
L8: Self-attention and Transformers

COS 484

Natural Language Processing

Spring 2026

(Some slides adapted from John Hewitt)



Recap: Attention

‣ Encoder hidden states: henc
1 , . . . , henc

n
(n: # of words in source sentence)

‣ Decoder hidden state at time : t hdec
t
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‣ Attention scores:

‣ Attention distribution:
αt = softmax(et) ∈ ℝn

‣ Weighted sum of encoder hidden states:
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∑
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Combine  and  to predict next wordat hdec
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Note that  and  are hidden states from encoder and decoder RNNs..henc
1 , . . . , henc

n hdec
t



Recap: Attention

https://jalammar.github.io/visualizing-neural-machine-translation-mechanics-of-seq2seq-models-with-attention/

• Attention addresses the “bottleneck” or fixed representation problem 

• Attention learns the notion of alignment
“Which source words are more relevant to the current target word?”



Attention as a soft, averaging lookup table

We can think of attention as performing fuzzy lookup a in key-value store

Lookup table: a table of keys that map to 
values. The query matches one of the keys, 

returning its value.

Attention: The query matches to all keys 
softly to a weight between 0 and 1. The 
keys’ values are multiplied by the weights 
and summed.

(So far, we assume key = value)



Transformers

(Vaswani et al., 2017)



Transformer encoder-decoder

• Transformer encoder + Transformer decoder

• First designed and experimented on NMT

• Can be viewed as a replacement for seq2seq + 
attention based on RNNs



Transformer encoder-decoder

• Transformer encoder = a stack of encoder layers

• Transformer decoder = a stack of decoder layers

Transformer encoder:  BERT, RoBERTa, ELECTRA

Transformer decoder:  GPT-3, ChatGPT, Palm

Transformer encoder-decoder: T5, BART

• Key innovation: multi-head, self-attention 
• Clean & effective architecture design 
• Transformers don’t have any recurrence structures!

ht = f(ht−1, xt) ∈ ℝh



Issues with recurrent NNs

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

⟹

• RNNs lack parallelizability

• Forward and backward passes have O(sequence length) unparallelizable operations

• GPUs can perform a bunch of independent computations at once!

• Inhibits training on very large datasets

RNNs / LSTMs  seq2seq   seq2seq + attention  attention only = Transformers!→ → →
Transformers have become a new building block to replace RNNs



Transformers: roadmap

• From attention to self-attention

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

• Feedforward layers

• Positional encoding

• Residual connections + layer normalization

• Transformer encoder vs Transformer decoder



Attention in a general form

• 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="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="lOgQ4ZfNJ1yGDeiFhR7UEnlS3+E="></latexit>

a =
nX

i=1

↵ivi 2 Rdv

<latexit sha1_base64="5javeMdBEQdfRGQPCIIo3zeqBg0=">AAACInicbVDLSgMxFM3UV62vqks3wSJUkDIjxcdCKLpxWcU+oFNLJs20oZnMmGQKZZhvceOvuHGhqCvBjzHTTkFbDwROzr2He+9xAkalMs0vI7OwuLS8kl3Nra1vbG7lt3fq0g8FJjXsM180HSQJo5zUFFWMNANBkOcw0nAGV0m9MSRCUp/fqVFA2h7qcepSjJSWOvlz20Oq77gRieEF7BWn34f4CE75MO7QQ2hTnipOdBvfa2/BLJljwHlipaQAUlQ7+Q+76+PQI1xhhqRsWWag2hESimJG4pwdShIgPEA90tKUI4/IdjQ+MYYHWulC1xf6cQXH6m9HhDwpR56jO5Md5WwtEf+rtULlnrUjyoNQEY4ng9yQQeXDJC/YpYJgxUaaICyo3hXiPhIIK51qTodgzZ48T+rHJeukVL4pFyqXaRxZsAf2QRFY4BRUwDWoghrA4BE8g1fwZjwZL8a78TlpzRipZxf8gfH9A0kqpCg=</latexit>

e = g(q,vi) 2 Rn



Attention in a general form

• 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

• 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="lOgQ4ZfNJ1yGDeiFhR7UEnlS3+E="></latexit>

a =
nX

i=1

↵ivi 2 Rdv

<latexit sha1_base64="g/vuGhIow32NY0zdzhrCxp2nNqk="></latexit>

e = g(q,ki) 2 Rn



Self-attention

• In NMT, query = decoder hidden state,  keys = 
values = encoder hidden states

• Self-attention = attention from the sequence to itself

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

• 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

A self-attention layer maps a sequence of input vectors   to a 
sequence of n vectors: 

x1, …, xn ∈ ℝd1

h1, …, hn ∈ ℝd2

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

ht = g(Wht−1 + Uxt + b) ∈ ℝh



Self-attention
Step #1: Transform each input vector into three vectors: query, key, and value vectors 

qi = xiWQ ∈ ℝdq

WQ ∈ ℝd1×dq

ki = xiWK ∈ ℝdk

WK ∈ ℝd1×dk

vi = xiWV ∈ ℝdv

WV ∈ ℝd1×dv

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

Note that we use row vectors here;

It is also common to write  

  
for  = a column vector

qi = WQxi ∈ ℝdq

xi



Self-attention
Step #2: Compute pairwise similarities between keys and queries; normalize with softmax

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

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

Q. Why scaled dot product?
Intuition: Assuming  and  are normally 
distributed, the dot product might be too large 

for larger ; scaling the dot product by  

is easier for optimization

qi kj

dk
1
dk



Self-attention

Step #3: Compute output for each input 
as weighted sum of values

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

( )dv = d2

<latexit sha1_base64="RD1WiDE2UIqxSpP1E+3vyy3nIf8="></latexit>

hi =
nX

j=1

↵i,jvj 2 Rdv

h1 h2



What would be the output vector for 
the word “Thinking” approximately?

(a) 

(c)

(c) is correct.

(b)

(d)

<latexit sha1_base64="4fhEUPGl8QY+x01IrSDErkJYchg=">AAACDHicbVDLSsNAFL2pr1pfVZduBosgCCUpvpZFNy4r2Ae0oUymk3boZBJmJoUS+gFu/BU3LhRx6we482+cpFlo64GBwznnMvceL+JMadv+tgorq2vrG8XN0tb2zu5eef+gpcJYEtokIQ9lx8OKciZoUzPNaSeSFAcep21vfJv67QmVioXiQU8j6gZ4KJjPCNZG6pcrdvUC9QKsR56fTGZ9B52hBamWpewMaJk4OalAjka//NUbhCQOqNCEY6W6jh1pN8FSM8LprNSLFY0wGeMh7RoqcECVm2THzNCJUQbID6V5QqNM/T2R4ECpaeCZZLqjWvRS8T+vG2v/2k2YiGJNBZl/5Mcc6RClzaABk5RoPjUEE8nMroiMsMREm/5KpgRn8eRl0qpVncuqfX9eqd/kdRThCI7hFBy4gjrcQQOaQOARnuEV3qwn68V6tz7m0YKVzxzCH1ifP51tmXg=</latexit>

0.5v1 + 0.5v2

<latexit sha1_base64="oI44ipVQKznKr6ZASK43p7xFXxA=">AAACDnicbVDLSsNAFJ3UV62vqEs3g6UgCGFSanVZdOOygn1AG8JkOmmHTh7MTAol9Avc+CtuXCji1rU7/8ZJm0VtPXDhcM693HuPF3MmFUI/RmFjc2t7p7hb2ts/ODwyj0/aMkoEoS0S8Uh0PSwpZyFtKaY47caC4sDjtOON7zK/M6FCsih8VNOYOgEehsxnBCstuWYFWVc12A+wGnl+Opm5NryEyKrVl7Wqa5aRheaA68TOSRnkaLrmd38QkSSgoSIcS9mzUaycFAvFCKezUj+RNMZkjIe0p2mIAyqddP7ODFa0MoB+JHSFCs7V5YkUB1JOA093ZjfKVS8T//N6ifJvnJSFcaJoSBaL/IRDFcEsGzhgghLFp5pgIpi+FZIRFpgonWBJh2CvvrxO2lXLrlvooVZu3OZxFMEZOAcXwAbXoAHuQRO0AAFP4AW8gXfj2Xg1PozPRWvByGdOwR8YX7+XpJn1</latexit>

0.54v1 + 0.46v2

<latexit sha1_base64="wwHjNhhPgH8LZSho33l5Sxs05vU=">AAACDnicbVDLSsNAFJ3UV62vqEs3g6UgCGFSRLssunFZwT6gDWEynbRDJ5MwMymU0C9w46+4caGIW9fu/BunbRa19cCFwzn3cu89QcKZ0gj9WIWNza3tneJuaW//4PDIPj5pqTiVhDZJzGPZCbCinAna1Exz2kkkxVHAaTsY3c389phKxWLxqCcJ9SI8ECxkBGsj+XYFObUa7EVYD4MwG099F15C5LjVZa3q22XkoDngOnFzUgY5Gr793evHJI2o0IRjpbouSrSXYakZ4XRa6qWKJpiM8IB2DRU4osrL5u9MYcUofRjG0pTQcK4uT2Q4UmoSBaZzdqNa9Wbif1431WHNy5hIUk0FWSwKUw51DGfZwD6TlGg+MQQTycytkAyxxESbBEsmBHf15XXSqjrutYMersr12zyOIjgD5+ACuOAG1ME9aIAmIOAJvIA38G49W6/Wh/W5aC1Y+cwp+APr6xeYMJn1</latexit>

0.88v1 + 0.12v2

<latexit sha1_base64="XrYR8WhBFz/y0YwfGWrJ1blnm2k=">AAACDnicbVDLSsNAFJ3UV62vqEs3g6UgCGFSRLssunFZwT6gDWEynbRDJ5MwMymU0C9w46+4caGIW9fu/BunbRa19cCFwzn3cu89QcKZ0gj9WIWNza3tneJuaW//4PDIPj5pqTiVhDZJzGPZCbCinAna1Exz2kkkxVHAaTsY3c389phKxWLxqCcJ9SI8ECxkBGsj+XYFOW4V9iKsh0GYjae+Cy8hcmq1Za3q22XkoDngOnFzUgY5Gr793evHJI2o0IRjpbouSrSXYakZ4XRa6qWKJpiM8IB2DRU4osrL5u9MYcUofRjG0pTQcK4uT2Q4UmoSBaZzdqNa9Wbif1431WHNy5hIUk0FWSwKUw51DGfZwD6TlGg+MQQTycytkAyxxESbBEsmBHf15XXSqjrutYMersr12zyOIjgD5+ACuOAG1ME9aIAmIOAJvIA38G49W6/Wh/W5aC1Y+cwp+APr6xeXLJn1</latexit>

0.12v1 + 0.88v2

Self-attention

h1 h2



Self-attention: matrix notations

<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

n × dq dk × n

n × dv

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

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

X 2 Rn⇥d1 (n = input length)

H



Multi-head attention

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

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

“The Beast with Many Heads”

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

H0 H1 H7



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
“The Beast with Many Heads”

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

×

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

d = hidden size, m = # 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

<latexit sha1_base64="8SuFAHsWx3lrmf1qvF4dmj13clU=">AAACAHicbVC7TsMwFHV4lvIKMDCwWFRITCVBFbAgVbAwFok+pDaKHMdprdpOsJ1KVdSFX2FhACFWPoONv8FpM0DLkXx1dM69ur4nSBhV2nG+raXlldW19dJGeXNre2fX3ttvqTiVmDRxzGLZCZAijArS1FQz0kkkQTxgpB0Mb3O/PSJS0Vg86HFCPI76gkYUI20k3z4M/Ud4DUN/OK2jvMIzyH274lSdKeAicQtSAQUavv3VC2OcciI0Zkiprusk2suQ1BQzMin3UkUShIeoT7qGCsSJ8rLpARN4YpQQRrE0T2g4VX9PZIgrNeaB6eRID9S8l4v/ed1UR1deRkWSaiLwbFGUMqhjmKcBQyoJ1mxsCMKSmr9CPEASYW0yK5sQ3PmTF0nrvOpeVGv3tUr9poijBI7AMTgFLrgEdXAHGqAJMJiAZ/AK3qwn68V6tz5mrUtWMXMA/sD6/AG4OJPs</latexit>

dq = dk = dv = d/m

• 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 encoding

• Unlike RNNs, self-attention doesn’t build in order information, we need to encode the order 
of the sentence in our keys, queries, and values

• Solution: Add “positional encoding” to the input embeddings:   for pi ∈ ℝd i = 1,2,…, n
<latexit sha1_base64="UmxHmQxqsZIwHAn0YyyGS9VZ3Y4=">AAACHHicbVDLSgMxFM3UV62vUZdugkUQhDKjoi6LblxWsA9ohyGTZtrQTDIkGbUM/RA3/oobF4q4cSH4N2baQWzrgcC559xL7j1BzKjSjvNtFRYWl5ZXiqultfWNzS17e6ehRCIxqWPBhGwFSBFGOalrqhlpxZKgKGCkGQyuMr95R6Sigt/qYUy8CPU4DSlG2ki+fdKJkO4HYfow8insMBJqJKW4h1P60W8Zm9K3y07FGQPOEzcnZZCj5tufna7ASUS4xgwp1XadWHspkppiRkalTqJIjPAA9UjbUI4iorx0fNwIHhilC0MhzeMajtW/EymKlBpGgenMdlSzXib+57UTHV54KeVxognHk4/ChEEtYJYU7FJJsGZDQxCW1OwKcR9JhLXJs2RCcGdPnieN44p7VnFuTsvVyzyOItgD++AQuOAcVME1qIE6wOARPINX8GY9WS/Wu/UxaS1Y+cwumIL19QMOL6KV</latexit>

xi  xi + pi

• Sinusoidal position encoding:  sine and cosine functions of different frequencies:

• Pros: Periodicity + can extrapolate to longer sequences
• Cons: Not learnable



Missing piece: positional encoding

• Learned absolute position encoding:  let all  be learnable parameters 
Similar to word embeddings

pi

•  for  = max sequence length P ∈ ℝd×L L

• Pros: each position gets to be learned to fit the data
• Cons: can’t extrapolate to indices outside of max sequence length L

• Most systems use this!



Feed-forward Network (MLP)

• There are 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="38voaT3f3jjVz1xUxooqtq2gnm4=">AAACOHicbVDLSsNAFJ3UV62vqEs3g0VwISUpRV0W3bizin1AU8NkMmmHTiZhZiKUkM9y42e4EzcuFHHrFzhpK2jbAwOHc85l7j1ezKhUlvViFJaWV1bXiuuljc2t7R1zd68lo0Rg0sQRi0THQ5IwyklTUcVIJxYEhR4jbW94mfvtByIkjfidGsWkF6I+pwHFSGnJNa+dEKmBF6TtzK1Ch3I4Ebz0NrtPfTcNggw6ioZEQj87gb9xb2E8K7lm2apYY8B5Yk9JGUzRcM1nx49wEhKuMENSdm0rVr0UCUUxI1nJSSSJER6iPulqypHepJeOD8/gkVZ8GERCP67gWP07kaJQylHo6WS+ppz1cnGR101UcN5LKY8TRTiefBQkDKoI5i1CnwqCFRtpgrCgeleIB0ggrHTXeQn27MnzpFWt2KeV2k2tXL+Y1lEEB+AQHAMbnIE6uAIN0AQYPIJX8A4+jCfjzfg0vibRgjGd2Qf/YHz/AE7KrU4=</latexit>

W2 2 Rdff⇥d,b2 2 Rd

<latexit sha1_base64="+rL5lt69DtAHmr1latv+R9+czGw=">AAACPHicbVBLS8NAGNz4rPVV9ehlsQgepCRS1GPRi8f66AOaGDabTbt0swm7G6GE/DAv/ghvnrx4UMSrZzdNBW07sDDMzMd+33gxo1KZ5ouxsLi0vLJaWiuvb2xubVd2dtsySgQmLRyxSHQ9JAmjnLQUVYx0Y0FQ6DHS8YaXud95IELSiN+pUUycEPU5DShGSktu5dYOkRp4QdrJXAvalMNC8NKb7D71oa1oSCT03TQIsuwY/sa9ufEi5VaqZs0cA84Sa0KqYIKmW3m2/QgnIeEKMyRlzzJj5aRIKIoZycp2IkmM8BD1SU9TjvRKTjo+PoOHWvFhEAn9uIJj9e9EikIpR6Gnk/mqctrLxXleL1HBuZNSHieKcFx8FCQMqgjmTUKfCoIVG2mCsKB6V4gHSCCsdN9lXYI1ffIsaZ/UrNNa/bpebVxM6iiBfXAAjoAFzkADXIEmaAEMHsEreAcfxpPxZnwaX0V0wZjM7IF/ML5/AIYzr40=</latexit>

W1 2 Rd⇥dff ,b1 2 Rdff

<latexit sha1_base64="j8dj7l7ZQhSpH/ek5k2EPXzvgiA="></latexit>

FFN(xi) = ReLU(xiW1 + b1)W2 + b2

This is actually where the majority of the compute and parameters go!



Which of the following statements is correct?

(a)

(c)

(b) is correct.

Transformers have less parameters compared to RNNs

(b) Transformers are easier to parallelize compared to RNNs 

Transformers have fewer operations compared to RNNs

(d) Transformers are better at capturing positional information than RNNs

Transformers vs RNNs



Transformer encoder: let’s put things together

From the bottom to the top:

• Input embedding

• Positional encoding

• A stack of Transformer encoder layers

Transformer encoder is a stack of  layers, which 
consists of two sub-layers:

• Multi-head attention layer

• Feed-forward layer

N

x1, …, xn ∈ ℝd1 h1, …, hn ∈ ℝd2



Residual connection & layer normalization
Add & Norm:

Residual connections (He et al., 2016)

Instead of  (  represents the layer)X(i) = Layer(X(i−1)) i

We let , so we only need to learn “the 
residual” from the previous layer

X(i) = X(i−1) + Layer(X(i−1))

Gradient through the residual connection is 1 - good for propagating information through layers

Residual connection unlocks deep networks!



Residual connection & layer normalization
Add & Norm:

Layer normalization (Ba et al., 2016) helps train model faster

Idea: normalize the hidden vector values to unit mean and stand deviation within each layer

 are learnable parametersγ, β ∈ ℝd

LayerNorm is crucial for stable training with deep networks



Transformer decoder
From the bottom to the top:

• Output embedding

• Positional encoding

• A stack of Transformer decoder layers

• Linear + softmax

Transformer decoder is a stack of  layers, which 
consists of three sub-layers:

• Masked multi-head attention

• Multi-head cross-attention

• Feed-forward layer

• (W/ Add & Norm between sub-layers)

N

Self-attention 
within target 

sequence

Cross-attention 
between source 

and target sequence


