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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



多任务学习

张伟楠 – 上海交通大学



什么是多任务学习？
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p 什么是任务？

• 使用单一输入源

• 学习单个输出目标

p “多任务学习（Multi-task learning, MTL）”意味着：

• 单一输入源 → 多个输出目标

• 多输入源 → 单个输出目标

• 或：两者的混合



多任务学习类型
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p MISO（多输入单输出）：不能简单地简化为单任务学习（其他数

据源在预测时可能不可用）

p SIMO（单输入多输出）：可简化为单任务学习（多分类）



为什么有效？
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p 多任务学习（MTL）是机器学习的一个分支领域，它利用任务之间的

共性和差异，同时解决多个学习任务

p 与单独训练模型相比，这可以提高特定任务模型的学习效率和预测精

度

p 基本假设：

• 学习中的所有任务，或者至少一个子集，是相互关联的



为什么有效？
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p 隐式的数据增广（data augmentation）

• 有效增加样本量

• 不同任务具有不同噪声模式

p “窃取”（eavesdropping）

• 一些特征G对任务B来说很容易，但对于A来说很难

• 通过多任务学习，我们可以使A通过B学习G

p 表示偏差

• 倾向更泛化的表示



相关研究领域
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p 迁移学习（Transfer learning, TL）

• 主要任务和辅助任务；可以被视为多任务学习的一种特例，多任务学习

中对任务的处理是平等的

• 假设：关联的二级任务可以为主要任务提供额外的信息，提高主要任务

的泛化程度；几乎与多任务学习（MTL）相同

• 非对称多任务学习（Asymmetric MTL）：当多个任务在进行联合训练

时，有新任务加入

p 学会学习（Learning-to-learn, LTL/元学习 Meta learning）

• LTL的目标是利用解决先验任务时获得的知识来处理新任务



表达式

9

min
𝑾"[𝒘!…𝒘"]

$
'"(

)

𝐿 𝑿', 𝒚', 𝒘' + 𝜆Reg 𝑾

𝑿' ∈ ℝ*#×, 第𝑚个任务的输入矩阵

𝒚' ∈ ℝ*#×( 相应的输出向量

𝒚' ≈ 𝑿'𝒘' 对于回归问题

𝑁', 𝐷,𝑀 样本数量，特征数量，任务数量



概念
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p 不同任务是否具有相同特征空间？

• 同构特征多任务学习

• 异构特征多任务学习

p 是否为不同类型的任务？

• 例如：多分类，无监督学习，半监督学习，强化学习……

• 同构多任务学习

• 异构多任务学习

p 默认情况下：同构

• 任务的特征和参数空间是相同的



多任务学习中的问题
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p 什么情况下在任务间共享：单任务或多任务？

• 人类专家

• 模型选择问题

• 使用可退化为单任务模型的多任务模型

p 在任务间共享什么：通过什么途径进行共享？

• 特征层次（基于特征）

• 实例层次（基于实例）

• 任务层次（基于参数）



多任务学习中的问题
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p 如何进行共享：共享知识的具体方法

• 特征层次

• 特征选择

• 特征转换

• 实例层次

• 任务层次

• 任务聚类

• 低秩

• 任务关系学习

• 使用深度学习的多任务学习

• 硬参数共享

• 软参数共享

• 共享-私有方法

• 神经结构搜索等



表达式

13

min
𝑾"[𝒘!…𝒘"]

$
'"(

)

𝐿 𝑿', 𝒚', 𝒘' + 𝜆Reg 𝑾

p 数据保真度项

• 计算目标预测与真实目标的匹配程度

p 正则化项
• 正则化权重矩阵以获得不同任务之间的关系



多任务学习的典型例子
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p 最常见的多任务学习目标函数

• 对于两个任务，正则化任务参数

min
-!,-$

𝛼𝐿 𝐘(, 𝑓-! 𝐗( + 1 − 𝛼 𝐿 𝐘/, 𝑓-$ 𝐗/

+𝜆( 𝒘( / + 𝒘/ / + 𝜆/ 𝒘( −𝒘/ /

任务1的损失函数 任务2的损失函数

标准正则化 软参数共享



主要深度多任务学习方法
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硬参数共享 软参数共享 共享-私有方法



共享-私有方法
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p 深度关系网络

• 共享-私有的部分：贝叶斯模型，矩阵先验

• 依赖于预定义的共享结构

学习特征、类和任务多重关系的张量正规先验

Long, Mingsheng, et al. "Learning Transferable Features with Deep Adaptation Networks." ICML 2015.



迁移学习

张伟楠 – 上海交通大学



机器学习基本假设
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p 基本假设：训练和测试数据具有相同分布

训练
数据

数据
规范化

模型

评估

测试
数据

原始
数据

原始
数据

min
!

1
𝑁

'
"!,$! ∈&"#$%&

ℒ 𝑦' , 𝑓! 𝑥' + 𝜆 𝜃 (
(

Test Error =
1
𝑁 '

"!,$! ∈&"'("

ℒ 𝑦' , 𝑓! 𝑥'



实际案例
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p 数据分布𝑝(𝑥)随任务知识域的不同而变化或随时间发生变化

𝒳0 ≠ 𝒳1 or 𝑝0 𝑥 ≠ 𝑝1(𝑥)

真实图片 卡通图片



实际案例
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p 数据依赖𝑝(𝑦|𝑥)也可能不同

𝒴0 ≠ 𝒴1 or 𝑝0 𝑦|𝑥 ≠ 𝑝1(𝑦|𝑥)

识别苹果 识别梨



迁移学习

21



迁移学习的符号表和定义
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p 符号表

• 一个领域（domain） 𝒟 = {𝒳, 𝑝(𝑥)}

• 特征空间𝒳

• 数据分布𝑝(𝑥)

• 一个任务（task） 𝒯 = {𝒴, 𝑓(A)}

• 标签空间𝒴

• 目标预测函数𝑓(()

p 定义

• 给定源域（source domain）𝒟)和对应的学习任务𝒯)，以及目标

域（target domain）𝒟*和对应的学习任务𝒯*

• 迁移学习是通过使用𝒟)和𝒯)的相关信息来改进目标域预测函数𝑓(A)

的学习过程，其中𝒟+ ≠ 𝒟*或者𝒯+ ≠ 𝒯*



一些解释
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p数据域不同𝒟C ≠ 𝒟D
• 数据空间不同𝒳0 ≠ 𝒳1

• 异构迁移学习
• 两份使用不同语言的文件

• 数据分布不同 𝑃 𝑋0 ≠ 𝑃(𝑋1)
• 领域自适应
• 两份侧重于不同主题的文件

p任务不同 𝒯C ≠ 𝒯D
• 预测标签不同𝒴0 ≠ 𝒴1

• 源域有两个类别：正例和负例；目标域新增一个类别：中性
• 映射不同 𝑃0 𝑦 𝑥 ≠ 𝑃1(𝑦|𝑥)

• 同一个词在两个领域中可以有不同的含义



迁移学习背景
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p 同构/异构迁移学习

迁移学习 特征空间

同构迁移学习

异构迁移学习

监督迁移学习

半监督迁移学习

无监督迁移学习



迁移学习方法
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p 实例迁移（Instance Transfer）

• 重新调整源域中实例的权重应用于目标域的数据

p 特征迁移（Feature Transfer）

• 把源域和目标域的特征映射到一个共同的空间中

p 参数迁移（Parameter Transfer）

• 根据源域模型学习目标域模型的参数



基于实例的迁移学习
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p 基本假设

• 源域和目标域具有大量重叠的特征或者共享相同的特征空间

𝒳) ≃ 𝒳*

• 标签空间是相同的

𝒴) ≃ 𝒴*

p 应用举例

• 不同科室的电子病历

• 不同主题的情感分析

𝒳) 𝒳*



实例迁移学习 例1：领域自适应
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p 问题设置

• 给定带有标签的源域数据 𝐷) = 𝑥)! , 𝑦)! ',-
.) ，目标域数据 𝐷* = 𝑥*! ',-

.*

• 学习𝑓*使得目标数据上的损失最小

'
'

ℒ 𝑓* 𝑥*! , 𝑦*!

• 其中𝑦*!是未知的

p 假设

• 相同的标签空间 𝒴) = 𝒴*

• 相同的依赖关系 𝑝 𝑦) 𝑥) = 𝑝(𝑦*|𝑥*)

• （几乎）相同的特征空间 𝒳) ≃ 𝒳*

• 不同数据分布 𝑝) 𝑥 ≠ 𝑝*(𝑥)



领域自适应中的重要性采样
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p 重要性采样
𝜃∗ = argmin

3
𝔼 4,5 ~7% ℒ 𝑦, 𝑓3 𝑥

= argmin
3
O
4,5

𝑝1 𝑥 ℒ 𝑦, 𝑓3 𝑥 𝑑𝑥

= argmin
3
O
4,5

𝑝0 𝑥
𝑝1 𝑥
𝑝0 𝑥

ℒ 𝑦, 𝑓3 𝑥 𝑑𝑥

= argmin
3
𝔼 4,5 ~7&

𝑝1 𝑥
𝑝0 𝑥

ℒ 𝑦, 𝑓3 𝑥

p 通过下式重新调整每个实例的权重

𝛽 𝑥 =
𝑝1(𝑥)
𝑝0(𝑥)



领域自适应中的重要性采样
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如何估计𝛽 𝑥 = 7%(4)
7&(4)

p 最简单的解决方法是先分别估计𝑝0(𝑥)和𝑝1(𝑥)，然后计算𝛽(𝑥)

• 可能会面临高方差问题

p 一个更实用的解决方法是直接估计7%(4)
7&(4)



领域自适应中的重要性采样
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p 设想一个拒绝采样过程，并且把目标域看作从源域采样获得的

p 概率密度函数（p.d.f.）关系

𝑝1(𝑥) ∝ 𝑝: 𝑥 𝑝(𝑠 = 1|𝑥)

p 且我们把𝑝(𝑠 = 1|𝑥)估计为一个二分类模型

𝛽 𝑥 =
𝑝1(𝑥)
𝑝0(𝑥)

∝ 𝑝(𝑠 = 1|𝑥)

源

选择参数

目标

0

𝑠 ∈ {0,1}

1

Zadrozny, Learning and Evaluating Classifiers under Sample Selection Bias, 
ICML 2004



领域自适应中的重要性采样
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p 设想一个拒绝采样过程，并且把目标域看作从源域采样获得的

p 把𝑝(𝑠 = 1|𝑥)估计为一个二分类模型

• 将目标域中的实例标记为1

• 将源域中的实例标记为0

𝛽 𝑥 =
𝑝1(𝑥)
𝑝0(𝑥)

∝ 𝑝(𝑠 = 1|𝑥)

源

选择参数

目标

0

𝑠 ∈ {0,1}

1

Zadrozny, Learning and Evaluating Classifiers under Sample Selection Bias, 
ICML 2004



领域自适应中的重要性采样
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如何估计𝛽 𝑥 = 7%(4)
7&(4)

p 用一系列基函数构建估计量

T𝛽 𝑥 =$
;"(

<

𝛼;𝜓; 𝑥

p 被估计的目标概率密度函数 �̂�1 𝑥 = T𝛽 𝑥 𝑝0(𝑥)

p 最小化平方误差

min
=' '(!

)
O
4

T𝛽 𝑥 − 𝛽 𝑥
/
𝑝0 𝑥 𝑑𝑥

p 最小化KL散度

min
=' '(!

)
KL[𝑝1(𝑥)| �̂�1 𝑥

Kanamori et al., A Least-squares Approach to Direct 
Importance Estimation, JMLR 2009

Sugiyama et al., Direct Importance Estimation with 
Model Selection and Its Application to Covariate Shift 
Adaptation, NIPS 2007 



展示型广告中的无偏训练
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p 展示型广告中，标签数据只有当广告商赢得竞拍之后才能被广告

商所观测到，所以是有偏的（biased）

Weinan Zhang et al. Bid-aware Gradient Descent for Unbiased Learning with Censored Data in Display 
Advertising. KDD 16



无偏学习框架

34

p 数据观测过程

p 重要性采样

min
>
𝔼𝒙~7(𝒙) ℒ 𝑦, 𝑓> 𝒙 = min

>
𝔼𝒙~@(𝒙)

ℒ 𝑦, 𝑓> 𝒙
𝑤 𝑏4

Weinan Zhang et al. Bid-aware Gradient Descent for Unbiased Learning with Censored Data in Display 
Advertising. KDD 16

一条竞价
请求 竞价 数据观察

胜出

𝑝 𝒙 𝑤 𝑏4 ∝ 𝑞(𝒙)



与Yahoo！DSP的表现比较
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p 在Yahoo！美国上的A/B测试

Weinan Zhang et al. Bid-aware Gradient Descent for Unbiased Learning with Censored Data in Display 
Advertising. KDD 16

10.3% 更多点击数

42.8%  更高CTR

9.3%    更低eCPC

2.97% AUC提升



迁移学习方法
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p 实例迁移（Instance Transfer）

• 重新调整源域中实例的权重应用于目标域的数据

p 特征迁移（Feature Transfer）

• 把源域和目标域的特征映射到一个共同的空间中

p 参数迁移（Parameter Transfer）

• 根据源域模型学习目标域模型的参数



基于特征的迁移学习

37

p 当源域和目标域只有部分重叠

• 许多特征仅在源域（或）目标

域中存在

p 可能的解决方法

• 编码指定应用场景的先验知识

• 学习出进行迁移的一般映射𝜑

𝒳) 𝒳*

𝜑𝜑



基于特征的通用迁移学习方法
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p 通过最小化两个领域分布之间的距离来学习新的数据表示

p 通过多任务学习（multi-task learning）来学习新的数据表示

p 通过自学习（self-taught learning）来学习新的数据表示



主成分分析（PCA）

39

p PCA使用正交变换，将一系列可能相关的变量观测值转换为一系

列称为主成分的线性不相关变量值

Second 
component

First 
component



主成分分析（PCA）

40

p PCA使用正交变换，将一系列可能相关的变量观测值转换为一系

列称为主成分的线性不相关变量值

第一成分

数据

第二成分 噪声成分



迁移成分分析(Transfer Component Analysis)
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p 动机

• 通过将数据投影到学习的迁移成分（transfer components）上，将

领域分布之间的距离最小化

源域 目标域两个域

联合隐因素
(Joint latent factors)

导致源域与目标域数据分布不同的隐因素

Pan, Sinno Jialin, et al. "Domain adaptation via transfer component analysis." IEEE Transactions on Neural 
Networks 22.2 (2011): 199-210.



迁移成分分析(Transfer Component Analysis)
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p 主要思想

• 学习𝜑将源域和目标域数据映射到可以减少领域差异并保留原始数据

结构的隐空间

min
A
Dist 𝜑 𝐗0 , 𝜑 𝐗1 + 𝜆Ω 𝜑

s. t. constraints on 𝜑 𝐗0 and 𝜑 𝐗1



迁移成分分析(Transfer Component Analysis)
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p 最大平均差异（MMD）

• 给定源域和目标域数据

𝐗: = 𝑥0* B"(
C& 𝐗1 = 𝑥1* B"(

C%

• 分别从𝑃)(𝑥)和𝑃*(𝑠)抽样

Dist 𝜑 𝐗: , 𝜑 𝐗1 =
1
𝑛0
$
B"(

C&

Φ 𝜑 𝑥0* −
1
𝑛1
$
B"(

C%

Φ 𝜑 𝑥1*
ℋ

映射 核函数



迁移成分分析(Transfer Component Analysis)
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p 通过PCA和TCA学习隐特征的可视化示例

原始特征空间 PCA TCA



参数迁移

张伟楠 – 上海交通大学



迁移学习方法
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p 实例迁移（Instance Transfer）

• 重新调整源域中实例的权重应用于目标域的数据

p 特征迁移（Feature Transfer）

• 把源域和目标域的特征映射到一个共同的空间中

p 参数迁移（Parameter Transfer）

• 根据源域模型学习目标域模型的参数



基于参数的迁移学习
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p 从两个域上学习的𝜃-参数化函数

𝜃0∗ = argmin
3
$
B"(

C&

ℒ 𝑦0* , 𝑓3 𝑥0* + 𝜆Ω(𝜃)

𝜃1∗ = argmin
3
$
B"(

C%

ℒ 𝑦1* , 𝑓3 𝑥1* + 𝜆Ω(𝜃)

p 动机

• 一个充分训练好的模型𝑓!)∗ 𝑥 已经学习到了源域上的许多结构特征

• 如果两个任务是相关的，这一结构可以被迁移用于学习目标域上的

模型𝑓!*∗ (𝑥)



多任务或协作学习

48

p 最小化两个任务上的联合损失函数和模型参数之间的距离

min
3&,3%

𝛼
1
𝑁0
$
B"(

*&

ℒ 𝑦B, 𝑓3& 𝑥B + 1 − 𝛼
1
𝑁1

$
E"(

*%

ℒ 𝑦B, 𝑓3% 𝑥E + 𝜆Ω(𝜃0, 𝜃1)

p 参数距离的不同定义

Ω 𝜃0, 𝜃1 = 𝜃0 − 𝜃1 /

Ω 𝜃0, 𝜃1 = $
F∈{0,1}

𝜃F −
1
2
$

:∈ 0,1

𝜃:
/

源任务损失 目标任务损失 参数距离



分层贝叶斯网络
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p 思想：源域参数被视为随机变量，充当目标域参数的先验

迁移

超参数

𝑛) 𝑛*
𝑥) 𝑥*

𝑦) 𝑦*

𝜃) 𝜃*



案例分析：从网页浏览到广告点击

50

p 源任务

• 数据：用户浏览网页id数据

• 任务：预测一名用户是否会愿意点开一个网页

p 目标任务

• 数据：用户浏览网页id数据

• 任务：预测一名用户是否会愿意点击一条广告

min
!),!*

𝛼
1
𝑁)
'
',-

/)

ℒ 𝑦' , 𝑓!) 𝑥' + 1 − 𝛼
1
𝑁*

'
0,-

/*

ℒ 𝑦' , 𝑓!* 𝑥0 + 𝜆Ω(𝜃), 𝜃*)

逻辑回归 逻辑回归

Perlich, Claudia, et al. "Machine learning for targeted display advertising: Transfer learning in 
action." Machine learning 95.1 (2014): 103-127.



案例分析：从网页浏览到广告点击

51Zhang, Weinan et al. Implicit Look-alike Modelling in Display Ads: Transfer Collaborative Filtering to CTR 
Estimation. ECIR 2016.

p 以贝叶斯分层图模型为例说明



元学习

张伟楠 – 上海交通大学



什么是元学习？

53

p 如果你已经学习了100个任务，给定一个新任务，你能想出如何更有效

地学习吗？

• 拥有多任务现在成为了巨大优势

p 元学习（Meta-Learning）与多任

务学习（multi-task learning）非

常接近

p 元学习 = 学会学习（Meta-

learning = learning to learn）

Slide credit: Sergey Levine

https://bair.berkeley.edu/blog/2017/09/12/learning-
to-optimize-with-rl/



元学习的早期方法

54

p Jürgen Schmidhuber
• Genetic Programming. PhD thesis. 1987
• Learning to control fast-weight 

memories: An alternative to dynamic 
recurrent networks. Neural 
Computation 1992

• A neural network that embeds its own 
meta-levels. ICNN 1993

p Yoshua Bengio
• Learning a synaptic learning rule. Univ. 

Montreal. 1990
• On the search for new learning rules for 

ANN. Neural Processing Letters 1992
• 使用SGD学习更新规则



元学习超越了传统的机器学习

55

p Lake等人有力地论证了元学习作为人工智能的基石的重要性

人类级别的新型手写字符学习 在新型两轮交通工具中也展现出相同的能力

Lake, Brenden M., et al. "Building machines that learn and think like people." Behavioral and Brain 
Sciences 40 (2017).



元学习超越了传统的机器学习

56

p Lake等人有力地论证了元学习作为人工智能基石的重要性

人类知道如何进行学习，但是强化学习方法不能做到

Atari 2600游戏Frostbite 测试表现

Lake, Brenden M., et al. "Building machines that learn and think like people." Behavioral and Brain 
Sciences 40 (2017).



元学习的一般范式

57

p 在元学习过程中，模型在元训练集（meta-training set）中通
过训练来学习任务。优化分为两个部分：

• 学习器：学习新任务

• 元学习器：训练学习器

元学习在小样本（few-shot）图像分类任务中的示例



各种元学习任务

58

p 超参数优化

• 通过在整个训练过程中反向链式求导，计算所有超参数下交叉验证表

现的准确梯度

Maclaurin et al. Gradient-based Hyperparameter Optimization through Reversible Learning. ICML 2015.



各种元学习任务

59

p 学会生成良好的梯度

• 一个带有隐藏记忆单元的RNN，接收新的原始梯度，并输出一个调

整后的梯度，以便更好地训练模型。

Andrychowicz et al. Learning to learn by gradient descent by gradient descent. ICML 2015.



各种元学习任务

60

p 自动搜索良好的网络结构

• 一个强化学习过程：选择动作以创建网络结构，并在数据集上训练

和评估所建的网络以获得奖励

Barret Zoph and Quoc V. Le. Neural architecture search by reinforcement learning. ICLR 2017.



各种元学习任务

61

p 小样本学习（Few-shot learning）

• 从大量数据集中学习模型，使其能够轻松适用于具有少量数据的新

的类别

Hariharan and Girshick. Low-shot Visual Recognition by Shrinking and Hallucinating Features. ICCV 2017.



元学习方法

62

p 基于初始化的方法

• 学习如何为新任务初始化模型

p 循环神经网络的方法

• 学习如何通过自回归的方式产生良好的梯度

p 强化学习的方法

• 学习如何通过强化学习的方式产生良好的梯度



回顾：网络参数重用

63

p 把底层网络视为表示学习模块，并把他们重用做良好的特征提取器

输入数据

表示学习

任务特定函数
新的

任务特定函数

复制重用



模型不可知元学习（MAML）

64

p 目标：训练一个能借助少量样本快速适应不同任务的模型

p MAML的思想：直接优化一个能借助少量样本进行有效微调的初始表示

多任务中的
大数据

模型初始化

模型1

模型2少量样本

少量样本

Finn et al. Model-Agnostic Meta-Learning for Fast Adaptation of Deep Networks. ICML 2017.



模型不可知元学习（MAML）

65

p 目标：训练一个能借助少量样本快速适应不同任务的模型

Finn et al. Model-Agnostic Meta-Learning for Fast Adaptation of Deep Networks. ICML 2017.

传统机器学习的随机梯度下降（SGD）

𝜃 ← 𝜃 − 𝜂-
+

𝛻,𝐿(𝜃)

任务𝑖的理想良好参数
𝜃+ ← 𝜃 − 𝜂𝛻,𝐿+(𝜃)

MAML SGD

𝜃 ← 𝜃 − 𝜂-
+

𝛻,𝐿+ 𝜃 − 𝜂𝛻,𝐿+ 𝜃



模型不可知元学习（MAML）

66

p MAML中元梯度（meta-gradient）的更新涉及梯度的梯度

𝜃 ← 𝜃 − 𝜂$
B

𝛻3𝐿B 𝜃 − 𝜂𝛻3𝐿B 𝜃

• 这就需要额外的反向传递过程 𝑓 来计算Hessian-向量

• 标准深度学习库（如：TensorFlow）支持这些操作

Finn et al. Model-Agnostic Meta-Learning for Fast Adaptation of Deep Networks. ICML 2017.



利用MAML实现小样本学习

67

p 预训练：使用预训练网络

作为初始化，并进行传统

的随机梯度下降（SGD）

p MAML能够取得比RNN元

学习（稍后讲解）更好的

效果



元学习方法

68

p 基于初始化的方法

• 学习如何为新任务初始化模型

p 循环神经网络的方法

• 学习如何通过自回归的方式产生良好的梯度

p 强化学习的方法

• 学习如何通过强化学习的方式产生良好的梯度



关于梯度学习的重新思考

69

p 传统机器学习中的梯度

𝜃FJ( = 𝜃F − 𝜂F𝛻3-𝐿(𝜃F)

Andrychowicz, Marcin, et al. "Learning to learn by gradient descent by gradient descent." NIPS 2016.

p 存在的问题

• 学习率固定不变(or)随启发式规则改变

• 没有考虑二阶信息（甚至更高阶）

p 可行的思想

• 记忆历史梯度以更好地确定下一个梯度



元优化器决定优化器如何进行优化

70

p 两个组成部分：元优化器（optimizer） 、优化器（optimizee）

p 元优化器接受优化器的表现，并指导优化器进行能使其表现提升的更新

Andrychowicz, Marcin, et al. "Learning to learn by gradient descent by gradient descent." NIPS 2016.



使用循环网络的元学习

71

p 优化器以自回归的方式确定梯度，以循环神经网络（RNN）的形式实现

Andrychowicz, Marcin, et al. "Learning to learn by gradient descent by gradient descent." NIPS 2016.

𝜃FJ( = 𝜃F − 𝜂F𝛻3-𝐿 𝜃F

𝜃FJ( = 𝜃F − 𝑔F 𝛻3-𝐿 𝜃F , 𝜙

𝑔𝑡 可以通过一个循环神经网络（RNN)实现



使用循环网络的元学习

72

p 通过使用RNN，优化器就可以记住隐藏层中的历史梯度信息

p RNN可以通过损失函数直接使用反向传播算法进行更新

Andrychowicz, Marcin, et al. "Learning to learn by gradient descent by gradient descent." NIPS 2016.



单变量（Coordinatewise）LSTM优化器

73

p 通常来说，参数𝑛较大，因此不适合训练全连接的循环神经网络

p 上图展示了协同𝐿𝑆𝑇𝑀的结构。即，为每个单独的参数𝜃B使用一个𝐿𝑆𝑇𝑀B

网络，这些网络共享𝐿𝑆𝑇𝑀参数

Andrychowicz, Marcin, et al. "Learning to learn by gradient descent by gradient descent." NIPS 2016.



实验结果

74

p 二次函数

𝑓 𝜃 = 𝑊𝜃 − 𝑦 (

Andrychowicz, Marcin, et al. "Learning to learn by gradient descent by gradient descent." NIPS 2016.

p MNIST

不同优化器在随机抽样的
10-维二次函数上的表现

MNIST上的表现
LSTM比其他算法表现更好

100-200步训练的学习曲线
（延续上图）



元学习方法

75

p 基于初始化的方法

• 学习如何为新任务初始化模型

p 循环神经网络的方法

• 学习如何通过自回归的方式产生良好的梯度

p 强化学习的方法

• 学习如何通过强化学习的方式产生良好的梯度



机器学习优化算法的高层理解

76

p 如何设计好：

p 元学习的关键是设计一个良好的函数，满足：

• 接受先验观察值和学习行为

• 输出适当的梯度以让机器学习模型进行更新
Li, Ke, and Jitendra Malik. "Learning to optimize." arXiv preprint arXiv:1606.01885 (2016).

梯度下降 𝜙 ( = −𝜂𝛻𝑓 𝑥 +/0

动量法 𝜙 ( = −𝜂 ∑123+/0 𝜂+/0/1𝛻𝑓 𝑥 1

学习算法 𝜙 ( = Neural Net

∆𝑥 ← 𝜙({𝑥 ! , 𝑓 𝑥 ! , 𝛻𝑓 𝑥 ! }!"#$%& )

∆𝑥 ← 𝜙 {𝑥 S , 𝑓 𝑥 S , 𝛻𝑓 𝑥 S }STUVWX



使用强化学习的元学习

77

p 思想：每个时间步长中，元学习者（meta-learner）学习向学习者

（learner）给出优化动作，并观察学习者的表现。这个过程和强化学习

的思想非常相似

Li, Ke, and Jitendra Malik. "Learning to optimize." arXiv preprint arXiv:1606.01885 (2016).

数据

奖励和状态

动作



公式化为强化学习问题

78

p 状态表示由一个函数Φ(A)生成，该函数将观察到的数据和学习行为映射到一
个潜在的表示（latent representation）中

p 动作是策略输出的梯度

p 奖励是与当前模型参数相关的损失函数

Li, Ke, and Jitendra Malik. "Learning to optimize." arXiv preprint arXiv:1606.01885 (2016).

在此处键入公式。

策略

动作

and

空间 奖励

∆𝑥 ← 𝜙({𝑥 ! , 𝑓 𝑥 ! , 𝛻𝑓 𝑥 ! }!"#$%& )

ϕ(·) 𝐿(𝑥 0 )



实验结果

79https://bair.berkeley.edu/blog/2017/09/12/learning-to-optimize-with-rl/

浅红色曲线是一个使
用强化学习训练的优
化器

与使用监督学习训练
的优化器不同，它不
会在后续的迭代中发
散

数据：随机投影和标准化版本的MNIST数据集，维度为48维，每一维上具有单位方差



实验结果

80https://bair.berkeley.edu/blog/2017/09/12/learning-to-optimize-with-rl/

数据：随机投影和标准化版本的MNIST数据集，维度为48维，每一维上具有单位方差

浅蓝色曲线是一个使
用监督学习训练的优
化器

在这里，它被用来训
练一个新任务的神经
网络。其最初阶段的
表现相当好

但是，在后续的迭代过程
中发散了



元学习参考文献

81

p 优秀博客
• https://medium.com/huggingface/from-zero-to-research-
an-introduction-to-meta-learning-8e16e677f78a

• https://bair.berkeley.edu/blog/2017/09/12/learning-to-
optimize-with-rl/

• https://bair.berkeley.edu/blog/2017/07/18/learning-to-learn/

p Sergey Levin的强化学习课程
• http://rail.eecs.berkeley.edu/deeprlcourse-
fa17/f17docs/lecture_16_meta_learning.pdf

p 两篇值得读读的论文
• Learning to learn by gradient descent by gradient descent
• Learning to Learn without Gradient Descent by Gradient 
Descent

https://medium.com/huggingface/from-zero-to-research-an-introduction-to-meta-learning-8e16e677f78a
https://bair.berkeley.edu/blog/2017/09/12/learning-to-optimize-with-rl/
https://bair.berkeley.edu/blog/2017/07/18/learning-to-learn/
http://rail.eecs.berkeley.edu/deeprlcourse-fa17/f17docs/lecture_16_meta_learning.pdf


自动机器学习与
神经网络架构搜索
张伟楠 – 上海交通大学



神经网络架构搜索和自动机器学习的推广

83

p 一篇关于神经网络架构搜索（neural 
architecture search, NAS）的有影响力的论文
• Zoph, Barret, and Quoc Le. Neural 

Architecture Search with Reinforcement 
Learning. ICLR 2017.

p 人工智能民主化革命
• 李飞飞，时任谷歌云自动机器学习（Google 
Cloud AutoML）负责人

• Published Jan 17, 2018
• https://www.blog.google/products/google-

cloud/cloud-automl-making-ai-accessible-
every-business/



从机器学习到自动机器学习

84

p 机器学习

• 机器学习程序员仍需要凭经验进行模型选择、超参数调整等工作

程序

输入

输出机器学习算法数据

机器学习程序员



从机器学习到自动机器学习

85

p 自动机器学习

• 机器学习程序员几乎不需要做任何多余的工作

程序

输入

输出机器学习算法数据

自动机器学习
算法



神经网络架构搜索（NAS）框架

86

p 控制器（controller）决定接下来尝试哪个子网络，并观察相应

的表现作为反馈

p 通过多次尝试-反馈，控制器学习如何选择有效的子网络



神经网络架构搜索（NAS）框架

87

p 观测值（Observation）：一个神经网络的结构和连通性能够

由可变长度的字符串描述

p 控制器（Controller）：一个能够生成上述字符串的循环神经

网络（RNN）

p 子网络（Child network）：训练由上述字符串指定的神经网络

p 验证集上子网络的结果作为更新控制器的奖励



卷积架构搜索

88

p 使用循环神经网络（RNN）控制器进行卷积神经网络（CNN）

架构搜索

Zoph, Barret, and Quoc Le. Neural Architecture Search with Reinforcement Learning. ICLR 2017.

对于每一层，控制器能够决定：过滤器（或称卷积核filter/kernel）的高度、宽度，间隔

（stride）的高度、宽度，以及过滤器的个数



卷积架构搜索

89

1. 当层数超过某个值时此过程停止（该值随训练过程的进行而增

加）

2. 训练生成的网络直到其收敛

3. 记录验证集上的准确率

4. 更新控制器循环神经网络（RNN）的参数𝜃



控制器策略的目标

90

p 控制器生成的一系列词符（token）是一系列动作𝑎(:1

p 准确率𝑅(𝑎(:1)作为奖励信号

p 控制器的目标是最大化期望奖励：

𝐽 𝜃[ = 𝔼\(],:.;_/) 𝑅 𝑎X:D



使用REINFORCE进行训练

91

p 因为𝑅是不可微的，我们可以使用REINFORCE规则

𝛻34𝐽 𝜃L =$
F"(

1

𝔼M(N!:%;34) 𝛻34 log 𝜋 𝑎F 𝑎(:FP(; 𝜃L 𝑅 𝑎(:1

p 上式的经验近似为

𝛻34𝐽 𝜃L ≃
1
𝑚
$
Q"(

'

$
F"(

1

𝛻34 log 𝜋 𝑎F
Q 𝑎(:FP(

Q ; 𝜃L 𝑅 𝑎(:1
Q

其中𝑚为使用批处理时一个批次中对架构的采样数



使用REINFORCE进行训练

92

p 该估计是无偏的，但方差较大，解决办法是使用基线函数

（baseline function）：

𝛻34𝐽 𝜃L ≃
1
𝑚$

Q"(

'

$
F"(

1

𝛻34 log 𝜋 𝑎F
Q 𝑎(:FP(

Q ; 𝜃L 𝑅 𝑎(:1
Q − 𝑏

• 在实际中，𝑏作为基线函数，可以是先前实验中准确率的移动窗口

的平均值



并行训练和异步更新

93

p 训练子网络可能花费很长的时间

p 使用分布式训练和异步参数更新能够加速这一过程

参数集合 𝑆 储存并将参数传输给 𝐾 个控制器副本
每个控制器副本采样 𝑚 个架构且并行地运行多个子模型



跳跃式连接（Skip Connections）

94

残差神经网络架构

He, Kaiming, et al. "Deep residual learning for image recognition." CVPR. 2016.



跳跃式连接（Skip Connections）

95

𝜋 layer 𝑗 is an input of layer 𝑖 = sigmoid 𝑣Rtanh 𝑊STUVℎE +𝑊WXTTℎB

带锚点的控制器决定跳跃式连接



不仅限于卷积层

96

p 其他类型的层也可以通过在控制器中添加RNN单元来预测使用

哪种类型的层

• 池化（Pooling）

• 批标准化（Batch norm）

• …



发现CNN架构

97

p 𝐹𝐻为过滤器高度

p 𝐹𝑊为过滤器宽度

p 𝑁为过滤器数量

p 无间隔（stride）或池化层

(pooling layer)

p 跳跃式连接为非残差连接



RNN单元往往用固定的几种设计

98

p 标准recurrent cell：ℎF = 𝑓(ℎFP(, 𝑥F)

p LSTM cell： ℎF, 𝑐F = 𝑓(ℎFP(, 𝑐FP(, 𝑥F)



树状LSTM Cell

99



Recurrent Cell搜索

100



CIFAR-10上的表现

101



Penn Treebank上的表现

102



103

总结多任务学习、元学习、自动机器学习

• 和迁移学习仅仅优化目标任务的效能不同，多任务学习旨在优化模型
在多个任务上面的效能

• 元学习旨在研究机器如何能找到任务之间的内在联系，做到任务间的
泛化。在元学习中，每一个任务的训练和测试仅仅是元学习的一个数
据实例。

• 自动机器学习旨在元层面优化学习任务的各个非学习的参数，目前自
动机器学习的one-shot方法就是一种元学习思维。

• 相比于元学习的科学系高度，自动机器学习更加“亲民”，作为一种
自动化机器学习的服务存在于各个云计算平台上，已经为诸多企业的
机器学习业务带来便利
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机器学习的未来
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预测和检测 决策

提供更多机器访问权限

面向更分散的服务

大规模多智能体

多智能体

单智能体

生成

LR/SVM Language model Atari AI

Ensemble GANs/CoT MARL

IoT AI / City AI / Market AICrowding sensing

该领域受到越来越多的关注！
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p 自动机器学习使AI更广泛地被使用

程序

输入

输出机器学习算法数据

自动机器学习
算法
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p 组合泛化

• 常识

• 知识

• 逻辑

• …

p 统计泛化

• 拟合函数曲线

• 目标函数优化

• 正则化

• 先验估计

• …
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p 大模型开始展示强大的智能

Pengfei Liu et al. Pre-train, Prompt, and Predict: A Systematic Survey of Prompting Methods in Natural 
Language Processing. 2021.
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p 微软对GPT-4的分析报告

Sébastien Bubeck et al. Sparks of Artificial General Intelligence: Early experiments with GPT-4. Mar. 2023.
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Gweon, H., and R. Saxe. "Developmental cognitive neuroscience of theory of mind." Neural circuit development and function in the brain. 2013. 
Yoshua Bengio DEEP LEARNING FOR SYSTEM 2 PROCESSING and From Conscious Processing to System 2 Deep Learning

Driving over Roundabout: Look others, assess, decide, act…
Source: https://www.youtube.com/watch?v=2KVFMc7q2qs

6/18

typical machine learning

Data X Label Y

predict

I mathematically, ml can loosely boil down to the question
of finding a unknown function mapping f : X ! Y ,
I X is input feature space representing data points,
I Y is label space representing the knowledge outputs
I thus the mapping f represents a knowledge discovery

process from a given data point x 2 X to the specific
label y 2 Y associated with the data point:y = f (x)

I however, as f is not known a priori, the goal of the
learning is to identify a hypothesis h 2 H from a
predefined set H to approximate the unknown f , so that
I the learned function h can predict the output variable

ŷnew = h(xnew) for a given new data point

Current AI: System 1

Future AI: System 2

刺激无响
应 - 意
识的，肌
肉记忆的

有意识的，
逻辑的
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triggered complete response inhibition in the majority of trials,
participants did not inhibit their responses more often in strongly
masked no-go trials (0.58%) than in strongly masked go trials
(0.46%). Crucially, however, RTs were significantly longer to
strongly masked no-go trials than to strongly masked go trials
(t(19) ! 6.24; p " 0.001) (Fig. 2b). Moreover, the entire response
time distribution of strongly masked no-go trials was shifted in
time compared with the response time distribution of strongly
masked go trials (Fig. 2c), which indicates that RT slowing in-
duced by strongly masked no-go signals was not due to only a few
trials. The combination of these results indicates that strongly
masked no-go signals triggered inhibitory control processes, but
not sufficiently to withhold the overt response. Although not
successful as such, the attempt to inhibit may have resulted in a
slower buildup of response activation, thus leading to slowing of
the imminent response.

Neural mechanisms of conscious and unconscious
inhibitory control
To examine the neural mechanisms underlying consciously trig-
gered inhibitory control, we contrasted inhibited, weakly masked
no-go trials with responded, weakly masked go trials (Z # 2.3,
whole-brain cluster corrected). Consciously initiated response
inhibition was associated with a typical (mostly right-lateralized)
frontoparietal network associated with no-go inhibition (four
large clusters; for a full list of activations see supplemental Table
1, available at www.jneurosci.org as supplemental material). This
“conscious inhibition network” included the right and left IFC
bordering and extending into the anterior
insula, the pre-SMA, the anterior cingu-
late cortex, the right superior frontal gy-
rus, the right dorsolateral PFC, the right
middle frontal gyrus, and bilateral inferior
and superior parietal cortices (Fig. 3).
This network is consistent with previous
results of (conscious) response inhibition,
in which the IFC and pre-SMA have been
proposed to play important roles (Konishi
et al., 1999; Garavan et al., 2002; Rubia
et al., 2003; Wager et al., 2005; Blasi et al.,
2006; Aron et al., 2007; Chikazoe et al.,
2007; Simmonds et al., 2008; Duann
et al., 2009).

To examine the activation related to
the unconscious initiation of inhibitory
control, we contrasted responded, strongly
masked no-go trials with responded,
strongly masked go trials. Significant acti-
vations were observed in three a priori hy-
pothesized brain regions: the right IFC
(36, 28, 2; Z ! 4.10), the left IFC ($42, 12,
$4; Z ! 3.71), and the pre-SMA ($6, 2,
52; Z ! 3.52), corrected for multiple com-
parisons across a small volume of interest
(Fig. 4a). Although these three brain re-
gions were observed at approximately
similar locations as the conscious activations, there were some
small regional differences. Whereas the conscious and uncon-
scious contrasts revealed a highly similar cluster in the right IFC
(172 of 187 unconsciously activated voxels overlapped with con-
sciously activated voxels, 92% overlap), the left IFC (25 of 184
overlapping voxels, 14% overlap) and the pre-SMA (21 of 317
overlapping voxels, 7% overlap) overlapped less. Especially the

part of the pre-SMA that was activated unconsciously was ob-
served more posteriorly and ventrally compared with when it was
activated consciously (Figs. 3, 4).

To test whether this unconsciously initiated activation pattern
is truly related to the initiation of inhibitory control, we further
examined whether individual differences in activation levels in
the unconscious inhibition network could explain why strongly

Figure 3. Neural activation associated with consciously triggered no-go inhibition. The con-
trast between inhibited, weakly masked no-go trials and responded, weakly masked go trials
revealed activation in a (largely right-lateralized) frontoparietal inhibition network. For a full
list of activated regions (Z # 2.3, whole-brain cluster corrected, p " 0.05, GRFT), see supple-
mental Table 1 (available at www.jneurosci.org as supplemental material). ACC, Anterior cin-
gulate cortex; AI, anterior insula; dlPFC, dorsolateral prefrontal cortex; MFG, middle frontal
gyrus; SFG, superior frontal gyrus.

Figure 4. Neural activation associated with unconsciously triggered no-go inhibition. a, The contrast between responded,
strongly masked no-go trials and responded, strongly masked go trials revealed significant activation in three a priori hypothesized
regions of interest (pre-SMA and left/right IFC), corrected for multiple comparisons ( p " 0.05, GRFT) across a small volume of
interest (see Materials and Methods). b, Across-subjects Spearman’s rank correlation (! ! 0.498, p ! 0.026) between uncon-
sciously initiated RT slowing and activation in the unconscious inhibition network (the mean activation of all three clusters).
c, BOLD time courses for all four conditions in the right IFC. The left panel depicts the strongly masked conditions, and the right
panel depicts the weakly masked conditions. Scale bars, % intersubject SEMs.
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triggered complete response inhibition in the majority of trials,
participants did not inhibit their responses more often in strongly
masked no-go trials (0.58%) than in strongly masked go trials
(0.46%). Crucially, however, RTs were significantly longer to
strongly masked no-go trials than to strongly masked go trials
(t(19) ! 6.24; p " 0.001) (Fig. 2b). Moreover, the entire response
time distribution of strongly masked no-go trials was shifted in
time compared with the response time distribution of strongly
masked go trials (Fig. 2c), which indicates that RT slowing in-
duced by strongly masked no-go signals was not due to only a few
trials. The combination of these results indicates that strongly
masked no-go signals triggered inhibitory control processes, but
not sufficiently to withhold the overt response. Although not
successful as such, the attempt to inhibit may have resulted in a
slower buildup of response activation, thus leading to slowing of
the imminent response.

Neural mechanisms of conscious and unconscious
inhibitory control
To examine the neural mechanisms underlying consciously trig-
gered inhibitory control, we contrasted inhibited, weakly masked
no-go trials with responded, weakly masked go trials (Z # 2.3,
whole-brain cluster corrected). Consciously initiated response
inhibition was associated with a typical (mostly right-lateralized)
frontoparietal network associated with no-go inhibition (four
large clusters; for a full list of activations see supplemental Table
1, available at www.jneurosci.org as supplemental material). This
“conscious inhibition network” included the right and left IFC
bordering and extending into the anterior
insula, the pre-SMA, the anterior cingu-
late cortex, the right superior frontal gy-
rus, the right dorsolateral PFC, the right
middle frontal gyrus, and bilateral inferior
and superior parietal cortices (Fig. 3).
This network is consistent with previous
results of (conscious) response inhibition,
in which the IFC and pre-SMA have been
proposed to play important roles (Konishi
et al., 1999; Garavan et al., 2002; Rubia
et al., 2003; Wager et al., 2005; Blasi et al.,
2006; Aron et al., 2007; Chikazoe et al.,
2007; Simmonds et al., 2008; Duann
et al., 2009).

To examine the activation related to
the unconscious initiation of inhibitory
control, we contrasted responded, strongly
masked no-go trials with responded,
strongly masked go trials. Significant acti-
vations were observed in three a priori hy-
pothesized brain regions: the right IFC
(36, 28, 2; Z ! 4.10), the left IFC ($42, 12,
$4; Z ! 3.71), and the pre-SMA ($6, 2,
52; Z ! 3.52), corrected for multiple com-
parisons across a small volume of interest
(Fig. 4a). Although these three brain re-
gions were observed at approximately
similar locations as the conscious activations, there were some
small regional differences. Whereas the conscious and uncon-
scious contrasts revealed a highly similar cluster in the right IFC
(172 of 187 unconsciously activated voxels overlapped with con-
sciously activated voxels, 92% overlap), the left IFC (25 of 184
overlapping voxels, 14% overlap) and the pre-SMA (21 of 317
overlapping voxels, 7% overlap) overlapped less. Especially the

part of the pre-SMA that was activated unconsciously was ob-
served more posteriorly and ventrally compared with when it was
activated consciously (Figs. 3, 4).

To test whether this unconsciously initiated activation pattern
is truly related to the initiation of inhibitory control, we further
examined whether individual differences in activation levels in
the unconscious inhibition network could explain why strongly

Figure 3. Neural activation associated with consciously triggered no-go inhibition. The con-
trast between inhibited, weakly masked no-go trials and responded, weakly masked go trials
revealed activation in a (largely right-lateralized) frontoparietal inhibition network. For a full
list of activated regions (Z # 2.3, whole-brain cluster corrected, p " 0.05, GRFT), see supple-
mental Table 1 (available at www.jneurosci.org as supplemental material). ACC, Anterior cin-
gulate cortex; AI, anterior insula; dlPFC, dorsolateral prefrontal cortex; MFG, middle frontal
gyrus; SFG, superior frontal gyrus.

Figure 4. Neural activation associated with unconsciously triggered no-go inhibition. a, The contrast between responded,
strongly masked no-go trials and responded, strongly masked go trials revealed significant activation in three a priori hypothesized
regions of interest (pre-SMA and left/right IFC), corrected for multiple comparisons ( p " 0.05, GRFT) across a small volume of
interest (see Materials and Methods). b, Across-subjects Spearman’s rank correlation (! ! 0.498, p ! 0.026) between uncon-
sciously initiated RT slowing and activation in the unconscious inhibition network (the mean activation of all three clusters).
c, BOLD time courses for all four conditions in the right IFC. The left panel depicts the strongly masked conditions, and the right
panel depicts the weakly masked conditions. Scale bars, % intersubject SEMs.
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triggered complete response inhibition in the majority of trials,
participants did not inhibit their responses more often in strongly
masked no-go trials (0.58%) than in strongly masked go trials
(0.46%). Crucially, however, RTs were significantly longer to
strongly masked no-go trials than to strongly masked go trials
(t(19) ! 6.24; p " 0.001) (Fig. 2b). Moreover, the entire response
time distribution of strongly masked no-go trials was shifted in
time compared with the response time distribution of strongly
masked go trials (Fig. 2c), which indicates that RT slowing in-
duced by strongly masked no-go signals was not due to only a few
trials. The combination of these results indicates that strongly
masked no-go signals triggered inhibitory control processes, but
not sufficiently to withhold the overt response. Although not
successful as such, the attempt to inhibit may have resulted in a
slower buildup of response activation, thus leading to slowing of
the imminent response.

Neural mechanisms of conscious and unconscious
inhibitory control
To examine the neural mechanisms underlying consciously trig-
gered inhibitory control, we contrasted inhibited, weakly masked
no-go trials with responded, weakly masked go trials (Z # 2.3,
whole-brain cluster corrected). Consciously initiated response
inhibition was associated with a typical (mostly right-lateralized)
frontoparietal network associated with no-go inhibition (four
large clusters; for a full list of activations see supplemental Table
1, available at www.jneurosci.org as supplemental material). This
“conscious inhibition network” included the right and left IFC
bordering and extending into the anterior
insula, the pre-SMA, the anterior cingu-
late cortex, the right superior frontal gy-
rus, the right dorsolateral PFC, the right
middle frontal gyrus, and bilateral inferior
and superior parietal cortices (Fig. 3).
This network is consistent with previous
results of (conscious) response inhibition,
in which the IFC and pre-SMA have been
proposed to play important roles (Konishi
et al., 1999; Garavan et al., 2002; Rubia
et al., 2003; Wager et al., 2005; Blasi et al.,
2006; Aron et al., 2007; Chikazoe et al.,
2007; Simmonds et al., 2008; Duann
et al., 2009).

To examine the activation related to
the unconscious initiation of inhibitory
control, we contrasted responded, strongly
masked no-go trials with responded,
strongly masked go trials. Significant acti-
vations were observed in three a priori hy-
pothesized brain regions: the right IFC
(36, 28, 2; Z ! 4.10), the left IFC ($42, 12,
$4; Z ! 3.71), and the pre-SMA ($6, 2,
52; Z ! 3.52), corrected for multiple com-
parisons across a small volume of interest
(Fig. 4a). Although these three brain re-
gions were observed at approximately
similar locations as the conscious activations, there were some
small regional differences. Whereas the conscious and uncon-
scious contrasts revealed a highly similar cluster in the right IFC
(172 of 187 unconsciously activated voxels overlapped with con-
sciously activated voxels, 92% overlap), the left IFC (25 of 184
overlapping voxels, 14% overlap) and the pre-SMA (21 of 317
overlapping voxels, 7% overlap) overlapped less. Especially the

part of the pre-SMA that was activated unconsciously was ob-
served more posteriorly and ventrally compared with when it was
activated consciously (Figs. 3, 4).

To test whether this unconsciously initiated activation pattern
is truly related to the initiation of inhibitory control, we further
examined whether individual differences in activation levels in
the unconscious inhibition network could explain why strongly

Figure 3. Neural activation associated with consciously triggered no-go inhibition. The con-
trast between inhibited, weakly masked no-go trials and responded, weakly masked go trials
revealed activation in a (largely right-lateralized) frontoparietal inhibition network. For a full
list of activated regions (Z # 2.3, whole-brain cluster corrected, p " 0.05, GRFT), see supple-
mental Table 1 (available at www.jneurosci.org as supplemental material). ACC, Anterior cin-
gulate cortex; AI, anterior insula; dlPFC, dorsolateral prefrontal cortex; MFG, middle frontal
gyrus; SFG, superior frontal gyrus.

Figure 4. Neural activation associated with unconsciously triggered no-go inhibition. a, The contrast between responded,
strongly masked no-go trials and responded, strongly masked go trials revealed significant activation in three a priori hypothesized
regions of interest (pre-SMA and left/right IFC), corrected for multiple comparisons ( p " 0.05, GRFT) across a small volume of
interest (see Materials and Methods). b, Across-subjects Spearman’s rank correlation (! ! 0.498, p ! 0.026) between uncon-
sciously initiated RT slowing and activation in the unconscious inhibition network (the mean activation of all three clusters).
c, BOLD time courses for all four conditions in the right IFC. The left panel depicts the strongly masked conditions, and the right
panel depicts the weakly masked conditions. Scale bars, % intersubject SEMs.
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triggered complete response inhibition in the majority of trials,
participants did not inhibit their responses more often in strongly
masked no-go trials (0.58%) than in strongly masked go trials
(0.46%). Crucially, however, RTs were significantly longer to
strongly masked no-go trials than to strongly masked go trials
(t(19) ! 6.24; p " 0.001) (Fig. 2b). Moreover, the entire response
time distribution of strongly masked no-go trials was shifted in
time compared with the response time distribution of strongly
masked go trials (Fig. 2c), which indicates that RT slowing in-
duced by strongly masked no-go signals was not due to only a few
trials. The combination of these results indicates that strongly
masked no-go signals triggered inhibitory control processes, but
not sufficiently to withhold the overt response. Although not
successful as such, the attempt to inhibit may have resulted in a
slower buildup of response activation, thus leading to slowing of
the imminent response.

Neural mechanisms of conscious and unconscious
inhibitory control
To examine the neural mechanisms underlying consciously trig-
gered inhibitory control, we contrasted inhibited, weakly masked
no-go trials with responded, weakly masked go trials (Z # 2.3,
whole-brain cluster corrected). Consciously initiated response
inhibition was associated with a typical (mostly right-lateralized)
frontoparietal network associated with no-go inhibition (four
large clusters; for a full list of activations see supplemental Table
1, available at www.jneurosci.org as supplemental material). This
“conscious inhibition network” included the right and left IFC
bordering and extending into the anterior
insula, the pre-SMA, the anterior cingu-
late cortex, the right superior frontal gy-
rus, the right dorsolateral PFC, the right
middle frontal gyrus, and bilateral inferior
and superior parietal cortices (Fig. 3).
This network is consistent with previous
results of (conscious) response inhibition,
in which the IFC and pre-SMA have been
proposed to play important roles (Konishi
et al., 1999; Garavan et al., 2002; Rubia
et al., 2003; Wager et al., 2005; Blasi et al.,
2006; Aron et al., 2007; Chikazoe et al.,
2007; Simmonds et al., 2008; Duann
et al., 2009).

To examine the activation related to
the unconscious initiation of inhibitory
control, we contrasted responded, strongly
masked no-go trials with responded,
strongly masked go trials. Significant acti-
vations were observed in three a priori hy-
pothesized brain regions: the right IFC
(36, 28, 2; Z ! 4.10), the left IFC ($42, 12,
$4; Z ! 3.71), and the pre-SMA ($6, 2,
52; Z ! 3.52), corrected for multiple com-
parisons across a small volume of interest
(Fig. 4a). Although these three brain re-
gions were observed at approximately
similar locations as the conscious activations, there were some
small regional differences. Whereas the conscious and uncon-
scious contrasts revealed a highly similar cluster in the right IFC
(172 of 187 unconsciously activated voxels overlapped with con-
sciously activated voxels, 92% overlap), the left IFC (25 of 184
overlapping voxels, 14% overlap) and the pre-SMA (21 of 317
overlapping voxels, 7% overlap) overlapped less. Especially the

part of the pre-SMA that was activated unconsciously was ob-
served more posteriorly and ventrally compared with when it was
activated consciously (Figs. 3, 4).

To test whether this unconsciously initiated activation pattern
is truly related to the initiation of inhibitory control, we further
examined whether individual differences in activation levels in
the unconscious inhibition network could explain why strongly

Figure 3. Neural activation associated with consciously triggered no-go inhibition. The con-
trast between inhibited, weakly masked no-go trials and responded, weakly masked go trials
revealed activation in a (largely right-lateralized) frontoparietal inhibition network. For a full
list of activated regions (Z # 2.3, whole-brain cluster corrected, p " 0.05, GRFT), see supple-
mental Table 1 (available at www.jneurosci.org as supplemental material). ACC, Anterior cin-
gulate cortex; AI, anterior insula; dlPFC, dorsolateral prefrontal cortex; MFG, middle frontal
gyrus; SFG, superior frontal gyrus.

Figure 4. Neural activation associated with unconsciously triggered no-go inhibition. a, The contrast between responded,
strongly masked no-go trials and responded, strongly masked go trials revealed significant activation in three a priori hypothesized
regions of interest (pre-SMA and left/right IFC), corrected for multiple comparisons ( p " 0.05, GRFT) across a small volume of
interest (see Materials and Methods). b, Across-subjects Spearman’s rank correlation (! ! 0.498, p ! 0.026) between uncon-
sciously initiated RT slowing and activation in the unconscious inhibition network (the mean activation of all three clusters).
c, BOLD time courses for all four conditions in the right IFC. The left panel depicts the strongly masked conditions, and the right
panel depicts the weakly masked conditions. Scale bars, % intersubject SEMs.
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triggered complete response inhibition in the majority of trials,
participants did not inhibit their responses more often in strongly
masked no-go trials (0.58%) than in strongly masked go trials
(0.46%). Crucially, however, RTs were significantly longer to
strongly masked no-go trials than to strongly masked go trials
(t(19) ! 6.24; p " 0.001) (Fig. 2b). Moreover, the entire response
time distribution of strongly masked no-go trials was shifted in
time compared with the response time distribution of strongly
masked go trials (Fig. 2c), which indicates that RT slowing in-
duced by strongly masked no-go signals was not due to only a few
trials. The combination of these results indicates that strongly
masked no-go signals triggered inhibitory control processes, but
not sufficiently to withhold the overt response. Although not
successful as such, the attempt to inhibit may have resulted in a
slower buildup of response activation, thus leading to slowing of
the imminent response.

Neural mechanisms of conscious and unconscious
inhibitory control
To examine the neural mechanisms underlying consciously trig-
gered inhibitory control, we contrasted inhibited, weakly masked
no-go trials with responded, weakly masked go trials (Z # 2.3,
whole-brain cluster corrected). Consciously initiated response
inhibition was associated with a typical (mostly right-lateralized)
frontoparietal network associated with no-go inhibition (four
large clusters; for a full list of activations see supplemental Table
1, available at www.jneurosci.org as supplemental material). This
“conscious inhibition network” included the right and left IFC
bordering and extending into the anterior
insula, the pre-SMA, the anterior cingu-
late cortex, the right superior frontal gy-
rus, the right dorsolateral PFC, the right
middle frontal gyrus, and bilateral inferior
and superior parietal cortices (Fig. 3).
This network is consistent with previous
results of (conscious) response inhibition,
in which the IFC and pre-SMA have been
proposed to play important roles (Konishi
et al., 1999; Garavan et al., 2002; Rubia
et al., 2003; Wager et al., 2005; Blasi et al.,
2006; Aron et al., 2007; Chikazoe et al.,
2007; Simmonds et al., 2008; Duann
et al., 2009).

To examine the activation related to
the unconscious initiation of inhibitory
control, we contrasted responded, strongly
masked no-go trials with responded,
strongly masked go trials. Significant acti-
vations were observed in three a priori hy-
pothesized brain regions: the right IFC
(36, 28, 2; Z ! 4.10), the left IFC ($42, 12,
$4; Z ! 3.71), and the pre-SMA ($6, 2,
52; Z ! 3.52), corrected for multiple com-
parisons across a small volume of interest
(Fig. 4a). Although these three brain re-
gions were observed at approximately
similar locations as the conscious activations, there were some
small regional differences. Whereas the conscious and uncon-
scious contrasts revealed a highly similar cluster in the right IFC
(172 of 187 unconsciously activated voxels overlapped with con-
sciously activated voxels, 92% overlap), the left IFC (25 of 184
overlapping voxels, 14% overlap) and the pre-SMA (21 of 317
overlapping voxels, 7% overlap) overlapped less. Especially the

part of the pre-SMA that was activated unconsciously was ob-
served more posteriorly and ventrally compared with when it was
activated consciously (Figs. 3, 4).

To test whether this unconsciously initiated activation pattern
is truly related to the initiation of inhibitory control, we further
examined whether individual differences in activation levels in
the unconscious inhibition network could explain why strongly

Figure 3. Neural activation associated with consciously triggered no-go inhibition. The con-
trast between inhibited, weakly masked no-go trials and responded, weakly masked go trials
revealed activation in a (largely right-lateralized) frontoparietal inhibition network. For a full
list of activated regions (Z # 2.3, whole-brain cluster corrected, p " 0.05, GRFT), see supple-
mental Table 1 (available at www.jneurosci.org as supplemental material). ACC, Anterior cin-
gulate cortex; AI, anterior insula; dlPFC, dorsolateral prefrontal cortex; MFG, middle frontal
gyrus; SFG, superior frontal gyrus.

Figure 4. Neural activation associated with unconsciously triggered no-go inhibition. a, The contrast between responded,
strongly masked no-go trials and responded, strongly masked go trials revealed significant activation in three a priori hypothesized
regions of interest (pre-SMA and left/right IFC), corrected for multiple comparisons ( p " 0.05, GRFT) across a small volume of
interest (see Materials and Methods). b, Across-subjects Spearman’s rank correlation (! ! 0.498, p ! 0.026) between uncon-
sciously initiated RT slowing and activation in the unconscious inhibition network (the mean activation of all three clusters).
c, BOLD time courses for all four conditions in the right IFC. The left panel depicts the strongly masked conditions, and the right
panel depicts the weakly masked conditions. Scale bars, % intersubject SEMs.
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Van Gaal, et al. "Unconscious activation of the prefrontal no-go network." (2010)
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control

System 1和System 2在脑部激活的区域是完全不同的System 2:
• 缓慢的
• 有序的
• 有逻辑的
• 有意识的
• 有语言表达的
• 有算法合理规划
的

• 显性知识

System 1:
• 快速的
• 单步并行的
• 直觉的
• 无意识的
• 无语言表达的
• 惯常的
• 隐性知识
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机器意识的层次和路径
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复杂系统下安全可靠的感知决
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声音感知，触觉感知

C3：自我意识

C2：机制层面C2：机制层面

C1：认知层面

C0：感知层面

容易问题

困难问题

困难问题
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未来具身智能的智能范式融合

p!"#$%&'()%*'()%+,()-./

1~3hz

3~10hz

10~100hz

Consciousness!"#
$%&'()!"

Perception*+#
,-.*+/0

Control12#
341256

Cognition7+#
89LLM Agent:7+;<=>?@A

Intelligence Agility
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p 2022年机器学习课，我写到：“我们仍然离强人工智能（通用人工智能，

Artificial General Intelligence, AGI）很遥远，还有很长的路需要走”

p 2023年机器学习课，我写到：“我们已经可以看到通用人工智能的早期版

本就在眼前”

p 2024年机器学习课，同学们的一项大作业是使用大模型来完成机器学习大

作业，我们已经正式进入机器学习新时代

p 机器学习是迄今为止我们拥有的最强大的AI工具

p 祝愿同学们怀揣机器学习这一利器在今后的科研之路上大展宏图！



THANK YOU




