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The earliest years of the deep learning boom were driven primarily by results produced us-
ing the multilayer perceptron, convolutional network, and recurrent network architectures.
Remarkably, the model architectures that underpinned many of deep learning’s break-
throughs in the 2010s had changed remarkably little relative to their antecedents despite the
lapse of nearly 30 years. While plenty of new methodological innovations made their way
into most practitioner’s toolkits—ReLU activations, residual layers, batch normalization,
dropout, and adaptive learning rate schedules come to mind—the core underlying archi-
tectures were clearly recognizable as scaled-up implementations of classic ideas. Despite
thousands of papers proposing alternative ideas, models resembling classical convolutional
neural networks (Chapter 7) retained state-of-the-art status in computer vision and models
resembling Sepp Hochreiter’s original design for the LSTM recurrent neural network (Sec-
tion 10.1), dominated most applications in natural language processing. Arguably, to that
point, the rapid emergence of deep learning appeared to be primarily attributable to shifts
in the available computational resources (thanks to innovations in parallel computing with
GPUs) and the availability of massive data resources (thanks to cheap storage and Internet
services). While these factors may indeed remain the primary drivers behind this technol-
ogy’s increasing power we are also witnessing, at long last, a sea change in the landscape
of dominant architectures.

At the present moment, the dominant models for nearly all natural language processing
tasks are based on the Transformer architecture. Given any new task in natural language
processing, the default first-pass approach is to grab a large Transformer-based pretrained
model, (e.g., BERT (Devlin et al., 2018), ELECTRA (Clark e? al., 2020), RoBERTa (Liu
et al., 2019), or Longformer (Beltagy et al., 2020)) adapting the output layers as neces-
sary, and fine-tuning the model on the available data for the downstream task. If you have
been paying attention to the last few years of breathless news coverage centered on Ope-
nATD’s large language models, then you have been tracking a conversation centered on the
GPT-2 and GPT-3 Transformer-based models (Brown et al., 2020, Radford et al., 2019).
Meanwhile, the vision Transformer has emerged as a default model for diverse vision tasks,
including image recognition, object detection, semantic segmentation, and superresolution
(Dosovitskiy et al., 2021, Liu et al., 2021). Transformers also showed up as competitive
methods for speech recognition (Gulati et al., 2020), reinforcement learning (Chen et al.,
2021), and graph neural networks (Dwivedi and Bresson, 2020).

The core idea behind the Transformer model is the attention mechanism, an innovation
that was originally envisioned as an enhancement for encoder—decoder RNNs applied to
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sequence-to-sequence applications, such as machine translations (Bahdanau ez al., 2014).
You might recall that in the first sequence-to-sequence models for machine translation
(Sutskever et al., 2014), the entire input was compressed by the encoder into a single fixed-
length vector to be fed into the decoder. The intuition behind attention is that rather than
compressing the input, it might be better for the decoder to revisit the input sequence at
every step. Moreover, rather than always seeing the same representation of the input, one
might imagine that the decoder should selectively focus on particular parts of the input se-
quence at particular decoding steps. Bahdanau’s attention mechanism provided a simple
means by which the decoder could dynamically attend to different parts of the input at each
decoding step. The high-level idea is that the encoder could produce a representation of
length equal to the original input sequence. Then, at decoding time, the decoder can (via
some control mechanism) receive as input a context vector consisting of a weighted sum
of the representations on the input at each time step. Intuitively, the weights determine the
extent to which each step’s context “focuses” on each input token, and the key is to make
this process for assigning the weights differentiable so that it can be learned along with all
of the other neural network parameters.

Initially, the idea was a remarkably successful enhancement to the recurrent neural net-
works that already dominated machine translation applications. The models performed
better than the original encoder—decoder sequence-to-sequence architectures. Furthermore,
researchers noted that some nice qualitative insights sometimes emerged from inspecting
the pattern of attention weights. In translation tasks, attention models often assigned high
attention weights to cross-lingual synonyms when generating the corresponding words in
the target language. For example, when translating the sentence “my feet hurt” to
au pieds”, the neural network might assign high attention weights to the representation of
“feet” when generating the corresponding French word “pieds”. These insights spurred
claims that attention models confer “interpretability” although what precisely the atten-
tion weights mean—i.e., how, if at all, they should be interpreted remains a hazy research
topic.

ai mal

However, attention mechanisms soon emerged as more significant concerns, beyond their
usefulness as an enhancement for encoder—decoder recurrent neural networks and their pu-
tative usefulness for picking out salient inputs. Vaswani et al. (2017) proposed the Trans-
former architecture for machine translation, dispensing with recurrent connections alto-
gether, and instead relying on cleverly arranged attention mechanisms to capture all rela-
tionships among input and output tokens. The architecture performed remarkably well, and
by 2018 the Transformer began showing up in the majority of state-of-the-art natural lan-
guage processing systems. Moreover, at the same time, the dominant practice in natural lan-
guage processing became to pretrain large-scale models on enormous generic background
corpora to optimize some self-supervised pretraining objective, and then to fine-tune these
models using the available downstream data. The gap between Transformers and traditional
architectures grew especially wide when applied in this pretraining paradigm, and thus the
ascendance of Transformers coincided with the ascendence of such large-scale pretrained
models, now sometimes called foundation models (Bommasani et al., 2021).

In this chapter, we introduce attention models, starting with the most basic intuitions and



411

Queries, Keys, and Values

the simplest instantiations of the idea. We then work our way up to the Transformer archi-
tecture, the vision Transformer, and the landscape of modern Transformer-based pretrained
models.

11.1 Queries, Keys, and Values

So far all the networks we have reviewed crucially relied on the input being of a well-
defined size. For instance, the images in ImageNet are of size 224 X 224 pixels and CNNs
are specifically tuned to this size. Even in natural language processing the input size for
RNNS is well defined and fixed. Variable size is addressed by sequentially processing one
token at a time, or by specially designed convolution kernels (Kalchbrenner ez al., 2014).
This approach can lead to significant problems when the input is truly of varying size with
varying information content, such as in Section 10.7 in the transformation of text (Sutskever
et al., 2014). In particular, for long sequences it becomes quite difficult to keep track of
everything that has already been generated or even viewed by the network. Even explicit
tracking heuristics such as proposed by Yang et al. (2016) only offer limited benefit.

Compare this to databases. In their simplest form they are collections of keys (k) and values
(v). For instance, our database 9 might consist of tuples {(“Zhang”, “Aston”), (“Lipton”,
“Zachary”), (“Li”, “Mu”), (“Smola”, “Alex”), (“Hu”, “Rachel”), (“Werness”, “Brent”)}
with the last name being the key and the first name being the value. We can operate on
D, for instance with the exact query (q) for “Li” which would return the value “Mu”. If
(“Li”, “Mu”) was not a record in D, there would be no valid answer. If we also allowed for
approximate matches, we would retrieve (“Lipton”, “Zachary”) instead. This quite simple
and trivial example nonetheless teaches us a number of useful things:

e We can design queries g that operate on (k,v) pairs in such a manner as to be valid
regardless of the database size.

e The same query can receive different answers, according to the contents of the database.

o The “code” being executed for operating on a large state space (the database) can be quite
simple (e.g., exact match, approximate match, top-k).

e There is no need to compress or simplify the database to make the operations effective.

Clearly we would not have introduced a simple database here if it wasn’t for the purpose of
explaining deep learning. Indeed, this leads to one of the most exciting concepts introduced
in deep learning in the past decade: the attention mechanism (Bahdanau et al., 2014). We
will cover the specifics of its application to machine translation later. For now, simply

consider the following: denote by D & {(ky,v1),...(Kn,Vy)} adatabase of m tuples of
keys and values. Moreover, denote by q a query. Then we can define the attention over D
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as
Attention(q, D) dnga/(q, ki)v;, (11.1.1)
i=1
where a@(q,k;) € R (i = 1,...,m) are scalar attention weights. The operation itself is

typically referred to as attention pooling. The name attention derives from the fact that the
operation pays particular attention to the terms for which the weight « is significant (i.e.,
large). As such, the attention over D generates a linear combination of values contained in
the database. In fact, this contains the above example as a special case where all but one
weight is zero. We have a number of special cases:

e The weights @(q, k;) are nonnegative. In this case the output of the attention mechanism
is contained in the convex cone spanned by the values v;.

e The weights @(q, k;) form a convex combination, i.e., >,; @(q, k;) = 1 and @(q, k;) > 0
for all i. This is the most common setting in deep learning.

e Exactly one of the weights a(q, k;) is 1, while all others are 0. This is akin to a traditional
database query.

e All weights are equal, i.e., a(q, k;) = n% for all i. This amounts to averaging across the
entire database, also called average pooling in deep learning.

A common strategy for ensuring that the weights sum up to 1 is to normalize them via

a(q, ki)
2ja(qk))
In particular, to ensure that the weights are also nonnegative, one can resort to exponenti-

ation. This means that we can now pick any function a(q, k) and then apply the softmax
operation used for multinomial models to it via

a(q, ki) = (11.1.2)

exp(a(q. ki)
Zjexpla(q.k;))

This operation is readily available in all deep learning frameworks. It is differentiable and
its gradient never vanishes, all of which are desirable properties in a model. Note though,
the attention mechanism introduced above is not the only option. For instance, we can

a(q, ki) = (11.1.3)

design a non-differentiable attention model that can be trained using reinforcement learning
methods (Mnih et al., 2014). As one would expect, training such a model is quite complex.
Consequently the bulk of modern attention research follows the framework outlined in Fig.
11.1.1. We thus focus our exposition on this family of differentiable mechanisms.

What is quite remarkable is that the actual “code” for executing on the set of keys and values,
namely the query, can be quite concise, even though the space to operate on is significant.
This is a desirable property for a network layer as it does not require too many parameters to
learn. Just as convenient is the fact that attention can operate on arbitrarily large databases
without the need to change the way the attention pooling operation is performed.
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Attention
weights

Values Output

Attention
Pooling

The attention mechanism computes a linear combination over values v; via attention
pooling, where weights are derived according to the compatibility between a query q and
keys k;.

import torch
from d21 import torch as d21

11.1.1 Visualization

One of the benefits of the attention mechanism is that it can be quite intuitive, particularly
when the weights are nonnegative and sum to 1. In this case we might interpret large
weights as a way for the model to select components of relevance. While this is a good
intuition, it is important to remember that it is just that, an intuition. Regardless, we may
want to visualize its effect on the given set of keys when applying a variety of different
queries. This function will come in handy later.

We thus define the show_heatmaps function. Note that it does not take a matrix (of attention
weights) as its input but rather a tensor with four axes, allowing for an array of different
queries and weights. Consequently the input matrices has the shape (number of rows
for display, number of columns for display, number of queries, number of keys). This
will come in handy later on when we want to visualize the workings that are to design
Transformers.

#@save
def show_heatmaps(matrices, xlabel, ylabel, titles=None, figsize=(2.5, 2.5),
cmap='Reds"):
"""Show heatmaps of matrices.
d21.use_svg_display()
num_rows, num_cols, _, _ = matrices.shape
fig, axes = d21.plt.subplots(num_rows, num_cols, figsize=figsize,
sharex=True, sharey=True, squeeze=False)
for i, (row_axes, row_matrices) in enumerate(zip(axes, matrices)):
for j, (ax, matrix) in enumerate(zip(row_axes, row_matrices)):
pcm = ax.imshow(matrix.detach().numpy(), cmap=cmap)
if i == num_rows - 1:
ax.set_xlabel(xlabel)
if j == 0:
ax.set_ylabel(ylabel)
if titles:

nnn

(continues on next page)
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(continued from previous page)

ax.set_title(titles[j1)
fig.colorbar(pcm, ax=axes, shrink=0.6);

As a quick sanity check let’s visualize the identity matrix, representing a case where the
attention weight is 1 only when the query and the key are the same.

attention_weights = torch.eye(10).reshape((1, 1, 10, 10))
show_heatmaps(attention_weights, xlabel='Keys', ylabel='Queries')

1.00
2
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54 0.50
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©6 0.25
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11.1.2 Summary

The attention mechanism allows us to aggregate data from many (key, value) pairs. So
far our discussion was quite abstract, simply describing a way to pool data. We have not
explained yet where those mysterious queries, keys, and values might arise from. Some
intuition might help here: for instance, in a regression setting, the query might correspond
to the location where the regression should be carried out. The keys are the locations
where past data was observed and the values are the (regression) values themselves. This
is the so-called Nadaraya—Watson estimator (Nadaraya, 1964, Watson, 1964) that we will
be studying in the next section.

By design, the attention mechanism provides a differentiable means of control by which a
neural network can select elements from a set and to construct an associated weighted sum
over representations.

11.1.3 Exercises

1. Suppose that you wanted to reimplement approximate (key, query) matches as used in
classical databases, which attention function would you pick?

2. Suppose that the attention function is given by a(q,k;) = q'k; and that k; = v; for
i=1,...,m. Denote by p(k;;q) the probability distribution over keys when using the
softmax normalization in (11.1.3). Prove that V4 Attention(q, D) = Cov,,(k;:q) [ki].

3. Design a differentiable search engine using the attention mechanism.

4. Review the design of the Squeeze and Excitation Networks (Hu ez al., 2018) and interpret
them through the lens of the attention mechanism.
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Attention Pooling by Similarity

Discussions 1%,

11.2 Attention Pooling by Similarity
____________________________________________________________________________________________

Now that we have introduced the primary components of the attention mechanism, let’s
use them in a rather classical setting, namely regression and classification via kernel den-
sity estimation (Nadaraya, 1964, Watson, 1964). This detour simply provides additional
background: it is entirely optional and can be skipped if needed. At their core, Nadaraya—
Watson estimators rely on some similarity kernel a (q, k) relating queries q to keys k. Some
common kernels are

1
a(q, k) =exp (—Ellq - k||2) Gaussian;

a(q.k) =1if[lg-k|| <1 Boxcar; (11.2.1)

a(q,k) =max (0,1 — ||g — k||) Epanechikov.

There are many more choices that we could pick. See a Wikipedia article !> for a more
extensive review and how the choice of kernels is related to kernel density estimation, some-
times also called Parzen Windows (Parzen, 1957). All of the kernels are heuristic and can
be tuned. For instance, we can adjust the width, not only on a global basis but even on a
per-coordinate basis. Regardless, all of them lead to the following equation for regression
and classification alike:

Cl(q, kl)
fla) = Zvim- (11.2.2)

In the case of a (scalar) regression with observations (x;, y;) for features and labels respec-
tively, v; = y; are scalars, k; = x; are vectors, and the query q denotes the new location
where f should be evaluated. In the case of (multiclass) classification, we use one-hot-
encoding of y; to obtain v;. One of the convenient properties of this estimator is that it re-
quires no training. Even more so, if we suitably narrow the kernel with increasing amounts
of data, the approach is consistent (Mack and Silverman, 1982), i.e., it will converge to
some statistically optimal solution. Let’s start by inspecting some kernels.

import numpy as np

import torch

from torch import nn

from torch.nn import functional as F
from d21 import torch as d21

d21.use_svg_display()

11.2.1 Kernels and Data

All the kernels a(k, q) defined in this section are translation and rotation invariant; that

is, if we shift and rotate k and q in the same manner, the value of @ remains unchanged.


https://discuss.d2l.ai/t/1592
https://en.wikipedia.org/wiki/Kernel_(statistics)
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For simplicity we thus pick scalar arguments &, g € R and pick the key k& = O as the origin.

This yields:

# Define some kernels
def gaussian(x):
return torch.exp(-x**2 / 2)

def boxcar(x):
return torch.abs(x) < 1.0

def constant(x):
return 1.0 + @ * x

def epanechikov(x):
return torch.max(l - torch.abs(x), torch.zeros_like(x))

fig, axes = d21.plt.subplots(l, 4, sharey=True, figsize=(12, 3))

kernels = (gaussian, boxcar, constant, epanechikov)

names = ('Gaussian’, 'Boxcar', 'Constant’, 'Epanechikov')

X = torch.arange(-2.5, 2.5, 0.1)

for kernel, name, ax in zip(kernels, names, axes):
ax.plot(x.detach().numpy(), kernel(x).detach().numpy())
ax.set_xlabel (name)

d21.plt.show()
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Different kernels correspond to different notions of range and smoothness. For instance,
the boxcar kernel only attends to observations within a distance of 1 (or some otherwise

defined hyperparameter) and does so indiscriminately.

To see Nadaraya—Watson estimation in action, let’s define some training data. In the fol-

lowing we use the dependency

yi =2sin(x;) +x; + €,

(11.2.3)

where € is drawn from a normal distribution with zero mean and unit variance. We draw

40 training examples.
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def f(x):
return 2 * torch.sin(x) + x
n = 40
x_train, _ = torch.sort(torch.rand(n) = 5)

y_train = f(x_train) + torch.randn(n)
x_val = torch.arange(2, 5, 0.1)
y_val = f(x_val)

11.2.2 Attention Pooling via Nadaraya—Watson Regression

Now that we have data and kernels, all we need is a function that computes the kernel
regression estimates. Note that we also want to obtain the relative kernel weights in order
to perform some minor diagnostics. Hence we first compute the kernel between all training
features (covariates) x_train and all validation features x_val. This yields a matrix, which
we subsequently normalize. When multiplied with the training labels y_train we obtain
the estimates.

Recall attention pooling in (11.1.1). Let each validation feature be a query, and each
training feature—label pair be a key—value pair. As a result, the normalized relative ker-
nel weights (attention_w below) are the attention weights.

def nadaraya_watson(x_train, y_train, x_val, kernel):
dists = x_train.reshape((-1, 1)) - x_val.reshape((1l, -1))
# Each column/row corresponds to each query/key
k = kernel(dists).type(torch.float32)
# Normalization over keys for each query
attention_w = k / k.sum(0)
y_hat = y_train@attention_w
return y_hat, attention_w

Let’s have a look at the kind of estimates that the different kernels produce.

def plot(x_train, y_train, x_val, y_val, kernels, names, attention=False):
fig, axes = d21.plt.subplots(l, 4, sharey=True, figsize=(12, 3))
for kernel, name, ax in zip(kernels, names, axes):
y_hat, attention_w = nadaraya_watson(x_train, y_train, x_val, kernel)
if attention:
pcm = ax.imshow(attention_w.detach().numpy(), cmap='Reds’)
else:
ax.plot(x_val, y_hat)
ax.plot(x_val, y_val, 'm--")
ax.plot(x_train, y_train, 'o’', alpha=0.5);
ax.set_xlabel(name)
if not attention:
ax.legend(['y_hat’, 'y'1)
if attention:
fig.colorbar(pcm, ax=axes, shrink=0.7)
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plot(x_train, y_train, x_val, y_val, kernels, names)
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The first thing that stands out is that all three nontrivial kernels (Gaussian, Boxcar, and
Epanechikov) produce fairly workable estimates that are not too far from the true function.
Only the constant kernel that leads to the trivial estimate f(x) = % >.i yi produces a rather
unrealistic result. Let’s inspect the attention weighting a bit more closely:

plot(x_train, y_train, x_val, y_val, kernels, names, attention=True)
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The visualization clearly shows why the estimates for Gaussian, Boxcar, and Epanechikov
are very similar: after all, they are derived from very similar attention weights, despite the
different functional form of the kernel. This raises the question as to whether this is always

the case.

11.2.3 Adapting Attention Pooling

We could replace the Gaussian kernel with one of a different width. That is, we could use
a(q,k) = exp —2}7||q - k||2) where o2 determines the width of the kernel. Let’s see

whether this affects the outcomes.

sigmas = (0.1, 0.2, 0.5, 1)
names = ['Sigma ' + str(sigma) for sigma in sigmas]

def gaussian_with_width(sigma):
return (lambda x: torch.exp(-xx*2 / (2*sigma**2)))

kernels = [gaussian_with_width(sigma) for sigma in sigmas]
plot(x_train, y_train, x_val, y_val, kernels, names)
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Sigma 0.1 Sigma 0.2 Sigma 0.5 Sigma 1

Clearly, the narrower the kernel, the less smooth the estimate. At the same time, it adapts
better to the local variations. Let’s look at the corresponding attention weights.

plot(x_train, y_train, x_val, y_val, kernels, names, attention=True)
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As we would expect, the narrower the kernel, the narrower the range of large attention
weights. It is also clear that picking the same width might not be ideal. In fact, Silverman
(1986) proposed a heuristic that depends on the local density. Many more such “tricks”
have been proposed. For instance, Norelli e al. (2022) used a similar nearest-neighbor
interpolation technique for designing cross-modal image and text representations.

The astute reader might wonder why we are providing this deep dive for a method that is over
half a century old. First, it is one of the earliest precursors of modern attention mechanisms.
Second, it is great for visualization. Third, and just as importantly, it demonstrates the limits
of hand-crafted attention mechanisms. A much better strategy is to learn the mechanism,
by learning the representations for queries and keys. This is what we will embark on in the
following sections.

11.2.4 Summary

Nadaraya—Watson kernel regression is an early precursor of the current attention mecha-
nisms. It can be used directly with little to no training or tuning, either for classification or
regression. The attention weight is assigned according to the similarity (or distance) be-
tween query and key, and according to how many similar observations are available.

11.2.5 Exercises
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1. Parzen windows density estimates are given by p(x) = % i k(x,x;). Prove that for
binary classification the function p(x,y = 1) — p(x,y = —1), as obtained by Parzen
windows is equivalent to Nadaraya—Watson classification.

2. Implement stochastic gradient descent to learn a good value for kernel widths in Nadaraya—
Watson regression.

1. What happens if you just use the above estimates to minimize ( f(x;) —y;)? directly?
Hint: y; is part of the terms used to compute f.

2. Remove (x;,y;) from the estimate for f(x;) and optimize over the kernel widths.
Do you still observe overfitting?

3. Assume that all x lie on the unit sphere, i.e., all satisfy ||x|| = 1. Can you simplify the
||x —x;||? term in the exponential? Hint: we will later see that this is very closely related
to dot product attention.

4. Recall that Mack and Silverman (1982) proved that Nadaraya—Watson estimation is con-
sistent. How quickly should you reduce the scale for the attention mechanism as you get
more data? Provide some intuition for your answer. Does it depend on the dimension-
ality of the data? How?

Discussions %6,

11.3 Attention Scoring Functions
I —

In Section 11.2, we used a number of different distance-based kernels, including a Gaussian
kernel to model interactions between queries and keys. As it turns out, distance functions
are slightly more expensive to compute than dot products. As such, with the softmax op-
eration to ensure nonnegative attention weights, much of the work has gone into attention
scoring functions a in (11.1.3) and Fig. 11.3.1 that are simpler to compute.

Attention Attention M Output

scoring
function

S

@

<

@
Xeunjos

Query

Computing the output of attention pooling as a weighted average of values, where weights
are computed with the attention scoring function a and the softmax operation.


https://discuss.d2l.ai/t/1599
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import math

import torch

from torch import nn

from d21 import torch as d21

11.3.1 Dot Product Attention

Let’s review the attention function (without exponentiation) from the Gaussian kernel for
a moment:

1 1 1
aa.k) = =5 lla~ Ll = q"k; = 31kl = llall” (113.1)

First, note that the final term depends on g only. As such it is identical for all (q, k;)
pairs. Normalizing the attention weights to 1, as is done in (11.1.3), ensures that this term
disappears entirely. Second, note that both batch and layer normalization (to be discussed
later) lead to activations that have well-bounded, and often constant, norms || k;||. This is
the case, for instance, whenever the keys k; were generated by a layer norm. As such, we
can drop it from the definition of a without any major change in the outcome.

Last, we need to keep the order of magnitude of the arguments in the exponential function
under control. Assume that all the elements of the query q € R? and the key k; € R¢
are independent and identically drawn random variables with zero mean and unit variance.
The dot product between both vectors has zero mean and a variance of d. To ensure that
the variance of the dot product still remains 1 regardless of vector length, we use the scaled
dot product attention scoring function. That is, we rescale the dot product by 1/ Vd. We
thus arrive at the first commonly used attention function that is used, e.g., in Transformers
(Vaswani et al., 2017):

a(a,k;) = q"k;/Vd. (11.3.2)

Note that attention weights a still need normalizing. We can simplify this further via
(11.1.3) by using the softmax operation:

exp(qki/Vd)
Zj:l exp(quj/\/E)
As it turns out, all popular attention mechanisms use the softmax, hence we will limit
ourselves to that in the remainder of this chapter.

a(q, k;) = softmax(a(q, k;)) = (11.3.3)

11.3.2 Convenience Functions

We need a few functions to make the attention mechanism efficient to deploy. This includes
tools for dealing with strings of variable lengths (common for natural language processing)
and tools for efficient evaluation on minibatches (batch matrix multiplication).

Masked Softmax Operation

One of the most popular applications of the attention mechanism is to sequence models.
Hence we need to be able to deal with sequences of different lengths. In some cases, such
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sequences may end up in the same minibatch, necessitating padding with dummy tokens
for shorter sequences (see Section 10.5 for an example). These special tokens do not carry
meaning. For instance, assume that we have the following three sentences:

Dive into Deep Learning
Learn to code <blank>
Hello world <blank> <blank>

Since we do not want blanks in our attention model we simply need to limit };"" , a(q, k;)v;
to Zi:l a(q, k;)v; forhowever long, [ < n, the actual sentence is. Since it is such acommon
problem, it has a name: the masked softmax operation.

Let’simplement it. Actually, the implementation cheats ever so slightly by setting the values
of v;, for i > [, to zero. Moreover, it sets the attention weights to a large negative number,
such as —10°, in order to make their contribution to gradients and values vanish in practice.
This is done since linear algebra kernels and operators are heavily optimized for GPUs and
it is faster to be slightly wasteful in computation rather than to have code with conditional
(if then else) statements.

def masked_softmax(X, valid_lens): #@save
"""Perform softmax operation by masking elements on the last axis.
# X: 3D tensor, valid_lens: 1D or 2D tensor
def _sequence_mask(X, valid_len, value=0):
maxlen = X.size(1l)
mask = torch.arange((maxlen), dtype=torch.float32,
device=X.device)[None, :] < valid_len[:, None]

nnn

X[~mask] = value
return X

if valid_lens is None:
return nn.functional.softmax(X, dim=-1)
else:
shape = X.shape
if valid_lens.dim() == 1:
valid_lens = torch.repeat_interleave(valid_lens, shape[1])
else:
valid_lens = valid_lens.reshape(-1)
# On the last axis, replace masked elements with a very large negative
# value, whose exponentiation outputs 0
X = _sequence_mask(X.reshape(-1, shape[-1]), valid_lens, value=-1e6)
return nn.functional.softmax(X.reshape(shape), dim=-1)

To illustrate how this function works, consider a minibatch of two examples of size 2 X 4,
where their valid lengths are 2 and 3, respectively. As a result of the masked softmax oper-
ation, values beyond the valid lengths for each pair of vectors are all masked as zero.

masked_softmax(torch.rand(2, 2, 4), torch.tensor([2, 31))

tensor([[[0.4448, 0.5552, 0.0000, 0.0000],
[0.4032, 0.5968, 0.0000, 0.00001],

(continues on next page)
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[[0.2795, 0.2805, 0.4400, 0.0000],
[0.2798, ©.3092, 0.4110, 0.0000111)

If we need more fine-grained control to specify the valid length for each of the two vec-
tors of every example, we simply use a two-dimensional tensor of valid lengths. This
yields:

masked_softmax(torch.rand(2, 2, 4), torch.tensor([[1, 31, [2, 4]11))

tensor ([[[1.0000, 0.0000, 0.0000, 0.0000],
[0.4109, ©.2794, ©.3097, 0.0000]1],

[[0.3960, 0.6040, 0.0000, 0.0000],
[0.2557, ©.1833, 0.2420, 0.3190111)

Batch Matrix Multiplication

Another commonly used operation is to multiply batches of matrices by one another. This
comes in handy when we have minibatches of queries, keys, and values. More specifically,
assume that

Q=1[Q:1,Q,...,Q,] e R,

K =[K,K,...,K,] e R™bxe, (11.3.4)

Then the batch matrix multiplication (BMM) computes the elementwise product
BMM(Q,K) = [Q 1K, QuK;, ..., Q,K,] € R, (11.3.5)
Let’s see this in action in a deep learning framework.

Q = torch.ones((2, 3, 4))
K = torch.ones((2, 4, 6))
d21.check_shape(torch.bmm(Q, K), (2, 3, 6))

11.3.3 Scaled Dot Product Attention

Let’s return to the dot product attention introduced in (11.3.2). In general, it requires that
both the query and the key have the same vector length, say d, even though this can be
addressed easily by replacing q"k with q" Mk where M is a matrix suitably chosen for
translating between both spaces. For now assume that the dimensions match.

In practice, we often think of minibatches for efficiency, such as computing attention for
n queries and m key-value pairs, where queries and keys are of length d and values are of
length v. The scaled dot product attention of queries Q € R"™*¢, keys K € R"*<, and
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values V € R™*" thus can be written as
.

K
= )V € R, (11.3.6)

softmax (

Note that when applying this to a minibatch, we need the batch matrix multiplication intro-
duced in (11.3.5). In the following implementation of the scaled dot product attention, we
use dropout for model regularization.

class DotProductAttention(nn.Module): #@save
"""Scaled dot product attention."""
def __init__(self, dropout):
super().__init__()
self.dropout = nn.Dropout(dropout)

# Shape of queries: (batch_size, no. of queries, d)
# Shape of keys: (batch_size, no. of key-value pairs, d)
# Shape of values: (batch_size, no. of key-value pairs, value dimension)
# Shape of valid_lens: (batch_size,) or (batch_size, no. of queries)
def forward(self, queries, keys, values, valid_lens=None):
d = queries.shape[-1]
# Swap the last two dimensions of keys with keys.transpose(l, 2)
scores = torch.bmm(queries, keys.transpose(l, 2)) / math.sqrt(d)
self.attention_weights = masked_softmax(scores, valid_lens)
return torch.bmm(self.dropout(self.attention_weights), values)

To illustrate how the DotProductAttention class works, we use the same keys, values,
and valid lengths from the earlier toy example for additive attention. For the purpose of
our example we assume that we have a minibatch size of 2, a total of 10 keys and values,
and that the dimensionality of the values is 4. Lastly, we assume that the valid length per
observation is 2 and 6 respectively. Given that, we expect the output to be a 2 X 1 X 4 tensor,
i.e., one row per example of the minibatch.

queries = torch.normal(0, 1, (2, 1, 2))
keys = torch.normal(e, 1, (2, 10, 2))
values = torch.normal(o, 1, (2, 10, 4))
valid_lens = torch.tensor([2, 6])

attention = DotProductAttention(dropout=0.5)

attention.eval()
d21.check_shape(attention(queries, keys, values, valid_lens), (2, 1, 4))

Let’s check whether the attention weights actually vanish for anything beyond the second
and sixth column respectively (because of setting the valid length to 2 and 6).

d21.show_heatmaps(attention.attention_weights.reshape((1, 1, 2, 10)),

xlabel="Keys', ylabel='Queries')

11.3.4 Additive Attention

When queries q and keys k are vectors of different dimension, we can either use a matrix to
address the mismatch via " Mk, or we can use additive attention as the scoring function.
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Another benefit is that, as its name indicates, the attention is additive. This can lead to
some minor computational savings. Given a query q € R? and a key k € R¥, the additive
attention scoring function (Bahdanau et al., 2014) is given by

a(q,k) = w, tanh(W,q + W;k) € R, (11.3.7)

where W, € R"*9, W, € Rk and w, € R" are the learnable parameters. This term
is then fed into a softmax to ensure both nonnegativity and normalization. An equivalent
interpretation of (11.3.7) is that the query and key are concatenated and fed into an MLP
with a single hidden layer. Using tanh as the activation function and disabling bias terms,
we implement additive attention as follows:

class AdditiveAttention(nn.Module): #@save

"""Additive attention.”""

def __init__(self, num_hiddens, dropout, *xkwargs):
super (AdditiveAttention, self).__init__(*xkwargs)
self.W_k = nn.LazylLinear(num_hiddens, bias=False)
self.W_g = nn.LazyLinear(num_hiddens, bias=False)
self.w_v = nn.LazylLinear(l, bias=False)
self.dropout = nn.Dropout(dropout)

def forward(self, queries, keys, values, valid_lens):
queries, keys = self.W_g(queries), self.W_k(keys)
# After dimension expansion, shape of queries: (batch_size, no. of
# queries, 1, num_hiddens) and shape of keys: (batch_size, 1, no. of
# key-value pairs, num_hiddens). Sum them up with broadcasting
features = queries.unsqueeze(2) + keys.unsqueeze(1l)
features = torch.tanh(features)
# There is only one output of self.w_v, so we remove the last
# one-dimensional entry from the shape. Shape of scores: (batch_size,
# no. of queries, no. of key-value pairs)
scores = self.w_v(features).squeeze(-1)
self.attention_weights = masked_softmax(scores, valid_lens)
# Shape of values: (batch_size, no. of key-value pairs, value
# dimension)
return torch.bmm(self.dropout(self.attention_weights), values)

Let’s see how AdditiveAttention works. In our toy example we pick queries, keys and
values of size (2, 1, 20), (2, 10, 2) and (2, 10, 4), respectively. This is identical to our choice
for DotProductAttention, except that now the queries are 20-dimensional. Likewise, we
pick (2, 6) as the valid lengths for the sequences in the minibatch.

queries = torch.normal(0, 1, (2, 1, 20))

(continues on next page)
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attention = AdditiveAttention(num_hiddens=8, dropout=0.1)
attention.eval()
d21.check_shape(attention(queries, keys, values, valid_lens), (2, 1, 4))

When reviewing the attention function we see a behavior that is qualitatively quite similar
to that of DotProductAttention. That is, only terms within the chosen valid length (2, 6)
are nonzero.

d21.show_heatmaps(attention.attention_weights.reshape((1, 1, 2, 10)),
xlabel="Keys', ylabel='Queries")

Queries
= o

IS4

N

11.3.5 Summary

In this section we introduced the two key attention scoring functions: dot product and addi-
tive attention. They are effective tools for aggregating across sequences of variable length.
In particular, the dot product attention is the mainstay of modern Transformer architectures.
When queries and keys are vectors of different lengths, we can use the additive attention
scoring function instead. Optimizing these layers is one of the key areas of advance in re-
cent years. For instance, NVIDIA’s Transformer Library '*7 and Megatron (Shoeybi et al.,
2019) crucially rely on efficient variants of the attention mechanism. We will dive into this
in quite a bit more detail as we review Transformers in later sections.

11.3.6 Exercises

1. Implement distance-based attention by modifying the DotProductAttention code. Note
that you only need the squared norms of the keys ||k; ||> for an efficient implementation.

2. Modify the dot product attention to allow for queries and keys of different dimension-
alities by employing a matrix to adjust dimensions.
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3. How does the computational cost scale with the dimensionality of the keys, queries,
values, and their number? What about the memory bandwidth requirements?

Discussions 1°8 .


https://docs.nvidia.com/deeplearning/transformer-engine/user-guide/index.html
https://discuss.d2l.ai/t/1064
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11.4 The Bahdanau Attention Mechanism

When we encountered machine translation in Section 10.7, we designed an encoder—decoder
architecture for sequence-to-sequence learning based on two RNNs (Sutskever et al., 2014).
Specifically, the RNN encoder transforms a variable-length sequence into a fixed-shape
context variable. Then, the RNN decoder generates the output (target) sequence token by
token based on the generated tokens and the context variable.

Recall Fig. 10.7.2 which we repeat (Fig. 11.4.1) with some additional detail. Convention-
ally, in an RNN all relevant information about a source sequence is translated into some
internal fixed-dimensional state representation by the encoder. It is this very state that is
used by the decoder as the complete and exclusive source of information for generating the
translated sequence. In other words, the sequence-to-sequence mechanism treats the inter-
mediate state as a sufficient statistic of whatever string might have served as input.

Encoder Decoder
nx | Recurrent H State |—>| Recurrent | xn
Sources Targets

Sequence-to-sequence model. The state, as generated by the encoder, is the only piece of
information shared between the encoder and the decoder.

While this is quite reasonable for short sequences, it is clear that it is infeasible for long ones,
such as a book chapter or even just a very long sentence. After all, before too long there will
simply not be enough “space” in the intermediate representation to store all that is important
in the source sequence. Consequently the decoder will fail to translate long and complex
sentences. One of the first to encounter this was Graves (2013) who tried to design an
RNN to generate handwritten text. Since the source text has arbitrary length they designed a
differentiable attention model to align text characters with the much longer pen trace, where
the alignment moves only in one direction. This, in turn, draws on decoding algorithms in
speech recognition, e.g., hidden Markov models (Rabiner and Juang, 1993).

Inspired by the idea of learning to align, Bahdanau et al. (2014) proposed a differentiable
attention model without the unidirectional alignment limitation. When predicting a token,
if not all the input tokens are relevant, the model aligns (or attends) only to parts of the input
sequence that are deemed relevant to the current prediction. This is then used to update the
current state before generating the next token. While quite innocuous in its description, this
Bahdanau attention mechanism has arguably turned into one of the most influential ideas
of the past decade in deep learning, giving rise to Transformers (Vaswani et al., 2017) and
many related new architectures.
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import torch
from torch import nn
from d21 import torch as d21

11.4.1 Model

We follow the notation introduced by the sequence-to-sequence architecture of Section
10.7, in particular (10.7.3). The key idea is that instead of keeping the state, i.e., the con-
text variable ¢ summarizing the source sentence, as fixed, we dynamically update it, as a
function of both the original text (encoder hidden states h,) and the text that was already
generated (decoder hidden states s,/_1). This yields c,/, which is updated after any decod-
ing time step ¢’. Suppose that the input sequence is of length 7. In this case the context
variable is the output of attention pooling:

T
cp = Z“(S"‘l’ h,)h,. (11.4.1)

t=1

We used s;-_; as the query, and h, as both the key and the value. Note that ¢, is then
used to generate the state s, and to generate a new token: see (10.7.3). In particular, the
attention weight « is computed as in (11.3.3) using the additive attention scoring function
defined by (11.3.7). This RNN encoder—decoder architecture using attention is depicted in
Fig. 11.4.2. Note that later this model was modified so as to include the already generated
tokens in the decoder as further context (i.e., the attention sum does not stop at T but rather
it proceeds up to ' — 1). For instance, see Chan et al. (2015) for a description of this
strategy, as applied to speech recognition.

Encoder Decoder

[
| Aggregate | | FC

nx

Embedding Embedding

Sources Targets

Layers in an RNN encoder—decoder model with the Bahdanau attention mechanism.

11.4.2 Defining the Decoder with Attention

To implement the RNN encoder—decoder with attention, we only need to redefine the de-
coder (omitting the generated symbols from the attention function simplifies the design).
Let’s begin with the base interface for decoders with attention by defining the quite unsur-
prisingly named AttentionDecoder class.
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class AttentionDecoder(d2l.Decoder): #@save

"""The base attention-based decoder interface.

nnn

def __init__(self):
super().__init__()

@property

def attention_weights(self):

raise NotImplementedError

We need to implement the RNN decoder in the Seq2SegAttentionDecoder class. The
state of the decoder is initialized with (i) the hidden states of the last layer of the encoder
at all time steps, used as keys and values for attention; (ii) the hidden state of the encoder

at all layers at the final time step, which serves to initialize the hidden state of the decoder;
and (iii) the valid length of the encoder, to exclude the padding tokens in attention pooling.
At each decoding time step, the hidden state of the final layer of the decoder, obtained at
the previous time step, is used as the query of the attention mechanism. Both the output of

the attention mechanism and the input embedding are concatenated to serve as the input of
the RNN decoder.

class Seg2SegAttentionDecoder (AttentionDecoder):

def

def

def

_init__(self, vocab_size, embed_size, num_hiddens, num_layers,
dropout=0):
super().__init__()
self.attention = d21.AdditiveAttention(num_hiddens, dropout)
self.embedding = nn.Embedding(vocab_size, embed_size)
self.rnn = nn.GRU(
embed_size + num_hiddens, num_hiddens, num_layers,
dropout=dropout)
self.dense = nn.LazylLinear(vocab_size)
self.apply(d2l.init_seq2seq)

init_state(self, enc_outputs, enc_valid_lens):

# Shape of outputs: (num_steps, batch_size, num_hiddens).

# Shape of hidden_state: (num_layers, batch_size, num_hiddens)
outputs, hidden_state = enc_outputs

return (outputs.permute(l, @, 2), hidden_state, enc_valid_lens)

forward(self, X, state):
# Shape of enc_outputs: (batch_size, num_steps, num_hiddens).
# Shape of hidden_state: (num_layers, batch_size, num_hiddens)
enc_outputs, hidden_state, enc_valid_lens = state
# Shape of the output X: (num_steps, batch_size, embed_size)
X = self.embedding(X).permute(1l, @, 2)
outputs, self._attention_weights = [], []
for x in X:

# Shape of query: (batch_size, 1, num_hiddens)

query = torch.unsqueeze(hidden_state[-1], dim=1)

# Shape of context: (batch_size, 1, num_hiddens)

context = self.attention(

query, enc_outputs, enc_outputs, enc_valid_lens)
# Concatenate on the feature dimension
x = torch.cat((context, torch.unsqueeze(x, dim=1)), dim=-1)

(continues on next page)
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# Reshape x as (1, batch_size, embed_size + num_hiddens)
out, hidden_state = self.rnn(x.permute(l, 0, 2), hidden_state)
outputs.append(out)
self._attention_weights.append(self.attention.attention_weights)
# After fully connected layer transformation, shape of outputs:
# (num_steps, batch_size, vocab_size)
outputs = self.dense(torch.cat(outputs, dim=0))
return outputs.permute(l, @, 2), [enc_outputs, hidden_state,
enc_valid_lens]

@property
def attention_weights(self):
return self._attention_weights

In the following, we test the implemented decoder with attention using a minibatch of four
sequences, each of which are seven time steps long.

vocab_size, embed_size, num_hiddens, num_layers = 10, 8, 16, 2

batch_size, num_steps = 4, 7

encoder = d21.Seqg2SegEncoder(vocab_size, embed_size, num_hiddens, num_layers)

decoder = Seg2SegAttentionDecoder(vocab_size, embed_size, num_hiddens,
num_layers)

X = torch.zeros((batch_size, num_steps), dtype=torch.long)

state = decoder.init_state(encoder(X), None)

output, state = decoder(X, state)

d21.check_shape(output, (batch_size, num_steps, vocab_size))

d21.check_shape(state[0], (batch_size, num_steps, num_hiddens))

d21.check_shape(state[1][0], (batch_size, num_hiddens))

11.4.3 Training

Now that we specified the new decoder we can proceed analogously to Section 10.7.6:
specify the hyperparameters, instantiate a regular encoder and a decoder with attention,
and train this model for machine translation.

data = d21.MTFrakEng(batch_size=128)
embed_size, num_hiddens, num_layers, dropout = 256, 256, 2, 0.2
encoder = d21.Seq2SeqEncoder(

len(data.src_vocab), embed_size, num_hiddens, num_layers, dropout)
decoder = Seq2SegAttentionDecoder (

len(data.tgt_vocab), embed_size, num_hiddens, num_layers, dropout)
model = d21.Seq2Seq(encoder, decoder, tgt_pad=data.tgt_vocab['<pad>'],

1r=0.005)

trainer = d21.Trainer(max_epochs=30, gradient_clip_val=1, num_gpus=1)
trainer.fit(model, data)

After the model is trained, we use it to translate a few English sentences into French and
compute their BLEU scores.
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engs = ['go .', 'i lost .', 'he\'s calm .', "i\'m home .']
fras = ['va !', '"j\'ai perdu .', 'il est calme .', 'je suis chez moi .']

preds, _ = model.predict_step(
data.build(engs, fras), d2l.try_gpu(), data.num_steps)
for en, fr, p in zip(engs, fras, preds):
translation = []
for token in data.tgt_vocab.to_tokens(p):
if token == '<eos>':
break
translation.append(token)
print(f'{en} => {translation}, bleu,’
f'{d21l.bleu(” ".join(translation), fr, k=2):.3f}")

go . =>['va’', '"!'"], bleu,1.000

i lost . => ["j'ai”, 'perdu’, '.'], bleu,1.000

he's calm . => ['il', 'court’, '.'], bleu,0.000

i'm home . => ['je', 'suis', 'chez', 'moi’', '.'], bleu,1.000

Let’s visualize the attention weights when translating the last English sentence. We see that
each query assigns non-uniform weights over key—value pairs. It shows that at each decod-
ing step, different parts of the input sequences are selectively aggregated in the attention
pooling.

dec_attention_weights = model.predict_step(
data.build([engs[-11]1, [fras[-111), d2l.try_gpu(), data.num_steps, True)
attention_weights = torch.cat(
[step[0][0][0] for step in dec_attention_weights], 0)
attention_weights = attention_weights.reshape((1, 1, -1, data.num_steps))

—

# Plus one to include the end-of-sequence token
d21.show_heatmaps(
attention_weights[:, :, :, :len(engs[-1].split()) + 1].cpu(),
xlabel="Key positions', ylabel='Query positions')

11.4.4 Summary

When predicting a token, if not all the input tokens are relevant, the RNN encoder—decoder
with the Bahdanau attention mechanism selectively aggregates different parts of the input
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sequence. This is achieved by treating the state (context variable) as an output of additive
attention pooling. In the RNN encoder—decoder, the Bahdanau attention mechanism treats
the decoder hidden state at the previous time step as the query, and the encoder hidden
states at all the time steps as both the keys and values.

11.4.5 Exercises
1. Replace GRU with LSTM in the experiment.

2. Modify the experiment to replace the additive attention scoring function with the scaled
dot-product. How does it influence the training efficiency?
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11.5 Multi-Head Attention
|

In practice, given the same set of queries, keys, and values we may want our model to
combine knowledge from different behaviors of the same attention mechanism, such as
capturing dependencies of various ranges (e.g., shorter-range vs. longer-range) within a se-
quence. Thus, it may be beneficial to allow our attention mechanism to jointly use different
representation subspaces of queries, keys, and values.

To this end, instead of performing a single attention pooling, queries, keys, and values can
be transformed with & independently learned linear projections. Then these & projected
queries, keys, and values are fed into attention pooling in parallel. In the end, 4 attention-
pooling outputs are concatenated and transformed with another learned linear projection to
produce the final output. This design is called multi-head attention, where each of the h
attention pooling outputs is a head (Vaswani et al., 2017). Using fully connected layers to
perform learnable linear transformations, Fig. 11.5.1 describes multi-head attention.

import math

import torch

from torch import nn

from d21 import torch as d21


https://discuss.d2l.ai/t/1065
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Multi-head attention, where multiple heads are concatenated then linearly transformed.

11.5.1 Model

Before providing the implementation of multi-head attention, let’s formalize this model
mathematically. Given a query q € R%, a key k € R%, and a value v € R%, each
attention head h; (i = 1,.. ., h) is computed as

hi - f(wl(q)q, Wl(k)k, WI(V)V) c RP\/‘, (1151)

where Wl.(q) € RPa*dq Wi(k) € RPexdi and W;v) € RPv*4v are learnable parameters
and f is attention pooling, such as additive attention and scaled dot product attention in
Section 11.3. The multi-head attention output is another linear transformation via learnable
parameters W,, € RPo*/Pv of the concatenation of / heads:

h;

W, | | eRPe. (11.5.2)

hy,
Based on this design, each head may attend to different parts of the input. More sophisti-
cated functions than the simple weighted average can be expressed.

11.5.2 Implementation

In our implementation, we choose the scaled dot product attention for each head of the
multi-head attention. To avoid significant growth of computational cost and parametriza-
tion cost, we set p, = px = p, = po/h. Note that 4 heads can be computed in parallel
if we set the number of outputs of linear transformations for the query, key, and value to
Pgh = pih = pyh = p,. Inthe following implementation, p, is specified via the argument
num_hiddens.

class MultiHeadAttention(d21.Module): #@save

"""Multi-head attention.”""

def __init__(self, num_hiddens, num_heads, dropout, bias=False, **kwargs):
super().__init__()
self.num_heads = num_heads
self.attention = d21.DotProductAttention(dropout)
self.W_g = nn.LazyLinear(num_hiddens, bias=bias)
self.W_k = nn.LazyLinear(num_hiddens, bias=bias)
self.W_v = nn.LazyLinear(num_hiddens, bias=bias)

(continues on next page)
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self.W_o = nn.LazyLinear(num_hiddens, bias=bias)

def forward(self, queries, keys, values, valid_lens):

# Shape of queries, keys, or values:

# (batch_size, no. of queries or key-value pairs, num_hiddens)

# Shape of valid_lens: (batch_size,) or (batch_size, no. of queries)
# After transposing, shape of output queries, keys, or values:

# (batch_size * num_heads, no. of queries or key-value pairs,

# num_hiddens / num_heads)

queries = self.transpose_gkv(self.W_qg(queries))

keys = self.transpose_gkv(self.W_k(keys))

values = self.transpose_gkv(self.W_v(values))

if valid_lens is not None:
# On axis @, copy the first item (scalar or vector) for num_heads
# times, then copy the next item, and so on
valid_lens = torch.repeat_interleave(
valid_lens, repeats=self.num_heads, dim=0)

# Shape of output: (batch_size * num_heads, no. of queries,

# num_hiddens / num_heads)

output = self.attention(queries, keys, values, valid_lens)

# Shape of output_concat: (batch_size, no. of queries, num_hiddens)
output_concat = self.transpose_output(output)

return self.W_o(output_concat)

To allow for parallel computation of multiple heads, the above MultiHeadAttention class
uses two transposition methods as defined below. Specifically, the transpose_output
method reverses the operation of the transpose_gkv method.

@d21.add_to_class(MultiHeadAttention) #@save
def transpose_gkv(self, X):

"""Transposition for parallel computation of multiple attention heads.

+

HoH X H H X HH

nnn

Shape of input X: (batch_size, no. of queries or key-value pairs,
num_hiddens). Shape of output X: (batch_size, no. of queries or
key-value pairs, num_heads, num_hiddens / num_heads)

= X.reshape(X.shape[@], X.shape[1], self.num_heads, -1)

Shape of output X: (batch_size, num_heads, no. of queries or key-value
pairs, num_hiddens / num_heads)

= X.permute(@, 2, 1, 3)

Shape of output: (batch_size * num_heads, no. of queries or key-value
pairs, num_hiddens / num_heads)

return X.reshape(-1, X.shape[2], X.shape[3])

@d21.add_to_class(MultiHeadAttention) #@save
def transpose_output(self, X):

"""Reverse the operation of transpose_gkv.

X
X

nnn

= X.reshape(-1, self.num_heads, X.shape[1l], X.shape[2])
= X.permute(@, 2, 1, 3)

return X.reshape(X.shape[0], X.shape[1], -1)

Let’s test our implemented MultiHeadAttention class using a toy example where keys
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and values are the same. As a result, the shape of the multi-head attention output is
(batch_size, num_queries, num_hiddens).

num_hiddens, num_heads = 100, 5

attention = MultiHeadAttention(num_hiddens, num_heads, 0.5)

batch_size, num_queries, num_kvpairs = 2, 4, 6

valid_lens = torch.tensor([3, 2])

X = torch.ones((batch_size, num_queries, num_hiddens))

Y = torch.ones((batch_size, num_kvpairs, num_hiddens))

d21.check_shape(attention(X, Y, Y, valid_lens),
(batch_size, num_queries, num_hiddens))

11.5.3 Summary

Multi-head attention combines knowledge of the same attention pooling via different repre-
sentation subspaces of queries, keys, and values. To compute multiple heads of multi-head
attention in parallel, proper tensor manipulation is needed.

11.5.4 Exercises

1. Visualize attention weights of multiple heads in this experiment.

2. Suppose that we have a trained model based on multi-head attention and we want to
prune less important attention heads to increase the prediction speed. How can we de-
sign experiments to measure the importance of an attention head?

Discussions 160,

11.6 Self-Attention and Positional Encoding

In deep learning, we often use CNNs or RNNs to encode sequences. Now with attention
mechanisms in mind, imagine feeding a sequence of tokens into an attention mechanism
such that at every step, each token has its own query, keys, and values. Here, when comput-
ing the value of a token’s representation at the next layer, the token can attend (via its query
vector) to any other’s token (matching based on their key vectors). Using the full set of
query-key compatibility scores, we can compute, for each token, a representation by build-
ing the appropriate weighted sum over the other tokens. Because every token is attending
to each other token (unlike the case where decoder steps attend to encoder steps), such
architectures are typically described as self-attention models (Lin et al., 2017, Vaswani et
al., 2017), and elsewhere described as intra-attention model (Cheng et al., 2016, Parikh
et al., 2016, Paulus et al., 2017). In this section, we will discuss sequence encoding using
self-attention, including using additional information for the sequence order.
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import math

import torch

from torch import nn

from d21 import torch as d21

11.6.1 Self-Attention

Given a sequence of input tokens xi, ..., X, where any X; € RY (1 < i < n), its self-
attention outputs a sequence of the same length yy, ..., y,, where
yi :f(xis(xlsxl)7-~~9(xnvxn)) eRd (1161)

according to the definition of attention pooling in (11.1.1). Using multi-head attention,
the following code snippet computes the self-attention of a tensor with shape (batch size,
number of time steps or sequence length in tokens, d). The output tensor has the same
shape.

num_hiddens, num_heads = 100, 5
attention = d21.MultiHeadAttention(num_hiddens, num_heads, 0.5)
batch_size, num_queries, valid_lens = 2, 4, torch.tensor([3, 2])
X = torch.ones((batch_size, num_queries, num_hiddens))
d21.check_shape(attention(X, X, X, valid_lens),

(batch_size, num_queries, num_hiddens))

11.6.2 Comparing CNNs, RNNs, and Self-Attention

Let’s compare architectures for mapping a sequence of n tokens to another one of equal
length, where each input or output token is represented by a d-dimensional vector. Specif-
ically, we will consider CNNs, RNNs, and self-attention. We will compare their computa-
tional complexity, sequential operations, and maximum path lengths. Note that sequential
operations prevent parallel computation, while a shorter path between any combination of
sequence positions makes it easier to learn long-range dependencies within the sequence
(Hochreiter et al., 2001).

Let’s regard any text sequence as a “one-dimensional image”. Similarly, one-dimensional
CNN s can process local features such as n-grams in text. Given a sequence of length n, con-
sider a convolutional layer whose kernel size is k, and whose numbers of input and output
channels are both d. The computational complexity of the convolutional layer is O (knd?).
As Fig. 11.6.1 shows, CNNs are hierarchical, so there are O(1) sequential operations and
the maximum path length is O(n/k). For example, x; and x5 are within the receptive field
of a two-layer CNN with kernel size 3 in Fig. 11.6.1.

When updating the hidden state of RNNs, multiplication of the d X d weight matrix and the
d-dimensional hidden state has a computational complexity of O(d?). Since the sequence
length is n, the computational complexity of the recurrent layer is O(nd?). According
to Fig. 11.6.1, there are O(n) sequential operations that cannot be parallelized and the
maximum path length is also O(n).
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CNN

Self-attention

Comparing CNN (padding tokens are omitted), RNN, and self-attention architectures.

In self-attention, the queries, keys, and values are all n X d matrices. Consider the scaled
dot product attention in (11.3.6), where an n x d matrix is multiplied by a d X n matrix, then
the output n X n matrix is multiplied by an n X d matrix. As a result, the self-attention has a
O(n*d) computational complexity. As we can see from Fig. 11.6.1, each token is directly
connected to any other token via self-attention. Therefore, computation can be parallel with
O(1) sequential operations and the maximum path length is also O(1).

All in all, both CNNs and self-attention enjoy parallel computation and self-attention has
the shortest maximum path length. However, the quadratic computational complexity with
respect to the sequence length makes self-attention prohibitively slow for very long se-
quences.

11.6.3 Positional Encoding

Unlike RNNs, which recurrently process tokens of a sequence one-by-one, self-attention
ditches sequential operations in favor of parallel computation. Note that self-attention by
itself does not preserve the order of the sequence. What do we do if it really matters that
the model knows in which order the input sequence arrived?

The dominant approach for preserving information about the order of tokens is to represent
this to the model as an additional input associated with each token. These inputs are called
positional encodings, and they can either be learned or fixed a priori. We now describe a
simple scheme for fixed positional encodings based on sine and cosine functions (Vaswani
etal.,2017).

Suppose that the input representation X € R™*¢ contains the d-dimensional embeddings
for n tokens of a sequence. The positional encoding outputs X + P using a positional
embedding matrix P € R™*? of the same shape, whose element on the /™ row and the
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(27)™ or the (2j + 1) column is

. i
Piap =0 (W) ’

(11.6.2)

i
Pi2j+1 = COS (W) .

At first glance, this trigonometric function design looks weird. Before we give explanations
of this design, let’s first implement it in the following PositionalEncoding class.

class PositionalEncoding(nn.Module): #@save
"""Positional encoding."""
def __init__(self, num_hiddens, dropout, max_len=1000):
super().__init__Q)
self.dropout = nn.Dropout(dropout)
# Create a long enough P
self.P = torch.zeros((1, max_len, num_hiddens))
X = torch.arange(max_len, dtype=torch.float32).reshape(
-1, 1) / torch.pow(10000, torch.arange(
0, num_hiddens, 2, dtype=torch.float32) / num_hiddens)
self.P[:, :, 0::2] = torch.sin(X)
self.P[:, :, 1::2] = torch.cos(X)

def forward(self, X):
X = X + self.P[:, :X.shape[1], :].to(X.device)
return self.dropout(X)

In the positional embedding matrix P, rows correspond to positions within a sequence and
columns represent different positional encoding dimensions. In the example below, we
can see that the 6™ and the 7 columns of the positional embedding matrix have a higher
frequency than the 8" and the 9" columns. The offset between the 6 and the 7 (same for
the 8™ and the 9") columns is due to the alternation of sine and cosine functions.

encoding_dim, num_steps = 32, 60

pos_encoding = PositionalEncoding(encoding_dim, 0)

X = pos_encoding(torch.zeros((1, num_steps, encoding_dim)))
P = pos_encoding.P[:, :X.shape[l], :]

d21.plot(torch.arange(num_steps), P[0, :, 6:10].T, xlabel='Row (position)’,
figsize=(6, 2.5), legend=["Col " % d for d in torch.arange(6, 10)1)
1.0
0.5
0.0 1 \
— Col 6|
_osd - col7 N
—-= Col8
----- Col9 RN -
_1_0- ; i ! ' ...... i i —— i
0 10 20 30 40 50 60

Row (position)
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Absolute Positional Information

To see how the monotonically decreased frequency along the encoding dimension relates
to absolute positional information, let’s print out the binary representations of 0, 1,...,7.
As we can see, the lowest bit, the second-lowest bit, and the third-lowest bit alternate on
every number, every two numbers, and every four numbers, respectively.

for i in range(8):
print(f'{i} in binary is {i:>03b}")

in binary is 000
in binary is 001
in binary is 010
in binary is 011
in binary is 100
in binary is 101
in binary is 110
in binary is 111

NOoO Ul WP

In binary representations, a higher bit has a lower frequency than a lower bit. Similarly,
as demonstrated in the heat map below, the positional encoding decreases frequencies
along the encoding dimension by using trigonometric functions. Since the outputs are float
numbers, such continuous representations are more space-efficient than binary representa-
tions.

P = P[0, :, :].unsqueeze(Q).unsqueeze(0)
d21.show_heatmaps(P, xlabel='Column (encoding dimension)',
ylabel="Row (position)’', figsize=(3.5, 4), cmap='Blues’)
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Relative Positional Information

Besides capturing absolute positional information, the above positional encoding also al-
lows a model to easily learn to attend by relative positions. This is because for any fixed
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position offset d, the positional encoding at position i + ¢ can be represented by a linear
projection of that at position i.

This projection can be explained mathematically. Denoting w; = 1/10000%/ /4, any pair
of (pi2j. pi2j+1) in (11.6.2) can be linearly projected to (pirs.25, Pirs,2;+1) for any fixed
offset 4:
cos(dw;) sin(éw;) || pioj [ cos(dw;) sin(iw;) + sin(dw;) cos(iw;)
—sin(dw;) cos(dw;)| |pizj+ |- sin(dw;) sin(iw;) + cos(dw;) cos(iw )
[sin ((i + 0)w))
cos ((i + 6)w;)

_ [ Pi+s,2f ]
| Pi+6.,2j+1 ’
(11.6.3)

where the 2 X 2 projection matrix does not depend on any position index i.

11.6.4 Summary

In self-attention, the queries, keys, and values all come from the same place. Both CNNs
and self-attention enjoy parallel computation and self-attention has the shortest maximum
path length. However, the quadratic computational complexity with respect to the sequence
length makes self-attention prohibitively slow for very long sequences. To use the sequence
order information, we can inject absolute or relative positional information by adding po-
sitional encoding to the input representations.

11.6.5 Exercises

1. Suppose that we design a deep architecture to represent a sequence by stacking self-
attention layers with positional encoding. What could the possible issues be?

2. Can you design a learnable positional encoding method?

3. Can we assign different learned embeddings according to different offsets between queries
and keys that are compared in self-attention? Hint: you may refer to relative position
embeddings (Huang et al., 2018, Shaw et al., 2018).

Discussions 161 .

11.7 The Transformer Architecture
]

We have compared CNNs, RNNs, and self-attention in Section 11.6.2. Notably, self-
attention enjoys both parallel computation and the shortest maximum path length. There-
fore, it is appealing to design deep architectures by using self-attention. Unlike earlier
self-attention models that still rely on RNNs for input representations (Cheng et al., 2016,
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Lin et al., 2017, Paulus et al., 2017), the Transformer model is solely based on attention
mechanisms without any convolutional or recurrent layer (Vaswani et al., 2017). Though
originally proposed for sequence-to-sequence learning on text data, Transformers have been
pervasive in a wide range of modern deep learning applications, such as in areas to do with
language, vision, speech, and reinforcement learning.

import math

import pandas as pd

import torch

from torch import nn

from d21 import torch as d21

11.7.1 Model

As an instance of the encoder—decoder architecture, the overall architecture of the Trans-
former is presented in Fig. 11.7.1. As we can see, the Transformer is composed of an en-
coder and a decoder. In contrast to Bahdanau attention for sequence-to-sequence learning
in Fig. 11.4.2, the input (source) and output (target) sequence embeddings are added with
positional encoding before being fed into the encoder and the decoder that stack modules
based on self-attention.

Now we provide an overview of the Transformer architecture in Fig. 11.7.1. At a high level,
the Transformer encoder is a stack of multiple identical layers, where each layer has two
sublayers (either is denoted as sublayer). The first is a multi-head self-attention pooling
and the second is a positionwise feed-forward network. Specifically, in the encoder self-
attention, queries, keys, and values are all from the outputs of the previous encoder layer.
Inspired by the ResNet design of Section 8.6, a residual connection is employed around
both sublayers. In the Transformer, for any input x € R? at any position of the sequence,
we require that sublayer(x) € R so that the residual connection x + sublayer(x) € R is
feasible. This addition from the residual connection is immediately followed by layer nor-
malization (Ba et al., 2016). As a result, the Transformer encoder outputs a d-dimensional
vector representation for each position of the input sequence.

The Transformer decoder is also a stack of multiple identical layers with residual connec-
tions and layer normalizations. As well as the two sublayers described in the encoder, the
decoder inserts a third sublayer, known as the encoder—decoder attention, between these
two. In the encoder—decoder attention, queries are from the outputs of the decoder’s self-
attention sublayer, and the keys and values are from the Transformer encoder outputs. In
the decoder self-attention, queries, keys, and values are all from the outputs of the previous
decoder layer. However, each position in the decoder is allowed only to attend to all posi-
tions in the decoder up to that position. This masked attention preserves the autoregressive
property, ensuring that the prediction only depends on those output tokens that have been
generated.

We have already described and implemented multi-head attention based on scaled dot prod-
ucts in Section 11.5 and positional encoding in Section 11.6.3. In the following, we will
implement the rest of the Transformer model.
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The Transformer architecture.

11.7.2 Positionwise Feed-Forward Networks

The positionwise feed-forward network transforms the representation at all the sequence
positions using the same MLP. This is why we call it positionwise. In the implementation
below, the input X with shape (batch size, number of time steps or sequence length in tokens,
number of hidden units or feature dimension) will be transformed by a two-layer MLP into
an output tensor of shape (batch size, number of time steps, ffn_num_outputs).

class PositionWiseFFN(nn.Module): #@save
"""The positionwise feed-forward network."""
def __init__(self, ffn_num_hiddens, ffn_num_outputs):
super().__init__()
self.densel = nn.LazyLinear(ffn_num_hiddens)
self.relu = nn.ReLU()
self.dense2 = nn.LazylLinear(ffn_num_outputs)

def forward(self, X):
return self.dense2(self.relu(self.densel(X)))

The following example shows that the innermost dimension of a tensor changes to the num-
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ber of outputs in the positionwise feed-forward network. Since the same MLP transforms
at all the positions, when the inputs at all these positions are the same, their outputs are also
identical.

ffn = PositionWiseFFN(4, 8)
ffn.eval()
ffn(torch.ones((2, 3, 4)))[0]

tensor([[ 0.6300, ©.7739, 0.0278, 0.2508, -0.0519, ©0.4881, -0.4105, 0.
51631,

[ 0.6300, ©0.7739, ©0.0278, 0.2508, -0.0519, 0.4881, -0.4105, 0.
51631,

[ 0.6300, 0.7739, ©0.0278, 0.2508, -0.0519, 0.4881, -0.4105, 0.
~5163117,

grad_fn=<SelectBackwardo>)

11.7.3 Residual Connection and Layer Normalization

Now let’s focus on the “add & norm” component in Fig. 11.7.1. As we described at the
beginning of this section, this is a residual connection immediately followed by layer nor-
malization. Both are key to effective deep architectures.

In Section 8.5, we explained how batch normalization recenters and rescales across the
examples within a minibatch. As discussed in Section 8.5.2, layer normalization is the same
as batch normalization except that the former normalizes across the feature dimension, thus
enjoying benefits of scale independence and batch size independence. Despite its pervasive
applications in computer vision, batch normalization is usually empirically less effective
than layer normalization in natural language processing tasks, where the inputs are often
variable-length sequences.

The following code snippet compares the normalization across different dimensions by
layer normalization and batch normalization.

1n = nn.LayerNorm(2)

bn = nn.LazyBatchNormld()

X = torch.tensor([[1, 2], [2, 3]1, dtype=torch.float32)
# Compute mean and variance from X in the training mode
print('layer norm:', 1n(X), '\nbatch norm:', bn(X))

layer norm: tensor([[-1.0000, 1.0000],

[-1.0000, 1.0000]]1, grad_fn=<NativelLayerNormBackwardo>)
batch norm: tensor([[-1.0000, -1.0000],

[ 1.0000, 1.0000]]1, grad_fn=<NativeBatchNormBackwardo>)

Now we can implement the AddNorm class using a residual connection followed by layer
normalization. Dropout is also applied for regularization.
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class AddNorm(nn.Module): #@save
"""The residual connection followed by layer normalization.
def __init__(self, norm_shape, dropout):
super().__init__()
self.dropout = nn.Dropout(dropout)
self.1ln = nn.LayerNorm(norm_shape)

nnn

def forward(self, X, Y):
return self.ln(self.dropout(Y) + X)

The residual connection requires that the two inputs are of the same shape so that the output
tensor also has the same shape after the addition operation.

add_norm = AddNorm(4, 0.5)
shape = (2, 3, 4)
d21.check_shape(add_norm(torch.ones(shape), torch.ones(shape)), shape)

11.7.4 Encoder

With all the essential components to assemble the Transformer encoder, let’s start by im-
plementing a single layer within the encoder. The following TransformerEncoderBlock
class contains two sublayers: multi-head self-attention and positionwise feed-forward net-
works, where a residual connection followed by layer normalization is employed around
both sublayers.

class TransformerEncoderBlock(nn.Module): #@save
"""The Transformer encoder block."""
def __init__(self, num_hiddens, ffn_num_hiddens, num_heads, dropout,
use_bias=False):
super().__init__()
self.attention = d21.MultiHeadAttention(num_hiddens, num_heads,
dropout, use_bias)

self.addnorml = AddNorm(num_hiddens, dropout)
self.ffn = PositionWiseFFN(ffn_num_hiddens, num_hiddens)
self.addnorm2 = AddNorm(num_hiddens, dropout)

def forward(self, X, valid_lens):
Y = self.addnorml(X, self.attention(X, X, X, valid_lens))
return self.addnorm2(Y, self.ffn(Y))

As we can see, no layer in the Transformer encoder changes the shape of its input.

X = torch.ones((2, 100, 24))

valid_lens = torch.tensor([3, 2])

encoder_blk = TransformerEncoderBlock(24, 48, 8, 0.5)
encoder_blk.eval()

d21.check_shape(encoder_blk(X, valid_lens), X.shape)

In the following Transformer encoder implementation, we stack num_blks instances of the
above TransformerEncoderBlock classes. Since we use the fixed positional encoding
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whose values are always between —1 and 1, we multiply values of the learnable input em-
beddings by the square root of the embedding dimension to rescale before summing up the
input embedding and the positional encoding.

class TransformerEncoder(d2l.Encoder): #@save
"""The Transformer encoder.”""
def __init__(self, vocab_size, num_hiddens, ffn_num_hiddens,
num_heads, num_blks, dropout, use_bias=False):
super().__init__()
self.num_hiddens = num_hiddens
self.embedding = nn.Embedding(vocab_size, num_hiddens)
self.pos_encoding = d21.PositionalEncoding(num_hiddens, dropout)
self.blks = nn.Sequential()
for i in range(num_blks):
self.blks.add_module("block”+str(i), TransformerEncoderBlock(
num_hiddens, ffn_num_hiddens, num_heads, dropout, use_bias))

def forward(self, X, valid_lens):

# Since positional encoding values are between -1 and 1, the embedding
# values are multiplied by the square root of the embedding dimension
# to rescale before they are summed up
X = self.pos_encoding(self.embedding(X) * math.sqrt(self.num_hiddens))
self.attention_weights = [None] * len(self.blks)
for i, blk in enumerate(self.blks):

X = blk(X, valid_lens)

self.attention_weights[

i] = blk.attention.attention.attention_weights

return X

Below we specify hyperparameters to create a two-layer Transformer encoder. The shape of
the Transformer encoder output is (batch size, number of time steps, num_hiddens).

encoder = TransformerEncoder (200, 24, 48, 8, 2, 0.5)
d21.check_shape(encoder(torch.ones((2, 100), dtype=torch.long), valid_lens),
(2, 100, 24))

11.7.5 Decoder

As shown in Fig. 11.7.1, the Transformer decoder is composed of multiple identical lay-
ers. Each layer is implemented in the following TransformerDecoderBlock class, which
contains three sublayers: decoder self-attention, encoder—decoder attention, and position-

wise feed-forward networks. These sublayers employ a residual connection around them
followed by layer normalization.

As we described earlier in this section, in the masked multi-head decoder self-attention
(the first sublayer), queries, keys, and values all come from the outputs of the previous
decoder layer. When training sequence-to-sequence models, tokens at all the positions
(time steps) of the output sequence are known. However, during prediction the output
sequence is generated token by token; thus, at any decoder time step only the generated
tokens can be used in the decoder self-attention. To preserve autoregression in the decoder,
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its masked self-attention specifies dec_valid_lens so that any query only attends to all
positions in the decoder up to the query position.

class TransformerDecoderBlock(nn.Module):
# The i-th block in the Transformer decoder

def

def

__init__(self, num_hiddens, ffn_num_hiddens, num_heads, dropout, i):

super().__init__()

self.i =i

self.attentionl = d21.MultiHeadAttention(num_hiddens, num_heads,
dropout)

self.addnorml = AddNorm(num_hiddens, dropout)

self.attention2 = d21.MultiHeadAttention(num_hiddens, num_heads,
dropout)

self.addnorm2 = AddNorm(num_hiddens, dropout)

self.ffn = PositionWiseFFN(ffn_num_hiddens, num_hiddens)

self.addnorm3 = AddNorm(num_hiddens, dropout)

forward(self, X, state):
enc_outputs, enc_valid_lens = state[0], state[1]
# During training, all the tokens of any output sequence are processed
# at the same time, so state[2][self.i] is None as initialized. When
# decoding any output sequence token by token during prediction,
# state[2][self.i] contains representations of the decoded output at
# the i-th block up to the current time step
if state[2][self.i] is None:

key_values = X
else:

key_values = torch.cat((state[2][self.i], X), dim=1)
state[2][self.i] = key_values
if self.training:

batch_size, num_steps, _ = X.shape
# Shape of dec_valid_lens: (batch_size, num_steps), where every
# row is [1, 2, ..., num_steps]

dec_valid_lens = torch.arange(
1, num_steps + 1, device=X.device).repeat(batch_size, 1)

else:

dec_valid_lens = None
# Self-attention
X2 = self.attentionl(X, key_values, key_values, dec_valid_lens)
Y = self.addnorml(X, X2)
# Encoder-decoder attention. Shape of enc_outputs:
# (batch_size, num_steps, num_hiddens)
Y2 = self.attention2(Y, enc_outputs, enc_outputs, enc_valid_lens)
Z = self.addnorm2(Y, Y2)
return self.addnorm3(Z, self.ffn(Z)), state

To facilitate scaled dot product operations in the encoder—decoder attention and addition

operations in the residual connections, the feature dimension (num_hiddens) of the decoder

is the same as that of the encoder.

decoder_

blk = TransformerDecoderBlock(24, 48, 8, 0.5, 0)

X = torch.ones((2, 100, 24))

state =

[encoder_blk(X, valid_lens), valid_lens, [None]]

d21.check_shape(decoder_blk(X, state)[0], X.shape)



447

The Transformer Architecture

Now we construct the entire Transformer decoder composed of num_blks instances of
TransformerDecoderBlock. In the end, a fully connected layer computes the prediction
for all the vocab_size possible output tokens. Both of the decoder self-attention weights
and the encoder—decoder attention weights are stored for later visualization.

class TransformerDecoder(d21.AttentionDecoder):
def __init__(self, vocab_size, num_hiddens, ffn_num_hiddens, num_heads,
num_blks, dropout):
super().__init__()
self.num_hiddens = num_hiddens
self.num_blks = num_blks
self.embedding = nn.Embedding(vocab_size, num_hiddens)
self.pos_encoding = d21.PositionalEncoding(num_hiddens, dropout)
self.blks = nn.Sequential()
for i in range(num_blks):
self.blks.add_module("block"+str(i), TransformerDecoderBlock(
num_hiddens, ffn_num_hiddens, num_heads, dropout, i))

self.dense = nn.LazylLinear(vocab_size)

def init_state(self, enc_outputs, enc_valid_lens):
return [enc_outputs, enc_valid_lens, [None] * self.num_blks]

def forward(self, X, state):
X = self.pos_encoding(self.embedding(X) * math.sqgrt(self.num_hiddens))
self._attention_weights = [[None] * len(self.blks) for in range (2)]
for i, blk in enumerate(self.blks):
X, state = blk(X, state)
# Decoder self-attention weights
self._attention_weights[0][
i] = blk.attentionl.attention.attention_weights
# Encoder-decoder attention weights
self._attention_weights[1]1[
il = blk.attention2.attention.attention_weights
return self.dense(X), state

@property
def attention_weights(self):
return self._attention_weights

11.7.6 Training

Let’s instantiate an encoder—decoder model by following the Transformer architecture.
Here we specify that both the Transformer encoder and the Transformer decoder have two
layers using 4-head attention. As in Section 10.7.6, we train the Transformer model for
sequence-to-sequence learning on the English—French machine translation dataset.

data = d21.MTFraEng(batch_size=128)

num_hiddens, num_blks, dropout = 256, 2, 0.2

ffn_num_hiddens, num_heads = 64, 4

encoder = TransformerEncoder (
len(data.src_vocab), num_hiddens, ffn_num_hiddens, num_heads,
num_blks, dropout)

decoder = TransformerDecoder (

(continues on next page)
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(continued from previous page)

len(data.tgt_vocab), num_hiddens, ffn_num_hiddens, num_heads,
num_blks, dropout)
model = d21.Seq2Seq(encoder, decoder, tgt_pad=data.tgt_vocab['<pad>'],
1r=0.001)
trainer = d21.Trainer(max_epochs=30, gradient_clip_val=1, num_gpus=1)
trainer.fit(model, data)

—— train_loss
41 val_loss

0 T T T T T
0 5 10 15 20 25 30
epoch

After training, we use the Transformer model to translate a few English sentences into
French and compute their BLEU scores.

engs = ['go .', 'i lost .', 'he\'s calm .', "i\'m home .']
fras = ['va !', 'j\'ai perdu .', '"il est calme .', 'je suis chez moi .']
preds, _ = model.predict_step(

data.build(engs, fras), d2l.try_gpu(), data.num_steps)
for en, fr, p in zip(engs, fras, preds):

translation = []
for token in data.tgt_vocab.to_tokens(p):

if token == '<eos>':

break

translation.append(token)

print(f'{en} => {translation}, bleu,’
f'{d2l.bleu(” ".join(translation), fr, k=2):.3f}")

go . =>['va', '"!'"], bleu,1.000

i lost . => ['je', 'perdu’, '.'], bleu,0.687

he's calm . => ['il’', 'est’', 'mouillé’, '.'], bleu,0.658

i'm home . => ['je', 'suis', 'chez', 'moi’', '.'], bleu,1.000

Let’s visualize the Transformer attention weights when translating the final English sen-
tence into French. The shape of the encoder self-attention weights is (number of encoder
layers, number of attention heads, num_steps or number of queries, num_steps or number
of key-value pairs).

dec_attention_weights = model.predict_step(

data.build([engs[-11], [fras[-111), d21.try_gpu(), data.num_steps, True)
enc_attention_weights = torch.cat(model.encoder.attention_weights, 0)

shape = (num_blks, num_heads, -1, data.num_steps)

enc_attention_weights = enc_attention_weights.reshape(shape)

—

(continues on next page)
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(continued from previous page)

d21.check_shape(enc_attention_weights,
(num_blks, num_heads, data.num_steps, data.num_steps))

In the encoder self-attention, both queries and keys come from the same input sequence.
Since padding tokens do not carry meaning, with specified valid length of the input se-
quence no query attends to positions of padding tokens. In the following, two layers of
multi-head attention weights are presented row by row. Each head independently attends
based on a separate representation subspace of queries, keys, and values.

d21.show_heatmaps(
enc_attention_weights.cpu(), xlabel='Key positions’,
ylabel="Query positions’', titles=['Head "% i for i in range(l, 5)1,
figsize=(7, 3.5))
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To visualize the decoder self-attention weights and the encoder—decoder attention weights,
we need more data manipulations. For example, we fill the masked attention weights
with zero. Note that the decoder self-attention weights and the encoder—decoder atten-
tion weights both have the same queries: the beginning-of-sequence token followed by the
output tokens and possibly end-of-sequence tokens.

dec_attention_weights_2d = [head[0].tolist()
for step in dec_attention_weights
for attn in step for blk in attn for head in blk]
dec_attention_weights_filled = torch.tensor(
pd.DataFrame(dec_attention_weights_2d).fillna(@.0).values)
shape = (-1, 2, num_blks, num_heads, data.num_steps)
dec_attention_weights = dec_attention_weights_filled.reshape(shape)
dec_self_attention_weights, dec_inter_attention_weights = \
dec_attention_weights.permute(l, 2, 3, 0, 4)

d21.check_shape(dec_self_attention_weights,

(num_blks, num_heads, data.num_steps, data.num_steps))
d21.check_shape(dec_inter_attention_weights,

(num_blks, num_heads, data.num_steps, data.num_steps))
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Because of the autoregressive property of the decoder self-attention, no query attends to
key—value pairs after the query position.

d21.show_heatmaps(
dec_self_attention_weights[:, :, :, :1,
xlabel="Key positions', ylabel='Query positions’,
titles=['Head %d' % i for i in range(l, 5)], figsize=(7, 3.5))
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Similar to the case in the encoder self-attention, via the specified valid length of the input
sequence, no query from the output sequence attends to those padding tokens from the input
sequence.

d21.show_heatmaps(
dec_inter_attention_weights, xlabel='Key positions’,
ylabel="Query positions', titles=['Head %d' % i for i in range(1l, 5)],
figsize=(7, 3.5))
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Although the Transformer architecture was originally proposed for sequence-to-sequence
learning, as we will discover later in the book, either the Transformer encoder or the Trans-
former decoder is often individually used for different deep learning tasks.

11.7.7 Summary
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The Transformer is an instance of the encoder—decoder architecture, though either the en-
coder or the decoder can be used individually in practice. In the Transformer architec-
ture, multi-head self-attention is used for representing the input sequence and the output
sequence, though the decoder has to preserve the autoregressive property via a masked
version. Both the residual connections and the layer normalization in the Transformer are
important for training a very deep model. The positionwise feed-forward network in the
Transformer model transforms the representation at all the sequence positions using the
same MLP.

11.7.8 Exercises

1. Train a deeper Transformer in the experiments. How does it affect the training speed
and the translation performance?

2. Is it a good idea to replace scaled dot product attention with additive attention in the
Transformer? Why?

3. For language modeling, should we use the Transformer encoder, decoder, or both? How
would you design this method?

4. What challenges can Transformers face if input sequences are very long? Why?

5. How would you improve the computational and memory efficiency of Transformers?
Hint: you may refer to the survey paper by Tay ez al. (2020).
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11.8 Transformers for Vision
|

The Transformer architecture was initially proposed for sequence-to-sequence learning,
with a focus on machine translation. Subsequently, Transformers emerged as the model
of choice in various natural language processing tasks (Brown et al., 2020, Devlin et al.,
2018, Radford et al., 2018, Radford et al., 2019, Raffel et al., 2020). However, in the field of
computer vision the dominant architecture has remained the CNN (Chapter 8). Naturally,
researchers started to wonder if it might be possible to do better by adapting Transformer
models to image data. This question sparked immense interest in the computer vision com-
munity. Recently, Ramachandran et al. (2019) proposed a scheme for replacing convolu-
tion with self-attention. However, its use of specialized patterns in attention makes it hard
to scale up models on hardware accelerators. Then, Cordonnier et al. (2020) theoretically
proved that self-attention can learn to behave similarly to convolution. Empirically, 2 x 2
patches were taken from images as inputs, but the small patch size makes the model only
applicable to image data with low resolutions.

Without specific constraints on patch size, vision Transformers (ViTs) extract patches from
images and feed them into a Transformer encoder to obtain a global representation, which
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will finally be transformed for classification (Dosovitskiy ez al., 2021). Notably, Transform-
ers show better scalability than CNNs: and when training larger models on larger datasets,
vision Transformers outperform ResNets by a significant margin. Similar to the landscape
of network architecture design in natural language processing, Transformers have also be-
come a game-changer in computer vision.

import torch
from torch import nn
from d21 import torch as d21

11.8.1 Model

Fig. 11.8.1 depicts the model architecture of vision Transformers. This architecture consists
of a stem that patchifies images, a body based on the multilayer Transformer encoder, and
a head that transforms the global representation into the output label.

Label

MLP

Rep.s> Rep; Rep, Rep; Rep, Reps Reps Rep; Reps Repg

Aottt ot

The vision Transformer architecture. In this example, an image is split into nine patches.
A special “<cls>" token and the nine flattened image patches are transformed via patch
embedding and n Transformer encoder blocks into ten representations, respectively. The
“<cls>” representation is further transformed into the output label.

Consider an input image with height s, width w, and ¢ channels. Specifying the patch
height and width both as p, the image is split into a sequence of m = hw/p> patches,
where each patch is flattened to a vector of length cp?. In this way, image patches can be
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treated similarly to tokens in text sequences by Transformer encoders. A special “<cls>”
(class) token and the m flattened image patches are linearly projected into a sequence of
m + 1 vectors, summed with learnable positional embeddings. The multilayer Transformer
encoder transforms m + 1 input vectors into the same number of output vector representa-
tions of the same length. It works exactly the same way as the original Transformer encoder
in Fig. 11.7.1, only differing in the position of normalization. Since the “<cls>" token at-
tends to all the image patches via self-attention (see Fig. 11.6.1), its representation from
the Transformer encoder output will be further transformed into the output label.

11.8.2 Patch Embedding

To implement a vision Transformer, let’s start with patch embedding in Fig. 11.8.1. Split-
ting an image into patches and linearly projecting these flattened patches can be simplified
as a single convolution operation, where both the kernel size and the stride size are set to
the patch size.

class PatchEmbedding(nn.Module):
def __init__(self, img_size=96, patch_size=16, num_hiddens=512):
super().__init__()
def _make_tuple(x):
if not isinstance(x, (list, tuple)):
return (x, x)
return x
img_size, patch_size = _make_tuple(img_size), _make_tuple(patch_size)
self.num_patches = (img_size[0] // patch_size[0]) * (
img_size[1] // patch_size[1])
self.conv = nn.LazyConv2d(num_hiddens, kernel_size=patch_size,
stride=patch_size)

def forward(self, X):
# Output shape: (batch size, no. of patches, no. of channels)
return self.conv(X).flatten(2).transpose(l, 2)

In the following example, taking images with height and width of img_size as inputs, the
patch embedding outputs (img_size//patch_size)**2 patches that are linearly projected
to vectors of length num_hiddens.

img_size, patch_size, num_hiddens, batch_size = 96, 16, 512, 4
patch_emb = PatchEmbedding(img_size, patch_size, num_hiddens)
X = torch.zeros(batch_size, 3, img_size, img_size)
d21.check_shape(patch_emb(X),

(batch_size, (img_size//patch_size)#**2, num_hiddens))

11.8.3 Vision Transformer Encoder

The MLP of the vision Transformer encoder is slightly different from the positionwise FFN
of the original Transformer encoder (see Section 11.7.2). First, here the activation function
uses the Gaussian error linear unit (GELU), which can be considered as a smoother version
of the ReLU (Hendrycks and Gimpel, 2016). Second, dropout is applied to the output of
each fully connected layer in the MLP for regularization.



454

Attention Mechanisms and Transformers

class ViTMLP(nn.Module):
def __init__(self, mlp_num_hiddens, mlp_num_outputs, dropout=0.5):
super().__init__()
self.densel = nn.LazylLinear(mlp_num_hiddens)
self.gelu = nn.GELU()
self.dropoutl = nn.Dropout(dropout)
self.dense2 = nn.LazyLinear(mlp_num_outputs)

self.dropout2 = nn.Dropout(dropout)

def forward(self, x):
return self.dropout2(self.dense2(self.dropoutl(self.gelu(
self.densel(x)))))

The vision Transformer encoder block implementation just follows the pre-normalization
design in Fig. 11.8.1, where normalization is applied right before multi-head attention or
the MLP. In contrast to post-normalization (“add & norm” in Fig. 11.7.1), where normal-
ization is placed right after residual connections, pre-normalization leads to more effective
or efficient training for Transformers (Baevski and Auli, 2018, Wang et al., 2019, Xiong et
al., 2020).

class ViTBlock(nn.Module):
def __init__(self, num_hiddens, norm_shape, mlp_num_hiddens,
num_heads, dropout, use_bias=False):
super().__init__()
self.1lnl = nn.LayerNorm(norm_shape)
self.attention = d21.MultiHeadAttention(num_hiddens, num_heads,
dropout, use_bias)

self.1n2 = nn.LayerNorm(norm_shape)
self.mlp = ViTMLP(mlp_num_hiddens, num_hiddens, dropout)

def forward(self, X, valid_lens=None):
X = X + self.attention(*([self.1ln1(X)] * 3), valid_lens)
return X + self.mlp(self.1n2(X))

Justasin Section 11.7.4, no vision Transformer encoder block changes its input shape.

X = torch.ones((2, 100, 24))

encoder_blk = ViTBlock(24, 24, 48, 8, 0.5)
encoder_blk.eval()
d21.check_shape(encoder_blk(X), X.shape)

11.8.4 Putting It All Together

The forward pass of vision Transformers below is straightforward. First, input images are
fed into an PatchEmbedding instance, whose output is concatenated with the “<cls>" token
embedding. They are summed with learnable positional embeddings before dropout. Then
the output is fed into the Transformer encoder that stacks num_b1lks instances of the ViT-
Block class. Finally, the representation of the “<cls>" token is projected by the network
head.
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class ViT(d2l.Classifier):
"""Vision Transformer.
def __init__(self, img_size, patch_size, num_hiddens, mlp_num_hiddens,
num_heads, num_blks, emb_dropout, blk_dropout, 1r=0.1,
use_bias=False, num_classes=10):
super().__init__()
self.save_hyperparameters()
self.patch_embedding = PatchEmbedding(
img_size, patch_size, num_hiddens)
self.cls_token = nn.Parameter(torch.zeros(1l, 1, num_hiddens))
num_steps = self.patch_embedding.num_patches + 1 # Add the cls token
# Positional embeddings are learnable
self.pos_embedding = nn.Parameter(
torch.randn(1, num_steps, num_hiddens))
self.dropout = nn.Dropout(emb_dropout)
self.blks = nn.Sequential()
for i in range(num_blks):
self.blks.add_module(f"{i}", ViTBlock(
num_hiddens, num_hiddens, mlp_num_hiddens,
num_heads, blk_dropout, use_bias))
self.head = nn.Sequential(nn.LayerNorm(num_hiddens),
nn.Linear(num_hiddens, num_classes))

nnn

def forward(self, X):
X = self.patch_embedding(X)
X = torch.cat((self.cls_token.expand(X.shape[@], -1, -1), X), 1)
X = self.dropout(X + self.pos_embedding)
for blk in self.blks:
X = blk(X)
return self.head(X[:, 0])

11.8.5 Training

Training a vision Transformer on the Fashion-MNIST dataset is just like how CNNs were
trained in Chapter 8.

img_size, patch_size = 96, 16

num_hiddens, mlp_num_hiddens, num_heads, num_blks = 512, 2048, 8, 2

emb_dropout, blk_dropout, 1lr = 0.1, 0.1, 0.1

model = ViT(img_size, patch_size, num_hiddens, mlp_num_hiddens, num_heads,
num_blks, emb_dropout, blk_dropout, 1r)

trainer = d21.Trainer(max_epochs=10, num_gpus=1)

data = d21.FashionMNIST(batch_size=128, resize=(img_size, img_size))

trainer.fit(model, data)

11.8.6 Summary and Discussion

You may have noticed that for small datasets like Fashion-MNIST, our implemented vision
Transformer does not outperform the ResNet in Section 8.6. Similar observations can be
made even on the ImageNet dataset (1.2 million images). This is because Transformers lack
those useful principles in convolution, such as translation invariance and locality (Section
7.1). However, the picture changes when training larger models on larger datasets (e.g.,
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300 million images), where vision Transformers outperform ResNets by a large margin
in image classification, demonstrating intrinsic superiority of Transformers in scalability
(Dosovitskiy et al., 2021). The introduction of vision Transformers has changed the land-
scape of network design for modeling image data. They were soon shown to be effective on
the ImageNet dataset with data-efficient training strategies of DeiT (Touvron et al., 2021).
However, the quadratic complexity of self-attention (Section 11.6) makes the Transformer
architecture less suitable for higher-resolution images. Towards a general-purpose back-
bone network in computer vision, Swin Transformers addressed the quadratic computa-
tional complexity with respect to image size (Section 11.6.2) and reinstated convolution-
like priors, extending the applicability of Transformers to a range of computer vision tasks
beyond image classification with state-of-the-art results (Liu ez al., 2021).

11.8.7 Exercises

1. How does the value of img_size affect training time?

2. Instead of projecting the “<cls>" token representation to the output, how would you
project the averaged patch representations? Implement this change and see how it affects
the accuracy.

3. Can you modify hyperparameters to improve the accuracy of the vision Transformer?
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11.9 Large-Scale Pretraining with Transformers
I ——

So far in our image classification and machine translation experiments, models have been
trained on datasets with input—output examples from scratch to perform specific tasks. For
example, a Transformer was trained with English—French pairs (Section 11.7) so that this
model can translate input English text into French. As a result, each model becomes a
specific expert that is sensitive to even a slight shift in data distribution (Section 4.7). For
better generalized models, or even more competent generalists that can perform multiple
tasks with or without adaptation, pretraining models on large data has been increasingly
common.
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Given larger data for pretraining, the Transformer architecture performs better with an in-
creased model size and training compute, demonstrating superior scaling behavior. Specif-
ically, performance of Transformer-based language models scales as a power law with the
amount of model parameters, training tokens, and training compute (Kaplan et al., 2020).
The scalability of Transformers is also evidenced by the significantly boosted performance
from larger vision Transformers trained on larger data (discussed in Section 11.8). More
recent success stories include Gato, a generalist model that can play Atari, caption im-
ages, chat, and act as a robot (Reed et al., 2022). Gato is a single Transformer that scales
well when pretrained on diverse modalities, including text, images, joint torques, and but-
ton presses. Notably, all such multimodal data is serialized into a flat sequence of tokens,
which can be processed akin to text tokens (Section 11.7) or image patches (Section 11.8)
by Transformers.

Prior to the compelling success of pretraining Transformers for multimodal data, Trans-
formers were extensively pretrained with a wealth of text. Originally proposed for machine
translation, the Transformer architecture in Fig. 11.7.1 consists of an encoder for represent-
ing input sequences and a decoder for generating target sequences. Primarily, Transformers
can be used in three different modes: encoder-only, encoder—decoder, and decoder-only.
To conclude this chapter, we will review these three modes and explain the scalability in
pretraining Transformers.

11.9.1 Encoder-Only

When only the Transformer encoder is used, a sequence of input tokens is converted into the
same number of representations that can be further projected into output (e.g., classifica-
tion). A Transformer encoder consists of self-attention layers, where all input tokens attend
to each other. For example, vision Transformers depicted in Fig. 11.8.1 are encoder-only,
converting a sequence of input image patches into the representation of a special “<cls>”
token. Since this representation depends on all input tokens, it is further projected into
classification labels. This design was inspired by an earlier encoder-only Transformer pre-
trained on text: BERT (Bidirectional Encoder Representations from Transformers) (Devlin
etal.,2018).

Pretraining BERT

BERT is pretrained on text sequences using masked language modeling: input text with
randomly masked tokens is fed into a Transformer encoder to predict the masked tokens.
As illustrated in Fig. 11.9.1, an original text sequence “I”, “love”, “this”, “red”, “car” is
prepended with the “<cls>” token, and the “<mask>" token randomly replaces “love”;
then the cross-entropy loss between the masked token “love” and its prediction is to be
minimized during pretraining. Note that there is no constraint in the attention pattern of
Transformer encoders (right of Fig. 11.9.1) so all tokens can attend to each other. Thus,
prediction of “love” depends on input tokens before and after it in the sequence. This is
why BERT is a “bidirectional encoder”. Without need for manual labeling, large-scale text
data from books and Wikipedia can be used for pretraining BERT.
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Left: Pretraining BERT with masked language modeling. Prediction of the masked “love”
token depends on all input tokens before and after “love”. Right: Attention pattern in the
Transformer encoder. Each token along the vertical axis attends to all input tokens along
the horizontal axis.

Fine-Tuning BERT

The pretrained BERT can be fine-tuned to downstream encoding tasks involving single text
or text pairs. During fine-tuning, additional layers can be added to BERT with randomized
parameters: these parameters and those pretrained BERT parameters will be updated to fit
training data of downstream tasks.

Positive

t t t t

Transformer encoder

<cls> This  show is not bad

Fine-tuning BERT for sentiment analysis.

Fig. 11.9.2 illustrates fine-tuning of BERT for sentiment analysis. The Transformer encoder
is a pretrained BERT, which takes a text sequence as input and feeds the “<cls>" represen-
tation (global representation of the input) into an additional fully connected layer to predict
the sentiment. During fine-tuning, the cross-entropy loss between the prediction and the
label on sentiment analysis data is minimized via gradient-based algorithms, where the
additional layer is trained from scratch while pretrained parameters of BERT are updated.
BERT does more than sentiment analysis. The general language representations learned
by the 350-million-parameter BERT from 250 billion training tokens advanced the state of
the art for natural language tasks such as single text classification, text pair classification or
regression, text tagging, and question answering.

You may note that these downstream tasks include text pair understanding. BERT pretrain-
ing has another loss for predicting whether one sentence immediately follows the other.
However, this loss was later found to be less useful when pretraining ROBERTa, a BERT
variant of the same size, on 2000 billion tokens (Liu et al., 2019). Other derivatives of
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BERT improved model architectures or pretraining objectives, such as ALBERT (enforc-
ing parameter sharing) (Lan et al., 2019), SpanBERT (representing and predicting spans of
text) (Joshi et al., 2020), DistilBERT (lightweight via knowledge distillation) (Sanh et al.,
2019), and ELECTRA (replaced token detection) (Clark et al., 2020). Moreover, BERT in-
spired Transformer pretraining in computer vision, such as with vision Transformers (Doso-
vitskiy et al., 2021), Swin Transformers (Liu ez al., 2021), and MAE (masked autoencoders)
(He et al., 2022).

11.9.2 Encoder-Decoder

Since a Transformer encoder converts a sequence of input tokens into the same number
of output representations, the encoder-only mode cannot generate a sequence of arbitrary
length as in machine translation. As originally proposed for machine translation, the Trans-
former architecture can be outfitted with a decoder that autoregressively predicts the tar-
get sequence of arbitrary length, token by token, conditional on both encoder output and
decoder output: (i) for conditioning on encoder output, encoder—decoder cross-attention
(multi-head attention of decoder in Fig. 11.7.1) allows target tokens to attend to all input
tokens; (ii) conditioning on decoder output is achieved by a so-called causal attention (this
name is common in the literature but is misleading as it has little connection to the proper
study of causality) pattern (masked multi-head attention of decoder in Fig. 11.7.1), where
any target token can only attend to past and present tokens in the target sequence.

To pretrain encoder—decoder Transformers beyond human-labeled machine translation data,
BART (Lewis et al., 2019) and T5 (Raffel er al., 2020) are two concurrently proposed
encoder—decoder Transformers pretrained on large-scale text corpora. Both attempt to re-
construct original text in their pretraining objectives, while the former emphasizes noising
input (e.g., masking, deletion, permutation, and rotation) and the latter highlights multitask
unification with comprehensive ablation studies.

Pretraining T5

As an example of the pretrained Transformer encoder—decoder, TS5 (Text-to-Text Transfer
Transformer) unifies many tasks as the same text-to-text problem: for any task, the input
of the encoder is a task description (e.g., “Summarize”, “:”) followed by task input (e.g.,
a sequence of tokens from an article), and the decoder predicts the task output (e.g., a
sequence of tokens summarizing the input article). To perform as text-to-text, TS5 is trained

to generate some target text conditional on input text.

To obtain input and output from any original text, TS is pretrained to predict consecu-
tive spans. Specifically, tokens from text are randomly replaced by special tokens where
each consecutive span is replaced by the same special token. Consider the example in Fig.
11.9.3, where the original text is “I”, “love”, “this”, “red”, “car”. Tokens “love”, “red”,
“car” are randomly replaced by special tokens. Since “red” and “car” are a consecutive
span, they are replaced by the same special token. As a result, the input sequence is “I”,

“<X>7, “this”, “<Y>”, and the target sequence is “<X>", “love”, “<Y>", “red”, “car”,
“<Z>”, where “<Z>" is another special token marking the end. As shown in Fig. 11.9.3,



460

Attention Mechanisms and Transformers

<X> love <Y> red car <Z>
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Transformer decoder
5<Y>
[=3
£

Transformer encoder this [:] [:][:]

| <X> this <Y> | <X>this<Y> <X>love<Y>red car <Z>

Attention input

Left: Pretraining T5 by predicting consecutive spans. The original sentence is “I”, “love”,
“this”, “red”, “car”, where “love” is replaced by a special “<X>" token, and consecutive
“red”, “car” are replaced by a special “<Y>" token. The target sequence ends with a
special “<Z>" token. Right: Attention pattern in the Transformer encoder—decoder. In the
encoder self-attention (lower square), all input tokens attend to each other; In the
encoder—decoder cross-attention (upper rectangle), each target token attends to all input
tokens; In the decoder self-attention (upper triangle), each target token attends to present
and past target tokens only (causal).

the decoder has a causal attention pattern to prevent itself from attending to future tokens
during sequence prediction.

In TS5, predicting consecutive span is also referred to as reconstructing corrupted text.
With this objective, TS is pretrained with 1000 billion tokens from the C4 (Colossal Clean
Crawled Corpus) data, which consists of clean English text from the web (Raffel et al.,
2020).

Fine-Tuning T5

Similar to BERT, T5 needs to be fine-tuned (updating TS parameters) on task-specific train-
ing data to perform this task. Major differences from BERT fine-tuning include: (i) T5
input includes task descriptions; (ii) T5 can generate sequences with arbitrary length with
its Transformer decoder; (iii) No additional layers are required.

Fig. 11.9.4 explains fine-tuning T5 using text summarization as an example. In this down-
stream task, the task description tokens “Summarize”, “:” followed by the article tokens
are input to the encoder.

After fine-tuning, the 11-billion-parameter T5 (T5-11B) achieved state-of-the-art results on
multiple encoding (e.g., classification) and generation (e.g., summarization) benchmarks.
Since released, TS has been extensively used in later research. For example, switch Trans-
formers are designed based on TS to activate a subset of the parameters for better computa-
tional efficiency (Fedus et al., 2022). In a text-to-image model called Imagen, text is input
to a frozen TS5 encoder (T5-XXL) with 4.6 billion parameters (Saharia et al., 2022). The
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Summary
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Oil prices extend slides
Transformer encoder
[ T 1 [ [ [ I
Summarize : Oil prices slipped ... diesel taxes
-—-—-—--> e >
Task description Article

Fine-tuning TS5 for text summarization. Both the task description and article tokens are
fed into the Transformer encoder for predicting the summary.

photorealistic text-to-image examples in Fig. 11.9.5 suggest that the T5 encoder alone may
effectively represent text even without fine-tuning.

A cute sloth holding a small treasure chest. A bright
fly event. golden glow is coming from the chest.

Text-to-image examples by the Imagen model, whose text encoder is from TS5 (figures
taken from Saharia et al. (2022)).

11.9.3 Decoder-Only

We have reviewed encoder-only and encoder—decoder Transformers. Alternatively, decoder-

only Transformers remove the entire encoder and the decoder sublayer with the encoder—
decoder cross-attention from the original encoder—decoder architecture depicted in Fig.
11.7.1. Nowadays, decoder-only Transformers have been the de facto architecture in large-
scale language modeling (Section 9.3), which leverages the world’s abundant unlabeled text
corpora via self-supervised learning.

GPT and GPT-2

Using language modeling as the training objective, the GPT (generative pre-training) model
chooses a Transformer decoder as its backbone (Radford et al., 2018).

Following the autoregressive language model training as described in Section 9.3.3, Fig.
11.9.6 illustrates GPT pretraining with a Transformer encoder, where the target sequence is
the input sequence shifted by one token. Note that the attention pattern in the Transformer
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Left: Pretraining GPT with language modeling. The target sequence is the input sequence
shifted by one token. Both “<bos>" and “<eos>" are special tokens marking the
beginning and end of sequences, respectively. Right: Attention pattern in the Transformer
decoder. Each token along the vertical axis attends to only its past tokens along the
horizontal axis (causal).

decoder enforces that each token can only attend to its past tokens (future tokens cannot be
attended to because they have not yet been chosen).

GPT has 100 million parameters and needs to be fine-tuned for individual downstream
tasks. A much larger Transformer-decoder language model, GPT-2, was introduced one
year later (Radford et al., 2019). Compared with the original Transformer decoder in GPT,
pre-normalization (discussed in Section 11.8.3) and improved initialization and weight-
scaling were adopted in GPT-2. Pretrained on 40 GB of text, the 1.5-billion-parameter GPT-
2 obtained the state-of-the-art results on language modeling benchmarks and promising
results on multiple other tasks without updating the parameters or architecture.

GPT-3 and Beyond

GPT-2 demonstrated potential of using the same language model for multiple tasks without
updating the model. This is more computationally efficient than fine-tuning, which requires
model updates via gradient computation.

Before explaining the more computationally efficient use of language models without pa-
rameter update, recall Section 9.5 that a language model can be trained to generate a text
sequence conditional on some prefix text sequence. Thus, a pretrained language model may
generate the task output as a sequence without parameter update, conditional on an input
sequence with the task description, task-specific input—output examples, and a prompt (task
input). This learning paradigm is called in-context learning (Brown et al., 2020), which
can be further categorized into zero-shot, one-shot, and few-shot, when there is no, one,
and a few task-specific input—output examples (Fig. 11.9.7).

These three settings were tested in GPT-3 (Brown et al., 2020), whose largest version uses
data and model size about two orders of magnitude larger than those in GPT-2. GPT-3
uses the same Transformer decoder architecture as its direct predecessor GPT-2 except that
attention patterns (at the right in Fig. 11.9.6) are sparser at alternating layers. Pretrained
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Zero-shot One-shot
Output je suis malade je suis malade
Transformer decoder Transformer decoder
(no parameter update) (no parameter update)
Input Translate English to French: i'm home -> Translate English to French: go -> va | i'm home ->
R - ———— D e > e—-——> ——-=——->
Task description Prompt Task description One Prompt
example
Few-shot
Output je suis malade

Transformer decoder
(no parameter update)

Input Translate English to French: go -> va | i lost -> j’ai perdu | he’s calm -> elle court | i'm home ->
- - > <« — ->

Task description A few examples Prompt

Zero-shot, one-shot, few-shot in-context learning with language models (Transformer
decoders). No parameter update is needed.
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Aggregate performance of GPT-3 for all 42 accuracy-denominated benchmarks (caption
adapted and figure taken from Brown et al. (2020)).

with 300 billion tokens, GPT-3 performs better with larger model size, where few-shot
performance increases most rapidly (Fig. 11.9.8).

The subsequent GPT-4 model did not fully disclose technical details in its report (OpenAl,
2023). By contrast with its predecessors, GPT-4 is a large-scale, multimodal model that
can take both text and images as input and generate text output.

11.9.4 Scalability

Fig. 11.9.8 empirically demonstrates scalability of Transformers in the GPT-3 language
model. For language modeling, more comprehensive empirical studies on the scalability
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of Transformers have led researchers to see promise in training larger Transformers with
more data and compute (Kaplan et al., 2020).
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Transformer language model performance improves smoothly as we increase the model
size, dataset size, and amount of compute used for training. For optimal performance all
three factors must be scaled up in tandem. Empirical performance has a power-law
relationship with each individual factor when not bottlenecked by the other two (caption
adapted and figure taken from Kaplan et al. (2020)).

As shown in Fig. 11.9.9, power-law scaling can be observed in the performance with re-
spect to the model size (number of parameters, excluding embedding layers), dataset size
(number of training tokens), and amount of training compute (PetaFLOP/s-days, excluding
embedding layers). In general, increasing all these three factors in tandem leads to better
performance. However, how to increase them in tandem still remains a matter of debate
(Hoffmann et al., 2022).

Larger models require fewer samples The optimal model size grows smoothly

to reach the same performance with the loss target and compute budget

Line color indicates

Test Loss 10 10 number of parameters
|
108 108 10

«—10% Params

__— Compute-efficient
training stops far
short of convergence

109 Params ——

100 100 101 100 100 100 100
Tokens Processed Compute (PF-days)

Transformer language model training runs (figure taken from Kaplan et al. (2020)).

As well as increased performance, large models also enjoy better sample efficiency than
small models. Fig. 11.9.10 shows that large models need fewer training samples (tokens
processed) to perform at the same level achieved by small models, and performance is
scaled smoothly with compute.

The empirical scaling behaviors in Kaplan ef al. (2020) have been tested in subsequent
large Transformer models. For example, GPT-3 supported this hypothesis with two more
orders of magnitude in Fig. 11.9.11.
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GPT-3 performance (cross-entropy validation loss) follows a power-law trend with the
amount of compute used for training. The power-law behavior observed in Kaplan et al.
(2020) continues for an additional two orders of magnitude with only small deviations
from the predicted curve. Embedding parameters are excluded from compute and
parameter counts (caption adapted and figure taken from Brown et al. (2020)).

11.9.5 Large Language Models

The scalability of Transformers in the GPT series has inspired subsequent large language
models. The GPT-2 Transformer decoder was used for training the 530-billion-parameter
Megatron-Turing NLG (Smith et al., 2022) with 270 billion training tokens. Following
the GPT-2 design, the 280-billion-parameter Gopher (Rae et al., 2021) pretrained with 300
billion tokens, performed competitively across diverse tasks. Inheriting the same architec-
ture and using the same compute budget of Gopher, Chinchilla (Hoffmann et al., 2022)
is a substantially smaller (70 billion parameters) model that trains for much longer (1.4
trillion training tokens), outperforming Gopher on many tasks and with more emphasis on
the number of tokens than on the number of parameters. To continue the scaling line of
language modeling, PaLM (Pathway Language Model) (Chowdhery et al., 2022), a 540-
billion-parameter Transformer decoder with modified designs pretrained on 780 billion to-
kens, outperformed average human performance on the BIG-Bench benchmark (Srivastava
etal.,2022). Its later version, PaLM 2 (Anil et al., 2023), scaled data and model roughly 1:1
and improved multilingual and reasoning capabilities. Other large language models, such
as Minerva (Lewkowycz et al., 2022) that further trains a generalist (PaLM) and Galac-
tica (Taylor et al., 2022) that is not trained on a general corpus, have shown promising
quantitative and scientific reasoning capabilities.

Open-sourced releases, such as OPT (Open Pretrained Transformers) (Zhang et al., 2022),
BLOOM (Scao et al., 2022), and FALCON (Penedo et al., 2023), democratized research
and use of large language models. Focusing on computational efficiency at inference time,
the open-sourced Llama 1 (Touvron et al., 2023a) outperformed much larger models by
training on more tokens than had been typically used. The updated Llama 2 (Touvron et
al., 2023b) further increased the pretraining corpus by 40%, leading to product models that
may match the performance of competitive close-sourced models.
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Wei et al. (2022) discussed emergent abilities of large language models that are present in
larger models, but not in smaller models. However, simply increasing model size does not
inherently make models follow human instructions better. Sanh et al. (2021), Wei et al.
(2021) have found that fine-tuning large language models on a range of datasets described
via instructions can improve zero-shot performance on held-out tasks. Using reinforcement
learning from human feedback, Ouyang et al. (2022) fine-tuned GPT-3 to follow a diverse
set of instructions. Following the resultant InstructGPT which aligns language models with
human intent via fine-tuning (Ouyang et al., 2022), ChatGPT 64 can generate human-like

164 . . .. . .
5t responses (e.g., code debugging and creative writing) based on conversations with humans
Fé:ré‘é& and can perform many natural language processing tasks zero-shot (Qin et al., 2023). Bai et

al. (2022) replaced human inputs (e.g., human-labeled data) with model outputs to partially
automate the instruction tuning process, which is also known as reinforcement learning
from Al feedback.

Large language models offer an exciting prospect of formulating text input to induce models
to perform desired tasks via in-context learning, which is also known as prompting. No-
tably, chain-of-thought prompting (Wei et al., 2022), an in-context learning method with
few-shot “question, intermediate reasoning steps, answer”” demonstrations, elicits the com-
plex reasoning capabilities of large language models in order to solve mathematical, com-
monsense, and symbolic reasoning tasks. Sampling multiple reasoning paths (Wang et al.,
2023), diversifying few-shot demonstrations (Zhang et al., 2023), and reducing complex
problems to sub-problems (Zhou et al., 2023) can all improve the reasoning accuracy. In
fact, with simple prompts like “Let’s think step by step” just before each answer, large lan-
guage models can even perform zero-shot chain-of-thought reasoning with decent accuracy
(Kojima et al., 2022). Even for multimodal inputs consisting of both text and images, lan-
guage models can perform multimodal chain-of-thought reasoning with higher accuracy
than using text input only (Zhang et al., 2023).

11.9.6 Summary and Discussion

Transformers have been pretrained as encoder-only (e.g., BERT), encoder—decoder (e.g.,
T5), and decoder-only (e.g., GPT series). Pretrained models may be adapted to perform
different tasks with model update (e.g., fine-tuning) or not (e.g., few-shot). Scalability of
Transformers suggests that better performance benefits from larger models, more training
data, and more training compute. Since Transformers were first designed and pretrained
for text data, this section leans slightly towards natural language processing. Nonetheless,
those models discussed above can be often found in more recent models across multiple
modalities. For example, (i) Chinchilla (Hoffmann et al., 2022) was further extended to
Flamingo (Alayrac et al., 2022), a visual language model for few-shot learning; (ii)) GPT-2
(Radford et al., 2019) and the vision Transformer encode text and images in CLIP (Con-
trastive Language-Image Pre-training) (Radford et al., 2021), whose image and text em-
beddings were later adopted in the DALL-E 2 text-to-image system (Ramesh et al., 2022).
Although there have been no systematic studies on Transformer scalability in multimodal
pretraining yet, an all-Transformer text-to-image model called Parti (Yu et al., 2022) shows
potential of scalability across modalities: a larger Parti is more capable of high-fidelity
image generation and content-rich text understanding (Fig. 11.9.12).
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Parti-350M Parti-750M Parti-20B

A portrait photo of a kangaroo wearing an orange hoodie and blue sunglasses standing on the grass
in front of the Sydney Opera House holding a sign on the chest that says Welcome Friends!

e LECHPE Image examples generated from the same text by the Parti model of increasing sizes
(350M, 750M, 3B, 20B) (examples taken from Yu et al. (2022)).

11.9.7 Exercises

1. Is it possible to fine-tune T5 using a minibatch consisting of different tasks? Why or
why not? How about for GPT-2?

2. Given a powerful language model, what applications can you think of?

3. Say that you are asked to fine-tune a language model to perform text classification by
adding additional layers. Where will you add them? Why?

4. Consider sequence-to-sequence problems (e.g., machine translation) where the input
sequence is always available throughout the target sequence prediction. What could be
limitations of modeling with decoder-only Transformers? Why?
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