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ZJU CCNT Laboratory

• 考查方法 Evaluation Method
平时成绩：20分 4次小测（5分/次）
报告：70分
墙报展示：10分

考查要求

• 考查内容 Evaluation Contents
课堂讲述内容 Class Slides             

ZJU CCNT Laboratory

1.报告内容(70分)
Report Types
论文综述 Paper review
算法实践Case study

二选一（select one from the above two）

2.墙报展示（10分）

课程报告Report
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Decision Making

• The agent faces with a series of “states”.

• Need to choose the corresponding “actions”.

• Each action has a utility/cost.

• Target: maximize the total reward in a decision sequence 
by always choosing the right action.

5

In this lecture, 
we given utility a name: reward.



Decision Making
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• Conduct action in any state of an environment.

state   reward

Lecture 1: Introduction to Reinforcement Learning

The RL Problem

Environments

Agent and Environment

observation

reward

action

At

Rt

Ot At each step t the agent:
Executes action At

Receives observation Ot

Receives scalar reward Rt

The environment:
Receives action At

Emits observation Ot+1

Emits scalar reward Rt+1

t increments at env. step

action

agent environment

In most problems, the agent needs to do a sequence of actions 
w.r.t. a sequence of states.
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• Conduct action in any state of an environment.

state   reward

Lecture 1: Introduction to Reinforcement Learning

The RL Problem

Environments

Agent and Environment

observation

reward

action

At

Rt

Ot At each step t the agent:
Executes action At

Receives observation Ot

Receives scalar reward Rt

The environment:
Receives action At

Emits observation Ot+1

Emits scalar reward Rt+1

t increments at env. step

action

agent environment

In most problems, the agent needs to do a sequence of actions 
w.r.t. a sequence of states.



Model of the Environment
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state

Lecture 1: Introduction to Reinforcement Learning

The RL Problem

Environments

Agent and Environment

observation

reward

action

At

Rt

Ot At each step t the agent:
Executes action At

Receives observation Ot

Receives scalar reward Rt

The environment:
Receives action At

Emits observation Ot+1

Emits scalar reward Rt+1

t increments at env. step

action

agent environment
utility

To make decisions in the environment, the agent usually needs a model 
of the environment to know how the things go on.

Where does this model come from?
Given by the problem (external) or built by the agent? (internal)



Internal vs. External Model
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partial
state

Lecture 1: Introduction to Reinforcement Learning

The RL Problem

Environments

Agent and Environment

observation

reward

action

At

Rt

Ot At each step t the agent:
Executes action At

Receives observation Ot

Receives scalar reward Rt

The environment:
Receives action At

Emits observation Ot+1

Emits scalar reward Rt+1

t increments at env. step

action

agent
environment

(external model)utility

A decision-making agent can make use of external model when available,
or build its own internal model when unavailable.

internal model
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partial
state

Lecture 1: Introduction to Reinforcement Learning

The RL Problem

Environments

Agent and Environment

observation

reward

action

At

Rt

Ot At each step t the agent:
Executes action At

Receives observation Ot

Receives scalar reward Rt

The environment:
Receives action At

Emits observation Ot+1

Emits scalar reward Rt+1

t increments at env. step

action

agent
environment

(external model)utility

A decision-making agent can make use of external model when available,
or build its own internal model when unavailable.

internal model

But what if both the external and internal models can not be used?
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• No labeled <state, action> data, only receive reward.

• The target is to maximize the long term total reward.
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Reinforcement Learning

• Decision making is to find the optimal policy: 

• Decide best actions on all states.

• No labeled <state, action> data, only receive reward.

• The target is to maximize the long term total reward.

• Search-based decision making:

• When the model is known, and the search cost is reasonable.

• Reinforcement learning:

• Decision making in unknown model or search cost is too high. 

9
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Markov Decision Process

• How to model a maze problem?

• State:  the current position.

• Action: left, right, up, down.

• Transition:  where is the next position when take an action?

• Reward: how good is it instantly when take an action?

• Discount factor: How much the current action influences future?

11

Markov decision process (MDP) is the decision making model in RL with 
specific assumptions.
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•    —  The space of possible states (cont. or discrete)

•    —  The space of possible actions (cont. or discrete)

•                               —  The transition function (distribution)

•                                  —  The reward function

•    —  The discount factor of rewards
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Mathematical Formulation

• A Markov Decision Process (MDP) is a five-tuple

•    —  The space of possible states (cont. or discrete)

•    —  The space of possible actions (cont. or discrete)

•                               —  The transition function (distribution)

•                                  —  The reward function

•    —  The discount factor of rewards

12

< S,A,P,R, � >

S

A

R : S ⇥A⇥ S 7!R

�

P : p(st+1|st, at)

The transition and reward functions can be stochastic!
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The Markov Property

“The future is independent of the past given the present” 

• The Markov property: 

• The next state is only decided by the current state and action. 

• The current state is a sufficient statistic.

• Non-Markovian decision problem:

13

⼩张出⽣于中国，2016年来到美国留学。⼩张的⺟语是( ? )

p(st+1|st, at) = p(st+1|s1, s2, ...st, at)



The Learning Agent

• The agent takes a series of actions, experiences a series of 
states, and receives a series of rewards:

• policy:  function            used to select actions on any states.

14

p(a|s)

{s1, a1, r1}, {s2, a2, r2}, {s3, a3, r3}...



• The target is to find the optimal policy to maximize the 
discounted total reward along the timeline:

• The discount factor measures how much the current action 
cares about the long term effect.

The Learning Agent

• The agent takes a series of actions, experiences a series of 
states, and receives a series of rewards:

• policy:  function            used to select actions on any states.

14

r1 + �r2 + �2r3 + ... =
1X

t=1

�t�1rt

p(a|s)

{s1, a1, r1}, {s2, a2, r2}, {s3, a3, r3}...



Value Functions:
          State Value Function 

• The state value function of a given policy is the expected total 
reward start from a given state, then follow the policy:

• The optimal policy have the optimal value function:            

15

V⇡(s) = E⇡,p(s|s,a)

h 1X

t=0

�trt|s0 = s
i

V⇡⇤(s) = max
⇡

V⇡(s)
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8s,



Value Functions:
    Action-State Value Function

• The action-state value function of a given policy is the 
expected total reward start from a given state, execute a given 
action, then follow the policy:

• The optimal deterministic policy chooses the optimal action:          

16

Q⇡(s, a) = E⇡,p(s|s,a)

h 1X

t=0

�trt|s0 = s, a0 = a
i

⇡⇤(s) = argmax
a

Q⇡⇤(s, a)

<latexit sha1_base64="3VPm2uqrrNwsX6xSDJp2KfMvPMc=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOlZrNfrrhVdw6ySrycVCBHo1/+6g1ilkYoDRNU667nJsbPqDKcCZyWeqnGhLIxHWLXUkkj1H42P3RKzqwyIGGsbElD5urviYxGWk+iwHZG1Iz0sjcT//O6qQmv/YzLJDUo2WJRmApiYjL7mgy4QmbExBLKFLe3EjaiijJjsynZELzll1dJ+6LqXVZrzVqlfpPHUYQTOIVz8OAK6nAHDWgBA4RneIU359F5cd6dj0VrwclnjuEPnM8frguM3g==</latexit>

Q

If the optimal action-state value function is known, so is the optimal policy!



Bellman Equation

• For the state value function,

• For discrete state and action, and deterministic policy,

17

V⇡(s) =
X

s0

p
�
s0|s,⇡(s)

�h
r(s,⇡(s), s0) + �V⇡(s

0)
i

Recursive Definition

V⇡(s) = E⇡(s),p(s|s,a)

h 1X

t=1

�trt|s0 = s
i

= E⇡(s0),p(s1|s0,a0)

h
r0 + �E⇡(s),p(s|s,a)

⇥ 1X

t=1

�t�1rt|s1
⇤
|s0 = s

i

= E⇡(s0),p(s1|s0,a0)

h
r0 + �V⇡(s1)|s0 = s

i

0



Bellman Equation (Cont.)

• For the action-state value function,

• For discrete state and action, and deterministic policy,
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Recursive Definition

Q⇡(s, a) = E⇡(s),p(s|s,a)

h 1X

t=1

�trt|s0 = s, a0 = a
i

= E⇡(s0),p(s1|s0,a0)

h
r0 + �E⇡(s),p(s|s,a)

⇥ 1X

t=1

�t�1rt|s1, a1
⇤
|s0 = s, a0 = a

i

= E⇡(s0),p(s1|s0,a0)

h
r0 + �Q⇡(s1, a1)|s0 = s, a0 = a

i

Q⇡(s, a) =
X

s0

p
�
s0|s, a

�h
r(s, a, s0) + �Q⇡

�
s0,⇡(s0)

�i

0



Bellman Equation (Cont.)

• For optimal deterministic policy     ,

19
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• For optimal deterministic policy     ,
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Bellman Equation (Cont.)

• For optimal deterministic policy     ,

• Then the optimal deterministic policy is 
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Bellman Equation (Cont.)

• For optimal deterministic policy     ,

• Then the optimal deterministic policy is 

• Due to the recursive structure, the optimal value functions can 
be solved by dynamical programming. This assumes that the full 
information of the MDP is known!
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Value Iteration

• Initialize value function      

• For i=1,2,3… until convergence

• Update     for each state 

• Theoretical convergence guarantee to      and 
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Value Iteration

• Initialize value function      

• For i=1,2,3… until convergence

• Update     for each state 

• Theoretical convergence guarantee to      and 
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V0

Vi

V ⇤ ⇡⇤

Vi(s) = max
a

hX

s0

p
�
s0|s, a

�
[r(s, a, s0) + �Vi�1(s

0)]
i

Why iterative update?
Loop exists in the MDP!



Policy Iteration

• Initialize value function      and policy  

• For i=1,2,3… until convergence

• Policy evaluation step: update     for each state until converge

• Policy improvement step: update      for each s-a pair.

• Theoretical convergence guarantee to      and 
22
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Policy Iteration

• Initialize value function      and policy  

• For i=1,2,3… until convergence

• Policy evaluation step: update     for each state until converge

• Policy improvement step: update      for each s-a pair.

• Theoretical convergence guarantee to      and 
22

⇡i

V0 ⇡0

Vi

V ⇤ ⇡⇤

Vi(s) = r + �V ⇡i�1

i�1 (s0)
       Calculated based on 

Actually an inner loop to do 
iterative update until convergence
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Policy Iteration (Cont.)
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Learning with Unknown Model

• When full information of the MDP is known, the value function 
can be solved by planning.

• But how to solve when not fully known?

• In RL, usually the state transition    and reward function    are 
not known.

• The agent has to learn by trial and error, facing with the 
exploration and exploitation problem.

24
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Reinforcement Learning
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Agent and Environment

• The target is still to learn the optimal value function.
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Agent and Environment

• The target is still to learn the optimal value function.

26

The agent can only interact with true environment.
Can not use model for search or planning.

Slide courtesy: David Silver
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Basic Idea

• Similar to DP,  aiming at estimating the optimal value function.

• Value function update: update using new estimation

• Monte-Carlo RL — Estimate by sampled trajectories

• Temporal difference Learning — SARSA and Q-learning.

• Policy Improvement: 

• Based on new value function, with   - greedy.

27

Qi+1(s, a) = (1� ↵)Qi(s, a) + ↵Q̂i(s, a)

✏



Monte-Carlo RL

• Given policy     , we can sample trajectories: 

• Then we can get empirical estimate:    

• Update value function:    

• Follow the spirit of policy iteration, update      

28
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{s1, a1, r1}, {s2, a2, r2}, {s3, a3, r3}...
⇡i

Q̂i(s1, a1) = r1 + �r2 + �2r3 + ...

⇡i ! ⇡i+1



Monte-Carlo RL

• Given policy     , we can sample trajectories: 

• Then we can get empirical estimate:    

• Update value function:    

• Follow the spirit of policy iteration, update      

28

Qi+1(s, a) = (1� ↵)Qi(s, a) + ↵Q̂i(s, a)

{s1, a1, r1}, {s2, a2, r2}, {s3, a3, r3}...
⇡i

Q̂i(s1, a1) = r1 + �r2 + �2r3 + ...

⇡i ! ⇡i+1

Can we still 
update the 
policy greedily?

No!



Exploration vs. Exploitation
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Exploration vs. Exploitation (Cont.)
• In policy iteration, the policy improvement step is greedy:

• But for RL, since the environment is not fully known, greedy 
update may perform arbitrarily bad — need to allow some 
exploration.

• Common choice: use   - greedy policy:

• Theoretical guarantee:  If the exploration vanishes, we can 
ensure convergence.

30

⇡i(s) = argmax
a

Qi(s, a)

✏
with prob.          ,  execute as greedy

with prob.   ,  execute randomly

1� ✏

✏



TD vs. MC

31

Slide courtesy: David Silver



SARSA

• “State-Action-Reward-State-Action”  — SARSA

32

…… si
Run the current 
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SARSA

• “State-Action-Reward-State-Action”  — SARSA

• Once collect s-a-r-s-a sample, do value function update:

32

…… si
ai

si+1

ri

Run the current 
best   -greedy policy

ai+1 ……
✏

Q(si, ai) Q(si, ai) + ↵
h
ri + �Q(si+1, ai+1)�Q(si, ai)

i



SARSA

• “State-Action-Reward-State-Action”  — SARSA

• Once collect s-a-r-s-a sample, do value function update:

32

…… si
ai

si+1

ri

Run the current 
best   -greedy policy

ai+1 ……
✏

Q(si, ai) Q(si, ai) + ↵
h
ri + �Q(si+1, ai+1)�Q(si, ai)

i

Always use the policy on-the-run, called “on-policy”

TD error



Q-Learning
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Q-Learning

• Once collect s-a-r-s sample, do value function update:

33

…… si
ai Run the current 

best   -greedy policy
si+1

ri

……
✏

Q(si, ai) Q(si, ai) + ↵
h
ri + �Q(si+1, ⇡̂

⇤(si+1))�Q(si, ai)
i



Q-Learning

• Once collect s-a-r-s sample, do value function update:

33

…… si
ai Run the current 

best   -greedy policy
si+1

ri

……
✏

The policy on the run can be different from
the current best policy in the update,  called “off-policy”

Q(si, ai) Q(si, ai) + ↵
h
ri + �Q(si+1, ⇡̂

⇤(si+1))�Q(si, ai)
i

The current best policy



Off-Policy Learning
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Large-Scale RL

• Large decision-making problems:

• Backgammon:         states

• Go:          states

• Robot control: continuous state space    

35
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Classic value function methods rely on tabular representation of value functions.
Obviously needing more compact representations.
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Lecture 6: Value Function Approximation

Introduction

Types of Value Function Approximation

s s sa

v(s,w) q(s,a,w) q(s,a1,w) q(s,am,w)…

w w w

^ ^ ^ ^

output: value function scores

input: state or/and actions Slide courtesy: David Silver
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Lecture 6: Value Function Approximation

Incremental Methods

Linear Function Approximation

Feature Vectors

Represent state by a feature vector

x(S) =

0

B@
x1(S)

...
xn(S)

1

CA

For example:
Distance of robot from landmarks
Trends in the stock market
Piece and pawn configurations in chess

Slide courtesy: David Silver
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Incremental Methods

Linear Function Approximation

Linear Value Function Approximation

Represent value function by a linear combination of features

v̂(S ,w) = x(S)>w =
nX

j=1

xj(S)wj

Objective function is quadratic in parameters w

J(w) = E⇡

h
(v⇡(S)� x(S)>w)2

i

Stochastic gradient descent converges on global optimum

Update rule is particularly simple

rwv̂(S ,w) = x(S)

�w = ↵(v⇡(S)� v̂(S ,w))x(S)

Update = step-size ⇥ prediction error ⇥ feature value
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Linear Function Approximation

Linear Value Function Approximation

Represent value function by a linear combination of features

v̂(S ,w) = x(S)>w =
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j=1

xj(S)wj

Objective function is quadratic in parameters w
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h
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Stochastic gradient descent converges on global optimum

Update rule is particularly simple

rwv̂(S ,w) = x(S)

�w = ↵(v⇡(S)� v̂(S ,w))x(S)

Update = step-size ⇥ prediction error ⇥ feature value

unknown true value.
need to estimate during learning! 
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Linear Function Approximation

Linear Value Function Approximation

Represent value function by a linear combination of features

v̂(S ,w) = x(S)>w =
nX

j=1

xj(S)wj

Objective function is quadratic in parameters w

J(w) = E⇡

h
(v⇡(S)� x(S)>w)2

i

Stochastic gradient descent converges on global optimum

Update rule is particularly simple
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�w = ↵(v⇡(S)� v̂(S ,w))x(S)

Update = step-size ⇥ prediction error ⇥ feature value

unknown true value.
need to estimate during learning! 

beyond simple linear regression
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Lecture 6: Value Function Approximation

Introduction

Which Function Approximator?

There are many function approximators, e.g.

Linear combinations of features

Neural network

Decision tree

Nearest neighbour

Fourier / wavelet bases

...

Slide courtesy: David Silver
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Introduction

Which Function Approximator?

There are many function approximators, e.g.

Linear combinations of features

Neural network

Decision tree

Nearest neighbour

Fourier / wavelet bases

...

more commonly used

Different from traditional supervised learning, 
we need learning algorithms that can handle data collected by the learner online:

biased and unstable.

Slide courtesy: David Silver
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Bias and Instability

40

The issue of bias and instability for data collection lies at the heart of RL.
This is also why we need exploration.

The learner collects
data by itself.

“Only see 
what it want to see”
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Incremental Methods

Incremental Prediction Algorithms

Incremental Prediction Algorithms

Have assumed true value function v⇡(s) given by supervisor

But in RL there is no supervisor, only rewards

In practice, we substitute a target for v⇡(s)
For MC, the target is the return Gt

�w = ↵(Gt � v̂(St ,w))rwv̂(St ,w)

For TD(0), the target is the TD target Rt+1 + �v̂(St+1,w)

�w = ↵(Rt+1 + �v̂(St+1,w)� v̂(St ,w))rwv̂(St ,w)

For TD(�), the target is the �-return G
�
t

�w = ↵(G�
t � v̂(St ,w))rwv̂(St ,w)
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Monte-Carlo estimation
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Incremental Prediction Algorithms

Have assumed true value function v⇡(s) given by supervisor

But in RL there is no supervisor, only rewards

In practice, we substitute a target for v⇡(s)
For MC, the target is the return Gt
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Temporal-difference estimation 
Slide courtesy: David Silver



Action Value Function Approximation

42

Lecture 6: Value Function Approximation

Incremental Methods

Incremental Control Algorithms

Action-Value Function Approximation

Approximate the action-value function

q̂(S ,A,w) ⇡ q⇡(S ,A)

Minimise mean-squared error between approximate
action-value fn q̂(S ,A,w) and true action-value fn q⇡(S ,A)

J(w) = E⇡
⇥
(q⇡(S ,A)� q̂(S ,A,w))2

⇤

Use stochastic gradient descent to find a local minimum

�1

2
rwJ(w) = (q⇡(S ,A)� q̂(S ,A,w))rwq̂(S ,A,w)

�w = ↵(q⇡(S ,A)� q̂(S ,A,w))rwq̂(S ,A,w)

Slide courtesy: David Silver
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Incremental Methods

Incremental Control Algorithms

Linear Action-Value Function Approximation

Represent state and action by a feature vector

x(S ,A) =

0

B@
x1(S ,A)

...
xn(S ,A)

1

CA

Represent action-value fn by linear combination of features

q̂(S ,A,w) = x(S ,A)>w =
nX

j=1

xj(S ,A)wj

Stochastic gradient descent update

rwq̂(S ,A,w) = x(S ,A)

�w = ↵(q⇡(S ,A)� q̂(S ,A,w))x(S ,A)

Slide courtesy: David Silver
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Incremental Methods

Incremental Control Algorithms

Incremental Control Algorithms

Like prediction, we must substitute a target for q⇡(S ,A)
For MC, the target is the return Gt

�w = ↵(Gt � q̂(St ,At ,w))rwq̂(St ,At ,w)

For TD(0), the target is the TD target Rt+1 + �Q(St+1,At+1)

�w = ↵(Rt+1 + �q̂(St+1,At+1,w)� q̂(St ,At ,w))rwq̂(St ,At ,w)

For forward-view TD(�), target is the action-value �-return

�w = ↵(q�t � q̂(St ,At ,w))rwq̂(St ,At ,w)

For backward-view TD(�), equivalent update is

�t = Rt+1 + �q̂(St+1,At+1,w)� q̂(St ,At ,w)

Et = ��Et�1 +rwq̂(St ,At ,w)

�w = ↵�tEt

Slide courtesy: David Silver
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�w = ↵(Rt+1 + �q̂(St+1,At+1,w)� q̂(St ,At ,w))rwq̂(St ,At ,w)

For forward-view TD(�), target is the action-value �-return

�w = ↵(q�t � q̂(St ,At ,w))rwq̂(St ,At ,w)

For backward-view TD(�), equivalent update is

�t = Rt+1 + �q̂(St+1,At+1,w)� q̂(St ,At ,w)

Et = ��Et�1 +rwq̂(St ,At ,w)

�w = ↵�tEt

SARSA here.
Can also do
Q-learning

(more later)

Slide courtesy: David Silver



Reinforcement Learning

45

• Basics

• Markov decision process

• RL with known model

• RL with unknown model

• Policy gradient & actor-critic methods

• Deep reinforcement learning

• Integrating learning and planning

• RL from human preference

• Take-home messages
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Direct Policy Learning

• For value function based RL,  policy is not directly optimized.

• Not capable to learn in continuous state and action space.

• Not capable to learn stochastic policy.

• May not learn fast.
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Direct Policy Learning

• For value function based RL,  policy is not directly optimized.

• Not capable to learn in continuous state and action space.

• Not capable to learn stochastic policy.

• May not learn fast.

• Can learn stochastic policy directly:

• Parametrize policy            with parameter

• For discrete action: softmax 

• For continuous action: Gaussian       

46

⇡✓(a|s) ✓

Lecture 7: Policy Gradient

Monte-Carlo Policy Gradient

Likelihood Ratios

Softmax Policy

We will use a softmax policy as a running example

Weight actions using linear combination of features �(s, a)>✓

Probability of action is proportional to exponentiated weight

⇡✓(s, a) / e�(s,a)>✓

The score function is

r✓ log ⇡✓(s, a) = �(s, a) � E⇡✓ [�(s, ·)]

Lecture 7: Policy Gradient

Monte-Carlo Policy Gradient

Likelihood Ratios

Gaussian Policy

In continuous action spaces, a Gaussian policy is natural

Mean is a linear combination of state features µ(s) = �(s)>✓

Variance may be fixed �2, or can also parametrised

Policy is Gaussian, a ⇠ N (µ(s), �2)

The score function is

r✓ log ⇡✓(s, a) =
(a � µ(s))�(s)

�2



Direct Policy Learning
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Lecture 7: Policy Gradient

Introduction

Advantages of Policy-Based RL

Advantages:

Better convergence properties

E↵ective in high-dimensional or continuous action spaces

Can learn stochastic policies

Disadvantages:

Typically converge to a local rather than global optimum

Evaluating a policy is typically ine�cient and high variance

Slide courtesy: David Silver
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Lecture 7: Policy Gradient

Introduction

Policy Search

Policy Objective Functions

Goal: given policy ⇡✓(s, a) with parameters ✓, find best ✓

But how do we measure the quality of a policy ⇡✓?

In episodic environments we can use the start value

J1(✓) = V ⇡✓(s1) = E⇡✓ [v1]

In continuing environments we can use the average value

JavV (✓) =
X

s

d⇡✓(s)V ⇡✓(s)

Or the average reward per time-step

JavR(✓) =
X

s

d⇡✓(s)
X

a

⇡✓(s, a)Ra
s

where d⇡✓(s) is stationary distribution of Markov chain for ⇡✓

Slide courtesy: David Silver
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Lecture 7: Policy Gradient

Introduction

Policy Search

Policy Objective Functions

Goal: given policy ⇡✓(s, a) with parameters ✓, find best ✓

But how do we measure the quality of a policy ⇡✓?

In episodic environments we can use the start value

J1(✓) = V ⇡✓(s1) = E⇡✓ [v1]

In continuing environments we can use the average value

JavV (✓) =
X

s

d⇡✓(s)V ⇡✓(s)

Or the average reward per time-step

JavR(✓) =
X

s

d⇡✓(s)
X

a

⇡✓(s, a)Ra
s

where d⇡✓(s) is stationary distribution of Markov chain for ⇡✓

The challenge is that the distribution can only be 
estimated when the agent itself samples data. 

Slide courtesy: David Silver
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Lecture 7: Policy Gradient

Finite Di↵erence Policy Gradient

Policy Gradient

Let J(✓) be any policy objective function

Policy gradient algorithms search for a
local maximum in J(✓) by ascending the
gradient of the policy, w.r.t. parameters ✓

�✓ = ↵r✓J(✓)

Where r✓J(✓) is the policy gradient

r✓J(✓) =

0

BB@

@J(✓)
@✓1
...

@J(✓)
@✓n

1

CCA

and ↵ is a step-size parameter

!"#$%"&'(%")*+,#'-'!"#$%%" (%")*+,#'.+/0+,#

� !"#$%&'('%$&#()&*+$,*$#&&-&$$$$."'%"$
'*$%-/0'*,('-*$.'("$("#$1)*%('-*$
,22&-3'/,(-& %,*$0#$)+#4$(-$
%&#,(#$,*$#&&-&$1)*%('-*$$$$$$$$$$$$$

� !"#$2,&(',5$4'11#&#*(',5$-1$("'+$#&&-&$
1)*%('-*$$$$$$$$$$$$$$$$6$("#$7&,4'#*($
%,*$*-.$0#$)+#4$(-$)24,(#$("#$
'*(#&*,5$8,&',05#+$'*$("#$1)*%('-*$
,22&-3'/,(-& 9,*4$%&'('%:;$$$$$$

<&,4'#*($4#+%#*($=>?

Slide courtesy: David Silver
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Lecture 7: Policy Gradient

Monte-Carlo Policy Gradient

Policy Gradient Theorem

Policy Gradient Theorem

The policy gradient theorem generalises the likelihood ratio
approach to multi-step MDPs

Replaces instantaneous reward r with long-term value Q⇡(s, a)

Policy gradient theorem applies to start state objective,
average reward and average value objective

Theorem

For any di↵erentiable policy ⇡✓(s, a),
for any of the policy objective functions J = J1, JavR , or 1

1�� JavV ,
the policy gradient is

r✓J(✓) = E⇡✓ [r✓ log ⇡✓(s, a) Q
⇡✓(s, a)]
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Lecture 7: Policy Gradient

Monte-Carlo Policy Gradient

Policy Gradient Theorem

Policy Gradient Theorem

The policy gradient theorem generalises the likelihood ratio
approach to multi-step MDPs

Replaces instantaneous reward r with long-term value Q⇡(s, a)

Policy gradient theorem applies to start state objective,
average reward and average value objective

Theorem

For any di↵erentiable policy ⇡✓(s, a),
for any of the policy objective functions J = J1, JavR , or 1

1�� JavV ,
the policy gradient is

r✓J(✓) = E⇡✓ [r✓ log ⇡✓(s, a) Q
⇡✓(s, a)]

Need to estimate value function

Monte-Carlo or temporal difference



Actor-Critic
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Lecture 7: Policy Gradient

Introduction

Value-Based and Policy-Based RL

Value Based
Learnt Value Function
Implicit policy
(e.g. ✏-greedy)

Policy Based
No Value Function
Learnt Policy

Actor-Critic
Learnt Value Function
Learnt Policy

Value Function Policy

Actor
Critic

Value-Based Policy-Based

Slide courtesy: David Silver
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• Basics

• Markov decision process

• RL with known model

• RL with unknown model

• Policy gradient & actor-critic methods

• Deep reinforcement learning

• Integrating learning and planning

• RL from human preference

• Take-home messages

Slides link:  



Practical Issues for RL

• Reward design: an art

• State feature design: also an art

• The environment is too complicated to model.

53Slide courtesy: David Silver



Deep Q-Network
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Recall function approximation in P. 42.

Slide courtesy: David Silver



Stability Issues for Deep RL
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The bias and instability issue we have discussed.
More severe for NNs.

Slide courtesy: David Silver



DQN Techs
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Experience Replay

57

off-policy!



Fixed Network
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Clipped Rewards
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DQN for Atari Games
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DQN for Atari Games
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DQN for Atari Games
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control

Replay Buffer

self-generated datasampling
optimize

First break through of deep RL.



DQN for Atari Games
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control

Replay Buffer

self-generated datasampling
optimize

First break through of deep RL.



DQN for Atari Games
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Deep RL Architecture
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Slide courtesy: David Silver
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• RL with unknown model
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• Take-home messages
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Internal and External Model
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partial
state

Lecture 1: Introduction to Reinforcement Learning

The RL Problem

Environments

Agent and Environment

observation

reward

action

At

Rt

Ot At each step t the agent:
Executes action At

Receives observation Ot

Receives scalar reward Rt

The environment:
Receives action At

Emits observation Ot+1

Emits scalar reward Rt+1

t increments at env. step

action

agent
environment

(external model)reward

Models are crucial in decision making problems.
Whenever we have the external model or can obtain the internal model, we can 
combine the power of learning and planning (e.g. search, dynamic programming).

internal model



Integrating Learning and Planning
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Lecture 8: Integrating Learning and Planning

Integrated Architectures

Dyna

Integrating Learning and Planning

Model-Free RL
No model
Learn value function (and/or policy) from real experience

Model-Based RL (using Sample-Based Planning)
Learn a model from real experience
Plan value function (and/or policy) from simulated experience

Dyna
Learn a model from real experience
Learn and plan value function (and/or policy) from real and
simulated experience



Planning by DP
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Lecture 3: Planning by Dynamic Programming

Value Iteration

Summary of DP Algorithms

Synchronous Dynamic Programming Algorithms

Problem Bellman Equation Algorithm

Prediction Bellman Expectation Equation
Iterative

Policy Evaluation

Control
Bellman Expectation Equation

Policy Iteration
+ Greedy Policy Improvement

Control Bellman Optimality Equation Value Iteration

Algorithms are based on state-value function v⇡(s) or v⇤(s)

Complexity O(mn
2) per iteration, for m actions and n states

Could also apply to action-value function q⇡(s, a) or q⇤(s, a)

Complexity O(m2
n
2) per iteration

Slide courtesy: David Silver
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8

12 10 8
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Ū3 = 8

best action

repeated
random run

Converge to true utility when the #run is sufficient!
But in real game playing, the time and space for simulation is limited.

We need a smart strategy to decide the order of simulation.
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Monte-Carlo Tree Search (MCTS)

69

• Nodes of two kinds:       visited node with unexpanded child,        
and       unvisited node.      

• During MCTS, we use two strategies:  tree and default

• Algorithm: repeat until time or space limit:

• Selection: choose one node among      using tree strategy 

• Expansion: expand an unvisited child and put into

• Simulation: simulate down using default strategy

• Update: update MC estimation through path

• Output the best action to play …
…

0.3

The default strategy is usually random play
The tree strategy is essential: 
Deciding the order of search
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AlphaGo:
Integration of Learning & Planning
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Game tree complexity = bd

Brute force search intractable:

1. Search space is huge

2. “Impossible” for computers 
to evaluate who is winning

Why is Go hard for computers to play?
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Convolutional neural network

AlphaGo introduces three conv. nets for learning.
Use images of board as state inputs.
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The value function of RL.

Value network
Evaluation

Position

s

v (s)ᶚ

ᶚ
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Policy network of RL.

Policy network
      Move probabilities

Position

s

 p (a|s)ᶥ

ᶥ
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Neural network training pipeline

Human expert
positions

Supervised Learning
policy network

Self-play data Value networkReinforcement Learning
policy network
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First stage:

Supervised classification
Second stage:

Policy gradient RL
Second stage:

Supervised regression 
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Policy network: 12 layer convolutional neural network

Training data: 30M positions from human expert games (KGS 5+ dan)

Training algorithm: maximise likelihood by stochastic gradient descent

                              

 

Training time: 4 weeks on 50 GPUs using Google Cloud

Results: 57% accuracy on held out test data (state-of-the art was 44%)

Supervised learning of policy networks

Learning: First Stage
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Learning: Second Stage

Policy network: 12 layer convolutional neural network

Training data: games of self-play between policy network

Training algorithm: maximise wins z by policy gradient reinforcement learning

Training time: 1 week on 50 GPUs using Google Cloud

Results: 80% vs supervised learning. Raw network ~3 amateur dan. 

Reinforcement learning of policy networks
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Learning: Third Stage

Value network: 12 layer convolutional neural network

Training data: 30 million games of self-play

Training algorithm: minimise MSE by stochastic gradient descent

Training time: 1 week on 50 GPUs using Google Cloud

Results: First strong position evaluation function - previously thought impossible

Reinforcement learning of value networks
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Real Play: MCTS

Exhaustive search

Two key steps:
node expansion and repeated random simulation
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Real Play: MCTS

With value network, we can expand fewer depth
since the value of nodes can also be obtained from the value network.

Reducing depth with value network
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Real Play: MCTS

With policy network, we can simulate with fewer times
since the simulation can be guided by policy network over random play.

Reducing breadth with policy network
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Evaluating AlphaGo against computers

Zen

Crazy Stone

3000

2500
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500

0

3500
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Pachi
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G
nu

G
o

4000

4500 AlphaG
o (Seoul v18)

9p
7p
5p
3p
1p
9d

7d

5d

3d

1d
1k

3k

5k

7k

Professional 
dan (p)

Am
ateur

 dan (d)
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AlphaGo (Mar 2016)

AlphaGo (Oct 2015)

Crazy Stone and Zen

Lee Sedol (9p)
Top player of 
past decade

Fan Hui (2p)
3-times reigning 
Euro Champion

Amateur 
humans

Computer Programs Calibration Human Players

  Beats

 Beats

Nature match

KGS

DeepMind challenge match

    Beats

       Beats

5-0

4-1
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• Basics

• Markov decision process

• RL with known model

• RL with unknown model

• Policy gradient & actor-critic methods

• Deep reinforcement learning

• Integrating learning and planning

• RL from human preference

• Take-home messages

Slides link:  
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Aligning Language Models 
to Follow Instructions

https://openai.com/research/instruction-following#sample1
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Fine-Tune GPT by RL

https://openai.com/research/instruction-following#sample1
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Fine-Tune GPT by RL

https://openai.com/research/instruction-following#sample1
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Fine-Tune GPT by RL

https://openai.com/research/instruction-following#sample1
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Learning Reward Function from 
Human Preference

• Reward function for evaluating behavior segments: 
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each case, we used parameter settings which have been found to work well for traditional RL tasks.
The only hyperparameter which we adjusted was the entropy bonus for TRPO. This is because TRPO
relies on the trust region to ensure adequate exploration, which can lead to inadequate exploration if
the reward function is changing.

We normalized the rewards produced by r̂ to have zero mean and constant standard deviation. This is
a typical preprocessing step which is particularly appropriate here since the position of the rewards is
underdetermined by our learning problem.

2.2.2 Preference Elicitation

The human overseer is given a visualization of two trajectory segments, in the form of short movie
clips. In all of our experiments, these clips are between 1 and 2 seconds long.

The human then indicates which segment they prefer, that the two segments are equally good, or that
they are unable to compare the two segments.

The human judgments are recorded in a database D of triples
�
�1,�2, µ

�
, where �1 and �2 are the

two segments and µ is a distribution over {1, 2} indicating which segment the user preferred. If the
human selects one segment as preferable, then µ puts all of its mass on that choice. If the human
marks the segments as equally preferable, then µ is uniform. Finally, if the human marks the segments
as incomparable, then the comparison is not included in the database.

2.2.3 Fitting the Reward Function

We can interpret a reward function estimate r̂ as a preference-predictor if we view r̂ as a latent factor
explaining the human’s judgments and assume that the human’s probability of preferring a segment
�i depends exponentially on the value of the latent reward summed over the length of the clip:3
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We choose r̂ to minimize the cross-entropy loss between these predictions and the actual human
labels:
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This follows the Bradley-Terry model (Bradley and Terry, 1952) for estimating score functions
from pairwise preferences, and is the specialization of the Luce-Shephard choice rule (Luce, 2005;
Shepard, 1957) to preferences over trajectory segments. It can be understood as equating rewards
with a preference ranking scale analogous to the famous Elo ranking system developed for chess (Elo,
1978). Just as the difference in Elo points of two chess players estimates the probability of one player
defeating the other in a game of chess, the difference in predicted reward of two trajectory segments
estimates the probability that one is chosen over the other by the human.

Our actual algorithm incorporates a number of modifications to this basic approach, which early
experiments discovered to be helpful and which are analyzed in Section 3.3:

• We fit an ensemble of predictors, each trained on |D| triples sampled from D with replace-
ment. The estimate r̂ is defined by independently normalizing each of these predictors and
then averaging the results.

• A fraction of 1/e of the data is held out to be used as a validation set for each predictor.
We use `2 regularization and adjust the regularization coefficient to keep the validation loss
between 1.1 and 1.5 times the training loss. In some domains we also apply dropout for
regularization.

• Rather than applying a softmax directly as described in Equation 1, we assume there is a
10% chance that the human responds uniformly at random. Conceptually this adjustment is
needed because human raters have a constant probability of making an error, which doesn’t
decay to 0 as the difference in reward difference becomes extreme.

3Equation 1 does not use discounting, which could be interpreted as modeling the human to be indifferent
about when things happen in the trajectory segment. Using explicit discounting or inferring the human’s discount
function would also be reasonable choices.

5

The Bradley–Terry model [1952]
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each case, we used parameter settings which have been found to work well for traditional RL tasks.
The only hyperparameter which we adjusted was the entropy bonus for TRPO. This is because TRPO
relies on the trust region to ensure adequate exploration, which can lead to inadequate exploration if
the reward function is changing.

We normalized the rewards produced by r̂ to have zero mean and constant standard deviation. This is
a typical preprocessing step which is particularly appropriate here since the position of the rewards is
underdetermined by our learning problem.

2.2.2 Preference Elicitation

The human overseer is given a visualization of two trajectory segments, in the form of short movie
clips. In all of our experiments, these clips are between 1 and 2 seconds long.

The human then indicates which segment they prefer, that the two segments are equally good, or that
they are unable to compare the two segments.

The human judgments are recorded in a database D of triples
�
�1,�2, µ

�
, where �1 and �2 are the

two segments and µ is a distribution over {1, 2} indicating which segment the user preferred. If the
human selects one segment as preferable, then µ puts all of its mass on that choice. If the human
marks the segments as equally preferable, then µ is uniform. Finally, if the human marks the segments
as incomparable, then the comparison is not included in the database.

2.2.3 Fitting the Reward Function

We can interpret a reward function estimate r̂ as a preference-predictor if we view r̂ as a latent factor
explaining the human’s judgments and assume that the human’s probability of preferring a segment
�i depends exponentially on the value of the latent reward summed over the length of the clip:3
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We choose r̂ to minimize the cross-entropy loss between these predictions and the actual human
labels:
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This follows the Bradley-Terry model (Bradley and Terry, 1952) for estimating score functions
from pairwise preferences, and is the specialization of the Luce-Shephard choice rule (Luce, 2005;
Shepard, 1957) to preferences over trajectory segments. It can be understood as equating rewards
with a preference ranking scale analogous to the famous Elo ranking system developed for chess (Elo,
1978). Just as the difference in Elo points of two chess players estimates the probability of one player
defeating the other in a game of chess, the difference in predicted reward of two trajectory segments
estimates the probability that one is chosen over the other by the human.

Our actual algorithm incorporates a number of modifications to this basic approach, which early
experiments discovered to be helpful and which are analyzed in Section 3.3:

• We fit an ensemble of predictors, each trained on |D| triples sampled from D with replace-
ment. The estimate r̂ is defined by independently normalizing each of these predictors and
then averaging the results.

• A fraction of 1/e of the data is held out to be used as a validation set for each predictor.
We use `2 regularization and adjust the regularization coefficient to keep the validation loss
between 1.1 and 1.5 times the training loss. In some domains we also apply dropout for
regularization.

• Rather than applying a softmax directly as described in Equation 1, we assume there is a
10% chance that the human responds uniformly at random. Conceptually this adjustment is
needed because human raters have a constant probability of making an error, which doesn’t
decay to 0 as the difference in reward difference becomes extreme.

3Equation 1 does not use discounting, which could be interpreted as modeling the human to be indifferent
about when things happen in the trajectory segment. Using explicit discounting or inferring the human’s discount
function would also be reasonable choices.

5

The Bradley–Terry model [1952]
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each case, we used parameter settings which have been found to work well for traditional RL tasks.
The only hyperparameter which we adjusted was the entropy bonus for TRPO. This is because TRPO
relies on the trust region to ensure adequate exploration, which can lead to inadequate exploration if
the reward function is changing.

We normalized the rewards produced by r̂ to have zero mean and constant standard deviation. This is
a typical preprocessing step which is particularly appropriate here since the position of the rewards is
underdetermined by our learning problem.

2.2.2 Preference Elicitation

The human overseer is given a visualization of two trajectory segments, in the form of short movie
clips. In all of our experiments, these clips are between 1 and 2 seconds long.

The human then indicates which segment they prefer, that the two segments are equally good, or that
they are unable to compare the two segments.

The human judgments are recorded in a database D of triples
�
�1,�2, µ

�
, where �1 and �2 are the

two segments and µ is a distribution over {1, 2} indicating which segment the user preferred. If the
human selects one segment as preferable, then µ puts all of its mass on that choice. If the human
marks the segments as equally preferable, then µ is uniform. Finally, if the human marks the segments
as incomparable, then the comparison is not included in the database.

2.2.3 Fitting the Reward Function

We can interpret a reward function estimate r̂ as a preference-predictor if we view r̂ as a latent factor
explaining the human’s judgments and assume that the human’s probability of preferring a segment
�i depends exponentially on the value of the latent reward summed over the length of the clip:3

P̂
⇥
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� �2
⇤
=

exp
P
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�
o1t , a

1
t

�

exp
P

r̂(o1t , a
1
t ) + exp

P
r̂(o2t , a

2
t )
. (1)

We choose r̂ to minimize the cross-entropy loss between these predictions and the actual human
labels:

loss(r̂) = �

X

(�1,�2,µ)2D

µ(1) log P̂
⇥
�1

� �2
⇤
+ µ(2) log P̂

⇥
�2

� �1
⇤
.

This follows the Bradley-Terry model (Bradley and Terry, 1952) for estimating score functions
from pairwise preferences, and is the specialization of the Luce-Shephard choice rule (Luce, 2005;
Shepard, 1957) to preferences over trajectory segments. It can be understood as equating rewards
with a preference ranking scale analogous to the famous Elo ranking system developed for chess (Elo,
1978). Just as the difference in Elo points of two chess players estimates the probability of one player
defeating the other in a game of chess, the difference in predicted reward of two trajectory segments
estimates the probability that one is chosen over the other by the human.

Our actual algorithm incorporates a number of modifications to this basic approach, which early
experiments discovered to be helpful and which are analyzed in Section 3.3:

• We fit an ensemble of predictors, each trained on |D| triples sampled from D with replace-
ment. The estimate r̂ is defined by independently normalizing each of these predictors and
then averaging the results.

• A fraction of 1/e of the data is held out to be used as a validation set for each predictor.
We use `2 regularization and adjust the regularization coefficient to keep the validation loss
between 1.1 and 1.5 times the training loss. In some domains we also apply dropout for
regularization.

• Rather than applying a softmax directly as described in Equation 1, we assume there is a
10% chance that the human responds uniformly at random. Conceptually this adjustment is
needed because human raters have a constant probability of making an error, which doesn’t
decay to 0 as the difference in reward difference becomes extreme.

3Equation 1 does not use discounting, which could be interpreted as modeling the human to be indifferent
about when things happen in the trajectory segment. Using explicit discounting or inferring the human’s discount
function would also be reasonable choices.

5

The Bradley–Terry model [1952]

Why not let human directly label single segment?
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Take-Home Messages

• Reinforcement learning solves decision-making problems by 
interaction with the environment.

• Markov decision process models the decision problem, when 
full information is known, dynamical programming can be used.

• Value function based RL utilizes MC or TD estimate of the value  
function.
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• To solve large-scale RL problems, functional approximation of 
value functions or policies is essential.

• Policy gradient & actor-critic: direct learning of policies. Usually 
more efficient for deep RL.

• Large-scale RL systems: Integrating learning and planning & RL 
from human preference.

• Next-steps of RL?
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t increments at env. step

?



Why hasn’t DRL solved many real-world problems?

• Deep RL usually does not use (learn) a world model.

91

control

Replay Buffer

self-generated datasampling
optimize

?



Why hasn’t DRL solved many real-world problems?

• Deep RL usually does not use (learn) a world model.
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control

Replay Buffer

self-generated datasampling
optimize

Without a world model, learning from self-generated data 
requires many trial-and-errors in the real world.

Large cost. Bad generalization to new task.

?
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search…)
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<latexit sha1_base64="eV2QFe0JXqdp9W3h7dCosU0eFAE=">AAAB/HicbVBNS8NAFHypX7V+VT16WSyCp5JIUY9FLx4rmLbQhrLZbtqlu5uwuxFKqH/Bq969iVf/i1d/iZs2B20deDDMvMc8Jkw408Z1v5zS2vrG5lZ5u7Kzu7d/UD08aus4VYT6JOax6oZYU84k9Q0znHYTRbEIOe2Ek9vc7zxSpVksH8w0oYHAI8kiRrCxkt9P2MAbVGtu3Z0DrRKvIDUo0BpUv/vDmKSCSkM41rrnuYkJMqwMI5zOKv1U0wSTCR7RnqUSC6qDbP7sDJ1ZZYiiWNmRBs3V3xcZFlpPRWg3BTZjvezl4r9eKJaSTXQdZEwmqaGSLIKjlCMTo7wJNGSKEsOnlmCimP0dkTFWmBjbV8WW4i1XsEraF3Xvst64b9SaN0U9ZTiBUzgHD66gCXfQAh8IMHiGF3h1npw35935WKyWnOLmGP7A+fwBxs2VIA==</latexit>⇡1

<latexit sha1_base64="yuRVKijTNWxCKselUgEQJOR2Avc=">AAAB/HicbVA9TwJBFHyHX4hfqKXNRmJiRe4IQUuijSUmHpDAhewte7Bhd++yu2dCLvgXbLW3M7b+F1t/iQtcoeAkL5nMvJd5mTDhTBvX/XIKG5tb2zvF3dLe/sHhUfn4pK3jVBHqk5jHqhtiTTmT1DfMcNpNFMUi5LQTTm7nfueRKs1i+WCmCQ0EHkkWMYKNlfx+wga1QbniVt0F0DrxclKBHK1B+bs/jEkqqDSEY617npuYIMPKMMLprNRPNU0wmeAR7VkqsaA6yBbPztCFVYYoipUdadBC/X2RYaH1VIR2U2Az1qveXPzXC8VKsomug4zJJDVUkmVwlHJkYjRvAg2ZosTwqSWYKGZ/R2SMFSbG9lWypXirFayTdq3qNar1+3qleZPXU4QzOIdL8OAKmnAHLfCBAINneIFX58l5c96dj+VqwclvTuEPnM8fyGGVIQ==</latexit>⇡2

<latexit sha1_base64="YFmpcwl/yfMtQf1uk+wSYsWbvFY=">AAAB/HicbVA9TwJBFHyHX4hfqKXNRmJiRe6UoCXRxhITD0jgQvaWPdiwu3fZ3TMhF/wLttrbGVv/i62/xAWuUHCSl0xm3su8TJhwpo3rfjmFtfWNza3idmlnd2//oHx41NJxqgj1Scxj1QmxppxJ6htmOO0kimIRctoOx7czv/1IlWaxfDCThAYCDyWLGMHGSn4vYf3LfrniVt050CrxclKBHM1++bs3iEkqqDSEY627npuYIMPKMMLptNRLNU0wGeMh7VoqsaA6yObPTtGZVQYoipUdadBc/X2RYaH1RIR2U2Az0sveTPzXC8VSsomug4zJJDVUkkVwlHJkYjRrAg2YosTwiSWYKGZ/R2SEFSbG9lWypXjLFayS1kXVq1dr97VK4yavpwgncArn4MEVNOAOmuADAQbP8AKvzpPz5rw7H4vVgpPfHMMfOJ8/yfWVIg==</latexit>⇡3

policy learned with low cost 
& robust to world change

<latexit sha1_base64="AJ06Eig2kxubeIgQ63pK74iPJaw=">AAAB+nicbVA9SwNBFHwXv2L8ilraLAbBKtxJUMugjY0Q0UsCyRH2NnvJkt29Y3dPCGd+gq32dmLrn7H1l7hJrtDEgQfDzHvMY8KEM21c98sprKyurW8UN0tb2zu7e+X9g6aOU0WoT2Ieq3aINeVMUt8ww2k7URSLkNNWOLqe+q1HqjSL5YMZJzQQeCBZxAg2Vrq/7Xm9csWtujOgZeLlpAI5Gr3yd7cfk1RQaQjHWnc8NzFBhpVhhNNJqZtqmmAywgPasVRiQXWQzV6doBOr9FEUKzvSoJn6+yLDQuuxCO2mwGaoF72p+K8XioVkE10GGZNJaqgk8+Ao5cjEaNoD6jNFieFjSzBRzP6OyBArTIxtq2RL8RYrWCbNs6p3Xq3d1Sr1q7yeIhzBMZyCBxdQhxtogA8EBvAML/DqPDlvzrvzMV8tOPnNIfyB8/kDC7SUJA==</latexit>

M1

<latexit sha1_base64="knr/kOilNwphQDdq3F9f9ORLi3U=">AAAB+nicbVC7SgNBFL0bXzG+opY2g0GwCrshRMugjY0Q0TwgWcLsZDYZMjO7zMwKYc0n2GpvJ7b+jK1f4iTZQhMPXDiccy/ncoKYM21c98vJra1vbG7ltws7u3v7B8XDo5aOEkVok0Q8Up0Aa8qZpE3DDKedWFEsAk7bwfh65rcfqdIskg9mElNf4KFkISPYWOn+tl/pF0tu2Z0DrRIvIyXI0OgXv3uDiCSCSkM41rrrubHxU6wMI5xOC71E0xiTMR7SrqUSC6r9dP7qFJ1ZZYDCSNmRBs3V3xcpFlpPRGA3BTYjvezNxH+9QCwlm/DST5mME0MlWQSHCUcmQrMe0IApSgyfWIKJYvZ3REZYYWJsWwVbirdcwSppVcperVy9q5bqV1k9eTiBUzgHDy6gDjfQgCYQGMIzvMCr8+S8Oe/Ox2I152Q3x/AHzucPDUiUJQ==</latexit>

M2

<latexit sha1_base64="yqMz0oyRyiq0xsAaGKW1GHooaE4=">AAAB+nicbVC7SgNBFL0bXzG+opY2g0GwCrsaomXQxkaIaB6QLGF2MpsMmZldZmaFsOYTbLW3E1t/xtYvcZJsoYkHLhzOuZdzOUHMmTau++XkVlbX1jfym4Wt7Z3dveL+QVNHiSK0QSIeqXaANeVM0oZhhtN2rCgWAaetYHQ99VuPVGkWyQczjqkv8ECykBFsrHR/2zvvFUtu2Z0BLRMvIyXIUO8Vv7v9iCSCSkM41rrjubHxU6wMI5xOCt1E0xiTER7QjqUSC6r9dPbqBJ1YpY/CSNmRBs3U3xcpFlqPRWA3BTZDvehNxX+9QCwkm/DST5mME0MlmQeHCUcmQtMeUJ8pSgwfW4KJYvZ3RIZYYWJsWwVbirdYwTJpnpW9arlyVynVrrJ68nAEx3AKHlxADW6gDg0gMIBneIFX58l5c96dj/lqzsluDuEPnM8fDtyUJg==</latexit>

M3

Building the internal model is essential.



Not Covered…

• Search, planning and game theory

• Bandit learning

• Imitation learning and Inverse RL

• RL Theory

• …
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Further Reading

• David Silver’s RL Course:                                               
https://www.davidsilver.uk/teaching/

• Deep RL course @ Berkeley:                                          
https://rail.eecs.berkeley.edu/deeprlcourse/

• Sutton and Barto book:                                                             
http://incompleteideas.net/book/the-book-2nd.html

• OpenAI Gym platform:                                                   
https://github.com/Farama-Foundation/Gymnasium

94

https://www.davidsilver.uk/teaching/
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95

Thanks for your attention!
Discussions?

Acknowledgement: Many materials in this lecture are taken from
https://www.davidsilver.uk/teaching/

https://www.davidsilver.uk/wp-content/uploads/2020/03/AlphaGo-tutorial-slides_compressed.pdf

https://www.davidsilver.uk/teaching/
https://www.davidsilver.uk/wp-content/uploads/2020/03/AlphaGo-tutorial-slides_compressed.pdf

