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Part I: Markov Decision Process (MDP)



Definition
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Markov property: Current state completely characterizes the state of the world.

A Markov decision process is defined by a tuple: < S, A, R, P,y >.

S: set of possible states

A: set of possible actions

R: distribution of reward

P: transition probability

~: discount factor

State = {0, 1, 2, 3, 4, 5, 6,7, 8, 9, 10, 11, 12, 13, 14, 15}

Action = {up, down, left, right}

Reward = -1 for all transitions

p(s’,rls,a) =Pr{S; =5, Ry =r|S;_1 =s,A;_1 = a}

Gy = Riy1 +7Riso + 7V Rivs + Y Riga + -+

=Ry + (Rt+2 +YRiss + Y Rysa + - )

= Riyv1 +7vGii1




Policies and Value Functions

Policy: ways of acting. It is a mapping from states to probabilities of selecting each
possible action.

Reinforcement learning methods specify how the agent’s policy is changed as a result
of its experience.

Example: equiprobable random policy
Value Function: the expected return when starting in s and following 7 thereafter.
State-value function for policy m: v, (s) = E;[G¢|S; = 5]
Action-value function for policy m: ¢ (s,a) = E;[G¢|S; = s, A; = a
Relationship: v (s) = Z 7(als)qr(s,a)
qr(s,a) = Z Zp(s’, rls,a)[r + yvr(s')]

Objective: find the optimal policy, which maximizes cumulative discounted reward
(value function).



Exploitation and Exploration

Greedy actions: the action whose estimated value is greatest in one step.

Exploitation: select one of the greedy actions. It is the right thing to do to maximize
the expected reward on the one step.

Exploration: select one of the non-greedy actions. It may produce the greater total
reward in the long run.

The need to balance exploration and exploitation is a distinctive challenge that arises
in reinforcement learning.

g-greedy policy: choose greedy actions most of the time, but every once, with small
probability €, randomly select an action from action space.



Bellman Optimality Equation

Bellman equation expresses a relationship between the value of a state and the values
of its successor states.

gr(s,a) = Zp(s’, rls,a)[r + yvg(s')]
= Z’p(s’, rls,a)lr + Zw(a’|s’)qﬂ(s", a')l

The optimal action-value (Q-value) function Q* is the maximum expected cumulative
reward achievable from a given (state, action) pair:
Q*(s,a) = Zp(s’, rls, a) [fr + ymax Q" (s’ a’)}

s'.r

= Egne [7“ + vma}xQ*(s’,a’ﬂng =5, A; = a]

Intuition: if the optimal state-action values for the next time-step Q*(s’, a’) are known,
then the optimal strategy is to take the action that maximizes the expected value of
r+~vQ*(s',a’). Value Iteration.

The optimal policy: 7* = argmax, Q*(s,a)



Part II: Q-Learning: Model-Free RL



Monte Carlo Methods

Question: What if we do not know the environment?
Monte Carlo methods are ways of solving the reinforcement learning problem based on
averaging sample returns. The only requirement is the experience — sample sequences of

states, actions, and rewards from actual or simulated interaction with an environment.

As more returns are observed, the average should converge to the expected value.

First-visit MC prediction, for estimating V' ~ v,

Input: a policy 7 to be evaluated

Initialize:
V(s) € R, arbitrarily, for all s € §
Returns(s) < an empty list, for all s € §

Loop forever (for each episode):
Generate an episode following 7: Sy, Ag, R1, 51, A1, R, ..., S7—1,Ar_1, R
G+ 0
Loop for each step of episode, t =T—-1,T-2,...,0:
G +— vG + Ri+1
Unless S: appears in Sp, S1,...,S5:—1:
Append G to Returns(S;)
V(S:) + average(Returns(S))




Incremental Implementation

Recall: about the expected return

The state-value function for policy 7 is the expected return when starting in S=s and
following 7 thereafter.

The action-value function for policy 7 is the expected return when starting from S=s,
taking the action A=a, and thereafter following policy .

Question: How these expected returns can be computed in a computationally
efficient manner?

Solution: Incremental implementation

1 k+1
Vi = — S G,
S A 2_: '

=1
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Q-Learning: A Temporal-Difference Learning Method

Question: What if some applications have very long episodes so that delaying all
learning until the end of the episode is too slow?

Solution: Temporal-Difference Learning. Whereas Monte Carlo methods must wait
until the end of the episode to determine the increment to value functions, TD
methods need to wait only until the next time step.

MC Methods: V(S;) «+ V(S;) + a[Gy — V(S)]
TD Methods: V(S;) < V(Sy) + a[Rit1 + YV (Si41) — V(S1)]

Q-learning (off-policy TD control) for estimating 7 ~ 7,

Algorithm parameters: step size o € (0, 1], small € > 0
Initialize Q(s,a), for all s € 8T, a € A(s), arbitrarily except that Q(terminal,-) =0

Loop for each episode:
Initialize S
Loop for each step of episode:
Choose A from S using policy derived from @ (e.g., e-greedy)
Take action A, observe R, S’
Q(S, A) « Q(S, 4) + a[R + ymax, Q(S',a) — Q(S, A)]
S+ S

until S is terminal
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Result: Q-Learning
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Part II1: The 1st DRL Algorithm: Deep-Q Learning



From Q-Learning to Deep Q-Learning

Question: What if there are large number of states, or even infinitely many states?
Solution: Use a function approximator to estimate the action-value function.
Example: Neural Network.

Universal Approximation Theorem: A feedforward network with a single layer is
sufficient to represent any function, but the layer may be infeasibly large and may

fail to learn and generalize correctly.

If the function approximator is a deep neural network, we call the algorithm as the
deep Q-learning.
Q(s,a;0) =~ Q" (s, a)
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Q Value Function Approximator: Neural Network
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Convolutional Neural Network (CNN)
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@ Value Function Approximator: Neural Network

Multilayer Perceptron (MLP)
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SGD: Solving for Optimal Policy

Loss Function:
L; (0;) = Es anp(.) [Eyi - Q (s, a: 91}}2}
yi = Egog[r+ymaxy Q(s',a’;0;-1)|s,al
Backward Progress:

VoL (0:) = Eqampiyswrms | (7 +7maxQ(s,a's0:1) — Q(s,:6:) ) Vo,Q(s,a:61)

Question: The data is not independent and identically distributed.
Solution: Experience replay!

Experience Replay:

- Continually update a replay memory table of transitions (s, a, r, ') as game
(experience) episodes are played

- Train Q-network on random minibatches of transitions from the replay memory,
instead of consecutive samples
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Algorithm: Deep Q-Learning with Experience Replay

Initialize replay memory D to capacity NV
Initialize action-value function () with random weights
for episode = 1, M do
Initialise sequence s; = {1} and preprocessed sequenced ¢1 = ¢(s1)
fort=1.T do
With probability e select a random action a;
otherwise select a; = max, Q*(¢(s;), a; 0)
Execute action a; in emulator and observe reward r; and image x4 1
Set s;4.1 = $4, a4, x4 and preprocess ¢y 1 = O(S¢41)
Store transition (¢¢, as, r¢, ¢441) in D
Sample random minibatch of transitions (¢;, a;, 7, ¢j+1) from D
Set y; = T for terminal E;bj +1
J r; +ymaxy Q(¢jy1,a’;0) for non-terminal ¢; 44

Perform a gradient descent step on (y; — Q(¢;,a;: 6'))2 according to equation 3
end for

end for
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SGD: Solving for Optimal Policy

Loss Function:
Li (6:) = Esamp() | (5 — Q (5,0:60))’)
yi = Egog[r+ymaxy Q(s',a’;0;-1)|s,al
Backward Progress:
Vo, Li(0:) = Eg g p();s'~e K? T 7y max Q(s',a";0i-1) — Q(s, q; 91‘)) Vi, Q(s, a; 91’)}
Question: The training progress is nonstationary! The target for Q(s, a) depends on
the current weight 6.

Solution: Use a slow-moving “target” Q-network that is delayed in parameter
updates to generate target value labels for the Q-network.
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Algorithm: Deep Q-Learning with Experience Replay

Initialize replay memory D to capacity N
Initialize action-value function Q with random weights 0
Initialize target action-value function Q with weights 0~ = 6
For episode = 1, M do
Initialize sequence s; = {x; } and preprocessed sequence ¢; =¢(s;)
Fort=1,T do
With probability ¢ select a random action a;
otherwise select a; =argmax_ Q(¢(s;),a; 0)
Execute action g, in emulator and observe reward r, and image x; . ;
Set ;41 =5¢,4;,%;+1 and preprocess ¢, ; =P (s¢+1)
Store transition (¢§,,a:,r¢,¢,, ) in D
Sample random minibatch of transitions <¢-,aj,rj,¢j " 1) from D

rj if episode terminates at step j+ 1
SeEyy= rj+7y maxy 0 (¢j+ il 0_) otherwise

2
Perform a gradient descent step on (yj -0 ((/)-,aj; 0) ) with respect to the
network parameters 0

Every C steps reset Q= Q
End For
End For
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Results: Cart-Pole Experient

Microsoft Windows [RfiZ4 108.8.19843.1348]
(c) Microsoft Corporation. {RESPTHEFIF].

E:\RL\demo>»D: /ProgramData/Anaconda3/Scripts/activate
(base) E:\RL\demo>conda activate base

(base) E:\RL\demo>D:/ProgramData/Anaconda3/python.exe e:/RL/demo/
Action space: Discrete(2)

State space: Box([-4.2880002c+80 -3.4828235e+38 -4.1887983e-01
Reward range: (-inf, inf)

Collecting the experience ...
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Part IV: Further Discussion



Q More RL Algorithms

Question: What if there are a large number of actions, or even infinitely many actions?

Solution: There are some other DRL algorithms can handle this situation.
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Thanks for Listening
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