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Part 1: Introduction

n1.1 Imitation Learning Concepts

n1.2 Imitation Learning Methods 
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1.1 Imation Learning Concepts
n Motivation:
p No Reward Function Available

n Setting:
p Input: Expert Demonstration ���, ��, ⋯, ���

p State Function                  is available

n Goal
p To Get A Policy Function π(a|s)

n Main Methods:
p Behaviour Cloning (BC)

p Inverse Reinforcement Learning (IRL)

p Generative Adversarial Imitation Learning (GAIL)
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1.2 Imation Learning Methods
pBehaviour cloning
p � = �(������, ��. . . �              �(��, ��),  (��, ��),  ⋯�
p Pros:  instuitive,  efficient, off-line
pCons: limit of train data, error-accumulate(step-data), never better than 

expert
pUsed to initialize model

p Inverse Reinforcement Learning
p Train The Reward Function          Reinforcenment Learning 
p Pros: solved error-accumulate problem
pCons: time-consuming, liner reward function restriction

       input label
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Part 2: GAN and GAIL

n2.1 GAN

n2.2 GAIL 

n2.3 Pros And Cons
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2.1 GAN
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2.1 GAN
pBasic Concepts:
p Generator G(s,θ)
p s: input vector in which e ~N(-1, 1) or  N(0,1)
p θ: neural network argument
p G(s0 , θ): depends on the task

p Discriminator D(x,φ)
p x: the output of generator or the sample data
p φ: the neural network argument
p D(x,φ): a scalar which denotes the probability of sample data
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2.1 GAN
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2.1 GAN
p Train the generator
p Connect the generator G(s,θ) and discriminator  D(x,φ)
p Fix the discriminator parameter φ
p Define the loss function with cross entropy 

p Update the θ with SGD or B-SGD
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2.1 GAN
p Train the discriminator
p Take a random sample from the database xreal

p Get the xfake = G(s;θ)
p Define the loss function with cross entropy 

p Update the φ with SGD or Mini-Batch SGD
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2.2 GAIL
p Expert Demonstration (Database)
p  
p  

p Generator
p                ············  
p  output
p given initial state s1 , generator will get a trajectory 
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2.2 GAIL
p Discriminator
p  
p  
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2.2 GAIL: Algorithm
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2.2 GAIL: Algorithm
p Train the generator (i.e. policy function                    ) 
p  θnow: current parameter of policy function
p  use current policy function to get a trajectory
p  D(st, at; φ)  can output the quality of (st, at)
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2.2 GAIL: Algorithm
p Train the discriminator (i.e. policy function                    ) 
p  Random sample
p  Use current policy function to get a trajectory
p  Define the loss function 
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2.3 GAIL: Pros and Cons
p Pros
p  Efficient Compared to IRL
p  Exact more features than IRL

p  Cons
p  Modal collapse
p Improved GAIL based on multiple modal
p Improved GAIL based on 

p  Low utilization of generated samples
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Part 3: Third-Person Imitation Learning

n3.1：Basic Concepts 

n3.2：DANN

n3.3：TPIL 
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3.1  Third-Person
Third Person First Person 
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3.1  TPIL VS Transfer Learning

nTransfer Learning: Ability of a system to recognize 
and apply knowledge and skills learned in previous 
domains/tasks to novel domains/tasks

nDomain

nTPIL and Tranfer Learning
p Source Domain: Third person
p Destion Domin: First Person 
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3.2  DANN
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3.2  DANN
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3.3  TPIL
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3.3  TPIL



Southeast University WDS 25

3.3  TPIL
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Part 4: Conclusion

n 4.1: Imation Learning
p No Reward Function Available

p Main methods: Behaviour Cloning/Inverse Reinforcement Learning

n 4.2: Generative Adversial Immitation Learning 

n 4.3: Third-person Learning
p Extend of GAIL

p DANN && TL && InfoGAN

n 4.4: Some open issues: Manually Setting Award Funtion / Techniques Innovation
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Thanks!
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