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Issues with RNNs

• Sequential nature  difficult to parallelize⟹

ht = f(ht−1, xt) ∈ ℝh

• Input gate (how much to write):  

it = σ(Wiht−1 + Uixt + bi) ∈ ℝh

• Forget gate (how much to erase): 
ft = σ(Wf ht−1 + Uf xt + b f ) ∈ ℝh

• Output gate (how much to reveal): 
ot = σ(Woht−1 + Uoxt + bo) ∈ ℝh

• New memory cell (what to write):  
gt = tanh(Wght−1 + Ugxt + bg) ∈ ℝh

• Final memory cell:  ct = ft ⊙ ct−1 + it ⊙ gt

• Final hidden cell:  ht = ot ⊙ tanh(ct)

LSTMs



Issues with RNNs

• Longer sequences can lead to vanishing gradients  It is hard to capture 
long-distance information

⟹

Attention is the key to 
solving the problem!



This lecture

• Do we really need RNNs to model the arbitrary context?

• Maybe attention is all you need!

Vaswani et al., 2017: Attention Is All You Need



Transformer

• Consists of an encoder and a decoder

• Originally proposed for neural machine translation and 
later adapted for almost all the NLP tasks

• For example, BERT only uses the encoder of the 
Transformer architecture (next lecture)

• Both encoder and decoder consist of N layers

• Each encoder layer has two sub-layers 

• Each decoder layer has three sublayers

• Key innovation: multi-head self-attention

Vaswani et al., 2017: Attention Is All You Need



Transformers: roadmap

• From attention to self-attention 

• From self-attention to multi-head self-attention 

• Transformer encoder 

• Transformer decoder 

• Putting the pieces together



Recap: Attention in NMT

g( ) takes dot product 
in the simplest form!

⋅



Attention is a general deep learning technique

• Given a set of vector values, and a vector query, attention is a technique to compute a 
weighted sum of the values, dependent on the query.

• We sometimes say that the query attends to the values.

• In the NMT case, each decoder hidden state (query) attends to all the encoder hidden 
states (values).

• Intuition: 

• The weighted sum is a selective summary of the information contained in the values, 
where the query determines which values to focus on. 

• Attention is a way to obtain a fixed-size representation of an arbitrary set of 
representations (the values), dependent on some other representation (the query).



Attention is a general deep learning technique

• Assume that we have a set of values  and a query vector v1, …, vn ∈ ℝdv q ∈ ℝdq

• Attention always involves the following steps: 

• Computing the attention scores  

• Taking softmax to get attention distribution :α

<latexit sha1_base64="E9gK6PRRoSyQpFdqBlVbkTCc6yI=">AAACInicbVDLSsNAFJ34rPVVdelmsAgVpCQiPhZC0Y3LKvYBTSyT6aQdOpnEmUmhhHyLG3/FjQtFXQl+jJM2BW09MHDuOfcy9x43ZFQq0/wy5uYXFpeWcyv51bX1jc3C1nZdBpHApIYDFoimiyRhlJOaooqRZigI8l1GGm7/KvUbAyIkDfidGobE8VGXU49ipLTULpzbPlI914tJAi9gtzQpB0mbHsJJ9ZAcQJvyrHbj2+RezxbNsjkCnCVWRoogQ7Vd+LA7AY58whVmSMqWZYbKiZFQFDOS5O1IkhDhPuqSlqYc+UQ68ejEBO5rpQO9QOjHFRypvydi5Es59F3dme4op71U/M9rRco7c2LKw0gRjscfeRGDKoBpXrBDBcGKDTVBWFC9K8Q9JBBWOtW8DsGaPnmW1I/K1knZvDkuVi6zOHJgF+yBErDAKaiAa1AFNYDBI3gGr+DNeDJejHfjc9w6Z2QzO+APjO8fSHikJA==</latexit>

e = g(vi,q) 2 Rn

<latexit sha1_base64="IuWS6zuythZLhP9r/U7wszzA8C4=">AAACH3icbVBNSwMxFMz6WetX1aOXYBHqpeyKqBdB9OKxilWhu5a3abYNTbJLkhXLsv/Ei3/FiwdFxJv/xrTdg7YOBIaZeeS9CRPOtHHdb2dmdm5+YbG0VF5eWV1br2xs3ug4VYQ2ScxjdReCppxJ2jTMcHqXKAoi5PQ27J8P/dsHqjSL5bUZJDQQ0JUsYgSMldqVQx940gN8gn0BpqdEpuPICHjMayMhjDKa72GfyXEgDLOr/N4OVt26OwKeJl5BqqhAo1358jsxSQWVhnDQuuW5iQkyUIYRTvOyn2qaAOlDl7YslSCoDrLRfTnetUoHR7GyTxo8Un9PZCC0HojQJoc76klvKP7ntVITHQcZk0lqqCTjj6KUYxPjYVm4wxQlhg8sAaKY3RWTHiggxlZatiV4kydPk5v9undYdy8PqqdnRR0ltI12UA156AidogvUQE1E0BN6QW/o3Xl2Xp0P53McnXGKmS30B873D5/Ro1k=</latexit>

↵ = softmax(e) 2 Rn

• A more general form: use a set of keys and values , keys 
are used to compute the attention scores and values are used to compute the output vector

(k1, v1), …, (kn, vn), ki ∈ ℝdk, vi ∈ ℝdv

• Using attention distribution to take weighted sum of values:
<latexit sha1_base64="GO34MYX24syn2TK8GV0S90QYk/0="></latexit>

a =
nX

i=1

↵ivi 2 Rdv



Attention is a general deep learning technique

• Assume that we have a set of key-value pairs  and a 
query vector 

(k1, v1), …, (kn, vn), ki ∈ ℝdk, vi ∈ ℝdv

q ∈ ℝdq

• Attention always involves the following steps: 

• Computing the attention scores  

• Taking softmax to get attention distribution :α
<latexit sha1_base64="IuWS6zuythZLhP9r/U7wszzA8C4=">AAACH3icbVBNSwMxFMz6WetX1aOXYBHqpeyKqBdB9OKxilWhu5a3abYNTbJLkhXLsv/Ei3/FiwdFxJv/xrTdg7YOBIaZeeS9CRPOtHHdb2dmdm5+YbG0VF5eWV1br2xs3ug4VYQ2ScxjdReCppxJ2jTMcHqXKAoi5PQ27J8P/dsHqjSL5bUZJDQQ0JUsYgSMldqVQx940gN8gn0BpqdEpuPICHjMayMhjDKa72GfyXEgDLOr/N4OVt26OwKeJl5BqqhAo1358jsxSQWVhnDQuuW5iQkyUIYRTvOyn2qaAOlDl7YslSCoDrLRfTnetUoHR7GyTxo8Un9PZCC0HojQJoc76klvKP7ntVITHQcZk0lqqCTjj6KUYxPjYVm4wxQlhg8sAaKY3RWTHiggxlZatiV4kydPk5v9undYdy8PqqdnRR0ltI12UA156AidogvUQE1E0BN6QW/o3Xl2Xp0P53McnXGKmS30B873D5/Ro1k=</latexit>

↵ = softmax(e) 2 Rn

• Using attention distribution to take weighted sum of values:

<latexit sha1_base64="pi8zZqxhPsoGOJVyo5cVdKBUcj4="></latexit>

e = g(ki,q) 2 Rn

<latexit sha1_base64="GO34MYX24syn2TK8GV0S90QYk/0="></latexit>

a =
nX

i=1

↵ivi 2 Rdv



Self-attention

• We saw attention from the decoder (query) to 
the encoder (values), now we think about 
attention within one single sequence. 

• Self-attention = attention from the 
sequence to itself

• The queries, keys and values are drawn 
from the same source.

• Self-attention: let’s use each word in a sequence 
as the query, and all the other words in the 
sequence as keys and values.

Self-attention doesn’t know the order of the 
inputs - we will come back to this later!



Self-attention in equations
• A self-attention layer maps a sequence of input vectors   to a 

sequence of n vectors: 
x1, …, xn ∈ ℝd1

y1, …, yn ∈ ℝd2

• The same abstraction as RNNs - can be used as a drop-in replacement for an RNN layer

• Second, for each , compute attention scores and attention distribution:qi
<latexit sha1_base64="jm5uo3dRxbDkw+g1SzH+j+B7dtg="></latexit>

↵i,j = softmax(
qi · kjp

dk
) aka. “scaled dot product”

 It must be  in this casedq = dk

• Finally, compute the weighted sum:
<latexit sha1_base64="8H2vrapNXynekNW3e7gu+ulu7gY="></latexit>

yi =
nX

j=1

↵i,jvj 2 Rdv ( )dv = d2

• First, construct a set of queries, keys and values:
<latexit sha1_base64="iKF8OyHXuJKVRRC06k1scJmrAHk=">AAACR3icbZBLSwMxFIUz9VXra9Slm2ARXEiZEVE3QtGN4KYF+4B2OmTSTBuaeZhkimXov3Pj1p1/wY0LRVyaaWegtr0QODnfveTmOCGjQhrGu5ZbWV1b38hvFra2d3b39P2DuggijkkNByzgTQcJwqhPapJKRpohJ8hzGGk4g7uEN4aECxr4j3IUEstDPZ+6FCOpLFvvtD0k+44bP41tCm9go1PNnGflnMHsNsj4w3I+zHh9ltt60SgZk4KLwkxFEaRVsfW3djfAkUd8iRkSomUaobRixCXFjIwL7UiQEOEB6pGWkj7yiLDiSQ5jeKKcLnQDro4v4cSdnYiRJ8TIc1RnsqOYZ4m5jLUi6V5bMfXDSBIfTx9yIwZlAJNQYZdygiUbKYEwp2pXiPuIIyxV9AUVgjn/5UVRPy+ZlyWjelEs36Zx5MEROAanwARXoAzuQQXUAAYv4AN8gW/tVfvUfrTfaWtOS2cOwb/KaX/s2LKL</latexit>

qi = WQxi,ki = WKxi,vi = WV xi
<latexit sha1_base64="arrXq862MPYHpW2du5HWOlPp0KQ=">AAACVnicbVHLSsNAFJ2k1tb6irp0M1gEF1ISEXVZdCO4acU+oEnDZDJth04mcWZSKCE/qRv9FDfi9LGobS8MHM45l3vvmSBhVCrb/jbMwk5xt1Teq+wfHB4dWyenbRmnApMWjlksugGShFFOWooqRrqJICgKGOkE46eZ3pkQIWnM39Q0IV6EhpwOKEZKU74VdfpN6FIO3QipURBkr3k/C/136CoaEQlD38mvYaf/ssU0Xje1t5gmqybfqto1e15wEzhLUAXLavjWhxvGOI0IV5ghKXuOnSgvQ0JRzEhecVNJEoTHaEh6GnKkJ3nZPJYcXmomhINY6McVnLOrHRmKpJxGgXbOVpbr2ozcpvVSNXjwMsqTVBGOF4MGKYMqhrOMYUgFwYpNNUBYUL0rxCMkEFb6Jyo6BGf95E3Qvqk5dzW7eVutPy7jKINzcAGugAPuQR08gwZoAQw+wY9hGgXjy/g1i2ZpYTWNZc8Z+Fem9QcQX7Lo</latexit>

WQ 2 Rdq⇥d1 ,WK 2 Rdk⇥d1 ,WV 2 Rdv⇥d1



Self-attention: illustration

http://jalammar.github.io/illustrated-transformer/



Self-attention: illustration

http://jalammar.github.io/illustrated-transformer/



Self-attention: matrix notations

http://jalammar.github.io/illustrated-transformer/

Note: the notations we use here are following the original paper 
(= the transpose of the matrices in previous notations)

<latexit sha1_base64="lJ+lO70n0wRX2txfd4buosOQRUs=">AAACCHicbVC7TsMwFL3hWcqrwMiARYXEVCUIAWMFC2NB9CE1IXIcp7XqOJHtIFVRRhZ+hYUBhFj5BDb+BvcxQMuRLB2fc6/uvSdIOVPatr+thcWl5ZXV0lp5fWNza7uys9tSSSYJbZKEJ7ITYEU5E7Spmea0k0qK44DTdjC4GvntByoVS8SdHqbUi3FPsIgRrI3kVw46yGUCuTHW/SDIb4v73Pw0i6lCoe8UfqVq1+wx0DxxpqQKUzT8ypcbJiSLqdCEY6W6jp1qL8dSM8JpUXYzRVNMBrhHu4YKbCZ5+fiQAh0ZJURRIs0TGo3V3x05jpUaxoGpHC2sZr2R+J/XzXR04eVMpJmmgkwGRRlHOkGjVFDIJCWaDw3BRDKzKyJ9LDHRJruyCcGZPXmetE5qzlnNvjmt1i+ncZRgHw7hGBw4hzpcQwOaQOARnuEV3qwn68V6tz4mpQvWtGcP/sD6/AHXfpk7</latexit>

X 2 Rn⇥d1

<latexit sha1_base64="Zj1Owf2jr65GlRqNMJIdIlsAOuc=">AAAB73icbVBNSwMxEJ2tX7V+VT16CRbBU9kVUS9C0YvHFmy70K4lm2bb0GyyJlmhLP0TXjwo4tW/481/Y9ruQVsfDDzem2FmXphwpo3rfjuFldW19Y3iZmlre2d3r7x/0NIyVYQ2ieRS+SHWlDNBm4YZTv1EURyHnLbD0e3Ubz9RpZkU92ac0CDGA8EiRrCxkt9A18hvPzR65YpbdWdAy8TLSQVy1Hvlr25fkjSmwhCOte54bmKCDCvDCKeTUjfVNMFkhAe0Y6nAMdVBNrt3gk6s0keRVLaEQTP190SGY63HcWg7Y2yGetGbiv95ndREV0HGRJIaKsh8UZRyZCSaPo/6TFFi+NgSTBSztyIyxAoTYyMq2RC8xZeXSeus6l1U3cZ5pXaTx1GEIziGU/DgEmpwB3VoAgEOz/AKb86j8+K8Ox/z1oKTzxzCHzifP4YNjvs=</latexit>

Q = XWQ
<latexit sha1_base64="O/Xdn2nZwVqugGAVDtC02kvexhg=">AAAB73icbVBNSwMxEJ34WetX1aOXYBE8lV0R9SIUvQi9VLDtQruWbJptQ7PZNckKZemf8OJBEa/+HW/+G9N2D9r6YODx3gwz84JEcG0c5xstLa+srq0XNoqbW9s7u6W9/aaOU0VZg8YiVl5ANBNcsobhRjAvUYxEgWCtYHgz8VtPTGkey3szSpgfkb7kIafEWMmr4SvstR5q3VLZqThT4EXi5qQMOerd0lenF9M0YtJQQbRuu05i/Iwow6lg42In1SwhdEj6rG2pJBHTfja9d4yPrdLDYaxsSYOn6u+JjERaj6LAdkbEDPS8NxH/89qpCS/9jMskNUzS2aIwFdjEePI87nHFqBEjSwhV3N6K6YAoQo2NqGhDcOdfXiTN04p7XnHuzsrV6zyOAhzCEZyACxdQhVuoQwMoCHiGV3hDj+gFvaOPWesSymcO4A/Q5w9zs47v</latexit>

K = XWK
<latexit sha1_base64="sG8GlMJZBZitk452XyeL5flQu3E=">AAAB73icbVBNS8NAEJ31s9avqkcvi0XwVBIR9SIUvXisYNNAG8tmu2mXbjZxdyOU0D/hxYMiXv073vw3btsctPXBwOO9GWbmhang2jjON1paXlldWy9tlDe3tnd2K3v7nk4yRVmTJiJRfkg0E1yypuFGMD9VjMShYK1weDPxW09MaZ7IezNKWRCTvuQRp8RYyffwFfZbD163UnVqzhR4kbgFqUKBRrfy1eklNIuZNFQQrduuk5ogJ8pwKti43Mk0Swkdkj5rWypJzHSQT+8d42Or9HCUKFvS4Kn6eyInsdajOLSdMTEDPe9NxP+8dmaiyyDnMs0Mk3S2KMoENgmePI97XDFqxMgSQhW3t2I6IIpQYyMq2xDc+ZcXiXdac89rzt1ZtX5dxFGCQziCE3DhAupwCw1oAgUBz/AKb+gRvaB39DFrXULFzAH8Afr8AZVYjwU=</latexit>

V = XWV

<latexit sha1_base64="3hpkACiEsnTq9V8xZyF4kDLhfjI=">AAACVnicfVFNS8NAFNyk1tb6FfXoZbEIHqQkIuqx6EXw0or9gKYNm822XbrZxN1NoYT8Sb3oT/EibtoetJU+WBhm5vHem/VjRqWy7U/DLGwVt0vlncru3v7BoXV03JZRIjBp4YhFousjSRjlpKWoYqQbC4JCn5GOP3nI9c6UCEkj/qJmMemHaMTpkGKkNOVZYWfQhC7l0A2RGvt++pwN0sBzoKtoSCQMvNfsEnYGT5tNk7mpvdk0zTyratfsecF14CxBFSyr4VlvbhDhJCRcYYak7Dl2rPopEopiRrKKm0gSIzxBI9LTkCM9qZ/OY8nguWYCOIyEflzBOfu7I0WhlLPQ1858Zbmq5eR/Wi9Rw7t+SnmcKMLxYtAwYVBFMM8YBlQQrNhMA4QF1btCPEYCYaV/oqJDcFZPXgftq5pzU7Ob19X6/TKOMjgFZ+ACOOAW1MEjaIAWwOAdfBmmUTA+jG+zaJYWVtNY9pyAP2VaPwgqsug=</latexit>

WQ 2 Rd1⇥dq ,WK 2 Rd1⇥dk ,WV 2 Rd1⇥dv

Q: What is this softmax operation?

n × dq dk × n

n × dv





Multi-head attention
• It is better to use multiple attention functions instead of one!

• Each attention function (“head”) can focus on different positions.

• How to do this? Use different sets of query, key and value matrices!

http://jalammar.github.io/illustrated-transformer/



Multi-head attention
• It is better to use multiple attention functions instead of one!

http://jalammar.github.io/illustrated-transformer/

• Finally, we just concatenate all the heads and apply an output projection matrix.

<latexit sha1_base64="YsjpLDPBbdLo/Y2NQWYzorBEmZE=">AAACIXicbVDLSgMxFM3UV62vUZdugkWoIGVGRLsRqm4ENy3YB7R1yKRpG5p5kNwRyzC/4sZfceNCke7EnzFtZ6GtF8I9Offcm9zjhoIrsKwvI7O0vLK6ll3PbWxube+Yu3t1FUSSshoNRCCbLlFMcJ/VgINgzVAy4rmCNdzhzaTeeGRS8cC/h1HIOh7p+7zHKQFNOWapDewJ4gEj3cTh+BLP7lcAzJ8okkKz8VB1+AnW+S7NdYcfO2beKlrTwIvATkEepVFxzHG7G9DI03OpIEq1bCuETkwkcCpYkmtHioWEDkmftTT0icdUJ55umOAjzXRxL5D6+ICn7O+OmHhKjTxXKz0CAzVfm5D/1VoR9EqdmPthpBems4d6kcAQ4IlduMsloyBGGhAquf4rpgMiCQVtak6bYM+vvAjqp0X7vGhVz/Ll69SOLDpAh6iAbHSByugWVVANUfSMXtE7+jBejDfj0xjPpBkj7dlHf8L4/gFoOqL5</latexit>

headi = Attention(XWQ
i , XWK

i , XWV
i )



Multi-head attention

http://jalammar.github.io/illustrated-transformer/

• In practice, we use a reduced dimension for each head.

<latexit sha1_base64="YsjpLDPBbdLo/Y2NQWYzorBEmZE=">AAACIXicbVDLSgMxFM3UV62vUZdugkWoIGVGRLsRqm4ENy3YB7R1yKRpG5p5kNwRyzC/4sZfceNCke7EnzFtZ6GtF8I9Offcm9zjhoIrsKwvI7O0vLK6ll3PbWxube+Yu3t1FUSSshoNRCCbLlFMcJ/VgINgzVAy4rmCNdzhzaTeeGRS8cC/h1HIOh7p+7zHKQFNOWapDewJ4gEj3cTh+BLP7lcAzJ8okkKz8VB1+AnW+S7NdYcfO2beKlrTwIvATkEepVFxzHG7G9DI03OpIEq1bCuETkwkcCpYkmtHioWEDkmftTT0icdUJ55umOAjzXRxL5D6+ICn7O+OmHhKjTxXKz0CAzVfm5D/1VoR9EqdmPthpBems4d6kcAQ4IlduMsloyBGGhAquf4rpgMiCQVtak6bYM+vvAjqp0X7vGhVz/Ll69SOLDpAh6iAbHSByugWVVANUfSMXtE7+jBejDfj0xjPpBkj7dlHf8L4/gFoOqL5</latexit>

headi = Attention(XWQ
i , XWK

i , XWV
i )

<latexit sha1_base64="9PGpSjP2/ZlJxhr2wSdYetAZOno=">AAACXHichVFNS8NAFNzEqv2wWhW8eFksggcpiYh6LHoRvLRim0KThs1mW5duNnF3Uyghf9JbL/4V3X4ctBX6YGGYmcd7bzZIGJXKsmaGuVPY3dsvlsqVg+rhUe34pCvjVGDSwTGLRS9AkjDKSUdRxUgvEQRFASNOMH6a686ECElj/qamCfEiNOJ0SDFSmvJr0hm0fQpdyqEbIfUeBNlrPshC34auohGRMPQ/8mvoDF622cYLW3ebbZL7tbrVsBYFN4G9AnWwqpZf+3TDGKcR4QozJGXfthLlZUgoihnJy24qSYLwGI1IX0OO9CQvW4STw0vNhHAYC/24ggv2d0eGIimnUaCd85XlujYn/9P6qRo+eBnlSaoIx8tBw5RBFcN50jCkgmDFphogLKjeFeJ3JBBW+j/KOgR7/eRN0L1p2HcNq31bbz6u4iiCc3ABroAN7kETPIMW6AAMZuDbKBol48ssmBWzurSaxqrnFPwp8+wHUEi0fQ==</latexit>

WQ
i 2 Rd1⇥dq ,WK

i 2 Rd1⇥dk ,WV
i 2 Rd1⇥dv

<latexit sha1_base64="ynDEW2u+Qzpza/GiAbhvbk6Hp/c=">AAACAHicbVDLSsNAFL2pr1pfURcu3AwWwVVNRNSNUHTjsoJ9QBvCZDJph04ezkwKJXTjr7hxoYhbP8Odf+OkzUJbD8zlcM693LnHSziTyrK+jdLS8srqWnm9srG5tb1j7u61ZJwKQpsk5rHoeFhSziLaVExx2kkExaHHadsb3uZ+e0SFZHH0oMYJdULcj1jACFZacs0D331E18h3h9M6yis6RQPXrFo1awq0SOyCVKFAwzW/en5M0pBGinAsZde2EuVkWChGOJ1UeqmkCSZD3KddTSMcUulk0wMm6FgrPgpioV+k0FT9PZHhUMpx6OnOEKuBnPdy8T+vm6rgyslYlKSKRmS2KEg5UjHK00A+E5QoPtYEE8H0XxEZYIGJ0plVdAj2/MmLpHVWsy9q1v15tX5TxFGGQziCE7DhEupwBw1oAoEJPMMrvBlPxovxbnzMWktGMbMPf2B8/gCvXJPj</latexit>

dq = dk = dv = d/h d = hidden size, h = # of heads
<latexit sha1_base64="gJ/5u6xWaAONRW1HhCMf13KZrhM=">AAACCnicbVC7TsMwFHXKq5RXgJHFUCExVUmFgLGChY2C6ENq0shx3Naq40S2g1RFmVn4FRYGEGLlC9j4G5w2A7Qc6UpH59yre+/xY0alsqxvo7S0vLK6Vl6vbGxube+Yu3ttGSUCkxaOWCS6PpKEUU5aiipGurEgKPQZ6fjjq9zvPBAhacTv1SQmboiGnA4oRkpLnnnY6d9Ah3LohEiNfD+9y/ppAB1FQyJh4NUzz6xaNWsKuEjsglRBgaZnfjlBhJOQcIUZkrJnW7FyUyQUxYxkFSeRJEZ4jIakpylHepObTl/J4LFWAjiIhC6u4FT9PZGiUMpJ6OvO/GA57+Xif14vUYMLN6U8ThTheLZokDCoIpjnAgMqCFZsognCgupbIR4hgbDS6VV0CPb8y4ukXa/ZZzXr9rTauCziKIMDcAROgA3OQQNcgyZoAQwewTN4BW/Gk/FivBsfs9aSUczsgz8wPn8ALeWZ8g==</latexit>

WO 2 Rd⇥d2 If we stack multiple layers, usually 
<latexit sha1_base64="OrTzOJlu8LTBATinWzYiNqSmN/Y=">AAAB9HicdVDLSgMxFM3UV62vqks3wSK4GjKtfS2EohuXFewD2qFkMpk2NJMZk0yhlH6HGxeKuPVj3Pk3ZtoKKnrgXg7n3EtujhdzpjRCH1ZmbX1jcyu7ndvZ3ds/yB8etVWUSEJbJOKR7HpYUc4EbWmmOe3GkuLQ47Tjja9TvzOhUrFI3OlpTN0QDwULGMHaSK4/cOAl9AfFRc8XkI0q5XoJQWSXkVOt1w1BqFIrFaFjSIoCWKE5yL/3/YgkIRWacKxUz0GxdmdYakY4nef6iaIxJmM8pD1DBQ6pcmeLo+fwzCg+DCJpSmi4UL9vzHCo1DT0zGSI9Uj99lLxL6+X6KDmzpiIE00FWT4UJBzqCKYJQJ9JSjSfGoKJZOZWSEZYYqJNTjkTwtdP4f+kXbSdio1uLwqNq1UcWXACTsE5cEAVNMANaIIWIOAePIAn8GxNrEfrxXpdjmas1c4x+AHr7RNjbJCR</latexit>

d1 = d2 = d

• The total computational cost is similar to that of single-head attention with full dimensionality.



What does multi-head attention learn?

https://github.com/jessevig/bertviz



Missing piece: positional information!

• Unlike RNNs, self-attention doesn’t build in order information, we need to encode the order 
of the sentence.

• Solution: Add “positional encoding” to the input embeddings
<latexit sha1_base64="UmxHmQxqsZIwHAn0YyyGS9VZ3Y4=">AAACHHicbVDLSgMxFM3UV62vUZdugkUQhDKjoi6LblxWsA9ohyGTZtrQTDIkGbUM/RA3/oobF4q4cSH4N2baQWzrgcC559xL7j1BzKjSjvNtFRYWl5ZXiqultfWNzS17e6ehRCIxqWPBhGwFSBFGOalrqhlpxZKgKGCkGQyuMr95R6Sigt/qYUy8CPU4DSlG2ki+fdKJkO4HYfow8insMBJqJKW4h1P60W8Zm9K3y07FGQPOEzcnZZCj5tufna7ASUS4xgwp1XadWHspkppiRkalTqJIjPAA9UjbUI4iorx0fNwIHhilC0MhzeMajtW/EymKlBpGgenMdlSzXib+57UTHV54KeVxognHk4/ChEEtYJYU7FJJsGZDQxCW1OwKcR9JhLXJs2RCcGdPnieN44p7VnFuTsvVyzyOItgD++AQuOAcVME1qIE6wOARPINX8GY9WS/Wu/UxaS1Y+cwumIL19QMOL6KV</latexit>

xi  xi + pi

• Use sine and cosine functions of different frequencies (not learnable):

• Later, people just use a learnable embedding                 for every unique position. 
<latexit sha1_base64="igsX5oGQrVbhtlWcDARYCCBQw/E=">AAACCnicbVBNS8NAEJ34WetX1KOX1SJ4KomIeix68VjFfkBTw2a7aZduNmF3I5SQsxf/ihcPinj1F3jz37hpe9DWBwOP92aYmRcknCntON/WwuLS8spqaa28vrG5tW3v7DZVnEpCGyTmsWwHWFHOBG1opjltJ5LiKOC0FQyvCr/1QKVisbjTo4R2I9wXLGQEayP59oEXYT0IwizJfYY8JtBECLLb/D7r+W7u2xWn6oyB5ok7JRWYou7bX14vJmlEhSYcK9VxnUR3Myw1I5zmZS9VNMFkiPu0Y6jAEVXdbPxKjo6M0kNhLE0Jjcbq74kMR0qNosB0FneqWa8Q//M6qQ4vuhkTSaqpIJNFYcqRjlGRC+oxSYnmI0MwkczcisgAS0y0Sa9sQnBnX54nzZOqe1Z1bk4rtctpHCXYh0M4BhfOoQbXUIcGEHiEZ3iFN+vJerHerY9J64I1ndmDP7A+fwCFm5rJ</latexit>

pi 2 Rd1



Adding nonlinearities

• There is no elementwise nonlinearities in self-
attention; stacking more self-attention layers just re-
averages value vectors

• Simple fix: add a feed-forward network to 
post-process each output vector

In practice, they use 
<latexit sha1_base64="ohFcH4qYogJBjPoAdbLPZQemgcg=">AAAB83icdVDLSgMxFM3UV62vqks3wSK4GjJ9dyEU3bisYGuhHUomk2lDM5khyQhl6G+4caGIW3/GnX9jpq2gogcuHM65l3vv8WLOlEbow8qtrW9sbuW3Czu7e/sHxcOjnooSSWiXRDySfQ8rypmgXc00p/1YUhx6nN5506vMv7unUrFI3OpZTN0QjwULGMHaSEN/lAbBHF7AKvRHxRKyUb3WqiCI7BpyGq2WIQjVm5UydAzJUAIrdEbF96EfkSSkQhOOlRo4KNZuiqVmhNN5YZgoGmMyxWM6MFTgkCo3Xdw8h2dG8WEQSVNCw4X6fSLFoVKz0DOdIdYT9dvLxL+8QaKDppsyESeaCrJcFCQc6ghmAUCfSUo0nxmCiWTmVkgmWGKiTUwFE8LXp/B/0ivbTt1GN9VS+3IVRx6cgFNwDhzQAG1wDTqgCwiIwQN4As9WYj1aL9brsjVnrWaOwQ9Yb5/y85D8</latexit>

dff = 4d

<latexit sha1_base64="lvR1hDyldhwouiFAUJar5FGUe/A="></latexit>

FFN(xi) = W2ReLU(W1xi + b1) + b2

<latexit sha1_base64="PgcJ/bMVs6diiEfBZBRkJ/OcY30=">AAACM3icdVDLSsNAFJ34rPUVdelmsAgupCQi6rLoRlxVsQ9oYphMJu3QySTMTIQS8k9u/BEXgrhQxK3/4KTNQls9MHA4517m3OMnjEplWS/G3PzC4tJyZaW6ura+sWlubbdlnApMWjhmsej6SBJGOWkpqhjpJoKgyGek4w8vCr9zT4SkMb9Vo4S4EepzGlKMlJY886rj2dChHDoRUgPfz27yuyzwsjDMoaNoRCQM8sPSDTM//3c898yaVbfGgLPELkkNlGh65pMTxDiNCFeYISl7tpUoN0NCUcxIXnVSSRKEh6hPeppypNO42fjmHO5rJYBhLPTjCo7VnxsZiqQcRb6eLKLKaa8Q//J6qQrP3IzyJFWE48lHYcqgimFRIAyoIFixkSYIC6qzQjxAAmGla67qEuzpk2dJ+6hun9St6+Na47ysowJ2wR44ADY4BQ1wCZqgBTB4AM/gDbwbj8ar8WF8TkbnjHJnB/yC8fUNV9+raQ==</latexit>

W1 2 Rdff⇥d,b1 2 Rdff

<latexit sha1_base64="gwrjbUvrHQmrcgFpWdL9S6tXvhA=">AAACLHicbVDLSsNAFJ34rPUVdelmsAgupCRF1GWxG5dV7AOaGCaTSTt0MgkzE6GEfJAbf0UQFxZx63c4abPQ1gMDh3PuZc49fsKoVJY1NVZW19Y3Nitb1e2d3b198+CwK+NUYNLBMYtF30eSMMpJR1HFSD8RBEU+Iz1/3Cr83hMRksb8QU0S4kZoyGlIMVJa8sxWz2tAh3LoREiNfD+7zx+zADqKRkTCwMvCMM/PSzfM/Hx5PPDMmlW3ZoDLxC5JDZRoe+abE8Q4jQhXmCEpB7aVKDdDQlHMSF51UkkShMdoSAaacqSzuNns2ByeaiWAYSz04wrO1N8bGYqknES+niwyykWvEP/zBqkKr92M8iRVhOP5R2HKoIph0RwMqCBYsYkmCAuqs0I8QgJhpfut6hLsxZOXSbdRty/r1t1FrXlT1lEBx+AEnAEbXIEmuAVt0AEYPINX8AGmxovxbnwaX/PRFaPcOQJ/YHz/AOUmqAo=</latexit>

W2 2 Rd⇥dff ,b2 2 Rd



Transformers: pros and cons

• Quadratic computation in self-attention: 

• Can become very slow when the sequence length is large

• Are these positional representations enough to capture positional information?

• Easier to capture dependencies: we draw attention between every pair of words!

• Easier to parallelize:
<latexit sha1_base64="Zj1Owf2jr65GlRqNMJIdIlsAOuc=">AAAB73icbVBNSwMxEJ2tX7V+VT16CRbBU9kVUS9C0YvHFmy70K4lm2bb0GyyJlmhLP0TXjwo4tW/481/Y9ruQVsfDDzem2FmXphwpo3rfjuFldW19Y3iZmlre2d3r7x/0NIyVYQ2ieRS+SHWlDNBm4YZTv1EURyHnLbD0e3Ubz9RpZkU92ac0CDGA8EiRrCxkt9A18hvPzR65YpbdWdAy8TLSQVy1Hvlr25fkjSmwhCOte54bmKCDCvDCKeTUjfVNMFkhAe0Y6nAMdVBNrt3gk6s0keRVLaEQTP190SGY63HcWg7Y2yGetGbiv95ndREV0HGRJIaKsh8UZRyZCSaPo/6TFFi+NgSTBSztyIyxAoTYyMq2RC8xZeXSeus6l1U3cZ5pXaTx1GEIziGU/DgEmpwB3VoAgEOz/AKb86j8+K8Ox/z1oKTzxzCHzifP4YNjvs=</latexit>

Q = XWQ
<latexit sha1_base64="O/Xdn2nZwVqugGAVDtC02kvexhg=">AAAB73icbVBNSwMxEJ34WetX1aOXYBE8lV0R9SIUvQi9VLDtQruWbJptQ7PZNckKZemf8OJBEa/+HW/+G9N2D9r6YODx3gwz84JEcG0c5xstLa+srq0XNoqbW9s7u6W9/aaOU0VZg8YiVl5ANBNcsobhRjAvUYxEgWCtYHgz8VtPTGkey3szSpgfkb7kIafEWMmr4SvstR5q3VLZqThT4EXi5qQMOerd0lenF9M0YtJQQbRuu05i/Iwow6lg42In1SwhdEj6rG2pJBHTfja9d4yPrdLDYaxsSYOn6u+JjERaj6LAdkbEDPS8NxH/89qpCS/9jMskNUzS2aIwFdjEePI87nHFqBEjSwhV3N6K6YAoQo2NqGhDcOdfXiTN04p7XnHuzsrV6zyOAhzCEZyACxdQhVuoQwMoCHiGV3hDj+gFvaOPWesSymcO4A/Q5w9zs47v</latexit>

K = XWK
<latexit sha1_base64="sG8GlMJZBZitk452XyeL5flQu3E=">AAAB73icbVBNS8NAEJ31s9avqkcvi0XwVBIR9SIUvXisYNNAG8tmu2mXbjZxdyOU0D/hxYMiXv073vw3btsctPXBwOO9GWbmhang2jjON1paXlldWy9tlDe3tnd2K3v7nk4yRVmTJiJRfkg0E1yypuFGMD9VjMShYK1weDPxW09MaZ7IezNKWRCTvuQRp8RYyffwFfZbD163UnVqzhR4kbgFqUKBRrfy1eklNIuZNFQQrduuk5ogJ8pwKti43Mk0Swkdkj5rWypJzHSQT+8d42Or9HCUKFvS4Kn6eyInsdajOLSdMTEDPe9NxP+8dmaiyyDnMs0Mk3S2KMoENgmePI97XDFqxMgSQhW3t2I6IIpQYyMq2xDc+ZcXiXdac89rzt1ZtX5dxFGCQziCE3DhAupwCw1oAgUBz/AKb+gRvaB39DFrXULFzAH8Afr8AZVYjwU=</latexit>

V = XWV



Transformer encoder

Each encoder layer has two sub-layers: 

• A multi-head self-attention layer 

• A feedforward layer

Add & Norm:

In (Vaswani et al., 2017), N = 6

• Residual connection (He et al., 2016)

• Layer normalization (Ba et al., 2016)

[advanced]



Transformer decoder

Each decoder layer has three sub-layers: 

• A masked multi-head attention layer 

• A multi-head cross-attention layer 

• A feedforward layer

Masked multi-head attention: 
self-attention on the decoder states

However, you can’t see the future!

Multi-head cross-attention: 
Decoder attends to encoder states

encoder: keys/values, decoder: queries

In (Vaswani et al., 2017), N = 6



Transformer decoder

http://jalammar.github.io/illustrated-transformer/



Masked multi-head attention

• Key point: you can’t see the future words for the decoder!

• Solution: for every     , only attend to 
<latexit sha1_base64="6+VM45NUukJwFY7v2OnklHqKEbQ=">AAACE3icbVDLSsNAFJ3UV62vqEs3g0WoUkoioi6LblxWsA9oQphMJ+20k4czk0IJ+Qc3/oobF4q4dePOv3HSRtDWAwPnnnMvc+9xI0aFNIwvrbC0vLK6VlwvbWxube/ou3stEcYckyYOWcg7LhKE0YA0JZWMdCJOkO8y0nZH15nfHhMuaBjcyUlEbB/1A+pRjKSSHP3ESiqWj+TA9ZJR6gyr8Kcaq+rYSqtwCC1G7iF19LJRM6aAi8TMSRnkaDj6p9ULceyTQGKGhOiaRiTtBHFJMSNpyYoFiRAeoT7pKhognwg7md6UwiOl9KAXcvUCCafq74kE+UJMfFd1ZguLeS8T//O6sfQu7YQGUSxJgGcfeTGDMoRZQLBHOcGSTRRBmFO1K8QDxBGWKsaSCsGcP3mRtE5r5nnNuD0r16/yOIrgAByCCjDBBaiDG9AATYDBA3gCL+BVe9SetTftfdZa0PKZffAH2sc3DC2dnQ==</latexit>

{(kj ,vj)}, j  i<latexit sha1_base64="hxP9De/8ISmOIjhPxpEmaQphpM0=">AAAB83icbVBNS8NAFHypX7V+VT16WSyCp5KIqMeiF48VbC00oWy2m3bpZhN3X4QS+je8eFDEq3/Gm//GbZuDtg4sDDPv8WYnTKUw6LrfTmlldW19o7xZ2dre2d2r7h+0TZJpxlsskYnuhNRwKRRvoUDJO6nmNA4lfwhHN1P/4YlrIxJ1j+OUBzEdKBEJRtFKvh9THIZR/jjpiV615tbdGcgy8QpSgwLNXvXL7ycsi7lCJqkxXc9NMcipRsEkn1T8zPCUshEd8K6lisbcBPks84ScWKVPokTbp5DM1N8bOY2NGcehnZxmNIveVPzP62YYXQW5UGmGXLH5oSiTBBMyLYD0heYM5dgSyrSwWQkbUk0Z2poqtgRv8cvLpH1W9y7q7t15rXFd1FGGIziGU/DgEhpwC01oAYMUnuEV3pzMeXHenY/5aMkpdg7hD5zPH3Y1kfY=</latexit>qi



Masked multi-head attention

<latexit sha1_base64="jm5uo3dRxbDkw+g1SzH+j+B7dtg="></latexit>

↵i,j = softmax(
qi · kjp

dk
)

<latexit sha1_base64="iKF8OyHXuJKVRRC06k1scJmrAHk=">AAACR3icbZBLSwMxFIUz9VXra9Slm2ARXEiZEVE3QtGN4KYF+4B2OmTSTBuaeZhkimXov3Pj1p1/wY0LRVyaaWegtr0QODnfveTmOCGjQhrGu5ZbWV1b38hvFra2d3b39P2DuggijkkNByzgTQcJwqhPapJKRpohJ8hzGGk4g7uEN4aECxr4j3IUEstDPZ+6FCOpLFvvtD0k+44bP41tCm9go1PNnGflnMHsNsj4w3I+zHh9ltt60SgZk4KLwkxFEaRVsfW3djfAkUd8iRkSomUaobRixCXFjIwL7UiQEOEB6pGWkj7yiLDiSQ5jeKKcLnQDro4v4cSdnYiRJ8TIc1RnsqOYZ4m5jLUi6V5bMfXDSBIfTx9yIwZlAJNQYZdygiUbKYEwp2pXiPuIIyxV9AUVgjn/5UVRPy+ZlyWjelEs36Zx5MEROAanwARXoAzuQQXUAAYv4AN8gW/tVfvUfrTfaWtOS2cOwb/KaX/s2LKL</latexit>

qi = WQxi,ki = WKxi,vi = WV xi

http://peterbloem.nl/blog/transformers

Efficient implementation: compute 
attention as we normally do, mask 
out attention to future words by 
setting attention scores to −∞



Multi-head cross-attention

<latexit sha1_base64="jm5uo3dRxbDkw+g1SzH+j+B7dtg="></latexit>

↵i,j = softmax(
qi · kjp

dk
)

<latexit sha1_base64="iKF8OyHXuJKVRRC06k1scJmrAHk=">AAACR3icbZBLSwMxFIUz9VXra9Slm2ARXEiZEVE3QtGN4KYF+4B2OmTSTBuaeZhkimXov3Pj1p1/wY0LRVyaaWegtr0QODnfveTmOCGjQhrGu5ZbWV1b38hvFra2d3b39P2DuggijkkNByzgTQcJwqhPapJKRpohJ8hzGGk4g7uEN4aECxr4j3IUEstDPZ+6FCOpLFvvtD0k+44bP41tCm9go1PNnGflnMHsNsj4w3I+zHh9ltt60SgZk4KLwkxFEaRVsfW3djfAkUd8iRkSomUaobRixCXFjIwL7UiQEOEB6pGWkj7yiLDiSQ5jeKKcLnQDro4v4cSdnYiRJ8TIc1RnsqOYZ4m5jLUi6V5bMfXDSBIfTx9yIwZlAJNQYZdygiUbKYEwp2pXiPuIIyxV9AUVgjn/5UVRPy+ZlyWjelEs36Zx5MEROAanwARXoAzuQQXUAAYv4AN8gW/tVfvUfrTfaWtOS2cOwb/KaX/s2LKL</latexit>

qi = WQxi,ki = WKxi,vi = WV xi

<latexit sha1_base64="jm5uo3dRxbDkw+g1SzH+j+B7dtg="></latexit>

↵i,j = softmax(
qi · kjp

dk
)

<latexit sha1_base64="iKF8OyHXuJKVRRC06k1scJmrAHk=">AAACR3icbZBLSwMxFIUz9VXra9Slm2ARXEiZEVE3QtGN4KYF+4B2OmTSTBuaeZhkimXov3Pj1p1/wY0LRVyaaWegtr0QODnfveTmOCGjQhrGu5ZbWV1b38hvFra2d3b39P2DuggijkkNByzgTQcJwqhPapJKRpohJ8hzGGk4g7uEN4aECxr4j3IUEstDPZ+6FCOpLFvvtD0k+44bP41tCm9go1PNnGflnMHsNsj4w3I+zHh9ltt60SgZk4KLwkxFEaRVsfW3djfAkUd8iRkSomUaobRixCXFjIwL7UiQEOEB6pGWkj7yiLDiSQ5jeKKcLnQDro4v4cSdnYiRJ8TIc1RnsqOYZ4m5jLUi6V5bMfXDSBIfTx9yIwZlAJNQYZdygiUbKYEwp2pXiPuIIyxV9AUVgjn/5UVRPy+ZlyWjelEs36Zx5MEROAanwARXoAzuQQXUAAYv4AN8gW/tVfvUfrTfaWtOS2cOwb/KaX/s2LKL</latexit>

qi = WQxi,ki = WKxi,vi = WV xi

<latexit sha1_base64="EQ/afALXxQ1c1Iz0AymtTdnlvFM="></latexit>

kj = WKhj ,vj = WV hj

•                  : hidden states from encoder 
<latexit sha1_base64="UazQx9otBOmVDp/bKPURoGei/ko=">AAACC3icbVDLSsNAFJ34rPUVdelmaBFcSElE1GXRjcsK9gFNCJPJpB06kwkzE6GE7t34K25cKOLWH3Dn3zhpA2rrgWEO59zLvfeEKaNKO86XtbS8srq2Xtmobm5t7+zae/sdJTKJSRsLJmQvRIowmpC2ppqRXioJ4iEj3XB0XfjdeyIVFcmdHqfE52iQ0JhipI0U2DWPIz0M43w4CdwT6LFIaGX+H5UHdt1pOFPAReKWpA5KtAL704sEzjhJNGZIqb7rpNrPkdQUMzKpepkiKcIjNCB9QxPEifLz6S0TeGSUCMZCmpdoOFV/d+SIKzXmoaksdlTzXiH+5/UzHV/6OU3STJMEzwbFGYNawCIYGFFJsGZjQxCW1OwK8RBJhLWJr2pCcOdPXiSd04Z73nBuz+rNqzKOCjgENXAMXHABmuAGtEAbYPAAnsALeLUerWfrzXqflS5ZZc8B+APr4xuyQprW</latexit>

h1, . . . ,hm

•                  : hidden states from decoder <latexit sha1_base64="iku7O5mVABWmnc1yskR1IAmkRJ4=">AAACC3icbVDLSsNAFL2pr1pfVZduhhbBhZRERF0W3bisYB/QhjKZTNqhk0yYmYgldO/GX3HjQhG3/oA7/8ZJG1BbLwxzOOdc7r3HizlT2ra/rMLS8srqWnG9tLG5tb1T3t1rKZFIQptEcCE7HlaUs4g2NdOcdmJJcehx2vZGV5nevqNSMRHd6nFM3RAPIhYwgrWh+uVKL8R66AXp/aTvHKMe94VW5v9hjalq1+xpoUXg5KAKeTX65c+eL0gS0kgTjpXqOnas3RRLzQink1IvUTTGZIQHtGtghEOq3HR6ywQdGsZHgZDmRRpN2d8dKQ6VGoeecWY7qnktI//TuokOLtyURXGiaURmg4KEIy1QFgzymaRE87EBmEhmdkVkiCUm2sRXMiE48ycvgtZJzTmr2Ten1fplHkcRDqACR+DAOdThGhrQBAIP8AQv8Go9Ws/Wm/U+sxasvGcf/pT18Q3mBpr3</latexit>x1, . . . ,xn

Q: What is the size of ?α
<latexit sha1_base64="YCXXcpjEYT+xM/VRMt8QXcTTtPQ=">AAACIXicbVDLSgMxFM3UV62vUZdugkVwIWVGRLspFN24rGBroVOHTJpp0yYzQ5IplDC/4sZfceNCke7EnzF9CNp6IHA451xy7wkSRqVynE8rt7K6tr6R3yxsbe/s7tn7Bw0ZpwKTOo5ZLJoBkoTRiNQVVYw0E0EQDxh5CAY3E/9hSISkcXSvRglpc9SNaEgxUkby7bLHkeoFoR5lPoUV6MmU+7pfcbNHzTPtIZb0kK/pWT+DP9Fh5vcz3y46JWcKuEzcOSmCOWq+PfY6MU45iRRmSMqW6ySqrZFQFDOSFbxUkgThAeqSlqER4kS29fTCDJ4YpQPDWJgXKThVf09oxKUc8cAkJ0vKRW8i/ue1UhWW25pGSapIhGcfhSmDKoaTumCHCoIVGxmCsKBmV4h7SCCsTKkFU4K7ePIyaZyX3MuSc3dRrF7P68iDI3AMToELrkAV3IIaqAMMnsALeAPv1rP1an1Y41k0Z81nDsEfWF/fTyak3A==</latexit>

yi =
mX

j=1

↵i,jvj



Putting the pieces together



Putting the pieces together



Putting the pieces together



Transformers: machine translation

Vaswani et al., 2017: Attention Is All You Need



Transformers: document generation

Liu et al., 2018: Generating Wikipedia by Summarizing Long Sequences

Very large gains compared to 
seq2seq-attention with LSTMs!


