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Machine Learning: Lecture 10

Today

• RNN Encoder-Decoder

• A.ention

• Transformer
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Sequence-to-Sequence Learning
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条件式序列生成任务

• 在一个(源)序列的条件下，生成另一个(目标)序列.
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ASR

Translation

Dialogue

Machine Learning机器学习

How are you

How are you I am fine

Generator

Generator

Generator
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RNN编解码器模型

•输入序列x = (x!, ⋯ , x"!), 生成序列y =(y!, ⋯ , y"")
•采用两个RNN,分别作为编码器(Encoder)和解码器(Decoder),
编码器输入x,解码器生成y

• 也被称为序列到序列学习(Sequence-to-Sequence Learning）
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谢 谢 你

Thank You

(Cho 2014)

s1 s2
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模型训练

数据: D ={(x(1), y(1)), …, (x(N), y(N))},
其中x(ℓ) = (x1, …xTx)，y(ℓ) = (y1, …yTy).

损失函数 –最小化交叉熵:

优化算法 –梯度下降
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l θ|x, y =−#
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!

log pθ (yt|y1,…,yt−1, x )
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举例：机器翻译

RN
N

我 到 了 <start> l have

I have arrived

Encoder (Chinese) Decoder
(English)
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长序列的瓶颈

核心问题: 一个超长的序列被压缩成一个向量，没有考虑到
序列中每个位置的重要性。
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实验观察：模型性能随着
序列长度增大而降低

Performance of NMT w.r.t. input length

x1 x2 x3

y3 y2 y1

瓶颈? ⊳
编码器

解码器
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基于注意力的Sequence-to-Sequence学习
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x1 x2 x3

y3 y2 y1

x1 x2 x3

y3 y2 y1

No Attention

VS

With Attention

在上下文中动态选择感
兴趣的内容组成编码向
量。

根据单一、固定的编码
向量解码

hi = RNNout(hi-1, yi-1, c) hi = RNNout(hi-1, yi-1, ci)
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注意力模型

§令ai,j为注意力分数, 代表编码器每个
输入状态 hj和解码器每个输出状态si
的匹配程度

§不仿用一个神经网络来估算该分数:
e.g., ai,j=NN(si−1,hj)

§进一步通过Softmax归一化为概率:
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𝑐$

αi= softmax(ai,1, ai,2,…,ai,T)

si-1 si

yiyi-1

…

h1 h2

x2x1

h3
…

x3

αi,1
αi,2 αi,3

αi,T
si-1

hj

a(si−1,hj)
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注意力可视化
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You can see how the 
model paid attention 
correctly when outputting 
"European Economic 
Area". In French, the order 
of these words is 
reversed ("européenne
économique zone") as 
compared to English. Every 
other word in the sentence 
is in similar order.

机器翻译模型的真实
αij
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Transformer 
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Seq2seq model with “Self-a3ention”
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从RNN到自注意力机制

Transformer

可以同步计算h’i is based on the 
entire input sequence. 

再见RNN: 凡是使用RNN的地方都可以替换为自注意力模
型。

h1 h2 h3 h4

h’1 h’2 h’3 h’4
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自注意力：基本思路
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• 让句子中的每个单词都关注其他单词

A robot must obey the orders given it.
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自注意力：基本思路
• 将Query向量和每个Key向量进行内积（加
softmax），获得每个关注词的重要性分数.
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A robot must obey the orders given it.
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自注意力：基本思路

• We multiply each value by its score and sum them up.

• The outcome vector represents the new state (refreshed
memory) for the query word.
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步骤1: 词嵌入

• 将每个词元(表示为整数id) 转换为词向量 (看做初始隐含状
态).
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h1

x1

h2

x2 x3

h3

x4

h4

“orders”“robot” “must” “obey”

hi=Wxi
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h1

x1

h2

x2 x3

h3

x4

h4

v1k1q1 v2k2q2 v3k3q3 v4k4q4

步骤2 : 计算Q, K, V 向量

• 将每个隐含状态转成query/key/value向量:

“orders”“robot” “must” “obey”

hi=Wxi

qi= Wq hi ki= Wk hi vi= Wv hi
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a1,1
×

a1,2
× × ×

a1,i =
q1Tki
d

a1,3 a1,4

where d is the dim of 𝑞 and 𝑘

步骤3: 计算注意力分数

v1k1q1 v2k2q2 v3k3q3 v4k4q4

h1 h2 h3 h4

• 对每个<query, key> 对, 计算他们的放缩内积，作为它们
的注意力分数。
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𝑎!,!
×

𝑎!,( 𝑎!,) 𝑎!,*

Softmax

α1,1
α1,1,…,α1,T=softmax(a1,1,…,a1,T)

步骤4：归一化分数

v1k1q1 v2k2q2 v3k3q3 v4k4q4

h1 h2 h3 h4

• 通过Softmax将注意力分数归一化成注意力权重(0~1之间
的概率)

×× ×

α1,2 α1,3 α1,4
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h’1

× × × ×

Consider the enAre sequence…h’1= ∑% α1,ivi

步骤5: 按照注意力权重将各个单词的状态
(Value)聚合

v1k1q1 v2k2q2 v3k3q3 v4k4q4

h1 h2 h3 h4

× × × ×

α1,1 α1,2 α1,3 α1,4
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× × × ×

步骤5: 按照注意力权重将各个单词的状态
(Value)聚合

h’2

h1 h2 h3 h4

v1k1q1 v2k2q2 v3k3q3 v4k4q4
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α2,1 α2,2 α2,3 α2,4

h’2= ∑% α2,ivi
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注意力计算举例
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robot must

x1 x2 x3 x4

q1 · k1= 112 q1 · k2= 15 q1 · k3= 96 q1 · k4= 41

14 2 12 5

α11= 0.66 α12= 0.02 α13= 0.28 α14 = 0.09

Input

Embedding

Queries

Keys

Values

Score

Divided by d

SoKmax

SoKmax × Value

Sum

q1

k1
v1

v1

z1

ordersobey

v2 v3 v4

v2 v3 v4

k2 k3 k4

q2 q3 q4
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如何表示语句顺序?

• 位置编码 : each position is assigned with
a unique positional embedding ei

• ei is added to the word embedding hi, as an
input to the self-aDention layer.

• let pi be a one-hot vector indicating the
position of xi in the sequence, ei can be
obtained from a learnable embedding
matrixWp

ei=Wp pi

i-th dim

pi= […0,1,0,…]

Sequence
Length
1024

Wp

hi ei

vikiqi

+
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Seq2seq withUsing Self-ADention

x4x3x2x1

编码器 解码器

y2y1y0

y1 y2 y3

Self-Attention Layers Self-Attention Layers

Ashish Vaswani, et al. “Attention Is All You Need”. ICLR 2017

h1 h2 h3 h4
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Encoder ⊳ ⊲ Decoder

机 器 学 习 <BOS> machine

learning

Transformer

Input Embedding Output Embedding

Inputs

Multi-Head
Attention

Feed Forward

Add & Norm

Add & Norm

Masked
Multi-Head Attention

Add & Norm

Multi-Head
Attention

Feed Forward

Add & Norm

Add & Norm

Outputs
(shifted right)

+ + Positional
Encoding

Positional
Encoding

N x

Linear

Softmax

N x

K, V

Q

QKVQKV
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Masked: attend to the 
generated sequence

Attend to the 
input sequence

模型结构

Layer Norm

Self-Attention 
Layer

h1 h2 h3 h4

h’2h’1 h’3 h’4

Input
Embedding

Output
Embedding

Inputs

Multi-Head
Attention

Feed
Forward

Add & Norm

Add & Norm

Masked
Multi-Head
Attention

Add & Norm

Multi-Head
Attention

Feed
Forward

Add & Norm

Add & Norm

Outputs
(shifted right)

+ + Positional
Encoding

Positional
Encoding

N x

Linear

Softmax

N x
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解码器详解
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解码器详解
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解码器详解

30



Machine Learning: Lecture 10

注意力掩码

• 一个大小为L×L 的矩阵，作用在注意力分数上
• 避免模型注意到指定位置的单词
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注意力掩码
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注意力掩码

Self-Attention Mask
• for both encoder and decoder
• to ignore padding tokens

Cross-Attention Mask
• for decoder only
• to ignore padding tokens in the
source sequence

Causal Mask
• for decoder only
• only pay a9ention to generated
words
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0 -inf -inf -inf

0 0 -inf -inf

0 0 0 -inf

0 0 0 0

robots must obey orders

robots

must

obey

rules

0 0 0 0 -inf

0 0 0 0 -inf

0 0 0 0 -inf

0 0 0 0 -inf

0 0 0 0 -inf

robots must obey orders <pad>

robots

must

obey

orders

<pad>
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https://ai.googleblog.com/2017/08/transformer-novel-neural-network.html

Transformer动态演示
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训练方法

和RNN编解码模型一样
数据: {(x(1), y(1)), …, (x(N), y(N))},

其中x(ℓ) = (x1, …xTx), y(ℓ) = (y1, …yTy).
损失函数 –最小化交叉熵损失函数

优化算法 –梯度下降
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l θ|x, y =−!
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!
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N
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注意力可视化

https://arxiv.org/abs/1706.03762

Full a%entions in layer 5 of 
6 for head 5. 

Isolated attentions from just 
the word ‘its’ for attention 
heads 5. Note that the 
attentions are very sharp for 
this word.


