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• Deep Reinforcement Learning 
• Part Ⅲ 
• Part Ⅳ 



Part Ⅲ Policy-Based Reinforce Learning 

• Revison
• Policy gradient
• Baseline
• High-level skills
• Continue control



Revision

• Discounted return(折扣回报):

• Action-value function(动作价值函数):

• State-value function(状态价值函数):



Policy Gradient

• Policy Network �(�|�; �) 
• To approximate �(�|�) 



Policy Gradient

•                                    =  � �(�|��; �)Q�(��, �)
• � dicide the value of V�(s) 

• Policy gradient ascent
• � = �  +  � ��(�,�)

��



Policy Gradient
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Policy Gradient

• Algorithm:
• Oberseve st

• Random action at         �(·|��; �)
• Compute qt ≈  Q�(��, ��) 

• G(at,�t) = qt 
�l�(� �� ��; � )

��
 |�=�t

• � t+1= �t + ��(at,�t) 



Reinforce

• Get s1,a1,r1; s2,a2,r2;…. st,at,rt

• Monte Calro: ut = Q�(��, ��) 



Actor-Critic 

• V�(s) =  � �(�|�)Q�(�, �)
• Actor: �(�|�; θ)approximate �(�|�)
• Critic: q(�, �; �) approximate Q�(�, �)
• V�(s) =  � �(�|�; θ)q(�, �; �)
• Update θ to increase V(s, θ, �) 
• Update � to make q more accurate 



Actor-Critic 

• Algorithm:
• Oberseve st

• Random action at         �(·|��; �)
•  from at to observe St+1 & rt

• Update θ by TD
• Update � by Policy Gradient



Policy Gradient with Baseline
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Policy Gradient with Baseline

• ��(�,�)
��

 = IEA[�ln  � � �; �  
��

(Q�(�, �) -b)]
• During Monte Calro approximation, b can reduce variance and 

speed up convergence
• Often b = 0 or V�(st)



Reinforce with Baseline

• G(at) = �l�(� �� ��; � )
��

 (Q�(��, ��) -V�(st))

           = �l�(� �� ��; � )
��

 (��−V�(st))
• Use neural network v(s;w) to approximate V�(st)

• G(at) = �l�(� �� ��; � )
��

 (��−v(s;w))
• 3 approximation※



Policy and Value Network



Updating

• Policy gradient: � = � + � �l�(� �� ��; � )
��

 (��−v(s;w))
• Value network: 
• Prediction error: �� = v(st;w)  −  ��

• Gradient: ���
2/2

��
 = �� 

�v(st;w)
��

• Gradient descent: w = w - ��� 
�v(st;w)

��

−��



Advantage Actor-Critic (A2C)

• Observe a transition(st,st,rt,st+1)
• TD target: yt = rt + � v(st+1;w))
• TD error: �� = v(st;w)  − ��

• Update the policy network

          � = � − � �l�(� �� ��; � )
��

�� 

• Update the value network

          w = w - ��� 
�v(st;w)

��



Continuous control

• Deterministic policy gradient(确定策略梯度)

• Transition(st,st,rt,st+1)
• Value network: qt = q(st,at;w)
• qt+1 = q(st+1,a’t+1;w), a’t+1 = �(�� + 1; �)
• TD error: �� = qt - (rt + �qt+1)
• Update: w = w - ���

��(��,��;�)
��



Continuous control

• Policy network 
• Goal: increase  q(s,a;w) & a = �(s;�)
• DPG: g = ��(�,�(�;�) ;�)

��
 = ��

��
��(�,a ;�)

��
• Gradient ascent: �  =  � + �g



Continuous control

• Policy function: 
• action a is d-dim

• use a neural network �(�; ��) to approximate �(s)
• use a neural network ρ(�; �ρ) to approximate ρ = ln�2



Continuous control



Recurrent neural network(RNN)



RNN

• RNN as policy network



Behaviour cloning

• Goal: mimic human’s action to make a random policy 
network  �(�|�; �) or a certain policy network �(s;�)

• Data set:
• s: state; s: action(human) 



Inverse reinforcement learning

IRL setting: interact with environment without knowing what the  
reward is;unknown policy provided by human but can be used
Goal: to make a policy network �(�|�; �) and mimic the unknown 
policy 



IRL

• Green: R+
• Red: R-



IRL

• Use learned reward function to train a policy network �(�|�; �)
• Learned reward function: R(s, a; ρ)
• From the trajectory (s1,a1;s2,a2;s3,a3.....)
• rt = R(st, at; ρ)
• � = � + �  �=1

� �� − 1ut
���(�(�|�;�))

��    (reinforce)



Generative adversarial imitation learning

• Generative adversarial network (GAN)

• Loss:

• Output p = D(x;�) 
• Update: � = � - � ��(�;�)

��



Attention

• Self-attention layer
• Solve two questions
• 1.m is uncertain and the parameter of network is certain
• 2.Ci is related to all input x



Attention



Attention



Thank You!
Avenida da Universidade, Taipa, Macau, China       

Email :  mc35289@um.edu.mo Website :  www.um.edu.mo  


