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L21:  Reinforcement Learning

CS 343:  ArtiÞcial Intelligence
Benjamin Kuipers

Reinforcement Learning

¥ An agent interacts
with the world.
ÐPerforming actions
ÐObserving states

ÐReceiving rewards

¥ How does it learn
whatÕs best to do?
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Markov Decision Process (MDP)
¥ An MDP is a tuple:  〈S, A, s0, T(,,), R() 〉

ÐS is the set of states.  s0 is the initial state.
¥ States are fully observable.

ÐA is the set of actions.
ÐT(s,a,s!) is the transition probability function
Ð       T(s,a,s!) = P(st+1=s! | st=s and at=a)

ÐR(s) is the reward for reaching state s.

¥ A solution to an MDP is a policy at = " (st).
ÐWe would like to Þnd an optimal policy " * .

Simple MDP Environment

¥ Transition probabilities:  0.8, 0.1, 0.1, 0.0
¥ Rewards:  +1, -1, and -0.04.

¥ Terminal state means Ògame overÓ.
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Utility is Long-Term Reward
¥ For a state sequence [s0, s1, s2, . . . ], utility is

ÐU([s0, s1, s2, . . . ]) = R(s0) + #R(s1) + #2R(s2) + É
ÐWhere # is the discount factor:  # ∈ [0,1].
Ð# = 1 speciÞes additive rewards.

Ð# < 1 guarantees that utility U() is Þnite.

¥ The utility of a policy "  is the expected sum of
discounted rewards.

¥ The optimal policy is " *

!  

" * = argmax
"

E #tR(st ) |"
t=0
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The Utility of a State s
¥ Given a policy " , the utility of state s is

¥ In state s, choose the action that maximizes
the expected utility of the next state

¥ Utility is immediate reward plus expected
discounted utility of optimal next action.

!  

U
" (s) = E #t

R(s
t
) |" ,s0 = s

t=0
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!  

" * (s) = argmax
a

T(s,a, # s )U( # s )
# s 

$

!  

U(s) = R(s) + " max
a

T(s,a, # s )U( # s )
# s 

$
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The Bellman Equation

¥ Show how the long-term utility U*(s) of a
state is related to its short-term reward R(s).

¥ We can converge to U*(s):

¥ U*(s) is the Þxed-point:
!  

U* (s) = R(s) + " max
a

T(s,a, # s )U* ( # s )
# s 

$

!  

Ut +1(s) " R(s) + #max
a

T(s,a, $ s )Ut ( $ s )
$ s 

%

!  

lim
t " #

U
t
(s) =U * (s)

U(s) for Simple World

¥ With # = 1, and R(s) = −0.04 for non-terminal states
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0.812 0.868 0.918

0.762 0.660

0.705 0.655 0.611 0.388

The policy " *(s) determined by U(s)

¥ Depends on R(s) = −0.04 at non-terminal states.
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R(s) determines " * (s)

¥ Reward
determines
utility,
which
determines
how the
agent should
spend its
time.

−0.0221 < R(s) < 0                              R(s) > 0  

R(s) < −1.6284                  −0.4278 < R(s) < −0.0850    

Reinforcement Learning

¥ RL agent lacks a model T(s,a,s′) of the
environment, or knowledge of R(s).

¥ Utility-based agent
ÐLearns U(s) and a model T(s,a,s′)

¥ Q-learning agent
ÐLearns an action-value function
ÐQ(s,a) = expected value of doing a in state s

¥ Policy-learning (ÒreßexÓ) agent
ÐLearns the optimal policy " (s)

Passive Learning

¥ Given a policy " (s), execute it repeatedly,
gathering data about R(s) and T(s," (s),s!)

¥ Then learn U" (s) via

¥ For a Þxed policy " , the Bellman equation
deÞnes the utility function.

!  

U " (s) = E #tR(st ) |" ,s0 = s
t=0
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!  

U " (s) = R(s) + # T(s," (s), $ s )U " ( $ s )
$ s 

%
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Temporal Difference (TD) Learning
¥ Approximate the solution to the Bellman eqn
¥ After observing a transition from s to s!,

update the current estimate of U" (s).

¥ What is this?
ÐIf we deÞne
ÐThen the update equation is a weighted average:

Ðwhere α is the learning rate.

!  

U " (s) # U " (s) +$ (R(s) + %U" ( & s ) ' U " (s))

!  

Unew
"
(s) = R(s)+ #U "

( $ s )

!  

U " (s) # (1$%)U " (s) + %Unew
" (s)

Active Learning

¥ Learning U" (s) for a Þxed policy " (s)
explores only part of the state space.
ÐItÕs easy to miss policies better than " (s).

¥ Active learning must balance
ÐExploitation:
ÐExploration:  check out some unknown action

that may Þnd an even better result.

¥ Optimistic initialization U+(s) encourages
exploration with high utilities on unknown
states.  (Òunknown = goodÓ)

! 

" (s) = argmax
a

T(s,a, # s )U( # s )
# s 

$

Q-Learning

¥ Represent utilities by Q(s,a)
ÐValue as a function of both state and action

¥ The Bellman equation for this is:

¥ The TD update equation for Q(s,a) is

ÐNo model T(s,a,s!) needed.! 

Q(s,a) = R(s) + " T(s,a, # s )max
# a 

Q( # s , # a )
# s 

$

!  

Q(s,a) " Q(s,a) +# (R(s) + $max
% a 

Q( % s , % a ) &Q(s,a))

!  

U(s) = max
a

Q(s,a)

Reinforcement Learning Recap

¥ RL converges to U(s) or Q(s,a) or " (s)
from experience in the domain and
feedback from R(s).

¥ Can be tricky to set the parameters
ÐDesign the state and action spaces
ÐHow to represent U(s) or Q(s,a) or " (s)

¥ Explicit table, tile-coding, neural network, etc.

ÐSpecify the reward R(s) and discount rate #

ÐExploration/Exploitation trade-off
ÐLearning rate $ (or $(t) if annealing)

MDPs and POMDPs

¥ The foundation for Reinforcement Learning
is the Markov Decision Process (MDP)
ÐAssumes that states s are directly observable
ÐThis is a strong assumption

¥ POMDPs (Partially Observable MDPs)
represent link between state and observation
ÐO(s,o) = P(observation=o | state=s)

¥ POMDPs are far less tractable than MDPs


