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Behavioral Cloning

s𝑡𝑎𝑡𝑒/𝑐𝑜𝑛𝑡𝑒𝑥𝑡 → 𝑡𝑟𝑎𝑗𝑒𝑐𝑡𝑜𝑟𝑖𝑒𝑠/𝑎𝑐𝑡𝑖𝑜𝑛𝑠

lModel-free BC methods

lModel-based BC methods
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3.1 问题陈述

机器人系统的主要目的：学习控制器
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3.1 问题陈述

The aim of imitation learning:

𝜏! = 𝜋(𝑠)

𝑠 𝑐𝑎𝑛 𝑏𝑒 𝑡ℎ𝑒 𝑖𝑛𝑖𝑡𝑖𝑎𝑙 𝑠𝑡𝑎𝑡𝑒 𝑜𝑓 𝑡ℎ𝑒 𝑟𝑜𝑏𝑜𝑡𝑖𝑐 𝑚𝑎𝑛𝑖𝑝𝑢𝑙𝑎𝑡𝑜𝑟 𝑥"
𝑜𝑟 𝑡ℎ𝑒 𝑠𝑡𝑎𝑡𝑒 𝑜𝑓 𝑜𝑏𝑗𝑒𝑐𝑡𝑠 𝑟𝑒𝑙𝑒𝑣𝑎𝑛𝑡 𝑡𝑜 𝑎 𝑔𝑖𝑣𝑒𝑛 𝑡𝑎𝑠𝑘

In action-state space learning:

𝑢# = 𝜋(𝑥#, 𝑠)
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3.1 问题陈述

Action-state space learning:  𝒟 = (𝑢$, 𝑥$) $%&
'

Learning trajectories:  𝒟 = (𝜏$, 𝑠$) $%&
'
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3.2 行为克隆的设计

1.应该使用什么代理损失函数来表示演示和生成的行为的差异：

BC方法需要一个代理损失函数，该函数量化演示的行为和学习的策略

之间的差异。代理损失函数的选择对如何训练策略有很大的影响，我们需要

选择合适的代理损失函数来实现高效的学习。

Questions:

2.应该使用什么回归方法来表示策略：

为了获得满意的系统性能，必须选择合适的回归方法。回归模型应该具

有足够的可解释性，以表示所需的行为，但要足够简单，以便对模型进行有

效的训练。
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3.2 行为克隆的设计

3.2.1 代理损失函数的选择
Quadratic Loss Function:

𝑙()*! 𝑥&, 𝑥+ = (𝑥& − 𝑥+), (𝑥& − 𝑥+)

在高斯分布假设下，最小化平方损失函数与期望对数似然(expected log 
likelihood) 的最大化密切相关

𝑦 = 𝑓- 𝑥 + 𝜖 𝜖 ∼ 𝒩(0, 𝜎)

𝑝 𝑦 𝑥, 𝜃 =
1
2𝜋𝜎

exp(−
(𝑦 − 𝑓- 𝑥 )+

2𝜎
)
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3.2 行为克隆的设计

argmax
-

𝐸 𝑙𝑜𝑔𝑝 = argmax
-

𝐸[𝑙𝑜𝑔𝑒𝑥𝑝(− (/01! 2 )"

+4 )+]

= argmin
-

𝐸[(𝑦 − 𝑓- 𝑥 )+]

≈ argmin-
&
'
∑$(𝑦 − 𝑓- 𝑥 )+

DMP和ProMP都是通过最小化平方损失函数学习轨迹

Weighted Quadratic Loss Function:

𝑙5()*! 𝑥&, 𝑥+,𝑊 = (𝑥& − 𝑥+),𝑊 (𝑥& − 𝑥+)
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3.2 行为克隆的设计

𝑙& − 𝐿𝑜𝑠𝑠 𝐹𝑢𝑛𝑐𝑡𝑖𝑜𝑛:

𝑙*67 𝑥&, 𝑥+ =Y
$

|𝑥&,$ − 𝑥+,$|

Log Loss Function:

𝑙9:; 𝑞, 𝑝 = −Y
$

𝑞$𝑙𝑛𝑝$
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3.2 行为克隆的设计

𝑙<$=;> 𝑥&, 𝑥+ = max(0, 1 − 𝑥&𝑥+)
Hinge Loss Function:

Kullback-Leibler Divergence:

𝐷?@(𝑝(𝑥)| 𝑞 𝑥 = ]𝑝 𝑥 𝑙𝑛
𝑝(𝑥)
𝑞(𝑥)

𝑑𝑥
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3.2 行为克隆的设计

3.2.2 回归方法的选择
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3.3基于模型和无模型的行为克隆方法

无模型BC不需要学习系统动态，不需要迭代学习，学习过程相对简单，但并
不能保证在给定系统中的可行性

基于模型BC使用系统动态相关知识学习策略，即使机器欠驱动，也可达到学
得接近专家策略的行为轨迹，但往往需要迭代学习，较为耗时
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3.4动作状态空间中的无模型BC Methods

3.4.1Model-Free Behavioral Cloning as Supervised Learning

在早期对模仿学习的研究中，采用监督学习的方法在动作状态空间中
进行模仿学习，例如在自动驾驶系统中，训练一个神经网络实现从图
像到转向角的映射，但这种方法无法用于实践，在顺序决策中产生的
极联误差会让学习者遇到未知状态，汽车会很快的驶离道路。

监督学习通常基于训练样本是独立、同分布的假设，但模仿学习的问
题会违背这种假设，尤其是在学习一个需要做出顺序决策的策略时，
3.4.3将介绍一种交互监督学习(supervised learning with interaction)
的方法解决这个问题
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3.4动作状态空间中的无模型BC Methods

3.4.2 Imitation as Supervised Learning with Neural Networks

lRecent successes of Imitation Learning with Neural Networks

a value network:
approximate the value function to 
predict the expected outcome of the
game

a policy network:
output actions using a representation 
of the image input of the board

The value and policy networks are 
improved using data collected 
through self-play
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3.4动作状态空间中的无模型BC Methods

3.4.2 Imitation as Supervised Learning with Neural Networks

l Learning with Recurrent Neural Networks

generate human like natural 
language using a special form of the 
long short-term memory(LSTM)

神经网络生成从人类演示中学
习的自然语言。该神经网络以
对话行为为条件，将生成的句
子限制在特定的意义下
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3.4动作状态空间中的无模型BC Methods

3.4.3 Teacher-Student Interaction during Behavioral Cloning 
This method highlights a central difference between imitation learning and 
the traditional setting of supervised learning, where we typically assume the 
input distribution to be independent and identically distributed.

但是，即使在适度规模的模仿学习问题中，在所有可能情况下收集演示
数据也是不可行的，因此我们必须把更正集中在最相关的场景下。

lSEARN

lConfidence-Based Approach

lData Aggregation Approach: DAGGER
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3.4动作状态空间中的无模型BC Methods

3.4.3 Teacher-Student Interaction during Behavioral Cloning 

lConfidence-Based Approach
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3.4动作状态空间中的无模型BC Methods

3.4.3 Teacher-Student Interaction during Behavioral Cloning 

lData Aggregation Approach: DAGGER
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3.4动作状态空间中的无模型BC Methods

3.4.3 Teacher-Student Interaction during Behavioral Cloning 

lData Aggregation Approach: DAGGER
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3.5学习轨迹的无模型BC Methods

3.5.1 Trajectory Representation 

lKeyframe/Via-Point Based Approaches

lHidden Markov Models(HMM)

lDynamic Movement Primitives(DMP)

lProbabilistic Movement Primitives(ProMPs)

lStable estimator of dynamical systems(SEDS)
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3.5学习轨迹的无模型BC Methods

3.5.1 Trajectory Representation 
lHidden Markov Models(HMM)

X : a finite set of latent state
Y : a finite set of observation labels
A={𝑎$A} : a state transition matrix
B={𝑏$A} : an output probability matrix
𝑑$ : an initial distribution vector
𝜆 = (𝐴, 𝐵)

𝜆∗ = argmax
C

𝑝(𝑌D|𝜆)
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3.5学习轨迹的无模型BC Methods

3.5.1 Trajectory Representation 
lDynamic Movement Primitives(DMP)

ensure the smoothness and continuity of the trajectory
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3.5学习轨迹的无模型BC Methods

3.5.1 Trajectory Representation 
lDynamic Movement Primitives(DMP)

For a striking movement,
𝜏�̇� = −𝛼!𝑧 𝛼!𝑖𝑠 𝑎 𝑐𝑜𝑛𝑠𝑡𝑎𝑛𝑡

Using a Gaussian basis function with z,

𝑓 𝑧 = (𝑔 − 𝑥")3
#$%

&

𝜓#(𝑧)𝜔#𝑧
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3.5学习轨迹的无模型BC Methods

3.5.1 Trajectory Representation 
lDynamic Movement Primitives(DMP)

𝑓#*E;># 𝑡 = 𝜏+�̈�!>F: 𝑡 − 𝛼2(𝛽2 𝑔 − 𝑥!>F: 𝑡 − 𝜏�̇�!>F:(𝑡))

ℒGHI =Y
#%"

,

(𝑓#*E;># 𝑡 − 𝜉(𝑡)Ψ𝜔)
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3.5学习轨迹的无模型BC Methods

3.5.1 Trajectory Representation 
lDynamic Movement Primitives(DMP)
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3.5学习轨迹的无模型BC Methods

3.5.1 Trajectory Representation 
lProbabilistic Movement Primitives(ProMPs)

在t时刻，系统的状态可表示为：
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3.5学习轨迹的无模型BC Methods

3.5.1 Trajectory Representation 
lProbabilistic Movement Primitives(ProMPs)
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3.5学习轨迹的无模型BC Methods

3.5.1 Trajectory Representation 
lProbabilistic Movement Primitives(ProMPs)
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3.5学习轨迹的无模型BC Methods

3.5.1 Trajectory Representation 
lStable estimator of dynamical systems(SEDS)

Time-Invariant

�̇� = 𝑓(𝑥)
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3.5学习轨迹的无模型BC Methods

3.5.1 Trajectory Representation 
lStable estimator of dynamical systems(SEDS)

Time-Invariant
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3.5学习轨迹的无模型BC Methods

3.5.2 Comparison of Trajectory Representations
选择要求：
1. 选择最简洁的轨迹描述
2. 选择适合所需行为模型复杂度的表示
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3.5学习轨迹的无模型BC Methods

3.5.3 Generalization of Demonstrated Trajectories
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3.5学习轨迹的无模型BC Methods

3.5.4 Information Theoretic Understanding of Model-Free BC

minimize a sum-of-squares error function
=maximize the likelihood for the given dataset of demonstration
=minimize the KL divergence given by:

𝐷?@(𝑞(𝜏)| 𝑝 𝜏 𝑤 = ]𝑞(𝜏) 𝑙𝑛
𝑞(𝜏)
𝑝(𝜏|𝜔)

𝑑𝜏

𝐷?@(𝑞(𝜏)||𝑝(𝜏|𝜔)) ≃
1
𝑁
Y
$%&

'

(− ln 𝜏$!>F: 𝜔 + 𝑙𝑛𝑞(𝜏$!>F:))
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3.5学习轨迹的无模型BC Methods

3.5.4 Information Theoretic Understanding of Model-Free BC

𝑚𝑎𝑥𝑖𝑚𝑖𝑧𝑒 𝑡ℎ𝑒 𝑙𝑖𝑘𝑒𝑙𝑖ℎ𝑜𝑜𝑑 ln 𝑝(𝜏|𝜔)
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3.5学习轨迹的无模型BC Methods

l Time Alignment of Multiple Demonstrations

l Learning Coupled Movements

l Incremental Trajectory Learning
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3.5学习轨迹的无模型BC Methods

3.5.8 Combing Multiple Expert Policies

Given multiple experts’ policies 𝜋$ $%&H ,

𝜋 𝑥 =
∑$%&H 𝑜$𝜋$(𝑥)
∑$%&H 𝑜$

mixture of experts:

𝜋 𝑥 =
∏$%&
H 𝜋$(𝑥)

∫∏$%&
H 𝜋$ 𝑥 𝑑𝑥

products of experts:
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3.6 Model-Free Behavioral Cloning for 
Task-Level Planning 
3.6.1 Segmentation and Clustering for Task-Level Planning 

虽然无模型的轨迹学习方法通常隐含地假设每个演示的轨迹包含一个运
动，但在实践中，演示的轨迹可能由不同类型的原始运动序列组成。
因此，为了学习每个原始运动，有必要对演示的轨迹进行分割。此
外，在对轨迹进行分割后，为了学习多种类型的原始运动，往往需要对
分割后的运动进行聚类。然而，手工分割和聚类轨迹往往是耗时的。

基于HMM的在线分割方法：通过邻近数据间距离的计算，对人类行
为的数据用无监督学习方法进行分割
利用分解HMMs分割和聚类全身运动的方法：计算HMMs之间的距
离，并将分割后的观察到的运动聚类成树结构
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3.6 Model-Free Behavioral Cloning for 
Task-Level Planning 
3.6.2 Learning a Sequence of Primitive Motions

从示例中学习不同movement primitives，并用支持向量
机求解多分类问题建模选择下一个动作
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3.6 Model-Free Behavioral Cloning for 
Task-Level Planning 
3.6.2 Learning a Sequence of Primitive Motions

使用HMM对MP之间的转换进行建模，学习技能系列；
并用学习的DMPs使其能够适应不同物体
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3.6 Model-Free Behavioral Cloning for 
Task-Level Planning 
3.6.2 Learning a Sequence of Primitive Motions

从运动中产生句子或从句子中产生运动
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3.6 Model-Free Behavioral Cloning for 
Task-Level Planning 
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3.7 基于模型的行为克隆方法

3.7.1 基于向前动力学模型的行为克隆方法
Correspondence problem

𝑥#J& = 𝑓(𝑥#, 𝑢#)

Learning a forward dynamics model:

forward dynamics model learning can be framed as a regression problem
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3.7 基于模型的行为克隆方法

3.7.1 基于向前动力学模型的行为克隆方法
l Imitation with a Gaussian Mixture Forward Model
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3.7 基于模型的行为克隆方法

3.7.1 基于向前动力学模型的行为克隆方法
l Imitation with a Gaussian Process Forward Model
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3.7 基于模型的行为克隆方法

3.7.2 Imitation Learning through Iterative Learning Control
不需要forward dynamics model

该模型无法适用于不同的期望轨迹
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3.7 基于模型的行为克隆方法

3.7.3 基于模型BC方法的信息论理解
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3.8 Robot Applications with Model-
Free BC Methods

Learning to Hit a Ball with DMP



www.lamda.nju.edu.cn

http://www.lamda.nju.edu.cn

3.8 Robot Applications with Model-
Free BC Methods

Learning Hand-Over Tasks with ProMPs
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3.8 Robot Applications with Model-
Free BC Methods

Learning To Tie a Knot Modeling the Trajectory 
Distribution with Gaussian Process
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3.9 Robot Applications with Model-
Based BC Methods

Learning Acrobatic Helicopter Flights
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3.9 Robot Applications with Model-
Based BC Methods

Learning to Hit a Ball with an Underactuated Robot
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3.9 Robot Applications with Model-
Based BC Methods

Learning to Control with DAGGER
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Imitation Learning

Thanks!


