
CS 188
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Q1. MDP
Pacman is using MDPs to maximize his expected utility. In each environment:

• Pacman has the standard actions {North, East, South, West} unless blocked by an outer wall

• There is a reward of 1 point when eating the dot (for example, in the grid below, R(C, South, F ) = 1)

• The game ends when the dot is eaten

(a) Consider a the following grid where there is a single food pellet in the bottom right corner (F ). The
discount factor is 0.5. There is no living reward. The states are simply the grid locations.
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(i) What is the optimal policy for each state?

State π(state)
A

B

C

D

E

(ii) What is the optimal value for the state of being in the upper left corner (A)? Reminder: the discount
factor is 0.5.

V ∗(A) =

(iii) Using value iteration with the value of all states equal to zero at k=0, for which iteration k will
Vk(A) = V ∗(A)?

k =

1



(b) Consider a new Pacman level that begins with cherries in locations D and F . Landing on a grid position
with cherries is worth 5 points and then the cherries at that position disappear. There is still one dot,
worth 1 point. The game still only ends when the dot is eaten.
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(i) With no discount (γ = 1) and a living reward of -1, perform one iteration of policy iteration in this
level’s state space, starting from the fixed policy below.

State A C
D,
FCherry=true

D,
FCherry=false

E,
FCherry=true

E,
FCherry=false

F

πi East East North North West West West
Vπi

πi+1

(ii) With no discount (γ = 1), what is the range of living reward values such that Pacman eats exactly
one cherry when starting at position A?
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Q2. Markov Decision Processes
Consider a simple MDP with two states, S1 and S2, two actions, A and B, a discount factor γ of 1/2, reward
function R given by

R(s, a, s′) =

{
1 if s′ = S1;

−1 if s′ = S2;

and a transition function specified by the following table.

s a s′ T (s, a, s′)
S1 A S1 1/2
S1 A S2 1/2
S1 B S1 2/3
S1 B S2 1/3
S2 A S1 1/2
S2 A S2 1/2
S2 B S1 1/3
S2 B S2 2/3

(a) Perform a single iteration of value iteration, filling in the resultant Q-values and state values in the
following tables. Use the specified initial value function V0, rather than starting from all zero state values.
Only compute the entries not labeled “skip”.

s a Q1(s, a)
S1 A
S1 B
S2 A skip
S2 B skip

s V0(s) V1(s)
S1 2
S2 3 skip

(b) Given an arbitrary MDP with state set S, transition function T (s, a, s′), discount factor γ, and reward
function R(s, a, s′), and given a constant β > 0, consider a modified MDP (S, T, γ,R′) with reward function
R′(s, a, s′) = β ·R(s, a, s′). Prove that the modified MDP (S, T, γ,R′) has the same set of optimal policies
as the original MDP (S, T, γ,R).

(c) Although in this class we have defined MDPs as having a reward function R(s, a, s′) that can depend on
the initial state s and the action a in addition to the destination state s′, MDPs are sometimes defined as
having a reward function R(s′) that depends only on the destination state s′. Given an arbitrary MDP
with state set S, transition function T (s, a, s′), discount factor γ, and reward function R(s, a, s′) that does
depend on the initial state s and the action a, define an equivalent MDP with state set S′, transition
function T ′(s, a, s′), discount factor γ′, and reward function R′(s′) that depends only on the destination
state s′.

By equivalent, it is meant that there should be a one-to-one mapping between state-action sequences in
the original MDP and state-action sequences in the modified MDP (with the same value). You do not
need to give a proof of the equivalence.

States: S′ =

Transition function: T ′(s, a, s′) =

Discount factor: γ′ =

Reward function: R′(s′) =
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Q3. Direct Evaluation
Consider the grid-world given below and an agent who is trying to learn the optimal policy. Rewards are only
awarded for taking the Exit action from one of the shaded states. Taking this action moves the agent to the
Done state, and the MDP terminates. Assume γ = 1 and α = 0.5 for all calculations. All equations need to
explicitly mention γ and α if necessary.

(a) The agent starts from the top left corner and you are given the following episodes from runs of the agent
through this grid-world. Each line in an Episode is a tuple containing (s, a, s′, r).

Episode 1 Episode 2 Episode 3 Episode 4 Episode 5
(1,3), S, (1,2), 0 (1,3), S, (1,2), 0 (1,3), S, (1,2), 0 (1,3), S, (1,2), 0 (1,3), S, (1,2), 0
(1,2), E, (2,2), 0 (1,2), E, (2,2), 0 (1,2), E, (2,2), 0 (1,2), E, (2,2), 0 (1,2), E, (2,2), 0
(2,2), E, (3,2), 0 (2,2), S, (2,1), 0 (2,2), E, (3,2), 0 (2,2), E, (3,2), 0 (2,2), E, (3,2), 0
(3,2), N, (3,3), 0 (2,1), Exit, D, -100 (3,2), S, (3,1), 0 (3,2), N, (3,3), 0 (3,2), S, (3,1), 0
(3,3), Exit, D, +50 (3,1), Exit, D, +30 (3,3), Exit, D, +50 (3,1), Exit, D, +30

Fill in the following Q-values obtained from direct evaluation from the samples:

Q((3,2), N) = Q((3,2), S) = Q((2,2), E) =
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