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CHAPTER1

INTRODUCTION

1.1 Section 1

1.1.1 Sub-section 1
Sub-sub-section 1

In Chapter III, we discussed the methodology followed in this thesis.



CHAPTER 11

LITERATURE REVIEW

This thesis followed the IEEE style citation format. If you wanna change it to Author-Date,
Harvard, MLA, Chicago, or APA style, consider modifying the parameters “’style=author-

date” or “’style=apa” in the “package-settings.tex” file.

[1], [2]
Or,

[31-[5]



CHAPTER III

METHODOLOGY

C=[Cilm=|D ti| 5=1.n (3.1)

Figure 1 shows a cat.

Figure 1: Figure caption

Figure 2a and 2b also display the cats.



(b) Second subfigure caption

Figure 2: Master figure caption.



CHAPTER 1V

RESULTS

This is how to refer to the Table 1.

Table 1: Table caption

Model | t-statistic (metric 1) | p-value (metric 1) | t-statistic (metric 2) | p-value (metric 2)
A 71.81148356 9.95E-14 17.63726588 2.74E-08
B 63.94133809 2.82E-13 17.72554207 2.63E-08
C 57.87545827 6.91E-13 73.09019106 8.49E-14
D 63.01465217 3.22E-13 14.14082681 1.88E-07
E 68.07699279 1.61E-13 14.08814707 1.94E-07
F 65.40333765 2.31E-13 34.80494872 6.59E-11
G 71.80695901 9.96E-14 24.47760546 1.52E-09




CHAPTER V
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CONCLUSIONS, LIMITATIONS, AND FUTURE RESEARCH DIRECTIONS
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Abstract

The dominant sequence transduction models are based on complex recurrent or
convolutional neural networks that include an encoder and a decoder. The best
performing models also connect the encoder and decoder through an attention
mechanism. We propose a new simple network architecture, the Transformer,
based solely on attention mechanisms, dispensing with recurrence and convolutions
entirely. Experiments on two machine translation tasks show these models to
be superior in quality while being more parallelizable and requiring significantly
less time to train. Our model achieves 28.4 BLEU on the WMT 2014 English-
to-German translation task, improving over the existing best results, including
ensembles, by over 2 BLEU. On the WMT 2014 English-to-French translation task,
our model establishes a new single-model state-of-the-art BLEU score of 41.0 after
training for 3.5 days on eight GPUs, a small fraction of the training costs of the
best models from the literature.

1 Introduction

Recurrent neural networks, long short-term memory [12] and gated recurrent [7] neural networks
in particular, have been firmly established as state of the art approaches in sequence modeling and
transduction problems such as language modeling and machine translation [29, 2, 5]. Numerous
efforts have since continued to push the boundaries of recurrent language models and encoder-decoder
architectures [31, 21, 13].

*Equal contribution. Listing order is random. Jakob proposed replacing RNNs with self-attention and started
the effort to evaluate this idea. Ashish, with Illia, designed and implemented the first Transformer models and
has been crucially involved in every aspect of this work. Noam proposed scaled dot-product attention, multi-head
attention and the parameter-free position representation and became the other person involved in nearly every
detail. Niki designed, implemented, tuned and evaluated countless model variants in our original codebase and
tensor2tensor. Llion also experimented with novel model variants, was responsible for our initial codebase, and
efficient inference and visualizations. Lukasz and Aidan spent countless long days designing various parts of and
implementing tensor2tensor, replacing our earlier codebase, greatly improving results and massively accelerating
our research.

tWork performed while at Google Brain.

tWork performed while at Google Research.

31st Conference on Neural Information Processing Systems (NIPS 2017), Long Beach, CA, USA.
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Figure 1: The Transformer - model architecture.

wise fully connected feed-forward network. We employ a residual connection [10] around each of
the two sub-layers, followed by layer normalization [1]. That is, the output of each sub-layer is
LayerNorm(z + Sublayer(x)), where Sublayer(x) is the function implemented by the sub-layer
itself. To facilitate these residual connections, all sub-layers in the model, as well as the embedding
layers, produce outputs of dimension doge; = 512.

Decoder: The decoder is also composed of a stack of N = 6 identical layers. In addition to the two
sub-layers in each encoder layer, the decoder inserts a third sub-layer, which performs multi-head
attention over the output of the encoder stack. Similar to the encoder, we employ residual connections
around each of the sub-layers, followed by layer normalization. We also modify the self-attention
sub-layer in the decoder stack to prevent positions from attending to subsequent positions. This
masking, combined with fact that the output embeddings are offset by one position, ensures that the
predictions for position ¢ can depend only on the known outputs at positions less than .

3.2 Attention

An attention function can be described as mapping a query and a set of key-value pairs to an output,
where the query, keys, values, and output are all vectors. The output is computed as a weighted sum
of the values, where the weight assigned to each value is computed by a compatibility function of the
query with the corresponding key.

3.2.1 Scaled Dot-Product Attention

We call our particular attention "Scaled Dot-Product Attention" (Figure 2). The input consists of
queries and keys of dimension dy, and values of dimension d,,. We compute the dot products of the

11
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Figure 2: (left) Scaled Dot-Product Attention. (right) Multi-Head Attention consists of several
attention layers running in parallel.

query with all keys, divide each by +/d}, and apply a softmax function to obtain the weights on the
values.

In practice, we compute the attention function on a set of queries simultaneously, packed together
into a matrix ). The keys and values are also packed together into matrices & and V. We compute
the matrix of outputs as:

T

. QK

Attention(Q, K, V) = softmax \% (D)
(Q K, V) ( NG )

The two most commonly used attention functions are additive attention [2], and dot-product (multi-

plicative) attention. Dot-product attention is identical to our algorithm, except for the scaling factor

of %1 Additive attention computes the compatibility function using a feed-forward network with

.
a single hidden layer. While the two are similar in theoretical complexity, dot-product attention is
much faster and more space-efficient in practice, since it can be implemented using highly optimized
matrix multiplication code.

While for small values of dj, the two mechanisms perform similarly, additive attention outperforms
dot product attention without scaling for larger values of dj, [3]. We suspect that for large values of
dy, the dot products grow large in magnitude, pushing the softmax function into regions where it has
extremely small gradients *. To counteract this effect, we scale the dot products by ﬁ

3.2.2 Multi-Head Attention

Instead of performing a single attention function with dy,0ge1-dimensional keys, values and queries,
we found it beneficial to linearly project the queries, keys and values h times with different, learned
linear projections to dj, dj and d,, dimensions, respectively. On each of these projected versions of
queries, keys and values we then perform the attention function in parallel, yielding d,,-dimensional
output values. These are concatenated and once again projected, resulting in the final values, as
depicted in Figure 2.

Multi-head attention allows the model to jointly attend to information from different representation
subspaces at different positions. With a single attention head, averaging inhibits this.

“To illustrate why the dot products get large, assume that the components of ¢ and & are independent random
variables with mean 0 and variance 1. Then their dot product, ¢ - k = Zfﬁ 1 @ik, has mean 0 and variance dy.

12



MultiHead(Q, K, V) = Concat(heady, ..., heady, ) W ©
where head; = Attention(QWiQ, KWE vwY)

3

Where the projections are parameter matrices W2 € Rt <dx 17K ¢ RelmosaXdie J7V ¢ Relmosa o
and WO € RIdvXdnoda,

In this work we employ h = 8 parallel attention layers, or heads. For each of these we use
di, = dy = dmode1/h = 64. Due to the reduced dimension of each head, the total computational cost
is similar to that of single-head attention with full dimensionality.

3.2.3 Applications of Attention in our Model

The Transformer uses multi-head attention in three different ways:

e In "encoder-decoder attention" layers, the queries come from the previous decoder layer,
and the memory keys and values come from the output of the encoder. This allows every
position in the decoder to attend over all positions in the input sequence. This mimics the
typical encoder-decoder attention mechanisms in sequence-to-sequence models such as
[31,2,8].

e The encoder contains self-attention layers. In a self-attention layer all of the keys, values
and queries come from the same place, in this case, the output of the previous layer in the
encoder. Each position in the encoder can attend to all positions in the previous layer of the
encoder.

e Similarly, self-attention layers in the decoder allow each position in the decoder to attend to
all positions in the decoder up to and including that position. We need to prevent leftward
information flow in the decoder to preserve the auto-regressive property. We implement this
inside of scaled dot-product attention by masking out (setting to —oo) all values in the input
of the softmax which correspond to illegal connections. See Figure 2.

3.3 Position-wise Feed-Forward Networks

In addition to attention sub-layers, each of the layers in our encoder and decoder contains a fully
connected feed-forward network, which is applied to each position separately and identically. This
consists of two linear transformations with a ReLU activation in between.

FFN(z) = max(0,xW1 4 b1)Wa + by 2)

While the linear transformations are the same across different positions, they use different parameters
from layer to layer. Another way of describing this is as two convolutions with kernel size 1.
The dimensionality of input and output is dpoger = 512, and the inner-layer has dimensionality
dyy = 2048.

3.4 Embeddings and Softmax

Similarly to other sequence transduction models, we use learned embeddings to convert the input
tokens and output tokens to vectors of dimension dyoge1. We also use the usual learned linear transfor-
mation and softmax function to convert the decoder output to predicted next-token probabilities. In
our model, we share the same weight matrix between the two embedding layers and the pre-softmax
linear transformation, similar to [24]. In the embedding layers, we multiply those weights by v/dmodel-

3.5 Positional Encoding

Since our model contains no recurrence and no convolution, in order for the model to make use of the
order of the sequence, we must inject some information about the relative or absolute position of the
tokens in the sequence. To this end, we add "positional encodings" to the input embeddings at the

13



Table 1: Maximum path lengths, per-layer complexity and minimum number of sequential operations
for different layer types. n is the sequence length, d is the representation dimension, k is the kernel
size of convolutions and 7 the size of the neighborhood in restricted self-attention.

Layer Type Complexity per Layer Sequential Maximum Path Length
Operations

Self-Attention O(n?-d) O(1) O(1)

Recurrent O(n -d?) O(n) O(n)

Convolutional O(k-n-d?) 0(1) O(logi(n))

Self-Attention (restricted) O(r-n-d) 0(1) O(n/r)

bottoms of the encoder and decoder stacks. The positional encodings have the same dimension dy,odel
as the embeddings, so that the two can be summed. There are many choices of positional encodings,
learned and fixed [8].

In this work, we use sine and cosine functions of different frequencies:

PE(pos,2i) = Sin(pos/looo()?i/dmnaeu)
PE(pos 2i+1) = COS(pOS/lOOOO2i/dmodcl)

where pos is the position and ¢ is the dimension. That is, each dimension of the positional encoding
corresponds to a sinusoid. The wavelengths form a geometric progression from 27 to 10000 - 27. We
chose this function because we hypothesized it would allow the model to easily learn to attend by
relative positions, since for any fixed offset k, P, s can be represented as a linear function of
PEps.

We also experimented with using learned positional embeddings [8] instead, and found that the two
versions produced nearly identical results (see Table 3 row (E)). We chose the sinusoidal version
because it may allow the model to extrapolate to sequence lengths longer than the ones encountered
during training.

4 Why Self-Attention

In this section we compare various aspects of self-attention layers to the recurrent and convolu-
tional layers commonly used for mapping one variable-length sequence of symbol representations
(1, ...,7,) to another sequence of equal length (21, ..., 2,), with z;, z; € R%, such as a hidden
layer in a typical sequence transduction encoder or decoder. Motivating our use of self-attention we
consider three desiderata.

One is the total computational complexity per layer. Another is the amount of computation that can
be parallelized, as measured by the minimum number of sequential operations required.

The third is the path length between long-range dependencies in the network. Learning long-range
dependencies is a key challenge in many sequence transduction tasks. One key factor affecting the
ability to learn such dependencies is the length of the paths forward and backward signals have to
traverse in the network. The shorter these paths between any combination of positions in the input
and output sequences, the easier it is to learn long-range dependencies [11]. Hence we also compare
the maximum path length between any two input and output positions in networks composed of the
different layer types.

As noted in Table 1, a self-attention layer connects all positions with a constant number of sequentially
executed operations, whereas a recurrent layer requires O(n) sequential operations. In terms of
computational complexity, self-attention layers are faster than recurrent layers when the sequence
length n is smaller than the representation dimensionality d, which is most often the case with
sentence representations used by state-of-the-art models in machine translations, such as word-piece
[31] and byte-pair [25] representations. To improve computational performance for tasks involving
very long sequences, self-attention could be restricted to considering only a neighborhood of size 7 in

14
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