance or loss, you want to update the NN parameters    s.t. 

‣ Typically, the loss function is chosen such that                             with 
equality iff 

‣ This means we need to find minima in (a million- to billion-dimensional) 
parameter space that generalizes well beyond training data 

‣ Use “cheapest” (linear) optimizer: gradient descent

Neural Networks
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Visualization - Gradient descent

   Randomly initialized NN  
= Random function 
= Random point in loss landscape

Loss landscape as a function  
of the NN parameters, and thus as a functional  
(function of a function) of the NN



Visualization - Gradient descent

step size = learning rate



Visualization - Gradient descent
good learning rate



Visualization - Gradient descent
learning rate too big



Visualization - Gradient descent
learning rate too small



Gradient Descent - Loss functions
‣ For regression:

✦  MSE (Mean squared error): 

✦  MAE (Mean absolute error): 

✦  MAPE (Mean absolute percentage error): 

‣ For classification:

✦  Binary cross-entropy: 
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Gradient Descent - Details
‣ NN = composition of maps     use chain rule for derivatives 
‣ At each layer of the NN, we want the gradient for each point in the dataset 
‣ We introduce the following notation:
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Jupyter Notebook Presentation



Gradient Descent - Details
‣ NN = composition of maps     use chain rule for derivatives 
‣ At each layer of the NN, we want the gradient for each point in the dataset 
‣ We introduce the following notation: 
‣ Then: 
✦                              
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y � a(n)(z(n))

i
a0(n)(z(n))

<latexit sha1_base64="9e2okHFzzQuy8BSgcwUGflbqv94="></latexit>

@z(n)µ

@b(n)⌫

= �µ⌫

for

for

<latexit sha1_base64="1s/Pc5gPurhvtSstqKMx4hmyJa8=">AAACCHicbVDLSgMxFL1TX7W+qi7dBIvgqsyIr2XBjcsq9gHtUDKZTBuaTIYkI5ShPyBu9TvciVv/ws/wD8y0s7DWAyGHc86Fe0+QcKaN6345pZXVtfWN8mZla3tnd6+6f9DWMlWEtojkUnUDrClnMW0ZZjjtJopiEXDaCcY3ud95pEozGT+YSUJ9gYcxixjBxkr3/WxQrbl1dwa0TLyC1KBAc1D97oeSpILGhnCsdc9zE+NnWBlGOJ1W+qmmCSZjPKQ9S2MsqPaz2aZTdGKVEEVS2RcbNFN/T2RBIGwqkDxEeiLsrxdsLHQu24jAZrTk5eJ/Xi810bWfsThJDY3JfI8o5chIlLeCQqYoMXxiCSaK2VMQGWGFibHdVWxH3t9Glkn7rO5d1i/uzmsNXLRVhiM4hlPw4AoacAtNaAGBCJ7hBV6dJ+fNeXc+5tGSU8wcwgKczx9jXJn/</latexit>

{<latexit sha1_base64="UmNUQV4F/RXIayG9n87DfQwIlX0="></latexit>

@z(n)µ

@✓(n)a

=

<latexit sha1_base64="ykoiOeJQ07Yo/Dm6iQxRza7ehmg="></latexit>

@z(n)µ

@w(n)
µ⌫

= `(n�1)
⌫

<latexit sha1_base64="42zqFYexFtQ2MVWEONdBQQ9tKow=">AAACKXicbVDLSgMxFM34rPVVdekmWoS6KTPiayMU3bisYB/QqSWTpm1okhmSO0oZuvZjxK1+hzt16xf4B6btLKz1QMjhnHPh3hNEghtw3Q9nbn5hcWk5s5JdXVvf2MxtbVdNGGvKKjQUoa4HxDDBFasAB8HqkWZEBoLVgv7VyK/dM214qG5hELGmJF3FO5wSsFIrt+dDjwG5SwrqcNgi+AI/pDzxZeyreNjK5d2iOwaeJV5K8ihFuZX79tshjSVTQAUxpuG5ETQTooFTwYZZPzYsIrRPuqxhqSKSmWYyPmWID6zSxp1Q26cAj9XfE0kQSJsKQtHGZiDtb6ZsIs1IthFJoDfjjcT/vEYMnfNmwlUUA1N0skcnFhhCPKoNt7lmFMTAEkI1t6dg2iOaULDlZm1H3t9GZkn1qOidFk9ujvOly7StDNpF+6iAPHSGSugalVEFUfSIntELenWenDfn3fmcROecdGYHTcH5+gGUxaaU</latexit>

✓(n)a = w(n)
µ⌫

<latexit sha1_base64="DH9h8YP+xbV/RqoFupYFgcl+ddU=">AAACJnicbVDLSgMxFM3UV62vqktBgkWomzIjvjZC0Y3LCvYBnbFk0rQNzWSG5I5Qhtn5MeJWv8OdiDt/wT8wbWdhrQdCDuecC/cePxJcg21/WrmFxaXllfxqYW19Y3OruL3T0GGsKKvTUISq5RPNBJesDhwEa0WKkcAXrOkPr8d+84EpzUN5B6OIeQHpS97jlICROsV9FwYMyH1Slkdph+BL7Gc8cWWcdoolu2JPgOeJk5ESylDrFL/dbkjjgEmggmjdduwIvIQo4FSwtODGmkWEDkmftQ2VJGDaSyZ3pPjQKF3cC5V5EvBE/T2R+H5gUn4ouliPAvPrGZsEeiybSEBgMOeNxf+8dgy9Cy/hMoqBSTrdoxcLDCEed4a7XDEKYmQIoYqbUzAdEEUomGYLpiPnbyPzpHFccc4qp7cnpepV1lYe7aEDVEYOOkdVdINqqI4oekTP6AW9Wk/Wm/VufUyjOSub2UUzsL5+ANcOpSM=</latexit>

✓(n)a = b(n)⌫

known from 
forward pass



Gradient Descent - Details
‣ NN = composition of maps     use chain rule for derivatives 
‣ At each layer of the NN, we want the gradient for each point in the dataset 
‣ We introduce the following notation: 
‣ Then: 
✦   

✦   

<latexit sha1_base64="ZomLK/kRj7EVT2o6UJfmH+GZ/xY=">AAACEXicbVDLSgMxFM3UV62vqks3wSK4KjPia1l047KKfcB0KJlMpg3NY0gyShn6FeJWv8OduPUL/Az/wEw7C2s9EHI451y494QJo9q47pdTWlpeWV0rr1c2Nre2d6q7e20tU4VJC0smVTdEmjAqSMtQw0g3UQTxkJFOOLrO/c4DUZpKcW/GCQk4GggaU4yMlfzeHR0MDVJKPvarNbfuTgEXiVeQGijQ7Fe/e5HEKSfCYIa09j03MUGGlKGYkUmll2qSIDxCA+JbKhAnOsimK0/gkVUiGEtlnzBwqv6eyMKQ21QoWQT1mNtfz9mI61y2EY7McMHLxf88PzXxZZBRkaSGCDzbI04ZNBLm9cCIKoING1uCsKL2FIiHSCFsbIkV25H3t5FF0j6pe+f1s9vTWuOqaKsMDsAhOAYeuAANcAOaoAUwkOAZvIBX58l5c96dj1m05BQz+2AOzucPwsmd6A==</latexit>)

<latexit sha1_base64="FX7kGtgTEQyFtq95xHaQIb7AYOc="></latexit>

@L

@✓(n)
=

@L

@z(n)
@z(n)

@✓(n)

<latexit sha1_base64="7ap01WH7JQSyOLxZPyR4yKP0PQ0="></latexit>

@L

@✓(n�1)
=

@L

@z(n)
@z(n)

@z(n�1)

@z(n�1)

@✓(n�1) <latexit sha1_base64="aW2K2l4DuDKoXLdaiL28GWXMloM=">AAACIHicbVDLSgMxFM3UV62vqhvBTbAIdVNmxNdGKLpxWcE+oK1DJk3b0CQzJHeEMowfI271O9yJS/0L/8D0sbDWAyGHc86Fe08QCW7AdT+dzMLi0vJKdjW3tr6xuZXf3qmZMNaUVWkoQt0IiGGCK1YFDoI1Is2IDASrB4PrkV9/YNrwUN3BMGJtSXqKdzklYCU/v9eCPgPiE3yJg/ukqI5SP2nJOPXzBbfkjoHniTclBTRFxc9/tzohjSVTQAUxpum5EbQTooFTwdJcKzYsInRAeqxpqSKSmXYyviDFh1bp4G6o7VOAx+rviSQIpE0FoehgM5T2NzM2kWYk24gk0J/zRuJ/XjOG7kU74SqKgSk62aMbCwwhHrWFO1wzCmJoCaGa21Mw7RNNKNhOc7Yj728j86R2XPLOSqe3J4Xy1bStLNpHB6iIPHSOyugGVVAVUfSIntELenWenDfn3fmYRDPOdGYXzcD5+gFTa6LR</latexit>

✓a = b(n)µ

<latexit sha1_base64="9rV9yMwvUqz5W2IB62QebgaDuKs=">AAACI3icbVDLSgMxFM34rPVVddlNsAh1U2bE10YounFZwT6gU4dMmrahSWZI7ihl6MKPEbf6He7EjQs/wj8wfSys9UDI4Zxz4d4TxoIbcN1PZ2FxaXllNbOWXd/Y3NrO7ezWTJRoyqo0EpFuhMQwwRWrAgfBGrFmRIaC1cP+1civ3zNteKRuYRCzliRdxTucErBSkMv70GNAAoIv8MNdWlSHwyD1ZeKrZBjkCm7JHQPPE29KCmiKSpD79tsRTSRTQAUxpum5MbRSooFTwYZZPzEsJrRPuqxpqSKSmVY6PmKID6zSxp1I26cAj9XfE2kYSpsKI9HGZiDtb2ZsIs1IthFJoDfnjcT/vGYCnfNWylWcAFN0skcnERgiPCoMt7lmFMTAEkI1t6dg2iOaULC1Zm1H3t9G5kntqOSdlk5ujgvly2lbGZRH+6iIPHSGyugaVVAVUfSIntELenWenDfn3fmYRBec6cwemoHz9QMMZKRD</latexit>

✓a = w(n)
µ⌫for

for

<latexit sha1_base64="1s/Pc5gPurhvtSstqKMx4hmyJa8=">AAACCHicbVDLSgMxFL1TX7W+qi7dBIvgqsyIr2XBjcsq9gHtUDKZTBuaTIYkI5ShPyBu9TvciVv/ws/wD8y0s7DWAyGHc86Fe0+QcKaN6345pZXVtfWN8mZla3tnd6+6f9DWMlWEtojkUnUDrClnMW0ZZjjtJopiEXDaCcY3ud95pEozGT+YSUJ9gYcxixjBxkr3/WxQrbl1dwa0TLyC1KBAc1D97oeSpILGhnCsdc9zE+NnWBlGOJ1W+qmmCSZjPKQ9S2MsqPaz2aZTdGKVEEVS2RcbNFN/T2RBIGwqkDxEeiLsrxdsLHQu24jAZrTk5eJ/Xi810bWfsThJDY3JfI8o5chIlLeCQqYoMXxiCSaK2VMQGWGFibHdVWxH3t9Glkn7rO5d1i/uzmsNXLRVhiM4hlPw4AoacAtNaAGBCJ7hBV6dJ+fNeXc+5tGSU8wcwgKczx9jXJn/</latexit>

{<latexit sha1_base64="sGC5CaPQoMIJPiBa0oxN1ehTq60="></latexit>

@z(n�1)
µ

@✓(n�1)
a

= <latexit sha1_base64="mD9L+ntTDE10FZBCg0r7WSMydXc="></latexit>

@z(n�1)
µ

@b(n�1)
⌫

= �µ⌫

<latexit sha1_base64="/jYyIxpDK5wJZIiv9MRQYPaFjWA="></latexit>

@z(n�1)
µ

@w(n�1)
µ⌫

= `(n�2)
⌫

known from forward pass
<latexit sha1_base64="Pvp8IMLa4NnWXTEZMzdrcHmqBmI="></latexit>0

@
Nn�1X

µ=1

w(n�1)
µ⌫

@L

@z(n)µ

1

A a0(n�1)(z(n�1)
⌫ )



Gradient Descent - Details
‣ NN = composition of maps     use chain rule for derivatives 
‣ At each layer of the NN, we want the gradient for each point in the dataset 
‣ We introduce the following notation: 
‣ Then: 
✦   

✦   

✦ 

<latexit sha1_base64="ZomLK/kRj7EVT2o6UJfmH+GZ/xY=">AAACEXicbVDLSgMxFM3UV62vqks3wSK4KjPia1l047KKfcB0KJlMpg3NY0gyShn6FeJWv8OduPUL/Az/wEw7C2s9EHI451y494QJo9q47pdTWlpeWV0rr1c2Nre2d6q7e20tU4VJC0smVTdEmjAqSMtQw0g3UQTxkJFOOLrO/c4DUZpKcW/GCQk4GggaU4yMlfzeHR0MDVJKPvarNbfuTgEXiVeQGijQ7Fe/e5HEKSfCYIa09j03MUGGlKGYkUmll2qSIDxCA+JbKhAnOsimK0/gkVUiGEtlnzBwqv6eyMKQ21QoWQT1mNtfz9mI61y2EY7McMHLxf88PzXxZZBRkaSGCDzbI04ZNBLm9cCIKoING1uCsKL2FIiHSCFsbIkV25H3t5FF0j6pe+f1s9vTWuOqaKsMDsAhOAYeuAANcAOaoAUwkOAZvIBX58l5c96dj1m05BQz+2AOzucPwsmd6A==</latexit>)

<latexit sha1_base64="FX7kGtgTEQyFtq95xHaQIb7AYOc="></latexit>

@L

@✓(n)
=

@L

@z(n)
@z(n)

@✓(n)

<latexit sha1_base64="7ap01WH7JQSyOLxZPyR4yKP0PQ0="></latexit>

@L

@✓(n�1)
=

@L

@z(n)
@z(n)

@z(n�1)

@z(n�1)

@✓(n�1)

<latexit sha1_base64="fiI6vVitugvC6211J3GTrdaLAP8="></latexit>

@L

@✓(n�2)
=

@L

@z(n)
@z(n)

@z(n�1)

@z(n�1)

@z(n�2)

@z(n�2)

@✓(n�2)



Gradient Descent - Details
‣ NN = composition of maps     use chain rule for derivatives 
‣ At each layer of the NN, we want the gradient for each point in the dataset 
‣ We introduce the following notation: 
‣ Then: 
✦   

✦   

✦ 

<latexit sha1_base64="ZomLK/kRj7EVT2o6UJfmH+GZ/xY=">AAACEXicbVDLSgMxFM3UV62vqks3wSK4KjPia1l047KKfcB0KJlMpg3NY0gyShn6FeJWv8OduPUL/Az/wEw7C2s9EHI451y494QJo9q47pdTWlpeWV0rr1c2Nre2d6q7e20tU4VJC0smVTdEmjAqSMtQw0g3UQTxkJFOOLrO/c4DUZpKcW/GCQk4GggaU4yMlfzeHR0MDVJKPvarNbfuTgEXiVeQGijQ7Fe/e5HEKSfCYIa09j03MUGGlKGYkUmll2qSIDxCA+JbKhAnOsimK0/gkVUiGEtlnzBwqv6eyMKQ21QoWQT1mNtfz9mI61y2EY7McMHLxf88PzXxZZBRkaSGCDzbI04ZNBLm9cCIKoING1uCsKL2FIiHSCFsbIkV25H3t5FF0j6pe+f1s9vTWuOqaKsMDsAhOAYeuAANcAOaoAUwkOAZvIBX58l5c96dj1m05BQz+2AOzucPwsmd6A==</latexit>)

<latexit sha1_base64="FX7kGtgTEQyFtq95xHaQIb7AYOc="></latexit>

@L

@✓(n)
=

@L

@z(n)
@z(n)

@✓(n)

<latexit sha1_base64="7ap01WH7JQSyOLxZPyR4yKP0PQ0="></latexit>

@L

@✓(n�1)
=

@L

@z(n)
@z(n)

@z(n�1)

@z(n�1)

@✓(n�1)

<latexit sha1_base64="fiI6vVitugvC6211J3GTrdaLAP8="></latexit>

@L

@✓(n�2)
=

@L

@z(n)
@z(n)

@z(n�1)

@z(n�1)

@z(n�2)

@z(n�2)

@✓(n�2)

GD parameter update
<latexit sha1_base64="GFp9kpIWOp6dQiqTAkfOvMg+J9c="></latexit>

✓(i) ! ✓(i) � ↵
@L

@✓(i)



Gradient Descent - Consequences
‣ Most of what we need in backward pass has been computed in forward 

pass or can be trivially computed 
‣ …but we need  
‣ Common activation functions have                        , so reuse from fwd pass 

<latexit sha1_base64="xkNaOUW+H6vTJxrTSjMcQL/Q0CE=">AAACG3icbVC7TsMwFHXKq5RXoCOLRYVoB6oE8RorWBiLRB9SGyrHcVqrjhPZDlKI8imIFb6DDbEy8Bn8AU7bgVKOZN2jc86Vro8bMSqVZX0ZhaXlldW14nppY3Nre8fc3WvLMBaYtHDIQtF1kSSMctJSVDHSjQRBgctIxx1f537ngQhJQ36nkog4ARpy6lOMlJYGZhkd3adVWsuqj/k8tmtZbWBWrLo1AVwk9oxUwAzNgfnd90IcB4QrzJCUPduKlJMioShmJCv1Y0kihMdoSHqachQQ6aST4zN4qBUP+qHQjys4UX9vpK4b6JQbMg/KJNBTztkokLmsIwFSowUvF//zerHyL52U8ihWhOPpHX7MoAphXhT0qCBYsUQThAXVX4F4hATCStdZ0h3ZfxtZJO2Tun1eP7s9rTSuZm0VwT44AFVggwvQADegCVoAgwQ8gxfwajwZb8a78TGNFozZThnMwfj8Aahfn7U=</latexit>

a0(i)(z(i�1))
<latexit sha1_base64="j5mJDnn0n+32EkZDHJBeHv/wcf8=">AAACG3icbVDLSgMxFM34rPU12qWbYBHbTZkRXxuh6MZlBfuAdiyZNNOGZpIhyQjD0E8Rt/od7sStCz/DPzDTzsJaD4QczjkX7j1+xKjSjvNlLS2vrK6tFzaKm1vbO7v23n5LiVhi0sSCCdnxkSKMctLUVDPSiSRBoc9I2x/fZH77kUhFBb/XSUS8EA05DShG2kh9u4SOH9IKrU6uggqasWrfLjs1Zwq4SNyclEGORt/+7g0EjkPCNWZIqa7rRNpLkdQUMzIp9mJFIoTHaEi6hnIUEuWl0+Un8MgoAxgIaR7XcKr+nkh9PzQpX7ABVElofjVno1BlsomESI8WvEz8z+vGOrj0UsqjWBOOZ3sEMYNawKwoOKCSYM0SQxCW1JwC8QhJhLWps2g6cv82skhaJzX3vHZ2d1quX+dtFcABOAQV4IILUAe3oAGaAIMEPIMX8Go9WW/Wu/Uxiy5Z+UwJzMH6/AHwTZ/h</latexit>

a0(i) = f(a(i))

<latexit sha1_base64="ORjYPquhL/BFI0lN3gTGmGvswlc="></latexit>

a(x) = tanh(x) ) a0(x) = 1� [a(i)(x)]2
<latexit sha1_base64="TnfsztBUT2BS4wJ0D4vSQmYBV4o="></latexit>

a(x) = ReLU(x) = max(0, x) ) a0(x) = ✓(x)
<latexit sha1_base64="TnfsztBUT2BS4wJ0D4vSQmYBV4o="></latexit>

a(x) = ReLU(x) = max(0, x) ) a0(x) = ✓(x)

<latexit sha1_base64="8C18p0yyNLs8qgj+fORw0xR/kYA="></latexit>

a(x) = �(x) = 1/(1 + e�x) ) a0(x) = [a(i)(x)]2/(a(i)(x)� 1)
<latexit sha1_base64="26ScUvkq8BOo3aXkib+RhaQll0o="></latexit>

a(x) = tanh(x) ) a0(x) = 1� [a(x)]2
<latexit sha1_base64="ca2m/BVNK7zMWxGp4za4FUKEuew="></latexit>

a(x) = �(x) = 1/(1 + e�x) ) a0(x) = a(x)[1� a(x)]
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Gradient Descent - Consequences
‣ NN are typically used in big data applications 
‣ Can parallelize over input-output-pairs 

• O(10) cores on CPUs 

• O(10k) cores on GPUs 

‣ But not all input-output-pairs can fit into memory simultaneously 
‣ Batch data into mini-batches and perform updates after each mini-batch 

(typically batch size is O(10)-O(100)) 
‣ This leads to stochastic GD (since we are not optimizing on entire loss landscape 

but only on a subset computed from each batch) 
‣ This can in fact help overcome local minima and saddles, but hinders  

parallelization



Gradient Descent - Consequences
‣ Gradient at layer i proportional to gradient at layer i + 1 

‣ Get vanishing / exploding gradients at earlier layers 
‣ Counter: Edge of chaos initialization, gradient/weight clipping, batch 

norm, skip connections (UNET, ResNET), …

 [Hayou, Doucet, Rousseau `19] [Xiao et.al. `18]



Gradient Descent - Consequences
‣ Gradient at layer i proportional to gradient at layer i + 1 

‣ Dying ReLU problem:                                          for  
‣ ReLU can die and not activate other layers; updates are zero as well, so 

this behavior won’t change 
‣ Combat with leaky ReLU: 

‣ To a lesser extent the same can happen to sigmoid:

<latexit sha1_base64="2mJwMqwFFNdPrYssvhJU34Tfjkw=">AAACKHicbVDLSgNBEJyNrxhfUY9eBoOol7Arvi5C0IsHD1FcIyQhzE46yeDsg5leMSy5+jHiVb/Dm+TqH/gHziZ7MMaGYaqrqqG7vEgKjbY9tHIzs3PzC/nFwtLyyupacX3jToex4uDyUIbq3mMapAjARYES7iMFzPck1LyHi1SvPYLSIgxusR9B02fdQHQEZ2ioVpE2EJ4wuYErd7D3tH/2q91Ne7tVLNlle1R0GjgZKJGsqq3id6Md8tiHALlkWtcdO8JmwhQKLmFQaMQaIsYfWBfqBgbMB91MRpcM6I5h2rQTKvMCpCP290Tieb5xeaFsU933za8nZObrlDYWn2FvSkvJ/7R6jJ3TZiKCKEYI+HiPTiwphjRNjbaFAo6ybwDjSphTKO8xxTiabAsmI+dvItPg7qDsHJePrg9LlfMsrTzZIttkjzjkhFTIJakSl3DyTF7JG3m3XqwP69Majq05K5vZJBNlff0AAAulqw==</latexit>

ReLU(x) = ReLU0(x) = 0
<latexit sha1_base64="lLQBaxBqGgtXPmoR8o0VtoBpyps=">AAACDHicbVDLSgMxFL3js9ZX1aWbYBFclRnxtSy6cVnBPqAdSiaTaWOTzJhkxDL0F8Stfoc7ces/+Bn+gZm2C2s9EHI451y49wQJZ9q47pezsLi0vLJaWCuub2xubZd2dhs6ThWhdRLzWLUCrClnktYNM5y2EkWxCDhtBoOr3G8+UKVZLG/NMKG+wD3JIkawsVLjscPpvdstld2KOwaaJ96UlGGKWrf03QljkgoqDeFY67bnJsbPsDKMcDoqdlJNE0wGuEfblkosqPaz8bYjdGiVEEWxsk8aNFZ/T2RBIGwqiHmI9FDYX8/YWOhcthGBTX/Oy8X/vHZqogs/YzJJDZVkskeUcmRilDeDQqYoMXxoCSaK2VMQ6WOFibH9FW1H3t9G5knjuOKdVU5vTsrVy2lbBdiHAzgCD86hCtdQgzoQuINneIFX58l5c96dj0l0wZnO7MEMnM8fTO6bdw==</latexit>

x  0

<latexit sha1_base64="4rByOvigpB2ZfepcIsCOdgfh98A=">AAACGnicbVC7SgNBFJ2NrxhfMZY2g0GwCrviqxGCNhYWUcwDkiXMTm6SIbMPZu5KwpI/EVv9DjuxtfEz/ANnkxTGeGCYwznnwr3Hi6TQaNtfVmZpeWV1Lbue29jc2t7J7xZqOowVhyoPZagaHtMgRQBVFCihESlgvieh7g2uU7/+CEqLMHjAUQSuz3qB6ArO0EjtfKGFMMREAhuM6D3cVseX7XzRLtkT0EXizEiRzFBp579bnZDHPgTIJdO66dgRuglTKLiEca4Va4gYH7AeNA0NmA/aTSa7j+mhUTq0GyrzAqQT9fdE4nm+SXmh7FA98s2v52zm61Q2EZ9hf8FLxf+8ZozdCzcRQRQjBHy6RzeWFEOa9kQ7QgFHOTKEcSXMKZT3mWIcTZs505Hzt5FFUjsuOWel07uTYvlq1laW7JMDckQcck7K5IZUSJVwMiTP5IW8Wk/Wm/VufUyjGWs2s0fmYH3+AEzooL4=</latexit>

leaky ReLU =

<latexit sha1_base64="1s/Pc5gPurhvtSstqKMx4hmyJa8=">AAACCHicbVDLSgMxFL1TX7W+qi7dBIvgqsyIr2XBjcsq9gHtUDKZTBuaTIYkI5ShPyBu9TvciVv/ws/wD8y0s7DWAyGHc86Fe0+QcKaN6345pZXVtfWN8mZla3tnd6+6f9DWMlWEtojkUnUDrClnMW0ZZjjtJopiEXDaCcY3ud95pEozGT+YSUJ9gYcxixjBxkr3/WxQrbl1dwa0TLyC1KBAc1D97oeSpILGhnCsdc9zE+NnWBlGOJ1W+qmmCSZjPKQ9S2MsqPaz2aZTdGKVEEVS2RcbNFN/T2RBIGwqkDxEeiLsrxdsLHQu24jAZrTk5eJ/Xi810bWfsThJDY3JfI8o5chIlLeCQqYoMXxiCSaK2VMQGWGFibHdVWxH3t9Glkn7rO5d1i/uzmsNXLRVhiM4hlPw4AoacAtNaAGBCJ7hBV6dJ+fNeXc+5tGSU8wcwgKczx9jXJn/</latexit>

{ x        if  x > 0

.01 x   if  <latexit sha1_base64="lLQBaxBqGgtXPmoR8o0VtoBpyps=">AAACDHicbVDLSgMxFL3js9ZX1aWbYBFclRnxtSy6cVnBPqAdSiaTaWOTzJhkxDL0F8Stfoc7ces/+Bn+gZm2C2s9EHI451y49wQJZ9q47pezsLi0vLJaWCuub2xubZd2dhs6ThWhdRLzWLUCrClnktYNM5y2EkWxCDhtBoOr3G8+UKVZLG/NMKG+wD3JIkawsVLjscPpvdstld2KOwaaJ96UlGGKWrf03QljkgoqDeFY67bnJsbPsDKMcDoqdlJNE0wGuEfblkosqPaz8bYjdGiVEEWxsk8aNFZ/T2RBIGwqiHmI9FDYX8/YWOhcthGBTX/Oy8X/vHZqogs/YzJJDZVkskeUcmRilDeDQqYoMXxoCSaK2VMQ6WOFibH9FW1H3t9G5knjuOKdVU5vTsrVy2lbBdiHAzgCD86hCtdQgzoQuINneIFX58l5c96dj0l0wZnO7MEMnM8fTO6bdw==</latexit>

x  0

<latexit sha1_base64="h1YB8JQJNtOOi3LZVbgkihDIDJ4=">AAACKnicbVDLTgIxFO3gC/GFunTTQIy4ITPG15LoxiUm8kgYQjqdDjS006btGAhh78cYt/od7ohbf8A/sAMkiniSpqfnnJv0nkAyqo3rTpzMyura+kZ2M7e1vbO7l98/qGuRKExqWDChmgHShNGY1Aw1jDSlIogHjDSC/m3qNx6J0lTED2YoSZujbkwjipGxUidf8DXtclQanPpISiUGs/fJj+B28kW37E4Bl4k3J0UwR7WT//JDgRNOYoMZ0rrludK0R0gZihkZ5/xEE4lwH3VJy9IYcaLbo+kuY3hslRBGQtkTGzhVf0+MgoDbVCBYCPWQ21sv2IjrVLYRjkxvyUvF/7xWYqLr9ojGMjEkxrN/RAmDRsC0NxhSRbBhQ0sQVtSuAnEPKYSNbTdnO/L+NrJM6mdl77J8cX9erNzM28qCI1AAJeCBK1ABd6AKagCDJ/ACXsGb8+y8OxPnYxbNOPOZQ7AA5/Mbs1unKQ==</latexit>

�(x) ⇡ �0(x) ⇡ 0
<latexit sha1_base64="AgfGZnKMj56HWrHQeAzzmwb7MeE=">AAACHHicbVDLSsNAFJ3UV62v+Ni5GSyCq5KIr2XRjcsK9gFNKJPJpB06eTBzI62h/RRxq9/hTtwKfoZ/4KTtwlovDHM451w493iJ4Aos68soLC2vrK4V10sbm1vbO+buXkPFqaSsTmMRy5ZHFBM8YnXgIFgrkYyEnmBNr3+T680HJhWPo3sYJswNSTfiAacENNUxDxxgA8iCWI7HIzzAjhDY7phlq2JNBi8CewbKaDa1jvnt+DFNQxYBFUSptm0l4GZEAqeCjUpOqlhCaJ90WVvDiIRMudkk/Qgfa8bHOoF+EeAJ+3sj87xQu7xY+FgNQ/2rOZmEKqe1JSTQW9By8j+tnUJw5WY8SlJgEZ3mCFKBIcZ5U9jnklEQQw0IlVyfgmmPSEJB91nSHdl/G1kEjdOKfVE5vzsrV69nbRXRITpCJ8hGl6iKblEN1RFFj+gZvaBX48l4M96Nj6m1YMx29tHcGJ8/0N+hhw==</latexit>

for x ⌧ 1



The transformer architecture

[Vaswani et.al. `17]





NLP and input embedding
‣ The goal of NLP is to produce a sequence of outputs from a sequence of inputs 

‣ In order to feed words/characters of natural languages to a NN, we need to represent each word/
character as a vector in 

‣ A simple way of doing this is as follows: 

• Tokenize the words/alphabet:  

✦ Take a dictionary (with 10k unique English words, say) and enumerate each word from 1 to 10k.   

✦ assign to each word a 10’000-dim vector, which has a 1 at position I and zeros everywhere else 

• Multiply this 10k-dim vector with a 512 x 10k matrix to produce a vector in  
 
 

• Learning the entries of this matrix allows to learn “useful” embeddings

<latexit sha1_base64="egUmdMj9ag+5P7t0ol5Nm3hphLo=">AAACIXicbVDLSsNAFJ34rPUVdSVuBovgqiTia1l047KKfUATy2Q6bYdOJmHmRiwh+DHiVr/DnbgTv8I/cNJ2Ya0Xhjmccy7cc4JYcA2O82nNzS8sLi0XVoqra+sbm/bWdl1HiaKsRiMRqWZANBNcshpwEKwZK0bCQLBGMLjM9cY9U5pH8haGMfND0pO8yykBQ7XtXS8k0A+CML3J7lLZ9oA9QMpllrXtklN2RoNngTsBJTSZatv+9joRTUImgQqidct1YvBTooBTwbKil2gWEzogPdYyUJKQaT8dRcjwgWE6uBsp8yTgEft7IzUnGlcQiQ7Ww9D8ekomoc5pY8nzzGg5+Z/WSqB77pu8cQJM0vEd3URgiHBeF+5wxSiIoQGEKm6iYNonilAwpRZNR+7fRmZB/ajsnpZPro9LlYtJWwW0h/bRIXLRGaqgK1RFNUTRI3pGL+jVerLerHfrY2ydsyY7O2hqrK8fmJaktA==</latexit> nin

<latexit sha1_base64="BJ6LvCXVdNUjAv8RCUp0+SL/PDo=">AAACGXicbVC7TsMwFHXKq5RXCiOLRYXEVCUVBcYKFsaC6ENqQ+U4bmvVjiPbAVVRvgSxwnewIVYmPoM/wGkzUMqVLB+dc6507vEjRpV2nC+rsLK6tr5R3Cxtbe/s7tnl/bYSscSkhQUTsusjRRgNSUtTzUg3kgRxn5GOP7nK9M4DkYqK8E5PI+JxNArpkGKkDTWwy32O9Nj3eXKb3id1t5YO7IpTdWYDl4GbgwrIpzmwv/uBwDEnocYMKdVznUh7CZKaYkbSUj9WJEJ4gkakZ2CIOFFeMouewmPDBHAopHmhhjP290ZiohmXL1gA1ZSbXy3IiKuMNpbsjiUtI//TerEeXngJDaNYkxDPcwxjBrWAWU0woJJgzaYGICypOQXiMZIIa1NmyXTk/m1kGbRrVfesWr85rTQu87aK4BAcgRPggnPQANegCVoAg0fwDF7Aq/VkvVnv1sfcWrDynQOwMNbnD2AHoD8=</latexit>

512

a …1 0 0 0 0 Zyzzyva …0 0 0 0 1Aardvark …0 1 0 0 0 …

<latexit sha1_base64="/ySG6JY92TeCNwcKlN4HyVD57Ds="></latexit>0

B@
e1,1 . . . e10000,1
...

...
...

e1,512 . . . e10000,512

1

CA

…

1
0
0

0

<latexit sha1_base64="/ySG6JY92TeCNwcKlN4HyVD57Ds="></latexit>0

B@
e1,1 . . . e10000,1
...

...
...

e1,512 . . . e10000,512

1

CA

…

0
0
0

1

<latexit sha1_base64="GS6MimJ5cx9AnQmzAOuK2aXz+C0="></latexit>0

B@
e1,1
...

e1,512

1

CA

<latexit sha1_base64="Xc5BhvHAb2bUrq0IQUTMd5BStsE="></latexit>0

B@
e10000,1

...
e10000,512

1

CA= =



Examples of learned embeddings

Learns semantics 
 

“queen - woman + man = king”

[Image Credit: Tensorflow]





Positional embedding
‣ A fully connected layer has no notion of position: each node is connected 

to all other nodes 
‣ But position of words in a sentence is very important: 

 

‣ Add a (time-modulated) signal to each embedded word to signal its 
position in the sentence. The NN will learn to use it

The scientist eats the chicken     The chicken eats the scientist
<latexit sha1_base64="xmEv95Sq0I1L2DCUeheyoFEyn+s=">AAACCnicbVDLSgMxFL3js9ZX1aWbYBFclRnxtSy6cVnBPqAdSiaTaUMzyZhkhDL0D8Stfoc7cetP+Bn+gZl2FtZ6IORwzrlw7wkSzrRx3S9naXlldW29tFHe3Nre2a3s7be0TBWhTSK5VJ0Aa8qZoE3DDKedRFEcB5y2g9FN7rcfqdJMinszTqgf44FgESPY5FJP0Id+perW3CnQIvEKUoUCjX7luxdKksZUGMKx1l3PTYyfYWUY4XRS7qWaJpiM8IB2LRU4ptrPprtO0LFVQhRJZZ8waKr+nsiCILapQPIQ6XFsfz1n41jnso3E2AwXvFz8z+umJrryMyaS1FBBZntEKUdGorwXFDJFieFjSzBRzJ6CyBArTIxtr2w78v42skhapzXvonZ+d1atXxdtleAQjuAEPLiEOtxCA5pAYAjP8AKvzpPz5rw7H7PoklPMHMAcnM8f7xiavQ==</latexit>

6=

,

The scientist eats

… … … … … …

+ + +

<latexit sha1_base64="5FkYeXUOmlS9s2zgTR25dV6OtVk=">AAACDHicbVDLSgMxFL3js9ZX1aWbYBHqpsyIr2XRjcsK9gHtUDKZtI1NMkOSEcrQXxC3+h3uxK3/4Gf4B2baWVjrgZDDOefCvSeIOdPGdb+cpeWV1bX1wkZxc2t7Z7e0t9/UUaIIbZCIR6odYE05k7RhmOG0HSuKRcBpKxjdZH7rkSrNInlvxjH1BR5I1mcEGys1NZMV96RXKrtVdwq0SLyclCFHvVf67oYRSQSVhnCsdcdzY+OnWBlGOJ0Uu4mmMSYjPKAdSyUWVPvpdNsJOrZKiPqRsk8aNFV/T6RBIGwqiHiI9FjYX8/ZWOhMthGBzXDBy8T/vE5i+ld+ymScGCrJbI9+wpGJUNYMCpmixPCxJZgoZk9BZIgVJsb2V7QdeX8bWSTN06p3UT2/OyvXrvO2CnAIR1ABDy6hBrdQhwYQeIBneIFX58l5c96dj1l0yclnDmAOzucPgvSa/A==</latexit>

sin(0)

<latexit sha1_base64="5FkYeXUOmlS9s2zgTR25dV6OtVk=">AAACDHicbVDLSgMxFL3js9ZX1aWbYBHqpsyIr2XRjcsK9gHtUDKZtI1NMkOSEcrQXxC3+h3uxK3/4Gf4B2baWVjrgZDDOefCvSeIOdPGdb+cpeWV1bX1wkZxc2t7Z7e0t9/UUaIIbZCIR6odYE05k7RhmOG0HSuKRcBpKxjdZH7rkSrNInlvxjH1BR5I1mcEGys1NZMV96RXKrtVdwq0SLyclCFHvVf67oYRSQSVhnCsdcdzY+OnWBlGOJ0Uu4mmMSYjPKAdSyUWVPvpdNsJOrZKiPqRsk8aNFV/T6RBIGwqiHiI9FjYX8/ZWOhMthGBzXDBy8T/vE5i+ld+ymScGCrJbI9+wpGJUNYMCpmixPCxJZgoZk9BZIgVJsb2V7QdeX8bWSTN06p3UT2/OyvXrvO2CnAIR1ABDy6hBrdQhwYQeIBneIFX58l5c96dj1l0yclnDmAOzucPgvSa/A==</latexit>

sin(0)

<latexit sha1_base64="mPKC3F7DNv9pIt932rDNzOKImS0=">AAACDHicbVDLSgMxFL3js9ZX1aWbYBHqpsyIr2XRjcsK9gHtUDKZtI3NJEOSEcrQXxC3+h3uxK3/4Gf4B2baWVjrgZDDOefCvSeIOdPGdb+cpeWV1bX1wkZxc2t7Z7e0t9/UMlGENojkUrUDrClngjYMM5y2Y0VxFHDaCkY3md96pEozKe7NOKZ+hAeC9RnBxkpNInXFPemVym7VnQItEi8nZchR75W+u6EkSUSFIRxr3fHc2PgpVoYRTifFbqJpjMkID2jHUoEjqv10uu0EHVslRH2p7BMGTdXfE2kQRDYVSB4iPY7sr+dsHOlMtpEIm+GCl4n/eZ3E9K/8lIk4MVSQ2R79hCMjUdYMCpmixPCxJZgoZk9BZIgVJsb2V7QdeX8bWSTN06p3UT2/OyvXrvO2CnAIR1ABDy6hBrdQhwYQeIBneIFX58l5c96dj1l0yclnDmAOzucPepya9w==</latexit>

cos(0)

<latexit sha1_base64="mPKC3F7DNv9pIt932rDNzOKImS0=">AAACDHicbVDLSgMxFL3js9ZX1aWbYBHqpsyIr2XRjcsK9gHtUDKZtI3NJEOSEcrQXxC3+h3uxK3/4Gf4B2baWVjrgZDDOefCvSeIOdPGdb+cpeWV1bX1wkZxc2t7Z7e0t9/UMlGENojkUrUDrClngjYMM5y2Y0VxFHDaCkY3md96pEozKe7NOKZ+hAeC9RnBxkpNInXFPemVym7VnQItEi8nZchR75W+u6EkSUSFIRxr3fHc2PgpVoYRTifFbqJpjMkID2jHUoEjqv10uu0EHVslRH2p7BMGTdXfE2kQRDYVSB4iPY7sr+dsHOlMtpEIm+GCl4n/eZ3E9K/8lIk4MVSQ2R79hCMjUdYMCpmixPCxJZgoZk9BZIgVJsb2V7QdeX8bWSTN06p3UT2/OyvXrvO2CnAIR1ABDy6hBrdQhwYQeIBneIFX58l5c96dj1l0yclnDmAOzucPepya9w==</latexit>

cos(0)

<latexit sha1_base64="P41DpfAk5K/55K0iIJFtWOXQoG0=">AAACHHicbVDLSgMxFM34rPU1PnZugkWom3amWHVZdOOygn1AO5ZMJtOGJpkhyQh16K+IW/0Od+JW8DP8AzNtF9Z6IORwzrlw7/FjRpV2nC9raXlldW09t5Hf3Nre2bX39psqSiQmDRyxSLZ9pAijgjQ01Yy0Y0kQ9xlp+cPrzG89EKloJO70KCYeR31BQ4qRNlLPPlRUFN2y6xjcp5Vy1a2MT3t2wSk5E8BF4s5IAcxQ79nf3SDCCSdCY4aU6rhOrL0USU0xI+N8N1EkRniI+qRjqECcKC+dbD+GJ0YJYBhJ84SGE/X3ROr73KT8iAVQjbj51ZyNuMpkE+FIDxa8TPzP6yQ6vPRSKuJEE4Gne4QJgzqCWVMwoJJgzUaGICypOQXiAZIIa9Nn3nTk/m1kkTQrJfe8VL09K9SuZm3lwBE4BkXgggtQAzegDhoAg0fwDF7Aq/VkvVnv1sc0umTNZg7AHKzPH9W/nyk=</latexit>

sin(1/100002/512)

<latexit sha1_base64="rJg/Ce2iEFwe1lga8xYJ9ju13+o=">AAACHHicbVDLSgMxFM34rPU1PnZugkWom3ZSrLosunFZwT6gHUsmk2lDM5khyQh16K+IW/0Od+JW8DP8AzNtF9Z6IORwzrlw7/FizpR2nC9raXlldW09t5Hf3Nre2bX39psqSiShDRLxSLY9rChngjY005y2Y0lx6HHa8obXmd96oFKxSNzpUUzdEPcFCxjB2kg9+1AxUURl5Bjcp065iirj055dcErOBHCRoBkpgBnqPfu760ckCanQhGOlOsiJtZtiqRnhdJzvJorGmAxxn3YMFTikyk0n24/hiVF8GETSPKHhRP09kXpeaFJexH2oRqH51ZyNQ5XJJhJiPVjwMvE/r5Po4NJNmYgTTQWZ7hEkHOoIZk1Bn0lKNB8Zgolk5hRIBlhiok2fedMR+tvIImlWSui8VL09K9SuZm3lwBE4BkWAwAWogRtQBw1AwCN4Bi/g1Xqy3qx362MaXbJmMwdgDtbnD9Jtnyc=</latexit>

sin(1/100000/512)
<latexit sha1_base64="BkA0rMAQKCpU7GMiU8QDYgBtrWU=">AAACHHicbVDLSgMxFM34rPU1PnZugkWom3ZSrLosunFZwT6gHUsmk2lDM5MhyQh16K+IW/0Od+JW8DP8AzNtF9Z6IORwzrlw7/FizpR2nC9raXlldW09t5Hf3Nre2bX39ptKJJLQBhFcyLaHFeUsog3NNKftWFIcepy2vOF15rceqFRMRHd6FFM3xP2IBYxgbaSefUiEKqIycgzuU6dcRZXxac8uOCVnArhI0IwUwAz1nv3d9QVJQhppwrFSHeTE2k2x1IxwOs53E0VjTIa4TzuGRjikyk0n24/hiVF8GAhpXqThRP09kXpeaFKe4D5Uo9D8as7GocpkEwmxHix4mfif10l0cOmmLIoTTSMy3SNIONQCZk1Bn0lKNB8Zgolk5hRIBlhiok2fedMR+tvIImlWSui8VL09K9SuZm3lwBE4BkWAwAWogRtQBw1AwCN4Bi/g1Xqy3qx362MaXbJmMwdgDtbnD8nPnyI=</latexit>

cos(1/100000/512)

<latexit sha1_base64="2EAX2OWc01BXFykXLLH2O6bv7qA=">AAACH3icbVDLTgIxFO34RHyNunDhppGY4AamBNQl0Y1LTOSRAJJOp0BDO520HRMy4WOMW/0Od8Ytn+EfWGAWIp6k6ck55yb3Hj/iTBvPmzpr6xubW9uZnezu3v7BoXt03NAyVoTWieRStXysKWchrRtmOG1FimLhc9r0R3czv/lMlWYyfDTjiHYFHoSszwg2Vuq5p0TqPCoiz+IpQV6pXKyg0uSy5+a8gjcHXCUoJTmQotZzvzuBJLGgoSEca91GXmS6CVaGEU4n2U6saYTJCA9o29IQC6q7yfyACbywSgD7UtkXGjhXf08kvi9sypc8gHos7K+XbCz0TLYRgc1wxZuJ/3nt2PRvugkLo9jQkCz26MccGglnZcGAKUoMH1uCiWL2FEiGWGFibKVZ2xH628gqaZQK6KpQeSjnqrdpWxlwBs5BHiBwDargHtRAHRAwAa/gDbw7L86H8+l8LaJrTjpzApbgTH8AQGSf1w==</latexit>

cos(1/100001024/512)
<latexit sha1_base64="X7F7U+npP9jH0e9LMtAYkbnyOkY=">AAACH3icbVC7TsMwFHV4lvIKMDCwWFRIZWmTqAXGChbGItGH1IbKcZzWqhNHtoNURf0YxArfwYZY+xn8AU6bgVKOZPnonHOle48XMyqVZc2MtfWNza3twk5xd2//4NA8Om5LnghMWpgzLroekoTRiLQUVYx0Y0FQ6DHS8cZ3md95JkJSHj2qSUzcEA0jGlCMlJYG5inmsuxUbUvjKbUtp1at2870cmCWrIo1B1wldk5KIEdzYH73fY6TkEQKMyRlz7Zi5aZIKIoZmRb7iSQxwmM0JD1NIxQS6abzA6bwQis+DLjQL1Jwrv6eSD0v1CmPMx/KSah/uWSjUGayjoRIjVa8TPzP6yUquHFTGsWJIhFe7BEkDCoOs7KgTwXBik00QVhQfQrEIyQQVrrSou7I/tvIKmk7FfuqUn+olRq3eVsFcAbOQRnY4Bo0wD1oghbAYApewRt4N16MD+PT+FpE14x85gQswZj9AEIZn9g=</latexit>

cos(2/100001024/512)

<latexit sha1_base64="cBNh2JJWkSO1R6M9KOQeopkUXjg=">AAACHHicbVDLSgMxFM34rPU1PnZugkWom3amWHVZdOOygn1AO5ZMJtOGJpkhyQh16K+IW/0Od+JW8DP8AzNtF9Z6IORwzrlw7/FjRpV2nC9raXlldW09t5Hf3Nre2bX39psqSiQmDRyxSLZ9pAijgjQ01Yy0Y0kQ9xlp+cPrzG89EKloJO70KCYeR31BQ4qRNlLPPlRUFCtl1zG4T51y1a2MT3t2wSk5E8BF4s5IAcxQ79nf3SDCCSdCY4aU6rhOrL0USU0xI+N8N1EkRniI+qRjqECcKC+dbD+GJ0YJYBhJ84SGE/X3ROr73KT8iAVQjbj51ZyNuMpkE+FIDxa8TPzP6yQ6vPRSKuJEE4Gne4QJgzqCWVMwoJJgzUaGICypOQXiAZIIa9Nn3nTk/m1kkTQrJfe8VL09K9SuZm3lwBE4BkXgggtQAzegDhoAg0fwDF7Aq/VkvVnv1sc0umTNZg7AHKzPH9Qfnyg=</latexit>

sin(2/100000/512)
<latexit sha1_base64="tnxiyK4NSfUVoigy2edW2Tq/Tbc=">AAACHHicbVDLSgMxFM34rPU1PnZugkWom3amWHVZdOOygn1AO5ZMJtOGZpIhyQh16K+IW/0Od+JW8DP8AzNtF9Z6IORwzrlw7/FjRpV2nC9raXlldW09t5Hf3Nre2bX39ptKJBKTBhZMyLaPFGGUk4ammpF2LAmKfEZa/vA681sPRCoq+J0excSLUJ/TkGKkjdSzD7FQxUrZdQzuU6dcdSvj055dcErOBHCRuDNSADPUe/Z3NxA4iQjXmCGlOq4Tay9FUlPMyDjfTRSJER6iPukYylFElJdOth/DE6MEMBTSPK7hRP09kfp+ZFK+YAFUo8j8as5GkcpkE4mQHix4mfif10l0eOmllMeJJhxP9wgTBrWAWVMwoJJgzUaGICypOQXiAZIIa9Nn3nTk/m1kkTQrJfe8VL09K9SuZm3lwBE4BkXgggtQAzegDhoAg0fwDF7Aq/VkvVnv1sc0umTNZg7AHKzPH8uBnyM=</latexit>

cos(2/100000/512)
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Encoding
‣ Now we have an encoded sequence of words with temporal information 
‣ Just as in a deep NN, we now keep encoding this sequence over and 

over, feeding the output of the last encoder to the input of the next 
‣ Repeat (6 times in the paper) until the NN has learned a good encoding

Encoder

Encoder

Encoder

Encoder

Encoder

Encoder

with Encoder =





Self-attention
‣ So each encoder layer consists of attention heads and a vanilla feed-

forward layer (and normalizations and skip connections for better training 
performance)

…The



Self-attention I
‣ As illustrated, we create 3 copies of each input vector, 

denoted by V(value), K(ey), Q(uery) 

‣ This is done for all input vector (i.e. each encoded word) 
in the sequence

‣ Then, each copy V, K,Q goes into a feed-forward layer (i.e., matrix multiplication, 
where the entries of the matrix are learnable parameters)
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Self-attention II
‣ The set of 64-dim vectors                                        are then used to compute a score 

between the current word and all other words in the input sentence.  
‣ The higher the score the more relevant the other word is for understanding the current 

word
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(q(wordi), k(wordi), v(wordi))

‣ This score (or attention) is computed as follows: 
• Take the dot product (think “overlap” of the encoded words) between the  

query and the key for all words in the input sentence 
• Scale it down by        to avoid too big gradients, and optionally mask future  

inputs such that you can only pay attention to what has been seen already  
(for decoder) 

• Take the softmax to convert the “overlaps” to probabilities 
• The resulting score tells you how relevant other words in the sentence are for understanding 

the current word 
• Multiply the value of all words with this score and sum them all up to get a (superposition of) 

words which one should pay attention to for understanding the first word. Rinse and repeat
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‣ In matrix notation, the scaled dot-product attention head is 
 
 

‣ Repeat this attention step in parallel for 8 different 
(learnable) matrices Q,K,V (“multi-heads”) 

‣ The resulting 64-dimensional vectors from each head are 
put into one large vector of dimension                    

‣ This vector is fed into a fully-connected layer (with output 
dimension 512, so that it can fit into the next encoding layer 
with the same architecture

Self-attention III
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64⇥ 8 = 512



Self-attention example
Figure 4: Two attention 
heads, also in layer 5 of 
6, apparently involved in 
anaphora resolution.  
Left: Isolated attentions 
from just the word ‘its’ for 
attention heads 5 and 6. 
Note that the attentions 
are very sharp for this 
word. 
Right: Full attentions for 
head 5. 
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sin(0)

<latexit sha1_base64="5FkYeXUOmlS9s2zgTR25dV6OtVk=">AAACDHicbVDLSgMxFL3js9ZX1aWbYBHqpsyIr2XRjcsK9gHtUDKZtI1NMkOSEcrQXxC3+h3uxK3/4Gf4B2baWVjrgZDDOefCvSeIOdPGdb+cpeWV1bX1wkZxc2t7Z7e0t9/UUaIIbZCIR6odYE05k7RhmOG0HSuKRcBpKxjdZH7rkSrNInlvxjH1BR5I1mcEGys1NZMV96RXKrtVdwq0SLyclCFHvVf67oYRSQSVhnCsdcdzY+OnWBlGOJ0Uu4mmMSYjPKAdSyUWVPvpdNsJOrZKiPqRsk8aNFV/T6RBIGwqiHiI9FjYX8/ZWOhMthGBzXDBy8T/vE5i+ld+ymScGCrJbI9+wpGJUNYMCpmixPCxJZgoZk9BZIgVJsb2V7QdeX8bWSTN06p3UT2/OyvXrvO2CnAIR1ABDy6hBrdQhwYQeIBneIFX58l5c96dj1l0yclnDmAOzucPgvSa/A==</latexit>

sin(0)

<latexit sha1_base64="mPKC3F7DNv9pIt932rDNzOKImS0=">AAACDHicbVDLSgMxFL3js9ZX1aWbYBHqpsyIr2XRjcsK9gHtUDKZtI3NJEOSEcrQXxC3+h3uxK3/4Gf4B2baWVjrgZDDOefCvSeIOdPGdb+cpeWV1bX1wkZxc2t7Z7e0t9/UMlGENojkUrUDrClngjYMM5y2Y0VxFHDaCkY3md96pEozKe7NOKZ+hAeC9RnBxkpNInXFPemVym7VnQItEi8nZchR75W+u6EkSUSFIRxr3fHc2PgpVoYRTifFbqJpjMkID2jHUoEjqv10uu0EHVslRH2p7BMGTdXfE2kQRDYVSB4iPY7sr+dsHOlMtpEIm+GCl4n/eZ3E9K/8lIk4MVSQ2R79hCMjUdYMCpmixPCxJZgoZk9BZIgVJsb2V7QdeX8bWSTN06p3UT2/OyvXrvO2CnAIR1ABDy6hBrdQhwYQeIBneIFX58l5c96dj1l0yclnDmAOzucPepya9w==</latexit>

cos(0)

<latexit sha1_base64="mPKC3F7DNv9pIt932rDNzOKImS0=">AAACDHicbVDLSgMxFL3js9ZX1aWbYBHqpsyIr2XRjcsK9gHtUDKZtI3NJEOSEcrQXxC3+h3uxK3/4Gf4B2baWVjrgZDDOefCvSeIOdPGdb+cpeWV1bX1wkZxc2t7Z7e0t9/UMlGENojkUrUDrClngjYMM5y2Y0VxFHDaCkY3md96pEozKe7NOKZ+hAeC9RnBxkpNInXFPemVym7VnQItEi8nZchR75W+u6EkSUSFIRxr3fHc2PgpVoYRTifFbqJpjMkID2jHUoEjqv10uu0EHVslRH2p7BMGTdXfE2kQRDYVSB4iPY7sr+dsHOlMtpEIm+GCl4n/eZ3E9K/8lIk4MVSQ2R79hCMjUdYMCpmixPCxJZgoZk9BZIgVJsb2V7QdeX8bWSTN06p3UT2/OyvXrvO2CnAIR1ABDy6hBrdQhwYQeIBneIFX58l5c96dj1l0yclnDmAOzucPepya9w==</latexit>

cos(0)

…
…

<latexit sha1_base64="8GtZpMl581dgq26XUn1pDzeLCUw=">AAACGnicbVDLSgMxFM34rPU11qWbYBFclRnxtSy6cVmhL2hLyaS3bWgmMyR3pGXsn4hb/Q534taNn+EfmD4W1nog5HDOuXDvCWIpDHrel7Oyura+sZnZym7v7O7tuwe5qokSzaHCIxnpesAMSKGgggIl1GMNLAwk1ILB7cSvPYA2IlJlHMXQCllPia7gDK3UdnOPTYQhpuU+jJuaqZ6Etpv3Ct4UdJn4c5Inc5Ta7nezE/EkBIVcMmMavhdjK2UaBZcwzjYTAzHjA9aDhqWKhWBa6XT3MT2xSod2I22fQjpVf0+kQRDaVBDJDjWj0P5mwWahmcg2EjLsL3kT8T+vkWD3upUKFScIis/26CaSYkQnPdGO0MBRjixhXAt7CuV9phlH22bWduT/bWSZVM8K/mXh4v48X7yZt5UhR+SYnBKfXJEiuSMlUiGcDMkzeSGvzpPz5rw7H7PoijOfOSQLcD5/AGE6oWU=</latexit>

|Thei

<latexit sha1_base64="AvbwqOuX2qJJapGYZXe+166pS0I=">AAACIHicbVDLTgIxFO3gC/GFujFx00hMXJEZ42tJdOMSE3kkQEinXKCh05m0d4xkxI8xbvU73BmX+hf+gR1gIeJJmp6cc+9t7/EjKQy67qeTWVhcWl7JrubW1jc2t/LbO1UTxppDhYcy1HWfGZBCQQUFSqhHGljgS6j5g6vUr92BNiJUtziMoBWwnhJdwRlaqZ3fe2gi3GNiuACF9r1RUzPVk9DOF9yiOwadJ96UFMgU5Xb+u9kJeRzYMVwyYxqeG2ErYRoFlzDKNWMDEeMD1oOGpYoFYFrJeIMRPbRKh3ZDbY9COlZ/dyS+H9gqP5QdaoaBvc2MzQKTyrYkYNif81LxP68RY/eilQgVxQiKT/7RjSXFkKZp0Y7QwFEOLWFcC7sK5X2mGUebac5m5P1NZJ5Uj4veWfH05qRQupymlSX75IAcEY+ckxK5JmVSIZw8kmfyQl6dJ+fNeXc+JqUZZ9qzS2bgfP0A5bekVg==</latexit>

|scientisti

<latexit sha1_base64="icondt1O7zodvsGkD4FGdD2aS0s=">AAACG3icbVDLSgMxFM34rPVV7dJNsAiuyoz4WhbduKxgH9CWkklv29BMZkjuiMPYTxG3+h3uxK0LP8M/MG1nYa0HQg7nnAv3Hj+SwqDrfjlLyyura+u5jfzm1vbObmFvv27CWHOo8VCGuukzA1IoqKFACc1IAwt8CQ1/dD3xG/egjQjVHSYRdAI2UKIvOEMrdQvFxzbCA6bA0IzbmqmBhG6h5JbdKegi8TJSIhmq3cJ3uxfyOACFXDJjWp4bYSdlGgWXMM63YwMR4yM2gJaligVgOul0+TE9skqP9kNtn0I6VX9PpL4f2JQfyh41SWB/M2ezwExkGwkYDhe8ifif14qxf9lJhYpiBMVne/RjSTGkk6JoT2jgKBNLGNfCnkL5kGnG0daZtx15fxtZJPWTsndePrs9LVWusrZy5IAckmPikQtSITekSmqEk4Q8kxfy6jw5b8678zGLLjnZTJHMwfn8AXR+ofs=</latexit>

|eatsi



Summary of encoder
…

The (pos encoded)

…

scientist (pos encoded)

…

eats (pos encoded)

<latexit sha1_base64="MCxoHAiGfmHZzd+VFIE2hh9tpgg=">AAACTnicbZHLSgMxFIYz9VbrrerSTbAIFaTMiLdlURCXCtYW2jJk0tMamsmMyZliGftGPoy4E30JN+5E09qF2h4I+fn+cyDnTxBLYdB1X5zMzOzc/EJ2Mbe0vLK6ll/fuDFRojlUeCQjXQuYASkUVFCghFqsgYWBhGrQPRv61R5oIyJ1jf0YmiHrKNEWnKFFfv68WPXvHhoI95gCQzNoaKY6Evaqfnc67k3Bu36+4JbcUdFJ4Y1FgYzr0s+/N1oRT0JQyCUzpu65MTZTplFwCYNcIzEQM95lHahbqVgIppmO9h3QHUtatB1pexTSEf09kQZBaLuCSLao6Yf2Nn9sFpohti0hw9sJbwinefUE2yfNVKg4QVD85x3tRFKM6DBb2hIaOMq+FYxrYVeh/JZpxtH+QM5m5P1PZFLc7Je8o9Lh1UGhfDpOK0u2yDYpEo8ckzK5IJekQjh5JM/klbw5T86H8+l8/bRmnPHMJvlTmew3q7u3RQ==</latexit>

(Wq|eatsi,Wk|eatsi,Wv|eatsi)

<latexit sha1_base64="EXdwVMhuD9/FqKm+ocKrRD54jA4="></latexit>

(Wq|scientisti,Wk|scientisti,Wv|scientisti)

<latexit sha1_base64="nWsQ0+EdTryDRfQ4NMJRO32c1h4=">AAACS3icbZBNSwMxEIaz9bt+VT16CRZBQcqu+HUUe/FYobWFtizZdNqGZrNrMlssa3+QP0a82p8h3sSDae3BWgdCXp53BmbeIJbCoOuOnMzC4tLyyupadn1jc2s7t7N7b6JEc6jwSEa6FjADUiiooEAJtVgDCwMJ1aBXHPvVPmgjIlXGQQzNkHWUaAvO0CI/Vzyq+g9PDYRHTMtdGDY0Ux0JJ1W/9y/tz9NjP5d3C+6k6LzwpiJPplXyc++NVsSTEBRyyYype26MzZRpFFzCMNtIDMSM91gH6lYqFoJpppNjh/TQkhZtR9o+hXRCf0+kQRDariCSLWoGof3NjM1CM8a2JWTYnfPG8D+vnmD7qpkKFScIiv/s0U4kxYiOg6UtoYGjHFjBuBb2FMq7TDOONv6szcj7m8i8uD8teBeF87uz/PXNNK1Vsk8OyBHxyCW5JrekRCqEk2fySt7IyHlxPpxP5+unNeNMZ/bITGWWvgEq47WD</latexit>

(Wq|Thei,Wk|Thei,Wv|Thei)



Summary of encoder
Layer_norm(.                                )<latexit sha1_base64="8GtZpMl581dgq26XUn1pDzeLCUw=">AAACGnicbVDLSgMxFM34rPU11qWbYBFclRnxtSy6cVmhL2hLyaS3bWgmMyR3pGXsn4hb/Q534taNn+EfmD4W1nog5HDOuXDvCWIpDHrel7Oyura+sZnZym7v7O7tuwe5qokSzaHCIxnpesAMSKGgggIl1GMNLAwk1ILB7cSvPYA2IlJlHMXQCllPia7gDK3UdnOPTYQhpuU+jJuaqZ6Etpv3Ct4UdJn4c5Inc5Ta7nezE/EkBIVcMmMavhdjK2UaBZcwzjYTAzHjA9aDhqWKhWBa6XT3MT2xSod2I22fQjpVf0+kQRDaVBDJDjWj0P5mwWahmcg2EjLsL3kT8T+vkWD3upUKFScIis/26CaSYkQnPdGO0MBRjixhXAt7CuV9phlH22bWduT/bWSZVM8K/mXh4v48X7yZt5UhR+SYnBKfXJEiuSMlUiGcDMkzeSGvzpPz5rw7H7PoijOfOSQLcD5/AGE6oWU=</latexit>

|Thei+

Layer_norm(.                                )<latexit sha1_base64="8GtZpMl581dgq26XUn1pDzeLCUw=">AAACGnicbVDLSgMxFM34rPU11qWbYBFclRnxtSy6cVmhL2hLyaS3bWgmMyR3pGXsn4hb/Q534taNn+EfmD4W1nog5HDOuXDvCWIpDHrel7Oyura+sZnZym7v7O7tuwe5qokSzaHCIxnpesAMSKGgggIl1GMNLAwk1ILB7cSvPYA2IlJlHMXQCllPia7gDK3UdnOPTYQhpuU+jJuaqZ6Etpv3Ct4UdJn4c5Inc5Ta7nezE/EkBIVcMmMavhdjK2UaBZcwzjYTAzHjA9aDhqWKhWBa6XT3MT2xSod2I22fQjpVf0+kQRDaVBDJDjWj0P5mwWahmcg2EjLsL3kT8T+vkWD3upUKFScIis/26CaSYkQnPdGO0MBRjixhXAt7CuV9phlH22bWduT/bWSZVM8K/mXh4v48X7yZt5UhR+SYnBKfXJEiuSMlUiGcDMkzeSGvzpPz5rw7H7PoijOfOSQLcD5/AGE6oWU=</latexit>

|Thei+

Layer_norm(.                                )<latexit sha1_base64="8GtZpMl581dgq26XUn1pDzeLCUw=">AAACGnicbVDLSgMxFM34rPU11qWbYBFclRnxtSy6cVmhL2hLyaS3bWgmMyR3pGXsn4hb/Q534taNn+EfmD4W1nog5HDOuXDvCWIpDHrel7Oyura+sZnZym7v7O7tuwe5qokSzaHCIxnpesAMSKGgggIl1GMNLAwk1ILB7cSvPYA2IlJlHMXQCllPia7gDK3UdnOPTYQhpuU+jJuaqZ6Etpv3Ct4UdJn4c5Inc5Ta7nezE/EkBIVcMmMavhdjK2UaBZcwzjYTAzHjA9aDhqWKhWBa6XT3MT2xSod2I22fQjpVf0+kQRDaVBDJDjWj0P5mwWahmcg2EjLsL3kT8T+vkWD3upUKFScIis/26CaSYkQnPdGO0MBRjixhXAt7CuV9phlH22bWduT/bWSZVM8K/mXh4v48X7yZt5UhR+SYnBKfXJEiuSMlUiGcDMkzeSGvzpPz5rw7H7PoijOfOSQLcD5/AGE6oWU=</latexit>

|Thei+

Layer_norm(.                                )<latexit sha1_base64="8GtZpMl581dgq26XUn1pDzeLCUw=">AAACGnicbVDLSgMxFM34rPU11qWbYBFclRnxtSy6cVmhL2hLyaS3bWgmMyR3pGXsn4hb/Q534taNn+EfmD4W1nog5HDOuXDvCWIpDHrel7Oyura+sZnZym7v7O7tuwe5qokSzaHCIxnpesAMSKGgggIl1GMNLAwk1ILB7cSvPYA2IlJlHMXQCllPia7gDK3UdnOPTYQhpuU+jJuaqZ6Etpv3Ct4UdJn4c5Inc5Ta7nezE/EkBIVcMmMavhdjK2UaBZcwzjYTAzHjA9aDhqWKhWBa6XT3MT2xSod2I22fQjpVf0+kQRDaVBDJDjWj0P5mwWahmcg2EjLsL3kT8T+vkWD3upUKFScIis/26CaSYkQnPdGO0MBRjixhXAt7CuV9phlH22bWduT/bWSZVM8K/mXh4v48X7yZt5UhR+SYnBKfXJEiuSMlUiGcDMkzeSGvzpPz5rw7H7PoijOfOSQLcD5/AGE6oWU=</latexit>

|Thei+

Layer_norm(.                                )<latexit sha1_base64="8GtZpMl581dgq26XUn1pDzeLCUw=">AAACGnicbVDLSgMxFM34rPU11qWbYBFclRnxtSy6cVmhL2hLyaS3bWgmMyR3pGXsn4hb/Q534taNn+EfmD4W1nog5HDOuXDvCWIpDHrel7Oyura+sZnZym7v7O7tuwe5qokSzaHCIxnpesAMSKGgggIl1GMNLAwk1ILB7cSvPYA2IlJlHMXQCllPia7gDK3UdnOPTYQhpuU+jJuaqZ6Etpv3Ct4UdJn4c5Inc5Ta7nezE/EkBIVcMmMavhdjK2UaBZcwzjYTAzHjA9aDhqWKhWBa6XT3MT2xSod2I22fQjpVf0+kQRDaVBDJDjWj0P5mwWahmcg2EjLsL3kT8T+vkWD3upUKFScIis/26CaSYkQnPdGO0MBRjixhXAt7CuV9phlH22bWduT/bWSZVM8K/mXh4v48X7yZt5UhR+SYnBKfXJEiuSMlUiGcDMkzeSGvzpPz5rw7H7PoijOfOSQLcD5/AGE6oWU=</latexit>

|Thei+

Layer_norm(.                                )<latexit sha1_base64="8GtZpMl581dgq26XUn1pDzeLCUw=">AAACGnicbVDLSgMxFM34rPU11qWbYBFclRnxtSy6cVmhL2hLyaS3bWgmMyR3pGXsn4hb/Q534taNn+EfmD4W1nog5HDOuXDvCWIpDHrel7Oyura+sZnZym7v7O7tuwe5qokSzaHCIxnpesAMSKGgggIl1GMNLAwk1ILB7cSvPYA2IlJlHMXQCllPia7gDK3UdnOPTYQhpuU+jJuaqZ6Etpv3Ct4UdJn4c5Inc5Ta7nezE/EkBIVcMmMavhdjK2UaBZcwzjYTAzHjA9aDhqWKhWBa6XT3MT2xSod2I22fQjpVf0+kQRDaVBDJDjWj0P5mwWahmcg2EjLsL3kT8T+vkWD3upUKFScIis/26CaSYkQnPdGO0MBRjixhXAt7CuV9phlH22bWduT/bWSZVM8K/mXh4v48X7yZt5UhR+SYnBKfXJEiuSMlUiGcDMkzeSGvzpPz5rw7H7PoijOfOSQLcD5/AGE6oWU=</latexit>

|Thei+

Layer_norm(.                                )<latexit sha1_base64="8GtZpMl581dgq26XUn1pDzeLCUw=">AAACGnicbVDLSgMxFM34rPU11qWbYBFclRnxtSy6cVmhL2hLyaS3bWgmMyR3pGXsn4hb/Q534taNn+EfmD4W1nog5HDOuXDvCWIpDHrel7Oyura+sZnZym7v7O7tuwe5qokSzaHCIxnpesAMSKGgggIl1GMNLAwk1ILB7cSvPYA2IlJlHMXQCllPia7gDK3UdnOPTYQhpuU+jJuaqZ6Etpv3Ct4UdJn4c5Inc5Ta7nezE/EkBIVcMmMavhdjK2UaBZcwzjYTAzHjA9aDhqWKhWBa6XT3MT2xSod2I22fQjpVf0+kQRDaVBDJDjWj0P5mwWahmcg2EjLsL3kT8T+vkWD3upUKFScIis/26CaSYkQnPdGO0MBRjixhXAt7CuV9phlH22bWduT/bWSZVM8K/mXh4v48X7yZt5UhR+SYnBKfXJEiuSMlUiGcDMkzeSGvzpPz5rw7H7PoijOfOSQLcD5/AGE6oWU=</latexit>

|Thei+

Layer_norm(.                                )<latexit sha1_base64="8GtZpMl581dgq26XUn1pDzeLCUw=">AAACGnicbVDLSgMxFM34rPU11qWbYBFclRnxtSy6cVmhL2hLyaS3bWgmMyR3pGXsn4hb/Q534taNn+EfmD4W1nog5HDOuXDvCWIpDHrel7Oyura+sZnZym7v7O7tuwe5qokSzaHCIxnpesAMSKGgggIl1GMNLAwk1ILB7cSvPYA2IlJlHMXQCllPia7gDK3UdnOPTYQhpuU+jJuaqZ6Etpv3Ct4UdJn4c5Inc5Ta7nezE/EkBIVcMmMavhdjK2UaBZcwzjYTAzHjA9aDhqWKhWBa6XT3MT2xSod2I22fQjpVf0+kQRDaVBDJDjWj0P5mwWahmcg2EjLsL3kT8T+vkWD3upUKFScIis/26CaSYkQnPdGO0MBRjixhXAt7CuV9phlH22bWduT/bWSZVM8K/mXh4v48X7yZt5UhR+SYnBKfXJEiuSMlUiGcDMkzeSGvzpPz5rw7H7PoijOfOSQLcD5/AGE6oWU=</latexit>

|Thei+

<latexit sha1_base64="PVKA8IeetwRX+bWhJmQK/r1kAZ8=">AAACD3icbVDLSgMxFM34rPVVdekmWARXZUZ8LYtuXFawD2mHkmQybWgeQ5IRytCPELf6He7ErZ/gZ/gHZtpZWOuBkMM558K9ByecGev7X97S8srq2nppo7y5tb2zW9nbbxmVakKbRHGlOxgZypmkTcssp51EUyQwp208usn99iPVhil5b8cJDQUaSBYzgqyTHnqYDVTCU9OvVP2aPwVcJEFBqqBAo1/57kWKpIJKSzgyphv4iQ0zpC0jnE7KvdTQBJERGtCuoxIJasJsuvAEHjslgrHS7kkLp+rviQxj4VJY8QiasXC/mbORMLnsIgLZ4YKXi/953dTGV2HGZJJaKslsjzjl0CqYlwMjpimxfOwIIpq5UyAZIo2IdRWWXUfB30YWSeu0FlzUzu/OqvXroq0SOARH4AQE4BLUwS1ogCYgQIBn8AJevSfvzXv3PmbRJa+YOQBz8D5/ADCynRA=</latexit>M
<latexit sha1_base64="eIka4AHqGRWUiKNkSQpekzO4Cvg=">AAACKHicbVDLTgIxFO34RHyhLt00EBPckBnja0l04xITUBMgpFMu0NB2Ju0dIxnZ+jHGrX6HO8PWP/APLI+FiidpenLOucm9J4ylsOj7I29hcWl5ZTWzll3f2Nzazu3s3tgoMRxqPJKRuQuZBSk01FCghLvYAFOhhNuwfzn2b+/BWBHpKg5iaCrW1aIjOEMntXL0sYHwgKnqsWFxSvPVHuSHhw3DdFdCK1fwS/4EdJ4EM1IgM1Raua9GO+KJAo1cMmvrgR9jM2UGBZcwzDYSCzHjfdaFuqOaKbDNdHLJkB44pU07kXFPI52oPyfSMFQuFUayTe1Aud/+spmyY9lFFMPenDcW//PqCXbOm6nQcYKg+XSPTiIpRnTcGm0LAxzlwBHGjXCnUN5jhnF03WZdR8HfRubJzVEpOC2dXB8XyheztjJkn+RJkQTkjJTJFamQGuHkibyQV/LmPXvv3oc3mkYXvNnMHvkF7/Mb84Km1Q==</latexit>

|mha(”The”)i



ReLU(                              )

Summary of encoder

= <latexit sha1_base64="Tihxn/xrPDtb+VA7P/K3ij14n6I=">AAACKXicbVDLTgIxFO3gC/GFunRTISa6ITPG15LoxiUmoiZASKdcoKHtTNo7RjKy9mOMW/0Od+rWL/APLI+FiidpenLOucm9J4ylsOj7715mZnZufiG7mFtaXlldy69vXNkoMRyqPJKRuQmZBSk0VFGghJvYAFOhhOuwdzb0r2/BWBHpS+zH0FCso0VbcIZOaua37+sId5ii6rLB7pgXLrtQGOzVDdMdCc180S/5I9BpEkxIkUxQaea/6q2IJwo0csmsrQV+jI2UGRRcwiBXTyzEjPdYB2qOaqbANtLRKQO645QWbUfGPY10pP6cSMNQuVQYyRa1feV++8tmyg5lF1EMu1PeUPzPqyXYPmmkQscJgubjPdqJpBjRYW20JQxwlH1HGDfCnUJ5lxnG0ZWbcx0FfxuZJlf7peCodHhxUCyfTtrKki1SILskIMekTM5JhVQJJw/kiTyTF+/Re/XevI9xNONNZjbJL3if3+U5p1M=</latexit>

|tmha(”The”)i
<latexit sha1_base64="eIka4AHqGRWUiKNkSQpekzO4Cvg=">AAACKHicbVDLTgIxFO34RHyhLt00EBPckBnja0l04xITUBMgpFMu0NB2Ju0dIxnZ+jHGrX6HO8PWP/APLI+FiidpenLOucm9J4ylsOj7I29hcWl5ZTWzll3f2Nzazu3s3tgoMRxqPJKRuQuZBSk01FCghLvYAFOhhNuwfzn2b+/BWBHpKg5iaCrW1aIjOEMntXL0sYHwgKnqsWFxSvPVHuSHhw3DdFdCK1fwS/4EdJ4EM1IgM1Raua9GO+KJAo1cMmvrgR9jM2UGBZcwzDYSCzHjfdaFuqOaKbDNdHLJkB44pU07kXFPI52oPyfSMFQuFUayTe1Aud/+spmyY9lFFMPenDcW//PqCXbOm6nQcYKg+XSPTiIpRnTcGm0LAxzlwBHGjXCnUN5jhnF03WZdR8HfRubJzVEpOC2dXB8XyheztjJkn+RJkQTkjJTJFamQGuHkibyQV/LmPXvv3oc3mkYXvNnMHvkF7/Mb84Km1Q==</latexit>

|mha(”The”)i
<latexit sha1_base64="dvdELrL00/2KdrgKpCsG9K+9oGk=">AAACCXicbVDLSgMxFL3js9ZX1aWbYBFclRnxtSy6cVnRPqAdSiaTaUMzyZBkhDL0C8Stfoc7cetX+Bn+gZl2FtZ6IORwzrlw7wkSzrRx3S9naXlldW29tFHe3Nre2a3s7be0TBWhTSK5VJ0Aa8qZoE3DDKedRFEcB5y2g9FN7rcfqdJMigczTqgf44FgESPYWOm+3ff6lapbc6dAi8QrSBUKNPqV714oSRpTYQjHWnc9NzF+hpVhhNNJuZdqmmAywgPatVTgmGo/m646QcdWCVEklX3CoKn6eyILgtimAslDpMex/fWcjWOdyzYSYzNc8HLxP6+bmujKz5hIUkMFme0RpRwZifJaUMgUJYaPLcFEMXsKIkOsMDG2vLLtyPvbyCJpnda8i9r53Vm1fl20VYJDOIIT8OAS6nALDWgCgQE8wwu8Ok/Om/PufMyiS04xcwBzcD5/AJnvmfo=</latexit>

W1
<latexit sha1_base64="90kI0GYg/Nf8pLEiusIA7ujAnXc=">AAACCXicbVDLSgMxFM34rPVVdekmWARXZUZ8LYtuXFa0D2iHkmQybWgeQ5IRytAvELf6He7ErV/hZ/gHZtpZWOuBkMM558K9ByecGev7X97S8srq2nppo7y5tb2zW9nbbxmVakKbRHGlOxgZypmkTcssp51EUyQwp208usn99iPVhin5YMcJDQUaSBYzgqyT7nE/6Feqfs2fAi6SoCBVUKDRr3z3IkVSQaUlHBnTDfzEhhnSlhFOJ+VeamiCyAgNaNdRiQQ1YTZddQKPnRLBWGn3pIVT9fdEhrFwKax4BM1YuN/M2UiYXHYRgexwwcvF/7xuauOrMGMySS2VZLZHnHJoFcxrgRHTlFg+dgQRzdwpkAyRRsS68squo+BvI4ukdVoLLmrnd2fV+nXRVgkcgiNwAgJwCergFjRAExAwAM/gBbx6T96b9+59zKJLXjFzAObgff4ArAaaBQ==</latexit>

b1
<latexit sha1_base64="rrTMxjMd4UcW48tz7HE4iNziL50=">AAACCXicbVDLSgMxFM3UV62vqks3wSK4KjPF17LoxmVF+4B2KEkm04bmMSQZoQz9AnGr3+FO3PoVfoZ/YNrOwloPhBzOORfuPTjhzFjf//IKK6tr6xvFzdLW9s7uXnn/oGVUqgltEsWV7mBkKGeSNi2znHYSTZHAnLbx6Gbqtx+pNkzJBztOaCjQQLKYEWSddI/7tX654lf9GeAyCXJSATka/fJ3L1IkFVRawpEx3cBPbJghbRnhdFLqpYYmiIzQgHYdlUhQE2azVSfwxCkRjJV2T1o4U39PZBgLl8KKR9CMhfvNgo2EmcouIpAdLnlT8T+vm9r4KsyYTFJLJZnvEaccWgWntcCIaUosHzuCiGbuFEiGSCNiXXkl11Hwt5Fl0qpVg4vq+d1ZpX6dt1UER+AYnIIAXII6uAUN0AQEDMAzeAGv3pP35r17H/NowctnDsECvM8framaBg==</latexit>

b2
<latexit sha1_base64="qyDQ/AYVFF4frBOdpEJjGozmBb8=">AAACCXicbVDLSgMxFL1TX7W+qi7dBIvgqswUX8uiG5cV7QPaoWQymTY0kwxJRiilXyBu9TvciVu/ws/wD8y0s7DWAyGHc86Fe0+QcKaN6345hZXVtfWN4mZpa3tnd6+8f9DSMlWENonkUnUCrClngjYNM5x2EkVxHHDaDkY3md9+pEozKR7MOKF+jAeCRYxgY6X7dr/WL1fcqjsDWiZeTiqQo9Evf/dCSdKYCkM41rrruYnxJ1gZRjidlnqppgkmIzygXUsFjqn2J7NVp+jEKiGKpLJPGDRTf09MgiC2qUDyEOlxbH+9YONYZ7KNxNgMl7xM/M/rpia68idMJKmhgsz3iFKOjERZLShkihLDx5Zgopg9BZEhVpgYW17JduT9bWSZtGpV76J6fndWqV/nbRXhCI7hFDy4hDrcQgOaQGAAz/ACr86T8+a8Ox/zaMHJZw5hAc7nD5uSmfs=</latexit>

W2 ++



Layer_norm(                                            )+

Summary of encoder

<latexit sha1_base64="Tihxn/xrPDtb+VA7P/K3ij14n6I=">AAACKXicbVDLTgIxFO3gC/GFunRTISa6ITPG15LoxiUmoiZASKdcoKHtTNo7RjKy9mOMW/0Od+rWL/APLI+FiidpenLOucm9J4ylsOj7715mZnZufiG7mFtaXlldy69vXNkoMRyqPJKRuQmZBSk0VFGghJvYAFOhhOuwdzb0r2/BWBHpS+zH0FCso0VbcIZOaua37+sId5ii6rLB7pgXLrtQGOzVDdMdCc180S/5I9BpEkxIkUxQaea/6q2IJwo0csmsrQV+jI2UGRRcwiBXTyzEjPdYB2qOaqbANtLRKQO645QWbUfGPY10pP6cSMNQuVQYyRa1feV++8tmyg5lF1EMu1PeUPzPqyXYPmmkQscJgubjPdqJpBjRYW20JQxwlH1HGDfCnUJ5lxnG0ZWbcx0FfxuZJlf7peCodHhxUCyfTtrKki1SILskIMekTM5JhVQJJw/kiTyTF+/Re/XevI9xNONNZjbJL3if3+U5p1M=</latexit>

|tmha(”The”)i
<latexit sha1_base64="eIka4AHqGRWUiKNkSQpekzO4Cvg=">AAACKHicbVDLTgIxFO34RHyhLt00EBPckBnja0l04xITUBMgpFMu0NB2Ju0dIxnZ+jHGrX6HO8PWP/APLI+FiidpenLOucm9J4ylsOj7I29hcWl5ZTWzll3f2Nzazu3s3tgoMRxqPJKRuQuZBSk01FCghLvYAFOhhNuwfzn2b+/BWBHpKg5iaCrW1aIjOEMntXL0sYHwgKnqsWFxSvPVHuSHhw3DdFdCK1fwS/4EdJ4EM1IgM1Raua9GO+KJAo1cMmvrgR9jM2UGBZcwzDYSCzHjfdaFuqOaKbDNdHLJkB44pU07kXFPI52oPyfSMFQuFUayTe1Aud/+spmyY9lFFMPenDcW//PqCXbOm6nQcYKg+XSPTiIpRnTcGm0LAxzlwBHGjXCnUN5jhnF03WZdR8HfRubJzVEpOC2dXB8XyheztjJkn+RJkQTkjJTJFamQGuHkibyQV/LmPXvv3oc3mkYXvNnMHvkF7/Mb84Km1Q==</latexit>

|mha(”The”)i





Decoder
‣ In a sequence to sequence task like translation, the 

decoder needs its own output and the (encoded) 
input it should translate 

‣ The first multi-head attention computes an attention 
score+embedding from its own previous outputs



Decoder
‣ In a sequence to sequence task like translation, the 

decoder needs its own output and the (encoded) 
input it should translate 

‣ The first multi-head attention computes an attention 
score+embedding from its own previous outputs 

‣ The second multi-head attention takes this as the 
query and uses the output of the next word from 
the encoder as key and value 

‣ Based on this, it computes another attention score, 
which is then used again in a FFNN



Decoder
‣ After repeating this decoding step 6 times, the 

512dim output is put into a linear layer of 
dimension                <latexit sha1_base64="WjhnyJhZIQ4yjANrPsi0tAJM5xk=">AAACEnicbVDLSgMxFM3UV62vqks3wSK4KjPFqsuiG5cV7AM6Q8lkMm1oHkOSEcrQvxC3+h3uxK0/4Gf4B2baWVjrgZDDOeeSmxMmjGrjul9OaW19Y3OrvF3Z2d3bP6geHnW1TBUmHSyZVP0QacKoIB1DDSP9RBHEQ0Z64eQ293uPRGkqxYOZJiTgaCRoTDEyVvI9d+Ibyolueo1htebW3TngKvEKUgMF2sPqtx9JnHIiDGZI64HnJibIkDIUMzKr+KkmCcITNCIDSwWy7wTZfOcZPLNKBGOp7BEGztXfE1kYcpsKJYugnnJ76yUbcZ3LNsKRGa94ufifN0hNfB1kVCSpIQIv9ohTBo2EeT8woopgw6aWIKyo/QrEY6QQNrbFiu3I+9vIKuk26t5lvXl/UWvdFG2VwQk4BefAA1egBe5AG3QABgl4Bi/g1Xly3px352MRLTnFzDFYgvP5A919nU8=</latexit>

10k ⇥ 512



Decoder
‣ After repeating this decoding step 6 times, the 

512dim output is put into a linear layer of 
dimension                 

‣ Then we take the softmax to obtain a 10k-dim 
vector of probabilities which word to use next

<latexit sha1_base64="WjhnyJhZIQ4yjANrPsi0tAJM5xk=">AAACEnicbVDLSgMxFM3UV62vqks3wSK4KjPFqsuiG5cV7AM6Q8lkMm1oHkOSEcrQvxC3+h3uxK0/4Gf4B2baWVjrgZDDOeeSmxMmjGrjul9OaW19Y3OrvF3Z2d3bP6geHnW1TBUmHSyZVP0QacKoIB1DDSP9RBHEQ0Z64eQ293uPRGkqxYOZJiTgaCRoTDEyVvI9d+Ibyolueo1htebW3TngKvEKUgMF2sPqtx9JnHIiDGZI64HnJibIkDIUMzKr+KkmCcITNCIDSwWy7wTZfOcZPLNKBGOp7BEGztXfE1kYcpsKJYugnnJ76yUbcZ3LNsKRGa94ufifN0hNfB1kVCSpIQIv9ohTBo2EeT8woopgw6aWIKyo/QrEY6QQNrbFiu3I+9vIKuk26t5lvXl/UWvdFG2VwQk4BefAA1egBe5AG3QABgl4Bi/g1Xly3px352MRLTnFzDFYgvP5A919nU8=</latexit>

10k ⇥ 512



Decoder
‣ After repeating this decoding step 6 times, the 

512dim output is put into a linear layer of 
dimension                 

‣ Then we take the softmax to obtain a 10k-dim 
vector of probabilities which word to use next 

‣ In greedy decoding, the word with the highest 
probability is chosen from the 10k dictionary entries 
and added to the output

<latexit sha1_base64="WjhnyJhZIQ4yjANrPsi0tAJM5xk=">AAACEnicbVDLSgMxFM3UV62vqks3wSK4KjPFqsuiG5cV7AM6Q8lkMm1oHkOSEcrQvxC3+h3uxK0/4Gf4B2baWVjrgZDDOeeSmxMmjGrjul9OaW19Y3OrvF3Z2d3bP6geHnW1TBUmHSyZVP0QacKoIB1DDSP9RBHEQ0Z64eQ293uPRGkqxYOZJiTgaCRoTDEyVvI9d+Ibyolueo1htebW3TngKvEKUgMF2sPqtx9JnHIiDGZI64HnJibIkDIUMzKr+KkmCcITNCIDSwWy7wTZfOcZPLNKBGOp7BEGztXfE1kYcpsKJYugnnJ76yUbcZ3LNsKRGa94ufifN0hNfB1kVCSpIQIv9ohTBo2EeT8woopgw6aWIKyo/QrEY6QQNrbFiu3I+9vIKuk26t5lvXl/UWvdFG2VwQk4BefAA1egBe5AG3QABgl4Bi/g1Xly3px352MRLTnFzDFYgvP5A919nU8=</latexit>

10k ⇥ 512



Decoder
‣ After repeating this decoding step 6 times, the 

512dim output is put into a linear layer of 
dimension                 

‣ Then we take the softmax to obtain a 10k-dim 
vector of probabilities which word to use next 

‣ In greedy decoding, the word with the highest 
probability is chosen from the 10k dictionary entries 
and added to the output 

‣ Then the decoding step is repeated with the new 
output that contains this new word, and the next 
word to translate from the encoder

<latexit sha1_base64="WjhnyJhZIQ4yjANrPsi0tAJM5xk=">AAACEnicbVDLSgMxFM3UV62vqks3wSK4KjPFqsuiG5cV7AM6Q8lkMm1oHkOSEcrQvxC3+h3uxK0/4Gf4B2baWVjrgZDDOeeSmxMmjGrjul9OaW19Y3OrvF3Z2d3bP6geHnW1TBUmHSyZVP0QacKoIB1DDSP9RBHEQ0Z64eQ293uPRGkqxYOZJiTgaCRoTDEyVvI9d+Ibyolueo1htebW3TngKvEKUgMF2sPqtx9JnHIiDGZI64HnJibIkDIUMzKr+KkmCcITNCIDSwWy7wTZfOcZPLNKBGOp7BEGztXfE1kYcpsKJYugnnJ76yUbcZ3LNsKRGa94ufifN0hNfB1kVCSpIQIv9ohTBo2EeT8woopgw6aWIKyo/QrEY6QQNrbFiu3I+9vIKuk26t5lvXl/UWvdFG2VwQk4BefAA1egBe5AG3QABgl4Bi/g1Xly3px352MRLTnFzDFYgvP5A919nU8=</latexit>

10k ⇥ 512



Recap - NN for regression and classification

widthdepth



Recap - Training with GD

GD parameter update
<latexit sha1_base64="GFp9kpIWOp6dQiqTAkfOvMg+J9c="></latexit>

✓(i) ! ✓(i) � ↵
@L

@✓(i)



Recap - Transformer

Learns semantics 
 

“queen - woman + man = king”



… want to learn more?

ML Meetings @ Caltech
- Dec 10-12: Mathematics and ML 2023
- Dec 13-15: string_data 2023

Aspen Winter Conference
- Jan 14-19: Fields, Strings, and Deep Learning
                     Application deadline: Aug 31



Thank you - Questions?

widtdept


