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Main idea (Attention is all you need)

Motivation:
Recurrent neural networks are typically employed in an
encoder-decoder architecture for machine translation. However, their
inherently sequential nature precludes parallelization within training
samples;
Attention mechanism allows modeling of dependencies regardless of

their distances in the input and output sequences.

Contributions:
They propose a new simple network architecture, the Transformer,
based solely on attention mechanism, dispensing with recurrence

and convolutions entirely;
Allows for significantly more parallelization (12 hours on eight P100

GPUs);
State-of-the-art results on English-to-German translation quality.
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Problem Settings

Input: a sequence of symbol representations x = (x1, ..., xn);

The encoder maps x to a sequence of continuous representations
h = (h1, ..., hn);

Given h, the decoder then generates an output sequence
y = (y1, ..., ym) of symbols one element at a time.
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Model architecture

Transformer:

Module 2: Position-wise Feed
Forward Networks

Module 1: Multi-Head Attention

Module 3: Positional Encoding
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Module 1: Multi-Head Attention

Queries, Keys, Values:
Given the input/output embedding matrix X 2 Rn⇥E , three matrices
(queries, keys, values) are computed as Q 2 Rn⇥d

k , K 2 Rn⇥d

k and
V 2 Rn⇥d

v ;
This transformation can be implemented as either an MLP layer or
CNN layer.

Scaled Dot-Product Attention:

Attention(Q,K ,V ) = softmax(
QK

T

p
d

k

)V (1)

where the output Attention(Q,K ,V ) is also a matrix of the
dimension Rn⇥d

v (QKT 2 Rn⇥n). They employ the scale factor
p
d

k

to prevent large magnitude of QKT , which could lead to extremely
small gradients.
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Module 1: Multi-Head Attention

The main intuition here is to learn h di↵erent linear transformations
to project queries, keys and values. the attention is then computed in
parallel;

Allows the model to jointly attend to information from di↵erent
representation subspaces at di↵erent positions.
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Module 2: Position-wise Feed Forward Networks

For each word/position, the following transformations are applied:

FFN(x) = W2ReLU(W1X + b1) + b2 (2)

The linear transformations are identical across di↵erent positions
(words), but vary from layer to layer;
The dimensionality of input and output is the same: d

model

= 512.
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Module 3: Positional Encoding

Without recurrent or convolutional operations, the word-order

information of a sequence is ignored. In this regard, they propose to
inject some information about tokens’ positions within the sequence:

PE(pos,2i) = sin(pos/100002i/dmodel ) (3)

PE(pos,2i+1) = cos(pos/100002i/dmodel ) (4)

For any given o↵set k , PE
pos+k

can be considered as a linear function
of PE

pos

. Thus, the model can easily learn to attend by relative
positions;
This strategy can be applied to sequences of arbitrary lengths.
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Model architecture

Transformer (decoding process, parallelization):

Module 2: Position-wise Feed
Forward Networks

Module 1: Multi-Head Attention

Module 3: Positional Encoding
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Why Self-attention?

Maximum path length: the largest path length between any two input
and output positions in networks.

Typically n is smaller than d , thus self-attention has smaller
complexity per layer. Besides, it is parallelable.

Self-attention model is more interpretable.
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Experiments (Machine Translation)
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Experiments (English Constituency Parsing)

The output is subject to strong structural constraints;

The output is significantly longer than the input.
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Main idea (Learned in Translation: Contextualized Word
Vectors)

Motivation:
Inspired by the successful transfer of CNNs trained on ImageNet to
other tasks in computer vision, we aim to train an encoder from a large
NLP task and transfer that encoder to other tasks;
Machine translation task could improve the quality of word embeddings
due to its ability to share a common representation of words in the

context of sentences.

Contributions:
They introduce an approach for transferring knowledge from an
encoder pretrained on machine translation to a variety of downstream
NLP tasks;
The CoVe embeddings pretrained from their translation model
outperforms other popular word embeddings, such as GloVe or
character embeddings on many tasks.
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How to transfer knowledge from machine translation?

They first trained an attentional sequence-to-sequence model for
English-to-German translation (standard settings), with a two-layer,
bidirectional LSTM as the encoder networks (referred to as
MT-LSTM);

Transferring knowledge: for a sequence of words w , the CoVe vectors
are represented as:

CoVe(w) = MT-LSTM(GloVe(w)) (5)

The hidden units are concatenated with GloVe as the final word
vectors:

w̃ = [GloVe(w); CoVe(w)] (6)
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Model for downstream tasks (classification, question
answering)

For input sequences w

x and
w

y :

E n c o d e r E n c o d e r

B i a t t e n t i o n

M a x o u t  N e t w o r k

I n t e g r a t e

P o o l

I n t e g r a t e
P o o l

R e L U  N e t w o r k R e L U  N e t w o r k
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Experiments
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Experiments
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Experiments

Performance on SQuAD dataset:
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Takeaways

Transformer architecture replaced RNN/CNN encoder/decoder with
self-attention layers, achieving state-of-the-art MT results while
allowing parallelization during training;

Machine Translation can be employed as a great source towards
learning transferable sentence encoders.

Oct 13, 2017 19 / 19


