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第四节
Recurrent Neural Networks

(递归神经网络)



上一节主要内容

• Modeling of CNN

– Module-wise architecture模块化结构

• Convolutional layer (module)

– Convolution in general

– Filters

– Convolution module

• Pooling layer (module)



Module-wise architecture
Torch 平台

Input:

𝑥1

𝑥2

𝑥3

𝑥0 = 1 ℎ0
(1)

= 1

output

hidden layer

linear linear

𝒂(𝟏) = 𝑾(𝟏) ∙ 𝒙 𝒉(𝟏) = 𝜎 𝒂(𝟏)

d L
𝒅𝒙

=
d L
𝒅𝒂(𝟏)

𝑾(𝟏) d L
𝒂(𝟏)

=
d L
𝒅 𝒉(𝟏)

𝜎 𝒂(𝟏) (1−𝜎 𝒂(𝟏) )
d L
𝒅𝒙

=g(
d L
𝒅𝒚

)

𝑦 = 𝑓(𝒙)

d L

𝒅𝑾 d L
𝒅𝑾(𝟏)=

d L
𝒅𝒂(𝟏)

𝒙

• Training per iteration:



Convolution Neural Network

• Lenet-5

Convolution (卷积) Pooling (池化) 全连接层



Convolution

• 连续空间的卷积:

𝑦 𝑡 = 𝑥(𝑡) ∗ ℎ(𝑡) =  

−∞

+∞

𝑥 𝑠 ℎ 𝑡 − 𝑠 𝑑𝑠

𝑔 𝑖, 𝑗 = 

𝑘,𝑙

𝑓 𝑘, 𝑙 𝑤(𝑖 − 𝑘, 𝑗 − 𝑙)

• 图像卷积是二维离散卷积

• 离散空间卷积：

𝑦 𝑛 = 𝑥(𝑛) ∗ 𝑤(𝑛) =  

𝑖=−∞

𝑖=+∞

𝑥 𝑖 𝑤 𝑛 − 𝑖



Practice with linear filters

Original

Edge detect （边缘检测）

Filter

Output Image



Convolution Layer (卷积层)
Input: X∈

𝑹𝒅𝒊𝒏×𝒉×𝒘

weight: W∈

𝑹𝒅𝒐𝒖𝒕×𝒅𝒊𝒏×𝑭𝒉×𝑭𝒘

output: Y∈

𝑹𝒅𝒐𝒖𝒕×𝒉×𝒘

Input: x∈ 𝑹𝒅𝒊𝒏

weight: W∈ 𝑹𝒅𝒐𝒖𝒕×𝒅𝒊𝒏

output: y∈ 𝑹𝒅𝒐𝒖𝒕

Feature maps



Forward (前向过程)
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𝑥1

𝑥2

𝑥3

Input: X∈
𝑹𝒅𝒊𝒏×𝒉×𝒘

weight: W∈
𝑹𝒅𝒐𝒖𝒕×𝒅𝒊𝒏×𝑭𝒉×𝑭𝒘

output: Y∈
𝑹𝒅𝒐𝒖𝒕×𝒉×𝒘

𝒚𝒇′,𝒊′,𝒋′ =  

𝒇=𝟏

𝒅𝒊𝒏

 

𝒊=−
𝑭𝒉
𝟐

𝑭𝒉
𝟐

 

𝒋=−
𝑭𝒘
𝟐

𝑭𝒘
𝟐

𝒙𝒇,𝒊′+𝒊−𝟏,𝒋′+𝒋−𝟏𝒘𝒇′,𝒇,𝒊,𝒋 +𝒃 𝒇′

Feature maps



Back-propagation
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Input: X∈

𝑹𝒅𝒊𝒏×𝒉×𝒘

weight: W∈

𝑹𝒅𝒐𝒖𝒕×𝒅𝒊𝒏×𝑭𝒉×𝑭𝒘

output: Y∈

𝑹𝒅𝒐𝒖𝒕×𝒉×𝒘

𝒅𝑳

𝒘𝒇′,𝒇,𝒊,𝒋

=  
𝒇′=𝟏
𝒅𝒐𝒖𝒕  𝒊′=𝟏

𝒉  𝒋′=𝟏
𝒘 𝒅𝑳

𝒅𝒚𝒇′,𝒊′,𝒋′

𝒅𝒚
𝒇′,𝒊′,𝒋′

𝒘𝒇′,𝒇,𝒊,𝒋

 

𝒇′=𝟏

𝒅𝒐𝒖𝒕

 

𝒊′=𝟏

𝒉

 

𝒋′=𝟏

𝒘
𝒅𝑳

𝒅𝒚𝒇′,𝒊′,𝒋′
𝒙𝒇,𝒊′+𝒊−𝟏,𝒋′+𝒋−𝟏

𝒚𝒇′,𝒊′,𝒋′ =  

𝒇=𝟏

𝒅𝒊𝒏

 

𝒊=−
𝑭𝒉
𝟐

𝑭𝒉
𝟐

 

𝒋=−
𝑭𝒘
𝟐

𝑭𝒘
𝟐

𝒙𝒇,𝒊′+𝒊−𝟏,𝒋′+𝒋−𝟏𝒘𝒇′,𝒇,𝒊,𝒋 +𝒃 𝒇′

𝒅𝑳

𝒅𝒙𝒇,𝒊,𝒋
=  

𝒇′=𝟏
𝒅𝒐𝒖𝒕  𝒊′=𝟏

𝒉  𝒋′=𝟏
𝒘 𝒅𝑳

𝒅𝒚𝒇′,𝒊′,𝒋′

𝒅𝒚
𝒇′,𝒊′,𝒋′

𝒅𝒙𝒇,𝒊,𝒋

 

𝒇′=𝟏

𝒅𝒐𝒖𝒕

 

𝒊′=𝟏

𝒉

 

𝒋′=𝟏

𝒘
𝒅𝑳

𝒅𝒚𝒇′,𝒊′,𝒋′
𝒘𝒇′,𝒇,𝒊−𝒊′+𝟏,𝒋−𝒋′+𝟏
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• In ConvNet architectures, Conv layers are often followed 
by Pooling layers
• makes the representations smaller and more 

manageable without losing too much information.
• Invariant in region.

downsampling
32

32
16

16

POOLING Layer

Source: Stanford CS231n, 
Andrej Karpathy & Fei-Fei Li



outline

• Recurrent Neural Network

– Modeling

– Training

• Long Short Term Memory (LSTM)

–Motivation

–Modeling

• Application

– Generate article
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Classification:  MLP and CNN 

(1, 0, 0)𝑇

Input:

𝑥1

𝑥2

𝑥3

𝑥0 = 1 ℎ0
(1)

= 1

output

hidden layer
(𝑥1 , 𝑥2 , 𝑥3 )Convolution (卷积)

I go to cinema, and 
I book a ticket



One example-modeling: motivation

• Task: Character-level language model
– example

• Vocabulary [h,e,l,o]

• Training sequence“hello”

x yh

• Data representation：

– X: {h, e, l, l}

– Y: {e,  l , l, o}

Input: x hidden layer output layer: Y



Modeling

• MLP  RNN

x

y

h

𝒉 = 𝜎 𝑾𝒉𝒙𝒙

𝒚 = 𝜎 𝑾𝒚𝒉𝒉
𝜎 𝑎 =

1

1 + 𝑒−𝑎

tanh 𝑎 =
𝑒𝑎−𝑒−𝑎

𝑒𝑎+𝑒−𝑎

𝐲 = 𝑾𝒚𝒉𝒉



x

y

h

x

y

h

𝒉 = 𝑡𝑎𝑛ℎ 𝑾𝒉𝒙𝒙

𝐲 = 𝑾𝒚𝒉𝒉

𝒉𝒕 = 𝑡𝑎𝑛ℎ 𝑾𝒉𝒙𝒙 +𝑾𝒉𝒉𝒉𝒕−𝟏

𝒚𝒕 = 𝑾𝒚𝒉𝒉𝒕

Modeling

• MLP  RNN



Modeling

• RNN-unrolling(展开)

𝒉𝒕 = 𝑡𝑎𝑛ℎ 𝑾𝒉𝒙𝒙 +𝑾𝒉𝒉𝒉𝒕−𝟏

𝒚𝒕 = 𝑾𝒚𝒉𝒉𝒕

x

y

h

𝒙𝟏

𝒚𝟏

𝒉𝟏

𝒙𝟐

𝒚𝟐

𝒉𝟐

𝒙𝟑

𝒚𝟑

𝒉𝟑
𝑾𝒉𝒉

𝑾𝒉𝒙 𝑾𝒉𝒙 𝑾𝒉𝒙

𝑾𝒉𝒉

𝑾yh 𝑾yh 𝑾yh



Example

• Character-level 
language model

x

y

h

– Training sequence: 

• “Hello”

– Presentation:

X: {h, e, l, l}

Y: {e,  l , l, o} One-hot aka 
one-of-K encoding



• Examples:

– Training sequence: 

• “Hello”

– Presentation:

X: {h, e, l, l}

Y: {e,  l , l, o}

Example



• Examples:

– Training sequence: 

• “Hello”

– Presentation:

X: {h, e, l, l}

Y: {e,  l , l, o}

Example



• Examples:

– Training sequence: 

• “Hello”

– Presentation:

X: {h, e, l, l}

Y: {e,  l , l, o}

Example

Source: The Unreasonable Effectiveness of Recurrent Neural Networks
Andrej Karpathy



outline

• Recurrent Neural Network

– Modeling

– Training

• Long Short Term Memory (LSTM)

–Motivation

–Modeling

• Application

– Generate article
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Neural Network
• Training Algorithm

 0.初始化权重 𝑾(0)

 1. 前向过程：
 1.1根据输入𝒙，计算输出值 𝒚
 1.2.计算损失函数值L(𝐲,  𝒚)。

 2.后向传播

 计算
d L
𝐲

 后向传播直到计算
d L
𝐱

 3.计算梯度
d L
𝒅𝑾

 4.更新梯度

𝑾(𝑡+1) = 𝑾(𝑡) − 𝜂
d L
𝒅𝑾(𝑡)

(1, 0, 0)𝑇

Input:

𝑥1

𝑥2

𝑥3

𝑥0 = 1 ℎ0
(1)

= 1

output

hidden layer



Training

• learning

– Sequence length=3

𝒙𝟏

𝒚𝟏

𝒉𝟏

𝒙𝟐

𝒚𝟐

𝒉𝟐

𝒙𝟑

𝒚𝟑

𝒉𝟑
𝑾𝒉𝒉

𝑾𝒉𝒙 𝑾𝒉𝒙 𝑾𝒉𝒙

𝑾𝒉𝒉

𝑾yh 𝑾yh 𝑾yh

Target:   𝒚𝟏  𝒚𝟐  𝒚𝟑

• Back-propagation

-{
d L
𝒅 𝒚𝑖

d L
𝒅 𝒉𝑖

d L
𝒅 𝒙𝑖

}



Training

• Back-propagation

𝒙𝟑

𝒚𝟑

𝒉𝟑

𝑾𝒉𝒙

𝑾yh

Target:  𝒚𝟑

d L
𝑑 𝒉3

=
d L
𝒅 𝒚3

d𝒚3
𝑑𝒉3



Training

• Back-propagation

𝒙𝟐

𝒚𝟐

𝒉𝟐

𝒙𝟑

𝒚𝟑

𝒉𝟑

𝑾𝒉𝒙 𝑾𝒉𝒙

𝑾𝒉𝒉

𝑾yh 𝑾yh

Target:  𝒚𝟐  𝒚𝟑

d L
𝑑 𝒉3

=
d L
𝒅 𝒚3

d𝒚3
𝑑𝒉3

d L
𝑑 𝒉2

=
d L
𝒅 𝒚2

d𝒚2
𝑑𝒉2

+
d L
𝒅 𝒚3

d𝒚3
𝑑𝒉3

d𝒉3
𝑑𝒉2



Training

• Back-propagation

𝒙𝟏

𝒚𝟏

𝒉𝟏

𝒙𝟐

𝒚𝟐

𝒉𝟐

𝒙𝟑

𝒚𝟑

𝒉𝟑
𝑾𝒉𝒉

𝑾𝒉𝒙 𝑾𝒉𝒙 𝑾𝒉𝒙

𝑾𝒉𝒉

𝑾yh 𝑾yh 𝑾yh

Target:   𝒚𝟏  𝒚𝟐  𝒚𝟑

d L
𝑑 𝒉3

=
d L
𝒅 𝒚3

d𝒚3
𝑑𝒉3

d L
𝑑 𝒉2

=
d L
𝒅 𝒚2

d𝒚2
𝑑𝒉2

+
d L
𝒅 𝒚3

d𝒚3
𝑑𝒉3

d𝒉3
𝑑𝒉2

d L
𝑑 𝒉1

=
d L
𝒅 𝒚1

d𝒚1
𝑑𝒉1

+
d L
𝒅 𝒚2

d𝒚2
𝑑𝒉2

d𝒉2
𝑑𝒉1

+

d L
𝒅 𝒚3

d𝒚3
𝑑𝒉3

d𝒉3
𝑑𝒉2

d𝒉2
𝑑𝒉1

d L

𝑑 𝒉𝑡
=  

𝑠=𝑡

𝑇=3
d L

𝒅 𝒚𝑠

d𝒚𝑠
𝑑𝒉𝑠

d𝒉𝑠
𝑑𝒉𝑡



Training

• Gradient r.t Weight

𝒙𝟏

𝒚𝟏

𝒉𝟏

𝒙𝟐

𝒚𝟐

𝒉𝟐

𝒙𝟑

𝒚𝟑

𝒉𝟑
𝑾𝒉𝒉

𝑾𝒉𝒙 𝑾𝒉𝒙 𝑾𝒉𝒙

𝑾𝒉𝒉

𝑾yh 𝑾yh 𝑾yh

Target:   𝒚𝟏  𝒚𝟐  𝒚𝟑

d L

𝑑 𝒉𝑡
= 

𝑠=𝑡

𝑇
d L

𝒅 𝒚𝑠

d𝒚𝑠
𝑑𝒉𝑠

d𝒉𝑠
𝑑𝒉𝑡

d L

𝑑𝐖hh
(i)

d L

𝑑𝐖hx
(i)

d L

𝑑𝐖yh
(i)

 Calculate gradient respect to weight

𝑾(𝑡+1) = 𝑾(𝑡) − 𝜂 𝑠=1
𝑇 d L

𝒅𝑾(𝑠)

 Update weight



RNN

• longer

• deeper

𝒙𝟏

𝒚𝟏

𝒉𝟏

𝒙𝟐

𝒚𝟐

𝒉𝟐

𝒙𝟑

𝒚𝟑

𝒉𝟑
𝑾𝒉𝒉

𝑾𝒉𝒙 𝑾𝒉𝒙 𝑾𝒉𝒙

𝑾𝒉𝒉

𝑾yh 𝑾yh 𝑾yh

Target:   𝒚𝟏  𝒚𝟐  𝒚𝟑

𝒙𝑻

𝒚𝑻

𝒉𝑻

𝑾𝒉𝒙

𝑾𝒉𝒉

𝑾yh

…

…

…

 𝒚𝑻



Relation: MLP, CNN and RNN

𝒕𝟏

𝒕𝟐

…

x∈ 𝑹𝒅𝒊𝒏

𝑾𝒙𝒉 ∈ 𝑹𝒅𝒐𝒖𝒕×𝒅𝒊𝒏

y∈ 𝑹𝒅𝒐𝒖𝒕

X∈ 𝑹𝒅𝒊𝒏×𝒉×𝒘

W∈ 𝑹𝒅𝒐𝒖𝒕×𝒅𝒊𝒏×𝑭𝒉×𝑭𝒘

Y∈ 𝑹𝒅𝒐𝒖𝒕×𝒉×𝒘

𝑾𝒉𝒉

𝑾 ∈ 𝑹𝒅𝒐𝒖𝒕×𝒅𝒊𝒏



outline
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• Long Short Term Memory (LSTM)
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– Generate article



Long Short Term Memory (LSTM)

• Motivation

“the clouds are in the sky,”

Source: Understanding LSTM Networks
Christopher Olah



Long Short Term Memory (LSTM)

• Motivation

“I grew up in France… I speak fluent French.”

Source: Understanding LSTM Networks
Christopher Olah



LSTM

• Motivation
– Gradient explosion (梯
度爆炸)

– Gradient vanishing(梯
度弥散)

𝒙𝟏

𝒚𝟏

𝒉𝟏

𝒙𝟐

𝒚𝟐

𝒉𝟐

𝒙𝟑

𝒚𝟑

𝒉𝟑
𝑾𝒉𝒉

𝑾𝒉𝒙 𝑾𝒉𝒙 𝑾𝒉𝒙

𝑾𝒉𝒉

𝑾yh 𝑾yh 𝑾yh

Target:   𝒚𝟏  𝒚𝟐  𝒚𝟑

d L

𝑑 𝒉𝑡
= 

𝑠=𝑡

𝑇
d L

𝒅 𝒚𝑠

d𝒚𝑠
𝑑𝒉𝑠

d𝒉𝑠
𝑑𝒉𝑡
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LSTM
• Modeling 𝒉𝒕 = 𝑡𝑎𝑛ℎ 𝑾𝒉𝒙𝒙 +𝑾𝒉𝒉𝒉𝒕−𝟏

RNN:

LSTM:

Source: Understanding LSTM Networks
Christopher Olah



LSTM
• Modeling

– Input gate

– Input information

Source: Understanding LSTM Networks
Christopher Olah



LSTM
• Modeling

Forget 
Gate

Previous
Info

Input
Gate

Input
InfoSource: Understanding LSTM Networks

Christopher Olah



LSTM
• Modeling

– Output gate

– Output information

Source: Understanding LSTM Networks
Christopher Olah



LSTM
• Modeling

Source: Understanding LSTM Networks
Christopher Olah



outline

• Recurrent Neural Network

– Modeling

– Training

• Long Short Term Memory (LSTM)

–Motivation

–Modeling

• Application

– Generate article



x

y

h

RNN-application

• Generate article



RNN-application
• Generate article

Source: The Unreasonable Effectiveness of Recurrent Neural Networks
Andrej Karpathy



RNN-application
• Generate article

Source: The Unreasonable Effectiveness of Recurrent Neural Networks
Andrej Karpathy



RNN-application
• Generate article

Source: The Unreasonable Effectiveness of Recurrent Neural Networks
Andrej Karpathy



RNN-application
• Generate article

Source: The Unreasonable Effectiveness of Recurrent Neural Networks
Andrej Karpathy



RNN-application
• Generate C code

Source: The Unreasonable Effectiveness of Recurrent Neural Networks
Andrej Karpathy



RNN-application
• Generated C code

Source: The Unreasonable Effectiveness of Recurrent Neural Networks
Andrej Karpathy



RNN-application
• Generated C code

Source: The Unreasonable Effectiveness of Recurrent Neural Networks
Andrej Karpathy


