
人工神经网络
张伟楠 – 上海交通大学

机器学习2024
第4节
涉及知识点：
人工神经网络简介、人工神经网络发展史、普适逼近定理、反向
传播算法介绍、反向传播算法示例、激活函数与损失函数、深度
学习思想简介、梯度消失问题的解决方法、陷入局部最小的解决
方法、深度学习中的正则化、卷积神经网络、循环神经网络、长
短期记忆网络、长短期记忆网络使用案例



课程安排

1. 机器学习概述
2. 线性模型
3. 双线性模型
4. 神经网络

8. 概率图模型
9. 无监督学习

参数化有监督学习 无监督学习部分

5. 支持向量机
6. 决策树
7. 集成学习与森林模型

10.  学习理论与模型选择

11.  迁移、多任务、元学习
12. System 1&2 机器意识

非参数化有监督学习

学习理论部分

前沿话题部分



人工神经网络简介
张伟楠 - 上海交通大学



2016年AI界的爆炸新闻
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p 2016年3月，AlphaGo战胜李世石（4-1）

https://deepmind.com/research/alphago/
https://www.goratings.org/

https://deepmind.com/research/alphago/
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AlphaGo中的机器学习

p 策略网络
• 监督学习

• 预测下一步人类移
动的最佳结果

• 强化学习
• 学习去选择下一步

移动去最大化获胜
率

p 价值网络
• 在给定当前状态的情

况下获胜的期望

p 通过（深度）神经网络
实现



2022年AI界的爆炸新闻
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p 2022年11月， ChatGPT被推出，可以

完成各类对话指令任务，推出2个月积

累1亿月活用户

https://chat.openai.com/

https://chat.openai.com/


2022年AI界的爆炸新闻
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p ChatGPT背后的GPT深度神经网络架构和数据形式

https://chat.openai.com/

https://chat.openai.com/
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人工神经网络

p 神经网络是深度学习的基础

感知机 多层感知机

卷积神经网络 循环神经网络
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真正的神经元

p 细胞结构

• 细胞体

• 树突

• 轴突

• 突触末梢

Slides credit: Ray Mooney
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神经通信

p 细胞膜间的电位表现出的电信号称为动作电位

p 电信号从细胞体中产生，沿着轴突往下传，并且导致突触末梢释
放神经递质介质

Slides credit: Ray Mooney

p 介质通过化学扩散从突触传递到其他神经元的
树突

p 神经递质可以是兴奋的或者是抑制的

p 如果从其他神经元来的神经递质是兴奋的

并且超过某个阈值，它就会触发一个运动电位
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真正的神经元学习

p 突触通过经验改变尺寸和连接强度

p Hebbian学习：如果两个连接在一起的神经元同时被激发，那么

他们之间的连接会变强

p “Neurons that fire together, wire together.”

p 这些都推动了人工神经网络的研究

Slides credit: Ray Mooney



人工神经网络发展史
张伟楠 - 上海交通大学
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人工神经网络简史

p 第一波浪潮
• 1943年McCulloch和Pitts提出McCulloch-
Pitts神经元模型

• 1958年Rosenblatt提出了简单的单层神经
网络，现在被称为感知机

• 1969年Minsky和Papert所作的书
Perceptrons论证了单层感知机的局限性，
整个领域几乎进入冬眠期

p 第二波浪潮
• 1986年对于多层感知机的反向传播学习算法
被提出和宣扬，整个领域再次起飞

p 第三波浪潮
• 2006年深度（神经网络）学习变得流行
• 2012年在许多应用中都取得了重大突破
• 2018年Hinton、LeCun和Bengio三人获得
图灵奖
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人工神经网络

p 将网络建模成一个图，单元作为节点，突触连接作为从节点𝑖到节
点𝑗的加权边，权重为w!"

p 将单元的网络输入建模为

p 单元输出为

• (𝑇!是单元𝑗的阈值)

Slides credit: Ray Mooney

1

32 54 6

w12
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w16

netj

oj

Tj
0
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𝑛𝑒𝑡! ='
"

𝑤!"𝑜"

𝑜! = *
0 if net! < 𝑇!
1 if net! ≥ 𝑇!

McCulloch-Pitts神经元模型 [1943] 
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感知机模型

p Rosenblatt [1958] 进
一步提出感知机作为
第一个在“老师”指
导下进行学习的模型
（即监督学习）

p 专注在如何找到合适
的用于二分类任务的
权重𝑤#
• 𝑦 = 1：类别1
• 𝑦 = −1：类别2

6𝑦 = 𝜑('
"#$

%

𝑤"𝑥" + 𝑏)

Rosenblatt的单层感知机 [1958]

预测 激活函数

𝜑(𝑧) = > 1 if 𝑧 ≥ 0
−1 otherwise
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训练感知机

p 训练
𝑤" = 𝑤" + 𝜂 𝑦 − '𝑦 𝑥"
𝑏 = 𝑏 + 𝜂 𝑦 − '𝑦

p 下列规则等价：
• 如果输出正确，则不

进行操作
• 如果输出高了，降低

正输入的权重
• 如果输出低了，增加

正输入的权重

6𝑦 = 𝜑('
"#$

%

𝑤"𝑥" + 𝑏)

Rosenblatt的单层感知机 [1958]

预测 激活函数

𝜑(𝑧) = > 1 if 𝑧 ≥ 0
−1 otherwise
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感知机性质

p Rosenblatt证明了学

习算法的收敛性，如

果两个类别是线性可

分的（即不同的模式

位于超平面的两侧）

p 许多人希望这种机器

能成为人工智能的基

础

Rosenblatt的单层感知机 [1958]

class 2

class 2

𝑤$𝑥$ + 𝑤&𝑥& + 𝑏 = 0

𝑥$

𝑥&
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感知机属性

p Minsky和Papert [1969] 表明
Rosenblatt的单层感知机甚至
不能解决一些相当基本的计算
（XOR问题）

p Rosenblatt认为如果添加更多
的单元层能够克服这种限制，
但是没有已知的算法来获得权
重

p 由于缺乏学习算法，人们离开
神经网络范式近20年

异或问题

 

Input x Output y 
X1 X2 X1 XOR  X2 
0 0 0 
0 1 1 
1 0 1 
1 1 0 

   X1 
 
   1  true    false 
 
 
     
 
 
 
 
 
       false    true 
   0    1               X2 
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隐藏层和反向传播（1986~）

p 添加隐藏层（内部表示）允许去学习一个不局限于线性可分情况的
映射

每个隐藏节
点负责实现
凸区域的一
条边界线

决策边界：𝑥!𝑤! + 𝑥"𝑤" + 𝑏 = 0
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隐藏层和反向传播（1986~）

p 解决方案不唯一

 

Input x Output y 
X1 X2 X1 XOR  X2 
0 0 0 
0 1 1 
1 0 1 
1 1 0 

圆圈中的数字是一个阈值

(解决方案1)
(解决方案2)

需要两条线来相应地划
分样本空间 符号激活函数

http://www.cs.stir.ac.uk/research/publications/techreps/pdf/TR148.pdf
http://recognize-speech.com/basics/introduction-to-artificial-neural-networks
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隐藏层和反向传播（1986~）

p 消息从输入节点出发，经过隐藏节点（如果有的话）到输出节点

p 网络中没有圈或者循环

前馈

双层前馈神经网络
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单层/多层计算

单层函数

多层函数

)𝑓'(𝑥) = 𝜎(𝜃( + 𝜃$𝑥 + 𝜃&𝑥&

ℎ$ 𝑥 = 𝑡𝑎𝑛ℎ 𝜃( + 𝜃$𝑥 + 𝜃&𝑥&

𝑓'(𝑥) = 𝑓'(ℎ$(𝑥), ℎ&(𝑥)) = 𝜎(𝜃) + 𝜃*ℎ$ + 𝜃+ℎ&)

ℎ&(𝑥) = 𝑡𝑎𝑛ℎ(𝜃, + 𝜃-𝑥 + 𝜃.𝑥&)

)𝑓#(𝑥) = 𝜎(𝜃$ + 𝜃!𝑥 + 𝜃"𝑥"

𝑥 𝑥"

)𝑓#(𝑥

ℎ!(𝑥) ℎ"(𝑥)

𝑥 𝑥"p 具有非线性激活函数

𝜎(𝑥) = $
$%&%&

𝑡𝑎𝑛ℎ(𝑥) = $'&%'&

$%&%'&
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非线性激活函数

p Sigmoid激活函数

𝜎(𝑧) =
1

1 + 𝑒'(

p Tanh激活函数

𝑡𝑎𝑛ℎ(𝑧) =
1 − 𝑒')(

1 + 𝑒')(

p 线性整流函数（Rectified Linear Unit, ReLU)

𝑅𝑒𝐿𝑈(𝑧) = 𝑚𝑎𝑥(0, 𝑧)



普适逼近定理
张伟楠- 上海交通大学
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普适逼近定理

p 一个具有至少一层的隐藏层的前馈神经网络，并且隐藏层包含有限

数量的神经元（即多层感知机），它可以以任意精度逼近任意一个

定义在ℝ*的闭集里的连续函数。

• 前提是这个前馈神经网络的激活函数满足某些性质

• 例如Sigmoid函数，Tanh函数，ReLU函数

[Hornik, Kurt, Maxwell Stinchcombe, and Halbert White. 
"Multilayer feedforward networks are universal 
approximators." Neural networks 2.5 (1989): 359-366.]

https://towardsdatascience.com/can-neural-networks-
really-learn-any-function-65e106617fc6
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普适逼近定理

p 多层感知器近似于紧子集上的任何连续函数。

)6𝑦 = 𝑠𝑖𝑔𝑚𝑜𝑖𝑑(𝑾,𝒍& + 𝑏,

)𝑙$ = 𝑡𝑎𝑛ℎ 𝑾$𝒙 + 𝒃$ 𝑙& = 𝑡𝑎𝑛ℎ(𝑾&𝑙$ + 𝒃&

𝜎 𝑥 =
1

1 + 𝑒/0 𝑡𝑎𝑛ℎ(𝑥) =
1 − 𝑒/&0

1 + 𝑒/&0



反向传播算法介绍
张伟楠 - 上海交通大学



隐藏层和反向传播算法（1986~）
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p 多层神经网络的有效算法之一是反向传播算法

p 它在1986年被重新提出，神经网络重新变得流行

注意：反向传播算法最开始在1974年被Werbos ! 发现，之后在1985年左右被Rumelhart,
Hinton, Williams " 以及Parker ( 分别独立重新发现

[1] Werbos, Paul John (1975). Beyond Regression: New Tools for Prediction and Analysis in the Behavioral Sciences. Harvard University.
[2] Rumelhart, David E.; Hinton, Geoffrey E.; Williams, Ronald J. (8 October 1986). "Learning representations by back-propagating 
errors". Nature. 323 (6088): 533–536. 
[3] Parker, D. B. (1985). "Learning Logic," Technical Report TR-47, Center for Computational Research in Economics and Management 
Science, Massachusetts Institute of Technology, Cambridge, MA.



通过反向传播学习神经网络

29[LeCun, Bengio and Hinton. Deep Learning. Nature 2015.]

将输出与正确答案比较得到
误差，然后反向求导数

𝜕𝐸
𝜕𝑤!"

=
𝜕𝐸
𝜕𝑧"

𝜕𝑧"
𝜕𝑤!"

=
𝜕𝐸
𝜕𝑧"

𝑦!

输入数据逐层计
算得到输出

输出单元

隐藏单元H2

隐藏单元H1

输入单元

𝑦# = 𝑓 𝑧#

𝑧# = (
"∈%

𝑤"#𝑦"

𝑦" = 𝑓 𝑧"

𝑧" = (
!∈%&

𝑤!"𝑦!

𝑦! = 𝑓 𝑧!

𝑧! = (
'∈()*+,

𝑤'!𝑥'

𝜕𝐸
𝜕𝑦"

= (
#∈-+,

𝑤"#
𝜕𝐸
𝜕𝑧#

𝜕𝐸
𝜕𝑧"

=
𝜕𝐸
𝜕𝑦"

𝜕𝑦"
𝜕𝑧"

𝜕𝐸
𝜕𝑦#

= 𝑦# − 𝑡#

𝜕𝐸
𝜕𝑧#

=
𝜕𝐸
𝜕𝑦#

𝜕𝑦#
𝜕𝑧#

𝜕𝐸
𝜕𝑦!

= (
"∈%.

𝑤!"
𝜕𝐸
𝜕𝑧"

𝜕𝐸
𝜕𝑧!

=
𝜕𝐸
𝜕𝑦!

𝜕𝑦!
𝜕𝑧!



通过反向传播学习神经网络
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d1 =1 

d2 = 0

权重
参数 权重

参数

Label = 𝑓𝑎𝑐𝑒

Label = 𝑛𝑜 𝑓𝑎𝑐𝑒

误差反向传播

计算误差
𝑥$

𝑥&

𝑥%

𝑦$

𝑦(

训练实例
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预测输出

)𝑥 = (𝑥$, … , 𝑥% ℎ!
($)

𝑦) = 𝑓 " (𝑛𝑒𝑡)
" ) = 𝑓 " (D

*

𝑤),*
" ℎ*

! )

𝑦3

其中， 𝑛𝑒𝑡!
($) ='

%

𝑤!,%
($)𝑥% 𝑛𝑒𝑡3

(&) ='
%

𝑤3,!
(&)ℎ!

($)

前馈预测

输入 输出 标签

双层前馈神经网络
输入层 隐藏层 输出层

𝑥$

𝑥&

𝑥%

𝑦$

𝑦3

𝑤*,,
! 𝑛𝑒𝑡!

! ℎ!
!

∑ 𝑓 !

𝑛𝑒𝑡"
! ℎ"

!

𝑛𝑒𝑡-
! ℎ-

!

𝑤),*
"

𝑛𝑒𝑡!
"

𝑛𝑒𝑡)
"

𝑑$

𝑑3

∑ 𝑓 !

∑ 𝑓 !

∑ 𝑓 "

∑ 𝑓 "

ℎ*
! = 𝑓 ! (𝑛𝑒𝑡*

! ) = 𝑓 ! (D
,

𝑤*,,
! 𝑥,)
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预测输出

)𝑥 = (𝑥$, … , 𝑥%

ℎ*
! = 𝑓 ! (𝑛𝑒𝑡*

! ) = 𝑓 ! (D
,

𝑤*,,
! 𝑥,)

ℎ!
($)

𝑦) = 𝑓 " (𝑛𝑒𝑡)
" ) = 𝑓 " (D

*

𝑤),*
" ℎ*

! )

𝑦3

其中， 𝑛𝑒𝑡!
($) ='

%

𝑤!,%
($)𝑥% 𝑛𝑒𝑡3

(&) ='
%

𝑤3,!
(&)ℎ!

($)

前馈预测

输入 输出 标签

双层前馈神经网络
输入层 隐藏层 输出层

𝑥$

𝑥&

𝑥%

𝑦$

𝑦3

𝑤*,,
! 𝑛𝑒𝑡!

! ℎ!
!

∑ 𝑓 !

𝑛𝑒𝑡"
! ℎ"

!

𝑛𝑒𝑡-
! ℎ-

!

𝑤),*
"

𝑛𝑒𝑡!
"

𝑛𝑒𝑡)
"

𝑑$

𝑑3

∑ 𝑓 !

∑ 𝑓 !

∑ 𝑓 "

∑ 𝑓 "



33

预测输出

)𝑥 = (𝑥$, … , 𝑥%

ℎ*
! = 𝑓 ! (𝑛𝑒𝑡*

! ) = 𝑓 ! (D
,

𝑤*,,
! 𝑥,)

ℎ!
($)

𝑦) = 𝑓 " (𝑛𝑒𝑡)
" ) = 𝑓 " (D

*

𝑤),*
" ℎ*

! )

𝑦3

其中， 𝑛𝑒𝑡!
($) ='

%

𝑤!,%
($)𝑥% 𝑛𝑒𝑡3

(&) ='
%

𝑤3,!
(&)ℎ!

($)

前馈预测

输入 输出 标签

双层前馈神经网络
输入层 隐藏层 输出层

𝑥$

𝑥&

𝑥%

𝑦$

𝑦3

𝑤*,,
! 𝑛𝑒𝑡!

! ℎ!
!

∑ 𝑓 !

𝑛𝑒𝑡"
! ℎ"

!

𝑛𝑒𝑡-
! ℎ-

!

𝑤),*
"

𝑛𝑒𝑡!
"

𝑛𝑒𝑡)
"

𝑑$

𝑑3

∑ 𝑓 !

∑ 𝑓 !

∑ 𝑓 "

∑ 𝑓 "
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反向传播进行参数学习

输入 输出 标签

双层前馈神经网络
输入层 隐藏层 输出层

𝑥$

𝑥&

𝑥%

𝑦$

𝑦3

𝑤*,,
! 𝑛𝑒𝑡!

! ℎ!
!

∑ 𝑓 !

𝑛𝑒𝑡"
! ℎ"

!

𝑛𝑒𝑡-
! ℎ-

!

𝑤),*
"

𝑛𝑒𝑡!
"

𝑛𝑒𝑡)
"

𝑑$

𝑑3

∑ 𝑓 !

∑ 𝑓 !

∑ 𝑓 "

∑ 𝑓 "

F𝛿) = (𝑑) − 𝑦))𝑓 "
. (𝑛𝑒𝑡)

"

𝑤),*
" = 𝑤),*

" + 𝛥𝑤),*
" 𝐸(𝑊) =

1
2
D
)

𝑦) − 𝑑) "
𝛥𝑤),*

" = 𝜂𝐸𝑟𝑟𝑜𝑟)Ou𝑡𝑝𝑢𝑡* = 𝜂𝛿)ℎ*
!

Δ𝑤),*
" = −𝜂

)𝜕𝐸(𝑊

𝜕𝑤),*
" = −𝜂(𝑦) − 𝑑))

𝜕𝑦)
𝜕𝑛𝑒𝑡)

"
𝜕𝑛𝑒𝑡)

"

𝜕𝑤),*
" = 𝜂(𝑑) − 𝑦))𝑓 "

. (𝑛𝑒𝑡)
" )ℎ*

! = 𝜂𝛿)ℎ*
!

𝑑) − 𝑦)

𝑛𝑒𝑡*
(!) =D

,

𝑤*,,
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Figure 3.4, all the calculations for a reverse pass of Back Propagation. 
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To illustrate this let’s do a worked Example. 
 
Worked example 3.1: 
 
Consider the simple network below: 
 
 
 
 
 
 
 
 
 
 
Assume that the neurons have a Sigmoid activation function and  
 
 (i) Perform a forward pass on the network.     
 (ii) Perform a reverse pass (training) once (target = 0.5).   
 (iii) Perform a further forward pass and comment on the result.  
 
Answer: 
(i) 
Input to top neuron = (0.35x0.1)+(0.9x0.8)=0.755. Out = 0.68.  
Input to bottom neuron = (0.9x0.6)+(0.35x0.4) = 0.68. Out = 0.6637.  
Input to final neuron = (0.3x0.68)+(0.9x0.6637) = 0.80133. Out = 0.69. 
 
(ii) 
Output error G=(t-o)(1-o)o = (0.5-0.69)(1-0.69)0.69 = -0.0406.  
 
New weights for output layer  
w1+ = w1+(G x input) = 0.3 + (-0.0406x0.68) = 0.272392.  
w2+ = w2+(G x input) = 0.9 + (-0.0406x0.6637) = 0.87305. 
 
Errors for hidden layers:  
G1 = G x w1 = -0.0406 x 0.272392  x (1-o)o = -2.406x10-3  
G2= G x w2 = -0.0406 x 0.87305  x (1-o)o = -7.916x10-3 
 
New hidden layer weights:  
w3+=0.1 + (-2.406 x 10-3 x 0.35) = 0.09916.  
w4+ = 0.8 + (-2.406 x 10-3 x 0.9) = 0.7978.  
w5+ = 0.4 + (-7.916 x 10-3 x 0.35) = 0.3972.  
w6+ = 0.6 + (-7.916 x 10-3 x 0.9) = 0.5928. 
 
(iii) 
Old error was -0.19. New error is -0.18205. Therefore error has reduced. 
 
 
 
 

Input 
A = 0.35 

Input 
B = 0.9 

Output 

0.1 

0.8 

0.6 

0.4 

0.3 

0.9 

p 考虑下面的简单网络：

p 假设神经元具有sigmoid激活功能：

• 在网络上执行前向传播

• 执行一次反向传播（目标=0.5）

• 再次执行前向传播并更新预测结果
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一个Google的Demo



激活函数与损失函数
张伟楠 - 上海交通大学
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非线性激活函数

p Sigmoid激活函数

𝜎(𝑧) =
1

1 + 𝑒'(

p Tanh激活函数

𝑡𝑎𝑛ℎ(𝑧) =
1 − 𝑒')(

1 + 𝑒')(

p 线性整流函数（Rectified Linear Unit,ReLU)

𝑅𝑒𝐿𝑈(𝑧) = 𝑚𝑎𝑥(0, 𝑧)



https://theclevermachine.wordpress.com/tag/tanh-function/ 46

激活函数



p 导数：

𝑓5"6%7"89 (𝑥) = 𝑓5"6%7"8(𝑥)(1 − 𝑓5"6%7"8(𝑥))

p 输出范围 [0,1]

p 受生物神经元的启发产生，可以被

看做一个人工神经元在当前输入下

被“激活”的概率

p 边界值会使梯度消失（为什么？）

47

激活函数

逻辑Sigmoid函数

𝑓5"6%7"8(𝑥) =
1

1 + 𝑒/0



p 导数：

𝑓:;<=9 (𝑥) = 1 − 𝑓:;<=(𝑥)&

p 负值较大的输入经过tanh函数会

映射为负输出

p 只有接近零的输入会被映射为接

近零的输出

p 使网络训练时被“卡住”的可能

性降低

https://theclevermachine.wordpress.com/tag/tanh-function/ 48

激活函数

Tanh函数

𝑓:;<=(𝑥) =
𝑠𝑖𝑛ℎ(𝑥)
𝑐𝑜𝑠ℎ(𝑥) =

𝑒0 − 𝑒/0

𝑒0 + 𝑒/0

/HFWXUH���� ���-DQ�����)HL�)HL�/L�	�$QGUHM�.DUSDWK\�	�-XVWLQ�-RKQVRQ)HL�)HL�/L�	�$QGUHM�.DUSDWK\�	�-XVWLQ�-RKQVRQ /HFWXUH���� ���-DQ�������

$FWLYDWLRQ�)XQFWLRQV

WDQK�[�

� 6TXDVKHV�QXPEHUV�WR�UDQJH�>����@
� ]HUR�FHQWHUHG��QLFH�
� VWLOO�NLOOV�JUDGLHQWV�ZKHQ�VDWXUDWHG���

>/H&XQ�HW�DO�������@



p 导数：

𝑓>?@A9 (𝑥) = >1 𝑖𝑓 𝑥 > 0
0 𝑖𝑓 𝑥 ≤ 0

p 另一个版本Noise ReLU：
𝑓B7"CD>?@A(𝑥) = 𝑚𝑎𝑥(0, 𝑥 + 𝑁(0, 𝛿(𝑥)))

p ReLU可以被近似为softplus函数
𝑓57E:FGHC(𝑥) = 𝑙𝑜𝑔(1 + 𝑒0)

p 𝑥增加时ReLU的梯度不会消失

p 可以用来对正值输入进行建模

p 由于无需计算指数函数，所以它的计
算速度很快

p 使用它可以不再需要“预训练”过程

http://static.googleusercontent.com/media/research.google.com/en//pubs/archive/40811.pdf 49

激活函数

ReLU函数(rectified linear unit)
函数

𝑓>?@A(𝑥) = 𝑚𝑎𝑥(0, 𝑥)

ReLU可以被近似为softplus函数

𝑓57E:FGHC(𝑥) = 𝑙𝑜𝑔(1 + 𝑒0)

其他激活函数：
Leaky ReLU, Exponential LU, Maxout 等



p 非线性取决于激活或者未激活的神经
元构成的传播路径的选择

p 允许稀疏表示：
• 对于特定的输入，只有一部分神经元

是活跃的

http://www.jmlr.org/proceedings/papers/v15/glorot11a/glorot11a.pdf 50

激活函数

ReLU函数(rectified linear unit)
函数

𝑓>?@A(𝑥) = 𝑚𝑎𝑥(0, 𝑥)

ReLU可以被近似为softplus函数

𝑓57E:FGHC(𝑥) = 𝑙𝑜𝑔(1 + 𝑒0)

激活信号和梯度的稀疏传播
其他激活函数：
Leaky ReLU, Exponential LU, Maxout 等
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损失函数

02



https://www4.rgu.ac.uk/files/chapter3%20-%20bp.pdf 52

误差/损失函数

p 随机梯度下降
• 从随机抽取的样本中进行更新（实际上执行批处理更新）：

𝑤 = 𝑤 − 𝜂
𝜕ℒ(𝑤)
𝜕𝑤

p 一个二值输入的平方误差损失：

ℒ(𝑤) =
1
2
(𝑦 − 𝑓+(𝑥)))

𝑥
输入

𝑓I(𝑥)
输出



53

误差/损失函数

（类标签服从多项分布）

多分类问题的Softmax损失（交叉熵损失）

输出 标签

隐藏层 输出层

𝑦$

𝑦3

𝑤*,,
! 𝑛𝑒𝑡!

! ℎ!
!

∑ 𝑓 !

𝑛𝑒𝑡"
! ℎ"

!

𝑛𝑒𝑡-
! ℎ-

!

𝑤),*
"

𝑛𝑒𝑡!
"

𝑛𝑒𝑡)
"

𝑑$

𝑑3

∑ 𝑓 !

∑ 𝑓 !

∑ 𝑓 "

∑ 𝑓 "

One hot编码的类标签

ℒ(𝑤) = −'
3

𝑑3𝑙𝑜𝑔 6𝑦3 6𝑦3 =
𝑒𝑥𝑝(∑!𝑤3,!

& ℎ!
$ )

∑3! 𝑒𝑥𝑝 ∑!𝑤3!,!
& ℎ!

$其中



深度学习思想简介
张伟楠- 上海交通大学



什么是深度学习？

55

p 深度学习是一种有着多个层次的表征学习（representation-

learning）方式

p 通过简单但非线性的模块自动地将每个层次的特征（从原始输入开

始）转变为更高级抽象的表征形式

p 主要通过神经网络实现

LeCun, Bengio and Hinton. Deep Learning. Nature 2015.

定义



深度神经网络 (DNN)

56

具有许多隐藏层的多层感知机



训练深度网络的难点

57

p 缺乏大数据

• 现在我们有很多大数据

p 缺乏计算资源

• 现在我们有 GPU 和 HPC

p 容易进入（坏的）局部最小值

• 现在我们可以使用预训练技术和各种优化算法

p 梯度消失

• 现在我们可以使用ReLU，批标准化，残差网络等方法

p 正则化

• 现在我们可以使用dropout方法



大数据时代à新的AI时代

58

p 随着“大数据”概念的兴起，许多先进的大数据分布式数据处理系

统被发明

• MapReduce，BigTable，Hadoop，Spark，Ray等

p 公司有意识地收集、存储和规范化数据，并且进行数据挖掘

• 谷歌，亚马逊，Facebook，百度，阿里巴巴，头条等

• 高校、餐厅、交通局、医院等

p 有越来越多的大数据专家和技术人员

p 出现了收集和清理大数据的更好机制

• 众包平台比如Amazon Mechanism Turk，CloudFlower等



图像数据集：ImageNet

59

p 统计数据（2010年4月30日更新）
• 非空概念总数: 21,841
• 图像总数: 14,197,122
• 带边界框注释的图像数量: 1,034,908
• 有 SIFT 特征的概念数量: 1,000
• 有 SIFT 特征的图像数量: 120 万张

http://image-net.org/about-stats



文本数据集：Wikipedia

60

p 5,903,353 篇英文文章 (2019年8月更新)

http://wikipedialivecount.com/

p Wikipedia是一个基于网络、多语言、免费的百科全书，其内容是
公开可编辑和可查看的



行为数据集:Criteo

61

p Criteo Terabyte 数据集包含一个月的点击日志，其中有数十亿个
数据实例

p 统计
• 实例: 10+

• 分类特征: 10)

• 域: 39

http://labs.criteo.com/2013/12/download-terabyte-click-logs/



通过 GPU 计算

62

p GPU 之所以这么快，是因为它们对于矩阵乘法和卷积操作非常有效

p “CPU 优化延迟，而 GPU 优化带宽"

https://www.quora.com/Why-are-GPUs-well-suited-to-deep-learning

p 神经网络通过张量（tensor）计算



CPU 的工作原理

63

p CPU 的最大好处是它的灵活性
• 凭借其 Von Neumann 架构可以为数百万种不同的应用程序加载任何

类型的软件

p 硬件在从软件读取下一个指令之前并不确定其下一个计算是什么

https://cloud.google.com/blog/products/ai-machine-learning/what-makes-tpus-fine-tuned-for-deep-learning



GPU 的工作原理

64

p GPU 体系结构适用于具有大量并行性的应用程序
• 神经网络中的矩阵乘法

p Nvidia 1080Ti GPU 有 3584 个内核，A100 GPU 有 6912 个内核

p GPU 仍然是一个通用处理器，必须支持数百万种不同的应用程序和软件

p TPU 是专门为深度学习中的张量计算设计的

https://cloud.google.com/blog/products/ai-machine-learning/what-makes-tpus-fine-tuned-for-deep-learning



梯度消失问题的解决方法
张伟楠 - 上海交通大学
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ReLU
函数

01



梯度消失问题

68
https://www.quora.com/Why-are-GPUs-well-suited-to-deep-learning

p Sigmoid激活函数

p 梯度范围可能会变得越来越小

p 在反向传播超过 5 层后，梯度可能会消失

𝜎(𝑧) =
1

1 + 𝑒/J ∈ (0,1)

)𝜕𝜎(𝑧
𝜕𝑧 = 𝜎(𝑧)(1 − 𝜎(𝑧)) ∈ (0,0.25)

𝛥𝑤*,,
! = −𝜂

)𝜕𝐸(𝑊

𝜕𝑤*,,
! = −𝜂

)𝜕𝐸(𝑊

𝜕ℎ*
!

𝜕ℎ*
!

𝜕𝑤*,,
! = 𝜂D

)

𝑑) − 𝑦) 𝑓 "
. (𝑛𝑒𝑡)

" )𝑤),*
" 𝑥,𝑓 !

. (𝑛𝑒𝑡*
! ) = 𝜂𝛿*𝑥,

(0,0.25) (0,0.25)



p 导数：

𝑓>?@A9 (𝑥) = >1 𝑖𝑓 𝑥 > 0
0 𝑖𝑓 𝑥 ≤ 0

p 另一个版本Noise ReLU：
𝑓B7"CD>?@A(𝑥) = 𝑚𝑎𝑥(0, 𝑥 + 𝑁(0, 𝛿(𝑥)))

p ReLU可以被近似为softplus函数
𝑓57E:FGHC(𝑥) = 𝑙𝑜𝑔(1 + 𝑒0)

p 𝑥增加时ReLU的梯度不会消失

p 可以用来对正值输入进行建模

p 由于无需计算指数函数所以它的计算
速度很快

p 使用它可以不再需要“预训练”过程

http://static.googleusercontent.com/media/research.google.com/en//pubs/archive/40811.pdf 69

激活函数

ReLU函数(rectified linear unit)
函数

𝑓>?@A(𝑥) = 𝑚𝑎𝑥(0, 𝑥)
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深度残差
网络

02



ResNet：深度残差网络

71

p 有时，即使是在训练数据上更深层的网络性能也可能比较浅层的网
络差

p 训练深度网络的困难性：



ResNet：深度残差网络

72
https://www.quora.com/Why-are-GPUs-well-suited-to-deep-learning

p 一个ResNet的构造块



残差网络在ImageNet上的表现

73

p 细线表示训练误差，粗线表示验证误差

p 与普通网络相比，残差网络没有额外的参数

18层和34层的普通网络 18层和34层的残差网络
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批标准化

03



批标准化（Batch Normalization）

75

p 内部协变量变化 (Covariate Shift)
• 某一层神经网络的输入分布会发生变化

Batch Normalization: Accelerating Deep Network Training by Reducing Internal Covariate Shift. Sergey Ioffe, Christian Szegedy. ICML2015
https://www.zhihu.com/question/283715823 https://zhuanlan.zhihu.com/p/33173246

注意：

𝛾和𝛽可以

被学出来

https://www.zhihu.com/question/283715823
https://zhuanlan.zhihu.com/p/33173246


批标准化实验

76

（a）在MNIST数据
集上的测试准确率

Batch Normalization: Accelerating Deep Network Training by Reducing Internal Covariate Shift. Sergey Ioffe, 
Christian Szegedy. ICML2015

（b,c）输入到sigmoid函数的数据在训练过程中的分布
变化，图中分别代表15%，50%，85%的数据



陷入局部最小的解决方法
张伟楠 - 上海交通大学
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深度信念
网络

01



80

差的局部最小值



预训练：寻找一个好的网络初始化

81

p 使用神经网络的无监督学习

p 基本思想：使用神经网络恢复数据

p 限制玻尔兹曼机

可见单元

隐藏单元

𝑣
ℎ



受限玻尔兹曼机（RBM）

82

p 限制玻尔兹曼机（restricted Boltzmann machine, RBM）是一种
可以通过输入数据集学习概率分布的随机生成神经网络

p 无向图模型
• 受限：可见(隐藏)单元没有相互连接
• 势能函数

𝑝(𝑣, ℎ) =
1
𝑍 𝑒

)/K(L,=

𝐸(𝑣, ℎ) = −'
"

𝑏"𝑣" −'
!

𝑏!ℎ! −'
",!

𝑣"𝑤",!ℎ!

定义

可见单元

隐藏单元

𝑣
ℎ



深度信念网络（DBN）

83Hinton, Geoffrey E., and Ruslan R. Salakhutdinov. "Reducing the dimensionality of data with neural 
networks." science 313.5786 (2006): 504-507.



潜在因子分析

84Hinton, Geoffrey E., and Ruslan R. Salakhutdinov. "Reducing the dimensionality of data with neural 
networks." science 313.5786 (2006): 504-507.

基于PCA的潜在因子分析
基于一个由DBN训练的2000-
500-250-125-2的自编码器的潜在
因子分析
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Adam
算法

02



带动量的梯度算法

86

p 适应性矩估计(Adam: Adaptive Moment Estimation)

• 存储过去时刻梯度的指数衰减平均值𝑚"，类似于动量，使用一阶指数平滑（对历史
梯度进行正负抵消）

• 存储过去时刻梯度平方的指数衰减平均值𝑣"，类似于动能，对应自适应学习率
• 例如，某一维度在迭代过程中一直以很大的梯度进行更新，表明此方向梯度变换较为剧烈（不稳

定），因此可减小学习率；反之，如果某一维度一直以很小的梯度进行更新，证明此方向梯度变换
较为稳定，因此可以加大学习率。

Kingma, Diederik P., and Jimmy Ba. "Adam: A method for stochastic optimization." ICLR 2015.

g𝑚: =
𝑚:

1 − 𝛽$:

6𝑣: =
𝑣:

1 − 𝛽&:

𝑣: = 𝛽&𝑣:/$ + (1 − 𝛽&)𝑔:&
𝑚: = 𝛽$𝑚:/$ + (1 − 𝛽$)𝑔:

𝜃:M$ = 𝜃: −
𝜂
6𝑣: + 𝜖

g𝑚:

由于𝑚:和𝑣:初始
化为0，需要偏置
校正估计值

𝛽$的默认值为0.9，𝛽&的默认值

为0.999，𝜖的默认值为10/+
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各类梯度方法的效果对比

各类梯度算法 Adam梯度算法



Adam实验

88

p 在MNIST图像和IMDB电影评论上逻辑回归训练负对数似然

p IMDB电影评论具有10,000个词袋（BoW）特征向量

Kingma, Diederik P., and Jimmy Ba. "Adam: A method for stochastic optimization." ICLR 2015.



深度学习中的正则化
张伟楠- 上海交通大学



神经网络正则化

90

p 在训练阶段，每个小批量训练时随机禁用网络中一部分节点及其连接

Srivastava, Nitish, et al. "Dropout: a simple way to prevent neural networks from overfitting." JMLR 2014.

Dropout



Dropout实验

91

p 使用dropout和不使用dropout的不同网络结构在MNIST上的测试
误差

p 网络有2到4个隐藏层，每个层有1024到2048个单元



REVIEW：训练深度网络的难点及近年发展

92

p 缺乏大数据

• 现在我们有很多大数据

p 缺乏计算资源

• 现在我们有 GPU 和 HPC

p 容易进入（坏的）局部最小值

• 现在我们可以使用预训练技术和各种优化算法

p 梯度消失

• 现在我们可以使用ReLU，批标准化，残差网络等方法

p 正则化

• 现在我们可以使用dropout方法



卷积神经网络

张伟楠 – 上海交通大学
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卷积神经网络

01



卷积神经网络：感受野

Hubel D.H. : The Visual Cortex of the Brain Sci Amer 209:54-62, 1963 96

“On” Center Field

“Off” Center Field

Light On
p 视网膜中的神经元只响应视野

的受限区域中的光刺激

p 两个视网膜神经节细胞感受野
的动物实验
• 视野是视网膜的圆形区域
• 当中心点亮周围变暗时，细胞

（上部）响应
• 当中心变暗并且周围照亮时，

细胞（下部）响应
• 当中心和周围都被照亮时，两

个单元都给出响应和关闭响应，
但都没有响应像只有中心或周
围被照亮时那样强烈

感受野



卷积神经网络

http://deeplearning.net/tutorial/lenet.html 97

p 通过局部相关性稀疏连接
• 过滤器：m层中隐藏单元的输入来自m-1层中具有空间连接的感受野的

单元的子集

p 共享权重
• 每个过滤器都在整个视野中复制。 这些复制的单元共享相同的权重并形

成特征映射。

3.2 Translational invariance with convolutional neural networks

In the previous section, we see that using locality structures significantly reduces the number of connections.
Even further reduction can be achieved via another technique called “weight sharing.” In weight sharing,
some of the parameters in the model are constrained to be equal to each other. For example, in the following
layer of a network, we have the following constraints w1 = w4 = w7, w2 = w5 = w8 and w3 = w6 = w9

(edges that have the same color have the same weight):

With these constraints, the model can be quite compact in terms of number of actual parameters. Instead
of storing all the weights from w1 to w9, we only need to store w1, w2, w3. Values for other connections
can then be derived from these three values.

This idea of sharing the weights resembles an important operation in signal processing known as con-
volution. In convolution, we can apply a “filter” (a set of weights) to many positions in the input signals.
In practice, this type of networks also comes with another layer known as the “max-pooling layer.” The
max-pooling layer computes the max value of a selected set of output neurons from the convolutional layer
and uses these as inputs to higher layers:

An interesting property of this approach is that the output of the max-pooling neurons are invariant
to shifts in the inputs. To see this, consider the following two examples: x1 = [0, 1, 0, 0, 0, 0, 0, ...] and
x2 = [0, 0, 0, 1, 0, 0, 0, ...] which can be thought of as two 1D input images, each with one white dot. Two
images are the same, except that in x2, the white dot gets shifted two pixels to the right compared to x1.

We can see that as the dot moves 2 pixels to the right, the value of the first max pooling neuron changes
from w2 to w5. But as w2 = w5, the value of the neuron is unchanged:

This property, that the outputs of the system are invariant to translation, is also known as translational
invariance. Translational invariant systems are typically e↵ective for natural data (such as images, sounds

6

相同颜色的边权重相同

一维情况

m层

二维情况(下标是权重)

m-1层 m层的一
个过滤器

m-1层



卷积神经网络(CNN)

[Y. LeCun, L. Bottou, Y. Bengio, and P. Haffner. "Gradient-based learning 
applied to document recognition." Proceedings of the IEEE, 86(11) 1998]

98



卷积层

99

p 范例：具有3x3过滤器的10x10输入图像产生8x8输出图像

f

Input image 10x10 8x8

Convolutions



卷积层

100

p 范例：具有3x3过滤器的10x10输入图像产生8x8输出图像
p 三个不同的过滤器(权重不同)产生3张8×8的图像

Activation 
functionInput image Feature map10x10 8x8kernel3x3

f

f

f

Convolutions



下采样池化层

101

p 将输入图像划分为一组非重叠矩形，并且对于每个这样的子区域，输
出最大值或平均值

p 优点
• 减少计算
• 是一种获取给定兴趣区域
响应最强烈的节点的方法

p 缺点
• 可能会导致准确的空间信
息丢失

池化

最大池化

最大池化

2x2过滤器
中最大值

平均池化

2x2过滤器
中平均值

Sampling
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使用案例

02



使用案例：面部识别

103



使用案例：数字识别

Y. LeCun, L. Bottou, Y. Bengio, and P. Haffner. "Gradient-based learning applied to document 
recognition." Proceedings of the IEEE, 86(11):2278-2324, November 1998

104

p MNIST(手写数字)数据集
• http://yann.lecun.com/exdb/mnist/

• 60k训练和10k测试示例

p 测试错误率0.95%
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Training error (no distortions)

Test error (no distortions)

Test error
(with distortions)

Training Set Size (x1000)
10 20 30 40 50 60 70 80 90 100

Error Rate (%)

4−>6 3−>5 8−>2 2−>1 5−>3 4−>8 2−>8 3−>5 6−>5 7−>3

9−>4 8−>0 7−>8 5−>3 8−>7 0−>6 3−>7 2−>7 8−>3 9−>4

8−>2 5−>3 4−>8 3−>9 6−>0 9−>8 4−>9 6−>1 9−>4 9−>1

9−>4 2−>0 6−>1 3−>5 3−>2 9−>5 6−>0 6−>0 6−>0 6−>8

4−>6 7−>3 9−>4 4−>6 2−>7 9−>7 4−>3 9−>4 9−>4 9−>4

8−>7 4−>2 8−>4 3−>5 8−>4 6−>5 8−>5 3−>8 3−>8 9−>8

1−>5 9−>8 6−>3 0−>2 6−>5 9−>5 0−>7 1−>6 4−>9 2−>1

2−>8 8−>5 4−>9 7−>2 7−>2 6−>5 9−>7 6−>1 5−>6 5−>0

4−>9 2−>8

用LeNet-5网络上总共只有82个错误
左边是正确的答案，右边是预测的答案



更一般的图像识别

Russakovsky O, Deng J, Su H, et al. Imagenet large scale visual recognition challenge[J]. 
International Journal of Computer Vision, 2015, 115(3): 211-252.
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p ImageNet数据集
• 超过15M标记的高分辨率图片
• 大约22K类别
• 从网站收集并由亚马逊
Mechanical Turk标记

p 图像/场景分类挑战赛
• 图像/场景分类
• 指标： Hit@5错误率 - 对图像

标签给出5个猜测

http://cognitiveseo.com/blog/6511/will-google-read-rank-images-
near-future/

12 Olga Russakovsky* et al.

Fig. 4 Random selection of images in ILSVRC detection validation set. The images in the top 4 rows were taken from
ILSVRC2012 single-object localization validation set, and the images in the bottom 4 rows were collected from Flickr using
scene-level queries.

tage of all the positive examples available. The second
source (24%) is negative images which were part of the
original ImageNet collection process but voted as neg-
ative: for example, some of the images were collected
from Flickr and search engines for the ImageNet synset
“animals” but during the manual verification step did
not collect enough votes to be considered as containing
an “animal.” These images were manually re-verified
for the detection task to ensure that they did not in
fact contain the target objects. The third source (13%)

is images collected from Flickr specifically for the de-
tection task. These images were added for ILSVRC2014
following the same protocol as the second type of images
in the validation and test set. This was done to bring
the training and testing distributions closer together.



ImageNet图像分类天梯图

http://karpathy.github.io/2014/09/02/what-i-learned-from-competing-against-a-convnet-on-imagenet/)
Russakovsky O, Deng J, Su H, et al. Imagenet large scale visual recognition challenge[J]. International Journal 
of Computer Vision, 2015, 115(3): 211-252.

106

24 Olga Russakovsky* et al.

Image classification

Year Codename Error (percent) 99.9% Conf Int
2014 GoogLeNet 6.66 6.40 - 6.92

2014 VGG 7.32 7.05 - 7.60
2014 MSRA 8.06 7.78 - 8.34
2014 AHoward 8.11 7.83 - 8.39
2014 DeeperVision 9.51 9.21 - 9.82
2013 Clarifai† 11.20 10.87 - 11.53
2014 CASIAWS† 11.36 11.03 - 11.69
2014 Trimps† 11.46 11.13 - 11.80
2014 Adobe† 11.58 11.25 - 11.91
2013 Clarifai 11.74 11.41 - 12.08

2013 NUS 12.95 12.60 - 13.30
2013 ZF 13.51 13.14 - 13.87
2013 AHoward 13.55 13.20 - 13.91
2013 OverFeat 14.18 13.83 - 14.54
2014 Orange† 14.80 14.43 - 15.17
2012 SuperVision† 15.32 14.94 - 15.69
2012 SuperVision 16.42 16.04 - 16.80

2012 ISI 26.17 25.71 - 26.65
2012 VGG 26.98 26.53 - 27.43
2012 XRCE 27.06 26.60 - 27.52
2012 UvA 29.58 29.09 - 30.04

Single-object localization

Year Codename Error (percent) 99.9% Conf Int
2014 VGG 25.32 24.87 - 25.78

2014 GoogLeNet 26.44 25.98 - 26.92
2013 OverFeat 29.88 29.38 - 30.35

2014 Adobe† 30.10 29.61 - 30.58
2014 SYSU 31.90 31.40 - 32.40
2012 SuperVision† 33.55 33.05 - 34.04
2014 MIL 33.74 33.24 - 34.25
2012 SuperVision 34.19 33.67 - 34.69

2014 MSRA 35.48 34.97 - 35.99
2014 Trimps† 42.22 41.69 - 42.75
2014 Orange† 42.70 42.18 - 43.24
2013 VGG 46.42 45.90 - 46.95
2012 VGG 50.03 49.50 - 50.57
2012 ISI 53.65 53.10 - 54.17
2014 CASIAWS† 61.96 61.44 - 62.48

Object detection

Year Codename AP (percent) 99.9% Conf Int
2014 GoogLeNet† 43.93 42.92 - 45.65
2014 CUHK† 40.67 39.68 - 42.30
2014 DeepInsight† 40.45 39.49 - 42.06
2014 NUS 37.21 36.29 - 38.80

2014 UvA† 35.42 34.63 - 36.92
2014 MSRA 35.11 34.36 - 36.70
2014 Berkeley† 34.52 33.67 - 36.12
2014 UvA 32.03 31.28 - 33.49
2014 Southeast 30.48 29.70 - 31.93
2014 HKUST 28.87 28.03 - 30.20
2013 UvA 22.58 22.00 - 23.82

2013 NEC† 20.90 20.40 - 22.15
2013 NEC 19.62 19.14 - 20.85
2013 OverFeat† 19.40 18.82 - 20.61
2013 Toronto 11.46 10.98 - 12.34
2013 SYSU 10.45 10.04 - 11.32
2013 UCLA 9.83 9.48 - 10.77

Table 8 We use bootstrapping to construct 99.9% confi-
dence intervals around the result of up to top 5 submissions
to each ILSVRC task in 2012-2014. †means the entry used
external training data. The winners using the provided data
for each track and each year are bolded. The di↵erence be-
tween the winning method and the runner-up each year is
significant even at the 99.9% level.

Fig. 10 For each object class, we consider the best perfor-
mance of any entry submitted to ILSVRC2012-2014, includ-
ing entries using additional training data. The plots show
the distribution of these “optimistic” per-class results. Perfor-
mance is measured as accuracy for image classification (left)
and for single-object localization (middle), and as average
precision for object detection (right). While the results are
very promising in image classification, the ILSVRC datasets
are far from saturated: many object classes continue to be
challenging for current algorithms.

dence interval. We run a large number of bootstrap-
ping rounds (from 20,000 until convergence). Table 8
shows the results of the top entries to each task of
ILSVRC2012-2014. The winning methods are statis-
tically significantly di↵erent from the other methods,
even at the 99.9% level.

6.3 Current state of categorical object recognition

Besides looking at just the average accuracy across hun-
dreds of object categories and tens of thousands of im-
ages, we can also delve deeper to understand where
mistakes are being made and where researchers’ e↵orts
should be focused to expedite progress.

To do so, in this section we will be analyzing an
“optimistic” measurement of state-of-the-art recogni-
tion performance instead of focusing on the di↵erences
in individual algorithms. For each task and each object
class, we compute the best performance of any entry
submitted to any ILSVRC2012-2014, including meth-
ods using additional training data. Since the test sets
have remained the same, we can directly compare all
the entries in the past three years to obtain the most
“optimistic” measurement of state-of-the-art accuracy
on each category.

For consistency with the object detection metric
(higher is better), in this section we will be using image
classification and single-object localization accuracy in-
stead of error, where accuracy = 1� error.

6.3.1 Range of accuracy across object classes

Figure 10 shows the distribution of accuracy achieved
by the “optimistic” models across the object categories.
The image classification model achieves 94.6% accu-
racy on average (or 5.4% error), but there remains a
41.0% absolute di↵erence inaccuracy between the most

在一个子集非官方公布的人为错误约为5.1％
为什么还有人为错误？标记时，人类评价者判断它是否属于某一类（二分类）; 挑战时是1000级分类问题。

2015   ResNet (ILSVRC’15) 3.57

GoogLeNet, 22层

微软残差网络，152层

U. of Toronto, SuperVision, 7层

http://karpathy.github.io/2014/09/02/what-i-learned-from-competing-against-a-convnet-on-imagenet/


使用案例：文本分类

Kim, Y. 2014. Convolutional neural networks for sentence classification. EMNLP 2014. 107

p 词嵌入：将每个单词映射到k维向量

p CNN核：nxk的矩阵，用于探索相邻的n个单词的模式(patterns)

p Max-per-time pooling：从每个核中找到最突出的文本模式

p MLP：进一步特征交互和提炼高级模式



文本分类实验

108Kim, Y. 2014. Convolutional neural networks for sentence classification. EMNLP 2014.



循环神经网络

张伟楠 – 上海交通大学



http://www.wildml.com/2015/09/recurrent-neural-networks-tutorial-part-1-introduction-to-rnns 110

循环神经网络(RNN)
p 从前馈神经网络到循环神经网络

• 前馈神经网络一个有向无环图，无自连边
• 循环神经网络有一条自连的边，将隐层信息随着时间步往前传



http://www.wildml.com/2015/09/recurrent-neural-networks-tutorial-part-1-introduction-to-rnns 111

循环神经网络(RNN)
p 从前馈神经网络到循环神经网络

• 前馈神经网络一个有向无环图，无自连边
• 循环神经网络有一条自连的边，将隐层信息随着时间步往前传



https://towardsdatascience.com/illustrated-guide-to-lstms-and-gru-s-a-step-by-step-explanation-44e9eb85bf21 112

RNN工作原理图示

𝑂B

ℎBCD

𝑥B

ℎn = tanh 𝐖o𝑥n +𝐖pℎnqo
= tanh 𝐖 𝑥n, ℎnqo

𝑜n = 𝜎(𝐕ℎn)

ℎB
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RNN的工作方式

把 接起来
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RNN的工作方式
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RNN的工作方式



在上图例子中，BPTT让t+1时间步的损失梯度更新了：
• V一次，W2两次，W1三次 116

RNN的反向传播学习
Backpropagation through time (BPTT)
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不同的RNNs

p 不同任务不同结构

p 强烈推荐Andrej Karpathy的博客
• http://karpathy.github.io/2015/05/21/rnn-effectiveness/

普通
神经网络

图片字幕
文本生成

文本分类
情感分析

机器翻译
对话系统

股价估算
视频帧分类



http://karpathy.github.io/2015/05/21/rnn-effectiveness/ 118

使用案例：语言模型
p 词级甚至字符级语言模型

• 基于以前的单词/字符，预测下一个



http://www.wildml.com/2015/09/recurrent-neural-networks-tutorial-part-1-introduction-to-rnns/ 119

使用案例：机器翻译
• 编码/解码RNN
• 首先，对输入句子进行编码（转换为矢量，例如ℎ,）
• 然后将矢量解码成另一种语言的句子



http://colah.github.io/posts/2015-08-Understanding-LSTMs/ 120

RNN的问题
• 无法很好地利用早期信息

间隔依赖(Gap dependency)

长期依赖



长短期记忆网络

张伟楠 – 上海交通大学



http://colah.github.io/posts/2015-08-Understanding-LSTMs
Hochreiter, Sepp, and Jürgen Schmidhuber. "Long short-term memory." Neural computation 9.8 (1997): 1735-1780 122

长短期记忆网络(LSTM)
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LSTM细胞
• LSTM细胞学会决定记住/忘记哪些内容

http://colah.github.io/posts/2015-08-Understanding-LSTMs
Hochreiter, Sepp, and Jürgen Schmidhuber. "Long short-term memory." Neural computation 9.8 (1997): 1735-1780

st−1 st

xt

ct−1 ct

ot
...

f i o

输入门

遗忘门

输出门

“候选”隐藏状态

细胞内存

隐藏状态

st−1

xt

ot...

st
st = tanh(xtU+ st−1W)

RNN细胞

LSTM细胞 σ：sigmoid(将信号控制在0和1之间；ο:元素对位相乘)



https://towardsdatascience.com/illustrated-guide-to-lstms-and-gru-s-a-step-by-step-explanation-44e9eb85bf21
124

LSTM工作原理图示

遗忘门 𝑜n = 𝜎(𝐕ℎn)

𝑐nqo

ℎnqo

𝑐n

ℎn

𝑥n



https://towardsdatascience.com/illustrated-guide-to-lstms-and-gru-s-a-step-by-step-explanation-44e9eb85bf21
125

LSTM工作原理图示

输入门 𝑜n = 𝜎(𝐕ℎn)

𝑐nqo

ℎnqo

𝑐n

ℎn

𝑥n
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LSTM工作原理图示

内部细胞门
𝑜n = 𝜎(𝐕ℎn)

𝑐nqo

ℎnqo

𝑐n

ℎn

𝑥n

https://towardsdatascience.com/illustrated-guide-to-lstms-and-gru-s-a-step-by-step-explanation-44e9eb85bf21
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LSTM工作原理图示

输出门
𝑜n = 𝜎(𝐕ℎn)

𝑐nqo

ℎnqo

𝑐n

ℎn

𝑥n

https://towardsdatascience.com/illustrated-guide-to-lstms-and-gru-s-a-step-by-step-explanation-44e9eb85bf21



长短期记忆网络

张伟楠 – 上海交通大学

使用案例
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使用案例：文本生成

• 关于字符级文本生成的演示

• http://cs.stanford.edu/people/karpathy/recurrentjs/

<START> I love machine learningreally

I love machine learningreally <END>

LSTM

LSTM

Input

Output



Guillaume Lample et al. Neural Architectures for Named Entity Recognition. NAACL-HLT 130

使用案例：命名实体识别



Rong, Xin. "word2vec parameter learning explained." arXiv preprint arXiv:1411.2738 (2014)
Mikolov, Tomas, et al. "Efficient estimation of word representations in vector space." arXiv preprint arXiv:1301.3781 (2013).
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词嵌入(Word Embedding)
• 从词袋(bag of words)到词嵌入

• 用m维的实值向量(ℝ,)表示单词（概念）
𝑣 "cat" = 0.2, −0.4, 0.7,⋯
𝑣 "mat" = (0.0, 0.6, −0.1,⋯ )

• 连续词袋(CBOW)模型(word2vec)
• 输入/输出 词 x/y 是独热编码(one-hot encoded)
• 所有输入词共享隐藏层

连续词袋(CBOW)模型

where C is the number of words in the context, w1, · · · , wC are the words the in the context,
and vw is the input vector of a word w. The loss function is

E = = � log p(wO|wI,1, · · · , wI,C) (19)

= �uj⇤ + log
VX

j0=1

exp(uj0) (20)

= �v
0
wO

T · h+ log
VX

j0=1

exp(v0
wj

T · h) (21)

which is the same as (7), the objective of the one-word-context model, except that h is
di↵erent, as defined in (18) instead of (1).

Input layer

Hidden layer Output layer

WVîN

WVîN

WVîN

W'NîV yjhix2k

x1k

xCk

CîV-dim

N-dim
V-dim

Figure 2: Continuous bag-of-word model

The update equation for the hidden!output weights stay the same as that for the
one-word-context model (11). We copy it here:

v
0
wj

(new) = v
0
wj

(old) � ⌘ · ej · h for j = 1, 2, · · · , V. (22)

Note that we need to apply this to every element of the hidden!output weight matrix for
each training instance.

6
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梯度更新：
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向量表示

V: 词汇量; 
C: 输入词数量;
v: 输入矩阵W的行向量; 
v’: 输出矩阵W’的行向量
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Zou, Will Y., et al. "Bilingual Word Embeddings for Phrase-Based Machine Translation." EMNLP. 2013.
Mikolov, Tomas, Wen-tau Yih, and Geoffrey Zweig. "Linguistic Regularities in Continuous Space Word Representations." HLT-NAACL. 2013.
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词嵌入的卓越属性

• 使用词向量进行简单的代数运算
使用X = v("biggest")- v("big")+ v("small") 作为查询，并基于余弦距离搜索向量空

间中最近的点作为v(“smallest”)

v("woman")−v("man") ≃ v("aunt")−v("uncle")

v("woman")−v("man") ≃ v("queen")−v("king")

通过将两个单词向量相减来定义词的关系，并将结果加上另一个单词。

例如，巴黎 (Paris)- 法国(France)+意大利(Italy)=罗马(Rome)。

Single-prototype English embeddings by Huang

et al. (2012) are used to initialize Chinese em-

beddings. The initialization readily provides a set

(Align-Init) of benchmark embeddings in experi-

ments (Section 4), and ensures translation equiva-

lence in the embeddings at start of training.

3.2.2 Bilingual training

Using the alignment counts, we form alignment

matrices Aen→zh and Azh→en. For Aen→zh, each

row corresponds to a Chinese word, and each col-

umn an English word. An element aij is first as-

signed the counts of when the ith Chinese word is

aligned with the jth English word in parallel text.

After assignments, each row is normalized such that

it sums to one. The matrix Azh→en is defined sim-

ilarly. Denote the set of Chinese word embeddings

as Vzh, with each row a word embedding, and the

set of English word embeddings as Ven. With the

two alignment matrices, we define the Translation

Equivalence Objective:

JTEO-en→zh = ‖Vzh −Aen→zhVen‖
2 (3)

JTEO-zh→en = ‖Ven −Azh→enVzh‖
2 (4)

We optimize for a combined objective during train-

ing. For the Chinese embeddings we optimize for:

JCO-zh + λJTEO-en→zh (5)

For the English embeddings we optimize for:

JCO-en + λJTEO-zh→en (6)

During bilingual training, we chose the value of λ

such that convergence is achieved for both JCO and

JTEO. A small validation set of word similarities

from (Jin and Wu, 2012) is used to ensure the em-

beddings have reasonable semantics. 2

In the next sections, ‘bilingual trained’ embed-

dings refer to those initialized with MT alignments

and trained with the objective defined by Equa-

tion 5. ‘Monolingual trained’ embeddings refer to

those intialized by alignment but trained without

JTEO-en→zh.

2In our experiments, λ = 50.

3.3 Curriculum training

We train 100k-vocabulary word embeddings using

curriculum training (Turian et al., 2010) with Equa-

tion 5. For each curriculum, we sort the vocabu-

lary by frequency and segment the vocabulary by a

band-size taken from {5k, 10k, 25k, 50k}. Separate

bands of the vocabulary are trained in parallel using

minibatch L-BFGS on the Chinese Gigaword cor-

pus 3. We train 100,000 iterations for each curricu-

lum, and the entire 100k vocabulary is trained for

500,000 iterations. The process takes approximately

19 days on a eight-core machine. We show visual-

ization of learned embeddings overlaid with English

in Figure 1. The two-dimensional vectors for this vi-

sualization is obtained with t-SNE (van der Maaten

and Hinton, 2008). To make the figure comprehen-

sible, subsets of Chinese words are provided with

reference translations in boxes with green borders.

Words across the two languages are positioned by

the semantic relationships implied by their embed-

dings.

Figure 1: Overlaid bilingual embeddings: English words
are plotted in yellow boxes, and Chinese words in green;
reference translations to English are provided in boxes
with green borders directly below the original word.

4 Experiments

4.1 Semantic Similarity

We evaluate the Mandarin Chinese embeddings with

the semantic similarity test-set provided by the or-

3Fifth Edition. LDC catelog number LDC2011T13. We only

exclude cna cmn, the Traditional Chinese segment of the cor-

pus.

性别关系的矢量偏移 两个单词的单/复数关系



Bengio, Yoshua, et al. "Neural probabilistic language models." Innovations 
in Machine Learning. Springer Berlin Heidelberg, 2006. 137-186.
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神经语言模型

• N-gram模型

• 给定最后n-1个单词的组合（上下文），

构造下一个单词的条件概率：

!𝑃 𝑤6 𝑤!67! ≈ !𝑃 𝑤6 𝑤6789!67!

• 其中 𝑤2
* = (𝑤2 , 𝑤29!, ⋯ , 𝑤*7!, 𝑤*)

• 神经语言模型

• 将每个单词与用于词嵌入的分布式词向

量相关联

• 用词向量表达单词序列的联合概率函数

• 同时学习词特征向量和概率函数的参数

BENGIO, DUCHARME, VINCENT AND JAUVIN

softmax

tanh

. . . . . .. . .

. . . . . .

. . . . . .

across words

most  computation here

index for index for index for

shared parameters

Matrix

in
look−up
Table

. . .

C

C

wt�1wt�2

C(wt�2) C(wt�1)C(wt�n+1)

wt�n+1

i-th output = P(wt = i | context)

Figure 1: Neural architecture: f (i,wt�1, · · · ,wt�n+1) = g(i,C(wt�1), · · · ,C(wt�n+1)) where g is the
neural network andC(i) is the i-th word feature vector.

parameters of the mapping C are simply the feature vectors themselves, represented by a |V |⇥m
matrixC whose row i is the feature vectorC(i) for word i. The function g may be implemented by a
feed-forward or recurrent neural network or another parametrized function, with parameters ω. The
overall parameter set is θ= (C,ω).

Training is achieved by looking for θ that maximizes the training corpus penalized log-likelihood:

L=
1
T ∑t

log f (wt ,wt�1, · · · ,wt�n+1;θ)+R(θ),

where R(θ) is a regularization term. For example, in our experiments, R is a weight decay penalty
applied only to the weights of the neural network and to theC matrix, not to the biases.3

In the above model, the number of free parameters only scales linearly with V , the number of
words in the vocabulary. It also only scales linearly with the order n : the scaling factor could
be reduced to sub-linear if more sharing structure were introduced, e.g. using a time-delay neural
network or a recurrent neural network (or a combination of both).

In most experiments below, the neural network has one hidden layer beyond the word features
mapping, and optionally, direct connections from the word features to the output. Therefore there
are really two hidden layers: the shared word features layer C, which has no non-linearity (it would
not add anything useful), and the ordinary hyperbolic tangent hidden layer. More precisely, the
neural network computes the following function, with a softmax output layer, which guarantees
positive probabilities summing to 1:

P̂(wt |wt�1, · · ·wt�n+1) =
eywt
∑i eyi

.

3. The biases are the additive parameters of the neural network, such as b and d in equation 1 below.

1142
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基于RNN的语言模型
• 前馈神经网络的局限性：必须固定上下文长度

• RNN解决办法
• 维护一个上下文表示并随着时间更新

Recurrent neural network based language model

Tomáš Mikolov
1,2

, Martin Karafiát
1
, Lukáš Burget

1
, Jan “Honza” Černocký

1
, Sanjeev Khudanpur

2
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2 Department of Electrical and Computer Engineering, Johns Hopkins University, USA

{imikolov,karafiat,burget,cernocky}@fit.vutbr.cz, khudanpur@jhu.edu

Abstract

A new recurrent neural network based language model (RNN
LM) with applications to speech recognition is presented. Re-
sults indicate that it is possible to obtain around 50% reduction
of perplexity by using mixture of several RNN LMs, compared
to a state of the art backoff language model. Speech recognition
experiments show around 18% reduction of word error rate on
the Wall Street Journal task when comparing models trained on
the same amount of data, and around 5% on the much harder
NIST RT05 task, even when the backoff model is trained on
much more data than the RNN LM. We provide ample empiri-
cal evidence to suggest that connectionist language models are
superior to standard n-gram techniques, except their high com-
putational (training) complexity.
Index Terms: language modeling, recurrent neural networks,
speech recognition

1. Introduction

Sequential data prediction is considered by many as a key prob-
lem in machine learning and artificial intelligence (see for ex-
ample [1]). The goal of statistical language modeling is to
predict the next word in textual data given context; thus we
are dealing with sequential data prediction problem when con-
structing language models. Still, many attempts to obtain such
statistical models involve approaches that are very specific for
language domain - for example, assumption that natural lan-
guage sentences can be described by parse trees, or that we
need to consider morphology of words, syntax and semantics.
Even the most widely used and general models, based on n-
gram statistics, assume that language consists of sequences of
atomic symbols - words - that form sentences, and where the
end of sentence symbol plays important and very special role.

It is questionable if there has been any significant progress
in language modeling over simple n-gram models (see for ex-
ample [2] for review of advanced techniques). If we would mea-
sure this progress by ability of models to better predict sequen-
tial data, the answer would be that considerable improvement
has been achieved - namely by introduction of cache models
and class-based models. While many other techniques have
been proposed, their effect is almost always similar to cache
models (that describe long context information) or class-based
models (that improve parameter estimation for short contexts by
sharing parameters between similar words).

If we would measure success of advanced language model-
ing techniques by their application in practice, we would have
to be much more skeptical. Language models for real-world
speech recognition or machine translation systems are built on
huge amounts of data, and popular belief says that more data
is all we need. Models coming from research tend to be com-
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Figure 1: Simple recurrent neural network.

plex and often work well only for systems based on very limited
amounts of training data. In fact, most of the proposed advanced
language modeling techniques provide only tiny improvements
over simple baselines, and are rarely used in practice.

2. Model description

We have decided to investigate recurrent neural networks for
modeling sequential data. Using artificial neural networks in
statistical language modeling has been already proposed by
Bengio [3], who used feedforward neural networks with fixed-
length context. This approach was exceptionally successful
and further investigation by Goodman [2] shows that this sin-
gle model performs better than mixture of several other models
based on other techniques, including class-based model. Later,
Schwenk [4] has shown that neural network based models pro-
vide significant improvements in speech recognition for several
tasks against good baseline systems.

A major deficiency of Bengio’s approach is that a feedfor-
ward network has to use fixed length context that needs to be
specified ad hoc before training. Usually this means that neural
networks see only five to ten preceding words when predicting
the next one. It is well known that humans can exploit longer
context with great success. Also, cache models provide comple-
mentary information to neural network models, so it is natural
to think about a model that would encode temporal information
implicitly for contexts with arbitrary lengths.

Recurrent neural networks do not use limited size of con-
text. By using recurrent connections, information can cycle in-
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Elman的RNN语言模型

s(t)表示网络状态(隐藏层): 𝑆* 𝑡 = 𝑓 9
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学习视觉语言对齐

• 区域CNN +双向RNN

• 通过一个共同的多模式嵌入空间将这两种方式联系起来

image-sentence score as a function of the individual region-
word scores. Intuitively, a sentence-image pair should have
a high matching score if its words have a confident support
in the image. The model of Karpathy et a. [24] interprets the
dot product vTi st between the i-th region and t-th word as a
measure of similarity and use it to define the score between
image k and sentence l as:

Skl =
X

t2gl

X

i2gk

max(0, vTi st). (7)

Here, gk is the set of image fragments in image k and gl
is the set of sentence fragments in sentence l. The indices
k, l range over the images and sentences in the training set.
Together with their additional Multiple Instance Learning
objective, this score carries the interpretation that a sentence
fragment aligns to a subset of the image regions whenever
the dot product is positive. We found that the following
reformulation simplifies the model and alleviates the need
for additional objectives and their hyperparameters:

Skl =
X

t2gl

maxi2gkv
T
i st. (8)

Here, every word st aligns to the single best image region.
As we show in the experiments, this simplified model also
leads to improvements in the final ranking performance.
Assuming that k = l denotes a corresponding image and
sentence pair, the final max-margin, structured loss remains:

C(✓) =
X

k

hX

l

max(0, Skl � Skk + 1)

| {z }
rank images

(9)

+
X

l

max(0, Slk � Skk + 1)

| {z }
rank sentences

i
.

This objective encourages aligned image-sentences pairs to
have a higher score than misaligned pairs, by a margin.

3.1.4 Decoding text segment alignments to images

Consider an image from the training set and its correspond-
ing sentence. We can interpret the quantity vTi st as the un-
normalized log probability of the t-th word describing any
of the bounding boxes in the image. However, since we are
ultimately interested in generating snippets of text instead
of single words, we would like to align extended, contigu-
ous sequences of words to a single bounding box. Note that
the naı̈ve solution that assigns each word independently to
the highest-scoring region is insufficient because it leads to
words getting scattered inconsistently to different regions.

To address this issue, we treat the true alignments as latent
variables in a Markov Random Field (MRF) where the bi-
nary interactions between neighboring words encourage an

Figure 3. Diagram for evaluating the image-sentence score Skl.
Object regions are embedded with a CNN (left). Words (enriched
by their context) are embedded in the same multimodal space with
a BRNN (right). Pairwise similarities are computed with inner
products (magnitudes shown in grayscale) and finally reduced to
image-sentence score with Equation 8.

alignment to the same region. Concretely, given a sentence
with N words and an image with M bounding boxes, we
introduce the latent alignment variables aj 2 {1 . . .M} for
j = 1 . . . N and formulate an MRF in a chain structure
along the sentence as follows:

E(a) =
X

j=1...N

 U
j (aj) +

X

j=1...N�1

 B
j (aj , aj+1) (10)

 U
j (aj = t) = vTi st (11)

 B
j (aj , aj+1) = � [aj = aj+1]. (12)

Here, � is a hyperparameter that controls the affinity to-
wards longer word phrases. This parameter allows us to
interpolate between single-word alignments (� = 0) and
aligning the entire sentence to a single, maximally scoring
region when � is large. We minimize the energy to find the
best alignments a using dynamic programming. The output
of this process is a set of image regions annotated with seg-
ments of text. We now describe an approach for generating
novel phrases based on these correspondences.

3.2. Multimodal Recurrent Neural Network for

generating descriptions

In this section we assume an input set of images and their
textual descriptions. These could be full images and their
sentence descriptions, or regions and text snippets, as in-
ferred in the previous section. The key challenge is in the
design of a model that can predict a variable-sized sequence
of outputs given an image. In previously developed lan-
guage models based on Recurrent Neural Networks (RNNs)
[40, 50, 10], this is achieved by defining a probability distri-
bution of the next word in a sequence given the current word
and context from previous time steps. We explore a simple

Image Annotation Image Search
Model R@1 R@5 R@10 Med r R@1 R@5 R@10 Med r

Flickr30K

SDT-RNN (Socher et al. [49]) 9.6 29.8 41.1 16 8.9 29.8 41.1 16
Kiros et al. [25] 14.8 39.2 50.9 10 11.8 34.0 46.3 13
Mao et al. [38] 18.4 40.2 50.9 10 12.6 31.2 41.5 16
Donahue et al. [8] 17.5 40.3 50.8 9 - - - -
DeFrag (Karpathy et al. [24]) 14.2 37.7 51.3 10 10.2 30.8 44.2 14
Our implementation of DeFrag [24] 19.2 44.5 58.0 6.0 12.9 35.4 47.5 10.8
Our model: DepTree edges 20.0 46.6 59.4 5.4 15.0 36.5 48.2 10.4
Our model: BRNN 22.2 48.2 61.4 4.8 15.2 37.7 50.5 9.2

Vinyals et al. [54] (more powerful CNN) 23 - 63 5 17 - 57 8
MSCOCO

Our model: 1K test images 38.4 69.9 80.5 1.0 27.4 60.2 74.8 3.0
Our model: 5K test images 16.5 39.2 52.0 9.0 10.7 29.6 42.2 14.0

Table 1. Image-Sentence ranking experiment results. R@K is Recall@K (high is good). Med r is the median rank (low is good). In the
results for our models, we take the top 5 validation set models, evaluate each independently on the test set and then report the average
performance. The standard deviations on the recall values range from approximately 0.5 to 1.0.

Figure 5. Example alignments predicted by our model. For every test image above, we retrieve the most compatible test sentence and
visualize the highest-scoring region for each word (before MRF smoothing described in Section 3.1.4) and the associated scores (vTi st).
We hide the alignments of low-scoring words to reduce clutter. We assign each region an arbitrary color.

mentation of DeFrag”). Compared to other work that uses
AlexNets, our full model shows consistent improvement.
Our simpler cost function improves performance. We
strive to better understand the source of our performance.
First, we removed the BRNN and used dependency tree re-
lations exactly as described in Karpathy et al. [24] (“Our
model: DepTree edges”). The only difference between this
model and “Our reimplementation of DeFrag” is the new,
simpler cost function introduced in Section 3.1.3. We see
that our formulation shows consistent improvements.
BRNN outperforms dependency tree relations. Further-
more, when we replace the dependency tree relations with
the BRNN we observe additional performance improve-
ments. Since the dependency relations were shown to work
better than single words and bigrams [24], this suggests that
the BRNN is taking advantage of contexts longer than two
words. Furthermore, our method does not rely on extracting
a Dependency Tree and instead uses the raw words directly.
MSCOCO results for future comparisons. We are not
aware of other published ranking results on MSCOCO.

Therefore, we report results on a subset of 1,000 images
and the full set of 5,000 test images for future comparisons.
Note that the 5000 images numbers are lower since Re-
call@K is a function of test set size.

Qualitative. As can be seen from example groundings in
Figure 5, the model discovers interpretable visual-semantic
correspondences, even for small or relatively rare objects
such as an “accordion”. These would be likely missed by
models that only reason about full images.

Learned region and word vector magnitudes. An ap-
pealing feature of our model is that it learns to modulate
the magnitude of the region and word embeddings. Due
to their inner product interaction, we observe that repre-
sentations of visually discriminative words such as “kayak-
ing, pumpkins“ have embedding vectors with higher mag-
nitudes, which in turn translates to a higher influence on
the image-sentence score. Conversely, stop words such as
“now, simply, actually, but” are mapped near the origin,
which reduces their influence. See more analysis in supple-
mentary material.
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学习生成图像描述

• 用图像训练CNN+用句子训练RNN

• RNN接受一个单词和之前的上下文，输出下一个单词的分布

• 图片信息一开始就输入到RNN中

• START和END是特殊标志符

but effective extension that additionally conditions the gen-
erative process on the content of an input image. More for-
mally, during training our Multimodal RNN takes the image
pixels I and a sequence of input vectors (x1, . . . , xT ). It
then computes a sequence of hidden states (h1, . . . , ht) and
a sequence of outputs (y1, . . . , yt) by iterating the following
recurrence relation for t = 1 to T :

bv = Whi[CNN✓c(I)] (13)
ht = f(Whxxt +Whhht�1 + bh + (t = 1)� bv) (14)
yt = softmax(Wohht + bo). (15)

In the equations above, Whi,Whx,Whh,Woh, xi and bh, bo
are learnable parameters, and CNN✓c(I) is the last layer of
a CNN. The output vector yt holds the (unnormalized) log
probabilities of words in the dictionary and one additional
dimension for a special END token. Note that we provide
the image context vector bv to the RNN only at the first
iteration, which we found to work better than at each time
step. In practice we also found that it can help to also pass
both bv, (Whxxt) through the activation function. A typical
size of the hidden layer of the RNN is 512 neurons.

RNN training. The RNN is trained to combine a word (xt),
the previous context (ht�1) to predict the next word (yt).
We condition the RNN’s predictions on the image informa-
tion (bv) via bias interactions on the first step. The training
proceeds as follows (refer to Figure 4): We set h0 = ~0, x1 to
a special START vector, and the desired label y1 as the first
word in the sequence. Analogously, we set x2 to the word
vector of the first word and expect the network to predict
the second word, etc. Finally, on the last step when xT rep-
resents the last word, the target label is set to a special END
token. The cost function is to maximize the log probability
assigned to the target labels (i.e. Softmax classifier).

RNN at test time. To predict a sentence, we compute the
image representation bv , set h0 = 0, x1 to the START vec-
tor and compute the distribution over the first word y1. We
sample a word from the distribution (or pick the argmax),
set its embedding vector as x2, and repeat this process until
the END token is generated. In practice we found that beam
search (e.g. beam size 7) can improve results.

3.3. Optimization

We use SGD with mini-batches of 100 image-sentence pairs
and momentum of 0.9 to optimize the alignment model. We
cross-validate the learning rate and the weight decay. We
also use dropout regularization in all layers except in the
recurrent layers [59] and clip gradients elementwise at 5
(important). The generative RNN is more difficult to op-
timize, party due to the word frequency disparity between
rare words and common words (e.g. ”a” or the END token).
We achieved the best results using RMSprop [52], which is
an adaptive step size method that scales the update of each
weight by a running average of its gradient norm.

Figure 4. Diagram of our multimodal Recurrent Neural Network
generative model. The RNN takes a word, the context from previ-
ous time steps and defines a distribution over the next word in the
sentence. The RNN is conditioned on the image information at the
first time step. START and END are special tokens.

4. Experiments

Datasets. We use the Flickr8K [21], Flickr30K [58] and
MSCOCO [37] datasets in our experiments. These datasets
contain 8,000, 31,000 and 123,000 images respectively
and each is annotated with 5 sentences using Amazon
Mechanical Turk. For Flickr8K and Flickr30K, we use
1,000 images for validation, 1,000 for testing and the rest
for training (consistent with [21, 24]). For MSCOCO we
use 5,000 images for both validation and testing.
Data Preprocessing. We convert all sentences to lower-
case, discard non-alphanumeric characters. We filter words
to those that occur at least 5 times in the training set,
which results in 2538, 7414, and 8791 words for Flickr8k,
Flickr30K, and MSCOCO datasets respectively.

4.1. Image-Sentence Alignment Evaluation

We first investigate the quality of the inferred text and image
alignments with ranking experiments. We consider a with-
held set of images and sentences and retrieve items in one
modality given a query from the other by sorting based on
the image-sentence score Skl (Section 3.1.3). We report the
median rank of the closest ground truth result in the list and
Recall@K, which measures the fraction of times a correct
item was found among the top K results. The result of these
experiments can be found in Table 1, and example retrievals
in Figure 5. We now highlight some of the takeaways.

Our full model outperforms previous work. First, our
full model (“Our model: BRNN”) outperforms Socher et
al. [49] who trained with a similar loss but used a single
image representation and a Recursive Neural Network over
the sentence. A similar loss was adopted by Kiros et al.
[25], who use an LSTM [20] to encode sentences. We list
their performance with a CNN that is equivalent in power
(AlexNet [28]) to the one used in this work, though simi-
lar to [54] they outperform our model with a more powerful
CNN (VGGNet [47], GoogLeNet [51]). “DeFrag” are the
results reported by Karpathy et al. [24]. Since we use dif-
ferent word vectors, dropout for regularization and different
cross-validation ranges and larger embedding sizes, we re-
implemented their loss for a fair comparison (“Our imple-
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神经网络及深度学习总结

• 通用近似：双层神经网络可以逼近任何函数

• 到目前为止，反向传播是多层神经网络最重要的训练方案

• 深度学习，即用大数据训练的深度神经网络，效果非常好
• MLP（DNN）、CNN、RNN、LSTM
• 感兴趣的同学可以关注Attention和Transformer

• 结合其他机器学习模型的神经网络取得了进一步成功
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