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Lecture Outline

1. Recap & Logistics 

2. Unfolding Computations 

3. Recurrent Neural Networks 

4. Attention & Transformers

After this lecture, you should be able to: 
• explain the problems with handling 

sequence input using dense or 
convolutional neural networks 

• explain the high-level idea behind 
neural networks and transformers 

• describe how self-attention combines 
inputs to generate its outputs 

• describe the architecture of a 
transformer layer 

• explain the high-level idea behind 
encoder-decoder architectures



Logistics

• Assignment #3 is available 

• Due Thursday, Nov 20 

• Submit via Canvas (deadline is firm) 

• Blank submissions will not be regraded, nor granted EA 

• Next week is reading week 

• No lectures, no labs



Recap: 
Convolutional Neural Networks

• Convolutional networks: Specialized architecture for images 

• Number of parameters controlled by using convolutions 
and pooling operations instead of dense connections 

• Fewer parameters means more efficient to train

(Goodfellow 2016)

Edge Detection by Convolution

CHAPTER 9. CONVOLUTIONAL NETWORKS

Figure 9.6: Efficiency of edge detection. The image on the right was formed by taking
each pixel in the original image and subtracting the value of its neighboring pixel on the
left. This shows the strength of all of the vertically oriented edges in the input image,
which can be a useful operation for object detection. Both images are 280 pixels tall.
The input image is 320 pixels wide while the output image is 319 pixels wide. This
transformation can be described by a convolution kernel containing two elements, and
requires 319 ⇥ 280 ⇥ 3 = 267, 960 floating point operations (two multiplications and
one addition per output pixel) to compute using convolution. To describe the same
transformation with a matrix multiplication would take 320 ⇥ 280 ⇥ 319 ⇥ 280, or over
eight billion, entries in the matrix, making convolution four billion times more efficient for
representing this transformation. The straightforward matrix multiplication algorithm
performs over sixteen billion floating point operations, making convolution roughly 60,000
times more efficient computationally. Of course, most of the entries of the matrix would be
zero. If we stored only the nonzero entries of the matrix, then both matrix multiplication
and convolution would require the same number of floating point operations to compute.
The matrix would still need to contain 2 ⇥ 319 ⇥ 280 = 178, 640 entries. Convolution
is an extremely efficient way of describing transformations that apply the same linear
transformation of a small, local region across the entire input. (Photo credit: Paula
Goodfellow)
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Figure 9.6figure depicting example of 
edge-detection using 

convolution

(Images: Goodfellow 2016)(Goodfellow 2016)

2D Convolution
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Figure 9.1: An example of 2-D convolution without kernel-flipping. In this case we restrict
the output to only positions where the kernel lies entirely within the image, called “valid”
convolution in some contexts. We draw boxes with arrows to indicate how the upper-left
element of the output tensor is formed by applying the kernel to the corresponding
upper-left region of the input tensor.
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Figure 9.1figure depicting 
convolution



Sequence Modelling
• For many tasks, especially involving language, we want to model the 

behaviour of sequences 

• Example: Translation 

• The cat is on the carpet  ⟹  Le chat est sur le tapis 

• Example: Sentiment analysis 

• This pie is great  ⟹  POSITIVE 

• This pie is okay, not great  ⟹  NEUTRAL 

• This pie is not okay  ⟹  NEGATIVE 

• Example: Text generation 

• CMPUT 261 is the ⟹ CMPUT 261 is the best class ever 



Sequential Inputs

Question: How should we represent sequential input 
to a neural network? 

1. 1-hot vector for each word 
(Sequence must be a specific length?) 

2. 1-hot vector for last few words 
( -gram) 

3. Single vector indicating each word that is present 
(bag of words)

n

...
the

carpet
cat

Three columns of circles, each circle except one is empty in each column.  In first column, bottom circle is filled in and labelled "the". In second column, second circle is 
filled in and labelled "cat".  Ellipses between second and third columns.  In last column, top circle is filled in and labelled "carpet".

the

carpet

Two columns of circles, each circle except one is empty in each column.  In first column, bottom 
circle is filled in and labelled "the". In second column, top circle is filled in and labelled "carpet".

carpet

the

cat

A single columns of circles.  Top circle is filled in 
and labelled "carpet".  Second circle is filled in 

and labelled "cat".  Third circle is empty.  
Bottom circle is filled in and labelled "the". 

The cat is on the carpet



One-Hot Representations

One-hot representations of words have some problems: 

1. Wasteful: Each input vector must have a dimension equal to the size of 
the vocabulary (possible words) 

• If vocabulary has 30,000 words, then each vector has 29,999 zeros 

2. Poor generalization: Ideally, similar words would be treated similarly 

• Exploiting meaningful similarity between images was an important 
feature of convolutional neural networks
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Semantic Embeddings

• The usual approach is to first learn a semantic 
embedding for one-hot vectors 

• Every word gets represented as a dense vector with 
smaller dimension than the vocabulary 
(typical size: 1,024) 

• Goal: Words with similar meanings will have small 
distance between embedded vectors; words with 
different meanings will have large distance between 
embedded vectors

carpet
rug

mattress

turnip
A graph with four quadrants.  Top right quadrant has three dots near to each other labelled "rug", "carpet", and "mattress".  Bottom right has a single dot, far from the top three, labelled "turnip".



(Pre-)Training Semantic Embeddings

• Embeddings require the training of many parameters 

• Fortunately, this can be done with unlabeled data 

• Trick: "Pre-train" neural network for a task that we don't care about 
• But which can be evaluated using unlabeled data 
• Predicting words from  nearby words 
• Predicting "masked" words 

• Keep the weights that convert the one-hot layer into a dense 
embedding layer 

• Throw away the weights that convert the embedding layer into output

k

Question: How many parameters are required to convert a one-hot encoding for 
vocabulary of  words into a -dimensional embedding?V D



Processing  
Variable-Length Sequences

• Image inputs can be restricted to a standard size (20x20, 1024x768, etc.) 

• Sequence inputs (e.g., text) are variable-length  

• And often very long 

• Solution: Apply the same operations to each position in the sequence 

• Two such approaches: 

1. Recurrent neural networks:  
input is current token + fixed-dimension "state" from previous operation 

2. Transformers / self-attention: Size of state varies with size of 
sequence



Self-Attention vs. RNN

• RNN: accept "previous" state and 
current input; output "next" state 

• Final output is last state 

• Self-attention: Accept ALL inputs 
• Final output is ALL states

x1

xN

⋮
x2

self-attention

y1

yN

⋮
y2

A graph depicting the operation of a self-attention unit.  Boxes labelled "x1", "x2", ..., "xN" all point to a box labelled "self-attention", which points to boxes labelled "y1", "y2", ..., "yN".

x1 RNN

y1

x2

y2

RNN

⋮
yN−1

RNN yNxN

A graph depicting the operation of an RNN.  A box labelled "x1" has an arrow going into a box labelled "RNN".  From RNN, an arrow points to a box labelled "y1".  From y1, an arrow points to another box labelled "RNN", which also has an arrow from 
a box labelled "x2".  After ellipses, boxes labelled "y N-1" and "xN" point to a box labelled "RNN", which points to a box labelled "yN".

This lecture



Self-Attention
• Each input is transformed into a single output 

•  inputs means  outputs 

• An output is computed by: 

1. Each input  transformed into value  by a linear operation 

 

2. Each output  is a weighted combination of the values: 

N N

xi vi

vi = βv + Ωxi

yj

yj = ∑
i

a[xi, xj]vi



Self-Attention:  
Outputs are Weighted Sums of Values

1.  transformed into  by linear operation ( ) 

•  transformed into  by the same linear operation ( ), ... 

2.  is a weighted average of  

• The weights are the attention values 

x1 v1 βv + Ωvx1

x2 v2 βv + Ωvx2

y1 v1, v2, v3

a[x1, x1], a[x2, x1], a[x3, x1]

12.2 Dot-product self-attention 209

Figure 12.1 Self-attention as routing. The self-attention mechanism takes N
inputs x1, . . . ,xN → RD (here N = 3 and D = 4) and processes each separately
to compute N value vectors. The nth output san[x1, . . .xN ] (written as san[x•]
for short) is then computed as a weighted sum of the N value vectors, where the
weights are positive and sum to one. a) Output sa1[x•] is computed as a[x1,x1] =
0.1 times the first value vector, a[x2,x1] = 0.3 times the second value vector,
and a[x3,x1] = 0.6 times the third value vector. b) Output sa2[x•] is computed
in the same way, but this time with weights of 0.5, 0.2, and 0.3. c) The weighting
for output sa3[x•] is different again. Each output can hence be thought of as a
different routing of the N values.

12.2.1 Computing and weighting values

Equation 12.2 shows that the same weights Ωv → RD×D and biases ωv → RD are applied
to each input xn → RD. This computation scales linearly with the sequence length N ,
so it requires fewer parameters than a fully connected network relating all DN inputs
to all DN outputs. The value computation can be viewed as a sparse matrix operation
with shared parameters (figure 12.2b).

The attention weights a[xm,xn] combine the values from different inputs. They
are also sparse since there is only one weight for each ordered pair of inputs (xm,xn),
regardless of the size of these inputs (figure 12.2c). It follows that the number of attention Problem 12.1weights has a quadratic dependence on the sequence length N , but is independent of the
length D of each input xn.

12.2.2 Computing attention weights

In the previous section, we saw that the outputs result from two chained linear transfor-
mations; the value vectors ωv +Ωvxm are computed independently for each input xm,
and these vectors are combined linearly by the attention weights a[xm,xn]. However, the
overall self-attention computation is nonlinear. As we’ll see shortly, the attention weights
are themselves nonlinear functions of the input. This is an example of a hypernetwork,
where one network branch computes the weights of another.

Draft: please send errata to udlbookmail@gmail.com.

(Image: Prince 2022)

Three figures depicting attention weighting.  In each figure, there is a column of three groups of four dots labelled "Inputs".  The groups are labelled "x1", "x2", and "x3.  Next to that is a column of three groups of four dots labelled "Values".  Next to that is a column of three groups of four dots labelled "Outputs".  The output groups are labelled "sa1[x]", "sa2[x]", and "sa3[x]".  In each figure, there is a large arrow connecting one input group to one value group, with faint edges connecting each input dot in the group to all of the dots in the value group. 
In figure (a), there is an arrow labelled "0.1" connecting the value group for x1 to sa1[x], an arrow labelled "0.3" connecting the value group for x2 to sa1[x], and an arrow labelled "0.6" connecting the value group for x3 to sa1[x].  The top dot of the each value group has a faint edge connecting it to the top dot of the sa1[x] group; the second dot of each value group has a faint edge connecting it to the second dot of each value group; and so forth.  In figure (b), the arrows got from each value group to sa2[x], and are labelled "0.5", "0.2", and "0.3", with faint arrows from top dot of each value dot to top dot of sa2[x] and so forth.  In figure (b), the arrows got from each 

value group to sa3[x], and are labelled "0.1", "0.2", and "0.7", with faint arrows from top dot of each value dot to top dot of sa3[x] and so forth.  



Dot-Product Self-Attention
• A self-attention unit computes three values for 

each input : 

• Query , Key , and Value  
• These values are computed in the same way for 

each input 

• Each output is a weighted combination of the values 
of all inputs:  

 

• Weight for output   of value  is proportional to the 
dot-product of 's query and 's key 

xi

qi ki vi

yj = ∑
i

a[xi, xj]vi = ∑
i

wijvi

yj xi
j i

wij =
exp(q⊤

j ki)
∑ℓ exp(q⊤

j kℓ)
(Image: Prince 2022)
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Ωq

A DxN matrix labelled "Input X" has arrows going to three additional matrices: "Queries", a D1xN matrix labelled with the equation ; "Keys", a D1xN matrix labelled with the equation ; and "Values", a D2xN matrix labelled with the equation  Queries and Keys have arrows leading to an NxN 
matrix "Attention", labelled with the equation  Attention and Values have arrows pointing to a D2xN matrix "Output" labelled with the equation .   is a D1xD matrix.  There is a shaded box labelled "Self-attention" that contains all elements except for Input on the left and Output on the right.

Q = βq1⊤ + ΩqX K = βk1⊤ + Ωk X V = βv1⊤ + ΩvX .
softmax[Kt o p Q] . V ⋅ softmax[Kt o p Q] Ωq



Transformer Blocks
• A transformer layer is a self-

attention unit followed by a dense 
feedforward network  

• The same feedforward network gets 
applied to each output of the self-
attention unit: 

     for  

• In a typical transformer architecture, 
several transformer blocks will be 
strung together in parallel ("multiple 
heads")

yj = mlp(xj; Ω) j = 1,…, N

self-
attention

mlp

A matrix of squares has an arrow pointing to a block labelled "self-attention", which has an arrow pointing to another matrix of squares.  An arrow goes from the leftmost vector of the second matrix to the leftmost vector of a third vector via an 
oval labelled "mlp".  A shaded box encloses self-attention, the second matrix, and mlp; the first and third matrices are outside the shaded box.



Training a Transformer Network 
(for encoding tasks)

Transformers are trained in two phases: 

1. Semi-supervised pre-training: Using a very large dataset, train the 
network to perform task for which dataset implies the answer 
• we need not label the examples manually 
• e.g., predicting masked words 

2. Fully supervised fine-tuning:  
Add another layer or two at the end, and train for the real task using 
manually labelled examples 
• e.g., sentiment analysis, word classification, text span prediction

Question: Is this important?  Why?



Pre-training

• Subset of tokens in an example sequence are masked (replaced with a special token) 

• Neural network applied to each masked output predicts probabilities for missing token 

• Loss is back-propagated through entire network 

• At end of training, that neural network is thrown away

220 12 Transformers

Figure 12.10 Pre-training for BERT-like encoder. The input tokens (and a spe-
cial <cls> token denoting the start of the sequence) are converted to word em-
beddings. Here, these are represented as rows rather than columns, so the box
labeled “word embeddings” is XT . These embeddings are passed through a series
of transformers (orange connections indicate that every token attends to every
other token in these layers) to create a set of output embeddings. A small frac-
tion of the input tokens is randomly replaced with a generic <mask> token. In
pre-training, the goal is to predict the missing word from the associated output
embedding. As such, the output embeddings are passed through a softmax func-
tion, and the multiclass classification loss (section 5.24) is used. This task has
the advantage that it uses both the left and right context to predict the missing
word but has the disadvantage that it does not make efficient use of data; here,
seven tokens need to be processed to add two terms to the loss function.

12.6.1 Pre-training

In the pre-training stage, the network is trained using self-supervision. This allows the
use of enormous amounts of data without the need for manual labels. For BERT, the self-
supervision task consists of predicting missing words from sentences from a large internetProblem 12.6 corpus (figure 12.10).1 During training, the maximum input length is 512 tokens, and
the batch size is 256. The system is trained for a million steps, corresponding to roughly
50 epochs of the 3.3-billion word corpus.

Predicting missing words forces the transformer network to understand some syntax.
For example, it might learn that the adjective red is often found before nouns like house
or car but never before a verb like shout. It also allows the model to learn superficial
common sense about the world. For example, after training, the model will assign a
higher probability to the missing word train in the sentence The <mask> pulled into
the station than it would to the word peanut. However, the degree of “understanding”
this type of model can ever have is limited.

1BERT also uses a secondary task that predicts whether two sentences were originally adjacent in
the text or not, but this only marginally improves performance.

This work is subject to a Creative Commons CC-BY-NC-ND license. (C) MIT Press.

(Image: Prince 2022)

Column of row vectors labelled "word embeddings"; the vectors are laeblled "<cls>", "the", "<mask>", "pulled", "into", "<mask>", "station".

There are arrows from the embedding vectors to a large block labelled "transformer".  From the transformer blow there is an arrow to ellipses laeblled "(x K)", and from ellipses there are a set of arrows (one for each embedding vector).  Beside each arrow corresponding to the two "<mask>" inputs, there is an oval labelled "linear + softmax", pointing to a row vector of squares labelled "probability of masked token".



Fine-tuning: BERT  
for Sentiment classification

• Sentiment classification: Predict if a sequence is positive or negative 

• First token of sequence is always a special "classify" token 

• Neural network trained on corresponding output token using labelled dataset

12.6 Encoder model example: BERT 221

Figure 12.11 After pre-training, the encoder is fine-tuned using manually labeled
data to solve a particular task. Usually, a linear transformation or a multi-layer
perceptron (MLP) is appended to the encoder to produce whatever output is
required. a) Example text classification task. In this sentiment classification
task, the <cls> token embedding is used to predict the probability that the
review is positive. b) Example word classification task. In this named entity
recognition problem, the embedding for each word is used to predict whether the
word corresponds to a person, place, or organization, or is not an entity.

12.6.2 Fine-tuning

In the fine-tuning stage, the model parameters are adjusted to specialize the network to
a particular task. An extra layer is appended onto the transformer network to convert
the output vectors to the desired output format. Examples include:

Text classification: In BERT, a special token known as the classification or <cls>
token is placed at the start of each string during pre-training. For text classification
tasks like sentiment analysis (in which the passage is labeled as having a positive or
negative emotional tone), the vector associated with the <cls> token is mapped to a
single number and passed through a logistic sigmoid (figure 12.11a). This contributes to
a standard binary cross-entropy loss (section 5.4).

Draft: please send errata to udlbookmail@gmail.com.

(Image: Prince 2022)

Column of row vectors labelled "word embeddings"; the vectors are labelled "<cls>", "the", "soup", "tasted", "like", "socks".

There are arrows from the embedding vectors to a large block labelled "transformer".  From the transformer blow there is an arrow to ellipses laeblled "(x K)", and from ellipses there are a set of arrows (one for each embedding vector).  Beside the first arrow (corresponding to the two "<cls>" input), there is an oval labelled "MLP + sigmoid", pointing to a single square labelled "probability of positive review".



GPT3: Autoregressive Text

• Produces probability distribution for each output 

• Goal: Maximize probability of each token given only the previous tokens 

• Accomplished with masked self-attention: all attention values to 
subsequent tokens are forced to zero

224 12 Transformers

Figure 12.12 Training GPT3-type decoder network. The tokens are mapped to
word embeddings with a special <start> token at the beginning of the sequence.
The embeddings are passed through a series of transformers that use masked
self-attention. Here, each position in the sentence can only attend to its own
embedding and the embeddings of tokens earlier in the sequence (orange connec-
tions). The goal at each position is to maximize the probability of the following
ground truth token in the sequence. In other words, at position one, we want to
maximize the probability of the token It; at position two, we want to maximize
the probability of the token takes; and so on. Masked self-attention ensures the
system cannot cheat by looking at subsequent inputs. The autoregressive task has
the advantage of making efficient use of the data since every word contributes a
term to the loss function. However, it only exploits the left context of each word.

the masked self-attention. Hence, much of the earlier computation can be recycled as weProblem 12.7 generate subsequent tokens.
In practice, many strategies can make the output text more coherent. For example,Notebook 12.4

Decoding
strategies

beam search keeps track of multiple possible sentence completions to find the overall most
likely (which is not necessarily found by greedily choosing the most likely next word at
each step). Top-k sampling randomly draws the next word from only the top-K most
likely possibilities to prevent the system from accidentally choosing from the long tail of
low-probability tokens and leading to an unnecessary linguistic dead end.

12.7.4 GPT3 and few-shot learning

Large language models like GPT3 apply these ideas on a massive scale. In GPT3, the
sequence lengths are 2048 tokens long, and the total batch size is 3.2 million tokens.
There are 96 transformers (some of which implement a sparse version of attention), each
processing a word embedding of size 12288. There are 96 heads in the self-attention
layers, and the value, query, and key dimension is 128. It is trained with 300 billion
tokens and contains 175 billion parameters.

This work is subject to a Creative Commons CC-BY-NC-ND license. (C) MIT Press.

Column of row vectors labelled "word embeddings"; the vectors are labelled "<start>", "It", "takes", "great", "courage", "to", "let", "yourself".

There are arrows from the embedding vectors to a large block labelled "transformer".  From the transformer blow there is an arrow to ellipses laeblled "(x K)", and from ellipses there are a set of arrows (one for each embedding vector except the first).  Beside each arrow is an oval labelled "Linear + softmax", pointing to a vector of squares labelled "Probability of target token".



GPT3: Masked Self-Attention 

• When computing attention values, use 0 for all weights that point to later 
tokens 

• This prevents the model from "cheating" by guessing next token given the 
later tokens

12.2 Dot-product self-attention 209

Figure 12.1 Self-attention as routing. The self-attention mechanism takes N
inputs x1, . . . ,xN → RD (here N = 3 and D = 4) and processes each separately
to compute N value vectors. The nth output san[x1, . . .xN ] (written as san[x•]
for short) is then computed as a weighted sum of the N value vectors, where the
weights are positive and sum to one. a) Output sa1[x•] is computed as a[x1,x1] =
0.1 times the first value vector, a[x2,x1] = 0.3 times the second value vector,
and a[x3,x1] = 0.6 times the third value vector. b) Output sa2[x•] is computed
in the same way, but this time with weights of 0.5, 0.2, and 0.3. c) The weighting
for output sa3[x•] is different again. Each output can hence be thought of as a
different routing of the N values.

12.2.1 Computing and weighting values

Equation 12.2 shows that the same weights Ωv → RD×D and biases ωv → RD are applied
to each input xn → RD. This computation scales linearly with the sequence length N ,
so it requires fewer parameters than a fully connected network relating all DN inputs
to all DN outputs. The value computation can be viewed as a sparse matrix operation
with shared parameters (figure 12.2b).

The attention weights a[xm,xn] combine the values from different inputs. They
are also sparse since there is only one weight for each ordered pair of inputs (xm,xn),
regardless of the size of these inputs (figure 12.2c). It follows that the number of attention Problem 12.1weights has a quadratic dependence on the sequence length N , but is independent of the
length D of each input xn.

12.2.2 Computing attention weights

In the previous section, we saw that the outputs result from two chained linear transfor-
mations; the value vectors ωv +Ωvxm are computed independently for each input xm,
and these vectors are combined linearly by the attention weights a[xm,xn]. However, the
overall self-attention computation is nonlinear. As we’ll see shortly, the attention weights
are themselves nonlinear functions of the input. This is an example of a hypernetwork,
where one network branch computes the weights of another.

Draft: please send errata to udlbookmail@gmail.com.
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Three figures depicting attention weighting.  In each figure, there is a column of three groups of four dots labelled "Inputs".  The groups are labelled "x1", "x2", and "x3.  Next to that is a column of three groups of four dots labelled "Values".  Next to that is a column of three groups of four dots labelled "Outputs".  The output groups are labelled "sa1[x]", "sa2[x]", and "sa3[x]".  In each figure, there is a large arrow connecting one input group to one value group, with faint edges connecting each input dot in the group to all of the dots in the value group.

In figure (a), there is an arrow labelled "0.1" connecting the value group for x1 to sa1[x], an arrow labelled with a bold red "X" connecting the value group for x2 to sa1[x], and an arrow labelled with a bold red "X" connecting the value group for x3 to sa1[x].  The top dot of the each value group has a faint edge connecting it to the top dot of the sa1[x] group; the second dot of each value group has a faint edge connecting it to the second dot of each value group; and so forth.  In figure (b), the arrows got from each value group to sa2[x], and are labelled "0.5", "0.2", and bold red "X", with faint arrows from top dot of each value dot to top dot of sa2[x] and so forth.  In figure (b), the arrows got from each value 

group to sa3[x], and are labelled "0.1", "0.2", and "0.7", with faint arrows from top dot of each value dot to top dot of sa3[x] and so forth.  



Summary
• Naïvely representing sequential inputs for a neural network requires infeasibly many input nodes 

(and hence parameters) 

• One-hot encodings are wastefully large and have no semantic structure 
• Embeddings solve these problems and can be trained without explicit labels 

• Recurrent neural networks are a specialized architecture for sequential inputs 
• State accumulates across input elements 
• Each stage computed from previous stage using same parameters 

• Transformers are another specialized architecture! 
• Self-attention to combine inputs instead of accumulating state 
• All states output (not just last in a sequence) 
• Improved ability to attend to long-range dependence 
• Pre-training followed by fine-tuning 
• Classification: attend to the output corresponding to a special "classify" input token 
• Text generation: probabilities of each word given preceding words; required masked attention


