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Q-Learning
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Q-Learning: Exploration
§ Exploitation

üGreedy action using Q-map

§ ε-Greedy 
üε(0,1): random selection in direction + Greedy action

§ Exploration
üFind new paths and goals

§ (Decaying)ε-Greedy
üVariable ε (e.g., 0.9 à 0) 0
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Q-Learning: Discount factor
§ Discount factor: γ (0, 1)

üFind efficient paths
üMeaning: reward for future state
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Q-Learning: Q-update
§ Q(st,at)
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Markov Decision Process (MDP)

0 0( , )s a 1 1( , )s a 2 2( , )s a ( , )n ns a

…

1 0 0 1( | , , )P a s a s
s1 has the information of s0 and a0 1 1( | )P a s=

2 0 0 1 1( | , , , )P s s a s a 2 1 1( | , )P s s a=

Prob. of action at state s1 (Policy)

Prob. of state transition from s1 to s2



INTELLIGENT NETWORKING & SYSTEM LAB. 7

Markov Decision Process (MDP)
§ Goal of Reinforcement Learning 

üMaximize expected reward or return
ØReward: result in action at
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Markov Decision Process (MDP)
§ State value function: 

üExpected return value in current state

§ Action value function:
üExpected return from current action 

§ Optimal policy
üMaximize state value function 
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Markov Decision Process (MDP)
§ State value function V(st)
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Markov Decision Process (MDP)
§ Action value function Q(st,at)
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Markov Decision Process (MDP)
§ Optimal policy: Maximize V(st) 
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Bellman Equation
§ Use Bayesian rule ( , ) ( | ) ( )
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Bellman Equation

1 1
:

( ) ( , , , | ) :
t

t t t t t t t
a a

V s G P a s a s da a
¥

+ + ¥@ ò L

1 1( , , | , ) ( | )t t t t t tP s a s a P a s+ + L

1 1 1

1 1 1

( , | , , ) ( , | )
( , | ) ( , | )
t t t t t t t

t t t t t

P a s a s P a s s
P a s P a s s

+ + +

+ + +=

L

L



INTELLIGENT NETWORKING & SYSTEM LAB. 14

Bellman Equation
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Bellman Equation
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Bellman Equation
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Optimal Policy
§ Maximize the expected return at the current state
§ Maximize the state value function
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Monte-Carlo Method
§ How to obtain Q*?

üTraining means making Q* 

§ Expectation value ( )
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Temporal Difference (TD)
§ Action value function

§ 1-step TD (Incremental Mete-Carlo Updates)
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Incremental Monte-Carlo Updates
§ Incremental Mete-Carlo Updates

§ SARSA algorithm
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Temporal Difference (TD)
§ SARSA

üOn-Policy
ØBehavior policy == Target policy

§ Q-Learning
üOff-Policy

ØBehavior policy != Target policy
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Behavior policy & Target policy
§ Behavior policy & Target policy 
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Off-Policy
§ Divide Target policy and Behavior policy

üWhy?
ØCan use other target policy by human or other agents
ØCan obtain a sample (i.e., TD target) by the optimal policy (i.e., 
greedy action) during exploring 

ØRe-judgement (i.e., re-use) for actions is possible 

( )
1 1

1 1 1 1 1 1 1
,

( ) ( ) ( )
1 11

( , ) ( ( , )) ( | ) ( | , ) ,

            (1 ) ( , )
t t

t t t t t t t t t t t t
s a

N N N
t t tN N

Q s a R Q s a P a s P s s a ds a

Q Q R Q s a

g

a a g
+ +

+ + + + + + +

+ +-

@ +

» = - + +

ò
Target policy

Behavior policy: 
p(at|st)



INTELLIGENT NETWORKING & SYSTEM LAB. 24

Q-Learning (revisit)
§ Target policy: greedy 
§ Behavior policy: ε-greedy
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Q-Learning (revisit)
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2Step-TD
§ 1-step TD

§ 2-step TD
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2Step-TD
§ Off-policy with importance sampling
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2Step-TD
§ TD-target in 2-step TD
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Q-learning Code
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Q-learning Code
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Q-learning Results
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Deep Q Network (DQN)

Deep Learning

Reinforcement 
Learning

Q-Learning +DNN
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Q-Learning 
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Q-Learning
§ Bellman equation as an iterative update 

§ Q will converge to Q* 

üQ-learning converges to optimal policy if all state-action pairs seen 
frequently enough

§ ε-Greedy as Behavior policy
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Problem in Q-learning
§ Not scalable

üMust compute Q-table for every state-action pair

§ Use a function approximator to estimate Q(s,a)
üLearn about some small number of training states from experience 
üGeneralize that experience to new, similar situations 
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Deep Q Network (DQN)
§ Regression with DNN

üFind Q using Regression
ØWhy? 
ØTo apply various states 

üQw : Q with weight W; By regression

w w Grada¬ -
ur ur

Learning rate 
Difference 

among samples
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Approximate Q-Learning

§ Linear function approximator (i.e., Regression)

§ Exact Q 

§ Approximate Q  
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Linear function approximator
§ Approximate Q 

§ Loss function

§ Difference 
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Deep Q Network (DQN)
§ Difference

§ Loss function

§ TD update
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Deep Q Network 2013
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Deep Q Network 2015
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DQN Code
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DQN Code
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DQN Code
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DQN Code
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DQN - Results
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