Attention & Transformers

Instructor: Lara J. Martin (she/they)
TA: Omkar Kulkarni (he)

https://laramartin.net/NLP-class/



https://laramartin.net/NLP-class/
https://laramartin.net/NLP-class/
https://laramartin.net/NLP-class/

Learning Objectives

Review RNN architecture with an end-to-end diagram

Compare sequence-to-sequence RNNs to simple NNs & non-neural LMs
Visualize how the attention mechanism works
Compare sequence-to-sequence RNNs to transformers

Compare and contrast all LM types so far
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Review: N-gram Language Models

given some context...

l—l—\

i—3, Wi_2, Wi_1, W;)

compute beliefs about
what is likely...

predict the next word
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Review: Maxent/LR Language Models

given some context...

compute beliefs about
what is likely...

predict the next word can we learn word-specific weights
(by type)?
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Review: Neural Language Models

given some context... W, 5 W, ,

can we learn the feature function(s) for just
the context?

compute beliefs about
what is likely...

p(w;| wi_3,w;_3,w;_1) = softmax(6,,, A (W;_3, Wi_2, W;_1))

predict the next word can we learn word-specific weights
(by type)?
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Review: Maxent Language Models

given som

no learned
representation h

compute b
what is like
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Review: Neural Language Models

given som

create/use
“distribute
representa

combine tf
representa

compute b
what is like

predict the
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Review:
A Simple Recurrent Neural Network Cell

) (o

S S

| /$

h; = O'(Whl 1+ UWl)

o(x) =

1+ exp(—x)




Review:
A Simple Recurrent Neural Network Cell
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hi — O'(Whi_l + Wi)

;.1 = softmax(Sh;)
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Tri-gram
Feedforward
Neural
Network
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Recurrent
Neural
Network
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Review: A Multi-Layer Simple Recurrent Neural Network Cell
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Another way of illustrating it




Defining A Simple RNN in Python

http://pytorch.org/tutorials/intermediate/char rnn classification tutorial.html

impoxrt torch.nn as nn
import torch.nn.functional as F

class ChaxRNN({nn.Module):
def __init__(self, input_size, hidden_size, output_size):

super (CharRNN, self).__init__()

nn.RNN(input_size, hidden_size)

self.x¥nn
self.h2o = nn.Linear(hidden_size, output_size)
self.softmax = nn.LogSoftmax(dim=1)

def forwaxrd(self, line_tensor):
rnn_out, hidden = self.rnn(line_tensor)
output = self.h2o(hidden[@])
output = self.softmax(output)

return output
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https://pytorch.org/tutorials/intermediate/char_rnn_classification_tutorial.html

Training A Simple RNN in Python

http://pytorch.org/tutorials/intermediate/char rnn classification tutorial.html

for iter in range(l, n_epoch + 1):

mnn.zero_grad() # clear the gradients

# create some minibatches

# we cannot use dataloaders because each of our names is a different Iength
batches = list(range(len(training_data)))

random.shuffle(batches)

batches = np.array_split(batches, len(batches) //n_batch_size )

for idx, batch in enumerate(batches):
batch_loss = @

for i im batch: #for each example in this batch o no
(label_tensor, text_tensor, label, text) = training_data[i] get predICtlonS
output = ¥nn.forward(text tensor)
loss = criterion(output, label_tensor) eval predictions

batch_loss += loss

Sett=0
Pick a starting value 6,
Until converged:
for example(s) sentence i:
. Compute loss | on x;

Zoptimize paramatars
L T

batch_loss.backward()

nn.utils.clip_grad noxm_(xnn.parameters(), 3) CompUte gradlent
optimizer.step()
optimizer.zero_grad() perform SGD

current_loss += batch_loss.item() / len(batch)

. Get gradient g, = I'(x;)

. Get scaling factor p,
4. SetB,,,=0,-p.*g,
5. Sett+=1

all losses.append(current_loss [/ len(batches) )

if iter % report_every ==
print{f"fiter? (fiter / n_epoch:.8%}): \t average batch loss = fall_losses[-1]7")

current loss = @

return all losses
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Sequence-to-Sequence RNNSs

Up until 2017 or so, neural language models were mostly built using recurrent
neural networks.

Sequence to Sequence Learning
with Neural Networks

Generating Sequences With

Ilya Sutskever Oriol Vinyals Quoc V. Le
Google Google Google
ilyasu@gcogle.com vinyals@google.com gvl@google.com Recurrent Neural Networks
Abstract Alex Graves
Deep Neural Networks (DNNs) are powerful models that have achieved excel- Depa:['tment Of ComPUter SCIBHCB
lent performance on difficult learning tasks. Although DNNs work well whenever University Of Toronto
large labeled training sets are available, they cannot be used to map sequences to
sequences. In this paper, we present a general end-to-end approach to sequence graves @cs.toronto.edu

learning that makes minimal assumptions on the sequence structure. Our method
uses a multilayered Long Short-Term Memory (LSTM) to map the input sequence
to a vector of a fixed dimensionality, and then another deep LSTM to decode the
target sequence from the vector. Our main result is that on an English to French

translation task from the WMT’ 14 dataset, the translations produced by the LSTM Abstract

achieve a BLEU score of 34.8 on the entire test set, where the LSTM’s BLEU

score was penalized on out-of-vocabulary words. Additionally, the LSTM did not This paper shows how Long Short-term Memory recurrent neural net-
have difficulty on long sentences. For comparison, a phrase-based SMT system : _

achieves a BLEU score of 33.3 on the same dataset. When we used the LSTM works can be used ta‘ge.nera,te complex §equenoes _WIth long-range struc‘)-
to rerank the 1000 hypotheses produced by the aforementioned SMT system, its ture, simply by predicting one data point at a time. The approach is
BLEU score increases to 36.5, which is close to the previous best result on this demonstrated for text (where the data are discrete) and online handwrit-
task. The LSTM also learned sensible phrase and sentence representations that . i "
are sensitive to word order and are relatively invariant to the active and the pas- ing (where the data are real-valued). It is then extended to handwriting
sive voice. Finally, we found that reversing the order of the words in all source synthesis by allowing the network to condition its predictions on a text

LP - ATTENTIO

centences (but not target sentences) improved the LSTM’s performance markedly,
because doing so introduced many short term dependencies between the source

and tha tarmat samntatrins wmiriank svvada tha andtrmiratiam raveivl et o ad s

sequence. The resulting system is able to generate highly realistic cursive

T . SR SN [ S SR L B (.

v:1409.3215v3 [cs.CL] 14 Dec 2014
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Sequence-to-Sequence

Decoder
good morning <eos>
Can be LSTM, T T T
GRU, etc.

Encoder T T T

1 2 3 "4 Encoder ** >2 >3

1 1 ] see 1T 1 ]

hg —p\ — > — > — S R S W Y B

I o
Lo oL

<S0S> guten morgen <eos> <S0S> good morning

I. Sutskever, O. Vinyals, and Q. V. Le, “Sequence to Sequence Learning with Neural Networks,” in Conference on Advances in Neural Information Processing Systems (NeurlPS),

Montréal, Canada, 2014, pp. 3104-3112. https://proceedings.neurips.cc/paper files/paper/2014/hash/al4ac55a4f27472c5d894eclc3c743d2-Abstract.html
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x1,...,xT@P(¥1 =)

Vis oo s Vil

Inputs to the Encoder

The encoder takes as input the embeddings corresponding to each token in the
seguence.

Vocabulary * Embedding matrix
the [ ]

a D = / Encoder \
ny

| ]
embedding dimension

1
I
. 0

1 432 2019 2 1234

kitten] ] T T T T T

The hippo ate my homework

vocab size
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1

» V-1

Outputs from the Encoder

The encoder outputs a sequence of vectors. These are called the hidden state of
the encoder.

enc enc
hl hT

HEER

L1

432 2019 1234
T 1 T 1
The hippo ate my homework
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x1,...,xT‘IEJ,“@->P(Yz_U
Inputs to the

The decoder takes as input the hidden states from the encoder as well as the
embeddings for the tokens seen so far in the target sequence.

henc hE'HC y\t

HEEE |

syey ||]||

/;}l (Cmoot] (Emtes) [(EmbesY [Embos) 75 oo
432 2019 2 1234 T T
T T T T T Le hippotame
The hippo ate my homework
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X1y ooy XT w P(Y,=f)‘
Outputs from the

The decoder outputs an embedding yt . The goal is for this embedding to be as
close as possible to the embedding of the true next token.

Ve

Decoder /

2421

r

Le hippotame
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Turning Yt into a Probability Distribution

We can multiply the predicted embedding yt by our vocabulary embedding

matric to get a score for each vocabulary word. These scores are referred to as
logits.

The softmax function then lets us turn the logits into probabilities.

vocab size

embedding
Decoder / matrix E
Il] I I y\t Softmax function
. Veli]
m P(Yt = llxl:Tt Y1:t—1) = P
2421 ]

Le hippotame
INTRO TO NLP - ATTENTION & TRANS



Generating Text .

Also sometimes called decoding = —~

To generate text, we need an algorithm that selects tokens given the predicted
probability distributions.

chosen word for
position t+1

sampling
agorithm

Y

xl,...,xT‘IE @P(Kﬂ)—*

Viseees Vi—1

More on this
after the
midterm!
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hi — O'(Whi_l + UWl)

RNNs - Single Layer Decode
The current hidden state is compdted as a function

P(y]8)) P(y3]&,) of the previous hidden state gpfd the embedding of
/\ /\ the current word in the targét sequence.

h, = RNN(W,y,+ W, h;_; +b,)

Same as we saw before

Decoder € €

The current hidden state is used to predict an
embedding for the next word in the target
sequence.

e, =b,+W, h,

This predicted embedding is used in the loss
function:

E &
probabilities
A = softmax = EE——
vocab size
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What is the “RNN” unit?

?




Review: RNN Cell

predict the next word

[WTJW

from these hidden states

observe these words one at a time
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LSTMs/GRUs

LSTM: Long Short-Term Memory (Hochreiter & Schmidhuber, 1997)

LSTMs were originally designed to keep
around information for longer in the hidden
state as it gets repeatedly updated.

GRU: Gated Recurrent Unit (Cho et al., 2014) opSels  OupHSes A
(e e
yit] imecmgo 11 [0 @ P inempoted
\ T ForgetGate | |
h(t-1] » ~ X + > h[t] 0
A 0 Lo ||Lo | [tanh]|[ O |
r(t] 1- Hidden state input | | | ) Hidden state
X X om = output for
A [ > hit it QI )" tmestamp = + 1
> o | o |)=tan
\. J J J Input Data;
[ N Tlmestamp;t
. J
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RNN Multi-Layer Decoder
Architecture

Computing the next hidden state: No history

For the first layer: /
Decoder

h% — RNN(Wihl Yt + Whl hlh%_l + b:}ll)

For subsequent layers:
h! = RNN(W,, y, + W, -1 yhi™t + Wy bl + b))
Predicting an embedding for the next token in the sequence:

~ L I Linear
et = be + Zl=1 whleht < Iayer

Each of the b and W are learned bias and weight matrices.
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RNN Encoder-Decoder
Architectures

How do we implement an encoder-decoder model?

enc enc
hl hT

L] |

sy Il]II

432 2019 1234 2421
T ,T T T T T !
The hippo ate my homework Le hippotame
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RNN Encoder-Decoder
Architectures

Simplest approach: Use the final hidden state from the encoder to initialize the
first hidden state of the decoder.

P(y>l€;) P(y3|€>)

Decoder € &
h?nc h;nc
A A
Encoder
RNN RNN
hy i h, i h;
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RNN Encoder-Decoder
Architectures

[The, hippopotamus, ate, my, homework]

(=
L
o
o+
o
(V)]
()
o+
4
(%)
c
©
| .
|_

[El, hipopétamo, se, comid, mi, tarea]

38
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Attention

Better approach: an attention mechanism

[The, hippopotamus, ate, my, homework] Compute a linear combination of the encoder hidden states.

I= a1|+a2 +azll + ... + ar

C;

Decoder's prediction at position tis based on both the context
vector and the hidden state outputted by the RNN at that position.

Translate Sp to En

[El, hipopétamo, se, comid, mi, tarea]
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Attention

Decoder
Input .
Hidden
T L

Attention

*
Encoder ouputs ~ BEER B

rr YT rw

https://pytorch.org/tutorials/intermediate/seg2seq translation tutorial.html
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https://pytorch.org/tutorials/intermediate/seq2seq_translation_tutorial.html

RNN Encoder-Decoder o e ot s
Architectures |||]||

: —_ enc : icti ition i
The tth context vector is computed as ct = HCat S smensiminecnes
at[i] = softmax(att_score(hge¢, hi®c)) I = fo(——)
S

There are a few different options for the attention score: H™ = Il]

( hdec . penc dot product
t l
att_score(hge¢, h§"c) = < hde¢ Wq h$"° bilinear function
(Wqs tanh( Wa2[h{e, h§™]) mLp
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Think-Pair-Share

What are some of the strengths of seq2seq models (compared to some of the
earlier LMs we talked about)?

What are some of its weaknesses?
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Encoder

embedding class EncodexrRNN(nn.Module):

def __init__(s=1f, input_size, hidden_size, dropout_p=0.1):

_ super(EncodexRNN, self).__init__()
self.hidden_size = hidden_size
self.embedding = nn.Embedding(input_size, hidden_size)

- - self.gru = nn.GRU(hidden_size, hidden_size, batch_first=True)

self.dropout = nn.Dropout(dropout_p)

def forward(self, input):
embedded = self.dropout(self.embedding(input))
output, hidden = self.gru(embedded)
return output, hidden

https://pytorch.org/tutorials/intermediate/seq2seq translation tutorial.html
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https://pytorch.org/tutorials/intermediate/seq2seq_translation_tutorial.html

Attention

class BahdanauAttention(nn.Module):

Decoder def init (self, hidden_size):
Input . super(BahdanauAttention, self).__init_ ()
Hidden ] self.Wa = nn.Linear(hidden_size, hidden_size)
v self.Ua = nn.Linear(hidden_size, hidden_size)
Attention ] ] .
'y Vo self.Va = nn.Lineax(hidden_size, 1)
T i m - def forward(self, query, keys):
* scores = self.Va(toxch.tanh(self.Wa(query) + self.Ua(keys)))
Encoder ouputs ~ DEE 0 scores = scores.squeeze(2).unsqueeze(1)
weights = F.softmax(scoxres, dim=-1)
context = toxch.bmm(weights, keys)

fF*r*r ¥ rnr

return context, weights

https://pytorch.org/tutorials/intermediate/seg2seq translation tutorial.html
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https://pytorch.org/tutorials/intermediate/seq2seq_translation_tutorial.html

class DecoderRNN{nn.Module):
def __init__(self, hidden_size, output_size):
super(DecodexRNN, self)._ _init_ ()
self.embedding = nn.Embedding(output_size, hidden_size)
self.gru = nn.GRU(hidden_size, hidden_size, batch_first=True)
self.out = nn.lLinear(hidden_size, output_size)

D( CO d ( r def forward(self, encoder_outputs, encoder_hidden, target_tensor=None):

batch_size = encoder_outputs.size(d)
decoder_input = torch.empty(batch_size, 1, dtype=toxch.long,
device=device).fill_(505_token)

- _ decoder_hidden = encodexr_hidden

decoder_outputs = []

embedding
for i in range(MAX_LENGTH):

decoder_output, decoder_hidden = self.forward_step(decoder_input, decoder_hidden)

Lo decodexr_outputs.append(decoder_output)
gru if target_tensor is not None:
# Teacher forcing: Feed the target as the next input
out decoder_input = target_tensox[:, i].unsqueeze(l) # Teacher forcing
else:
softmax # Without teacher forcing: use its own predictions as the next input

_r topi = decodexr_output.topk(l)

- - decoder_input = topi.squeeze(-1).detach() # detach from history as input

decoder_outputs = torch.cat(decoder_outputs, dim=1)
decoder_outputs = F.log_softmax(decoder_outputs, dim=-1)
return decoder_outputs, decoder_hidden, None # We return ‘None  Tfor consistency in the

training loop

def forward_step(self, input, hidden):
self.embedding(input)

output = F.relu(output)

output, hidden = self.gru(output, hidden)
output = self.out(output)

output

https://pytorch.org/tutorials/intermediate/seg2seq translation tutorial.html

return output, hidden
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Limitations of Recurrent
architecture

Slow to train.

o Can’t be easily parallelized.
> The computation at position t is dependent on first doing the computation at position t-1.

Difficult to access information from many steps back.
o |f two tokens are K positions apart, there are K opportunities for knowledge of the first token
to be erased from the hidden state before a prediction is made at the position of the second

token.

INTRO TO NLP - ATTENTION & TRANSFORMERS
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Transformers

Since 2018, the field has rapidly standardized on the Transformer architecture

Attention Is All You Need

Ashish Vaswani* Noam Shazeer” Niki Parmar* Jakob Uszkoreit*
Google Brain Google Brain Google Research Google Research
avaswani@google.com noam@google.com nikip@google.com usz@google.com
Llion Jones* Aidan N. Gomez" ' Yukasz Kaiser*
Google Research University of Toronto Google Brain
1lion@google.com aidan@cs.toronto.edu lukaszkaiser@google.com

Illia Polosukhin*
illia.polosukhin@gmail.com

Abstract

The dominant sequence transduction models are based on complex recurrent or
convolutional neural networks that include an encoder and a decoder. The best
performing models also connect the encoder and decoder through an attention
mechanism. We propose a new simple network architecture, the Transformer,
3/24/2026 based solely on attention mechanisms, dispensing with recurrence and convolutions
entirely. Experiments on two machine translation tasks show these models to
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Transformers

3/24/2026
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Transformers

3/24/2026

logits
— ——
E - I I
vocab size

embedding
matrix E

~

Y

exp(E¥,(i)

P(Y, = ilX.7, Vip-1) = Y exp(EV, i)
j t

Output
Probabilities

t

|  Softmax |}

)

Linear

INTRO TO NLP - ATTENTION & TRANSFORMERS

| |
([ Add & Norm ]ﬁ\
Feed
Forward
__
- i N [ Add & Norm Je~
> Add & Norm Multi-Head
Feed Attention
Forward T 77 Nx
A [ ‘ ]ﬂ‘
Add & Norm
Nx I
~—| Add & Norm ] Masked
Multi-Head Multi-Head
Attention Attention
At At
e J . — )
Positional Positional
Encodi P ¢ i
ncoding Encoding
Input Output
Embedding Embedding
Inputs Outputs
shifted right




Output
Probabilities

t

Attention Mechanism
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Multi-Head Attention

|  Linear |

e )
Encoder-decoder attention, like what has been (LAdd & Norm J«~
. : Feed
Multi-Head standard in recurrent seq2seq models. Forward
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Attention Mechanism
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almost identical to the one we looked at, but let’s o
turn it into matrix multiplications. | —
e ] ~ | Add & Norm J—~
['Scaled Dot-Product ) —{Add &_Norm ] Multi-Head
Attention - Feed . Attention N
. Txdk orwar 7 J 7 X
The query: Q€ R T [ =
Add & Norm
The key: K € RT'¥dk W | ~(AddE Nom) Masked
Txdk Multi-Head Multi-Head
. X Attention Attention
The value: VE R — —
C— J —
Positional D Positional
. QK’ Encoding ¢ Encoding
\ J Attention(Q,K,V) = softmax( \/_) V input Output
d, Embedding Embedding
Inputs Outputs
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Scaled Dot-Product

Output
Probabilities

t

Softmax |

)

Attention [

Linear |

) . . ([ Add & N ]ﬁ\
The scaled dot-product attention mechanism is F.d"rm
almost identical to the one we looked at, but let’s Format
turn it into matrix multiplications. | —
e ] ~ | Add & Norm J~
[ Scaled Dot-Product ) L Add &_Norm ] Multi-Head
Attention - Feed . Attention \
. Txdk OVl 7 J 7 X
The query: Q€ R T [ —
Add & Norm
The key: K € RT'¥dk W | ~(AddE Nom) Masked
Txdk Multi-Head Multi-Head
. X Attention Attention
The value:VER s —
— J \ — )
Positional D Positional
. QK’ Encoding ¢ Encoding
\ J Attention(Q,K,V) = softmax( \/_) \% input Output
d, Embedding Embedding
The Vd,, in the denominator prevents the dot product from getting too big Inputs Outputs

shifted right
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Scaled Dot-Product

t
. [ Softmax |
Attention i
|  Linear |
\
The scaled dot-product attention mechanism is [[ AT
almost identical ta the one we laoked at_bhut let’s |
turn it into matr hdec . pene dot product
I
[ Scaled Dot-Product A att_sco r‘e{h?ec, h{") = hLdEC Wa h{"° bilinear function
Attention T dec renc
w,, tanh( Wa2[h{®, hi"]) mLp Nx
The query: Q € “ Co
The key: K € RT XK N orm
y: This is the dot-product VR SLFREE
Txdk scoring function from Alittelzhtiz?\d M:tltle_:{ﬁ)ar?
The value: V€ R previous slides L 4t
_J)
Positional D ¢ Positional
. Encoding Encoding
\ J Attention(Q,K,V) = softmax \% nput Output
Embedding Embedding
The Vd,, in the denominator prevents the dot product from getting too big Inputs Outputs

shifted right
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Query, Key, Value

f'Scaled Dot-Product
Attention

3/24/2026

These attributes make more sense as a metaphor for a search engine

> (The original transformer paper was written by Google Brain/Google Research
people)

Query: The search query

Keys: The webpages retrieved

Values: The answer to the query
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An analogy...

Query
People also ask
P Transformer
What is a transformer in simple terms? v
Electric Transformers
What happens when a transformer blows? v o e
What is the purpose of the transformer? v
Is transformer in AC or DC? v
Feedback
Nerimary |
tums
ﬁikiffedia.k. y s et In electrical engineering, a transformer is a passive
ps:fien.wikipedia.org » Wiki > Transtormer component that transfers electrical energy from one

Transformer electrical circuit to another circuit, or multiple circuits.

A transformer is a passive component that transfers electrical energy from one electrical circuit to
Source: Wikipedia

another circuit, or multiple circuits.

Transformer types Transformer oil Flyback transformer Isolation transformer




3BluelBrown Explanation of Q,K,V
(6 minutes)

https://youtu.be/eMIX5fFNoYc?si=1sXvOHytbTUPQnE8&t=366
6:06-9:28 = 3:22

And then skip ahead to values
https://youtu.be/eMIX5fFNoYc?t=790&si=uNLE2TOpFtxkdDEj

13:10 - 15:43
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https://youtu.be/eMlx5fFNoYc?si=1sXvOHytbTUPqnE8&t=366
https://youtu.be/eMlx5fFNoYc?t=790&si=uNLE2TOpFtxkdDEj

Scaled Dot-Product

)
. [ Softmax |
Attention !
|  Linear |
. QKT ([ Add & Norm ]ﬁ\
Attention(Q,K,V) = softmax( ) \Y Feod
\/dk Forward
. I
The rough algorithm: - —— | | Gz iom )~
[ Scaled Dot-Product ) 1 AddF&- o) Multi—Hlead
AL * For each vector in Q (query matrix), take o — Nx
the linear sum of the vectors in V (value —1 ——
. Nix | Add &.Norm J
matnX) —(Add & Norm J Masked
Multi-Head Multi-Head
. . . Attenti Attenti
 The amount to weigh each vector in V is - -
o ) L )
dependent on how “similar” that vector is N /N /
Positional Positional
to the query vector Encoding P & Encoding
\ / Input Output
oue: H H 7 H : .
* “Similarity” is measured in terms of the Embedaing Embedding
dot product between the vectors T T
Inputs Outputs
shifted right
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Scaled Dot-Product

t
. [ Softmax |
Attention i
|  Linear |
. QKT ([ Add & Norm ]ﬁ\
Attention(Q,K,V) = softmax( ) \Y Feod
\/dk Forward
—
e ] ~ | Add & Norm J—~
[ Scaled Dot-Product ) 1 AddF&- o) Multi—Hlead
Attention For self-attention: Forvard L
. ! [ ]ﬁ
Add &N
Keys, queries, and values all come fromthe x| R o) ==
outputs of the previous layer Mt Hoad Mult-Head
Attention Attention
For encoder-decoder attention: O_L—’ ) L L’—’_U
. Positional Positional
Keys and values come from encoder’s final &ncoding P & Encoding
§ J . . | 0
output. Queries come from the previous i e
decoder layer’s outputs. f f
Inputs Outputs
shifted right
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