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Reinforcement Learning

• Reinforcement Learning (RL): Learning Optimal 
Behavior in Complex Environment
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Supervised LearningUnsupervised Learning Reinforcement Learning

Availability of labels and performance feedback



Reinforcement Learning
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Perception-action-reward learning loop
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Perception-action-reward learning loop



Reinforcement Learning

6Picture from Advanced Deep Learning with Keras

Perception-action-reward learning loop
Goal: To learn a policy to take actions that maximizes rewards



• Policy: The algorithm used by an agent to determine its 
actions is called policy.
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a0 a1 a2
s0 ✓
s1 ✓
s2 ✓
s3 ✓
s4 ✓
s5 ✓
s6 ✓



Problems
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How about delayed reward?

The table can get very large. Imagine a chess game and the number of states!



Delayed reward 
• We have to take into account the immediate reward, plus 

the reward we can take in the next step, and the next, 
and the next,… and pick an action that give us the 
maximum total award

• Q(si,aj)=r0 + r1 +r2+…
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Delayed reward 
• We have to take into account the immediate reward, plus 
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j, k, p, m are indexes that gives us the maximum total reward.
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Not a tractable problem to solve!



• Q(si,aj)=r0 + !" r1 + !# r2+…

• Q(s,a)= r0+ !m%&'( )(s’,a’)

Action a takes us from state s to state s’.
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• Q(s,a)= r0+ !m#$%& '(s’,a’)

Action a takes us from state s to state s’.

Q(s,a)k+1= r0+ !m#$%&
'(s’,a’)k
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We can solve this iteratively and it converges (if given enough 
time) to an optimal Q table that gives us the optimal policy.



• Q(s,a)= r0+ !m#$%& '(s’,a’)

Action a takes us from state s to state s’.

Q(s,a)k+1= r0+ !m#$%&
'(s’,a’)k
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We can solve this iteratively and it converges (if given enough 
time) to an optimal Q table that gives us the optimal policy.

a0 a1 a2
s0

Q(s0,a0) Q(s0,a1) Q(s0,a2)

s1
Q(s1,a0) Q(s1,a1) Q(s1,a2)

s2
Q(s2,a0) Q(s2,a1) Q(s2,a2)

s3
Q(s3,a0) Q(s3,a1) Q(s3,a2)

s4
Q(s4,a0) Q(s4,a1) Q(s4,a2)

s5
Q(s5,a0) Q(s5,a1) Q(s5,a2)

s6
Q(s6,a0) Q(s6,a1) Q(s6,a2)



Let’s add stochasticity

• When we are in state s, and take action a, we don’t
always end up in state s’. There can be some
randomness involved.
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Let’s add stochasticity

• When we are in state s, and take action a, we don’t
always end up in state s’. There can be some
randomness involved.

• Markov decision process models our problem (when 
actions are discrete).
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Q(s,a)k+1= r0+ !m#$%&
'(s’,a’)k

Q(s,a)k+1= ∑,& - ., #, .0 [ 2 ., #, .0 + !m#$
%&

'(s’,a’)k]
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• But do we always know those values?
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Temporal Difference Learning

• Randomly explore them model (let the model run 
randomly) and estimate the Q values.
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Q(s,a)k+1= ∑"# $ %, ', %( [ * %, ', %( + ,m'.
/#

0(s’,a’)k]

Q(s,a)k+1= 1 − 7 Q(s,a)k + 7[8 + ,m'./#
0(s’,a’)k]
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a0 a1 a2

s0 0 0 0

s1 0 0 0

s2 0 0 0

s3 0 0 0

s4 0 0 0

s5 0 0 0

s6 0 0 0

Q-table initialized to all zero at the 
beginning.
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a0 a1 a2

s0 23 0 0

s1 0 4 0

s2 0 0 0

s3 5 0 0

s4 0 6 0

s5 0 0 0

s6 0 0 0

Sometime in the middle
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a0 a1 a2

s0
23 0 0

s1
0 4 0

s2
0 0 0

s3
5 0 0

s4
0 6 0

s5
0 0 0

s6
0 0 0

Sometime in the middle

Should I take a 
good known 

action?
(exploitation)

Or take chances 
on unknown 

actions?
(exploration)

Exploration vs. Exploitation
!-greedy method.



Deep Q-Learning

28

a0 a1 a2

s0 Q(s0,a0) Q(s0,a1) Q(s0,a2)

s1 Q(s1,a0) Q(s1,a1) Q(s1,a2)

s2 Q(s2,a0) Q(s2,a1) Q(s2,a2)

s3 Q(s3,a0) Q(s3,a1) Q(s3,a2)

s4 Q(s4,a0) Q(s4,a1) Q(s4,a2)

s5 Q(s5,a0) Q(s5,a1) Q(s5,a2)

s6 Q(s6,a0) Q(s6,a1) Q(s6,a2)



Deep Q-Learning
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a0 a1 a2

s0 Q(s0,a0) Q(s0,a1) Q(s0,a2)

s1 Q(s1,a0) Q(s1,a1) Q(s1,a2)

s2 Q(s2,a0) Q(s2,a1) Q(s2,a2)

s3 Q(s3,a0) Q(s3,a1) Q(s3,a2)

s4 Q(s4,a0) Q(s4,a1) Q(s4,a2)

s5 Q(s5,a0) Q(s5,a1) Q(s5,a2)

s6 Q(s6,a0) Q(s6,a1) Q(s6,a2)



Deep Q-Learning
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Q(s,a)= r+ !m#$
%&

'(s’,a’)



End
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• But is it?
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• But is it?
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