L AlCoRHHMS
oz MDP-



%NK Of Ad ALGoRITHM HAVINCG
Ao STePS

,. A FoUC\/ IMPRVeMenT STEP: o .
’ﬁ’(x) e ARCMAX (%) +F I [,2(4 '")1

2. A Policy EVALUAfIon) &TeP : =, .
FinD

Rem) =L [ Z £ (X 0e]



e CoVell Mo AlLGotTHMS

1. VALVE ITERATION

2. PolLicy 1Tenation)



\JALve 1TERAT] 0N

/ﬁll,(é VO(?L) =0 V)»
UnTIL Convecence Do !

V ()= i c(x D+ BE Ty



VALue rematio) EXAMALE

(X))

oA NN N
oo N
ooonNNN
O0d N

Odd gy

OIZLQ(.

5

W o W w
lbLuLval.Wl.w.

t=



SoMe. Cobe

D

def Value_Iteration (V,P,r,discount) :
> Value Iteration - a numerical solution to a MDP

# Arguments:
P - Pla][x][y] gives probablity of x —> y for action a
r — rla][x][y] gives reward for x —> y for action a
V - V[x] gives value for state x
discount — a float. discount fac tor

# Returns:
Value function and policy from s*xonexx value iteration

number_of actions = len (P)
number_of states = len (P[O])

Q = np.zeros ((number_of_actions,number_of_states))
for _ in range(time):
for a in range(number_of_actions):
for x in range(number_of_states):
Qla][x] = np.dot(P[a][x],r[a][x]+discount*V)
V_new = np.amax(Q, axis=0)

pi = np.argmax(Q, axis=0)

return V_new, pi B




A ResolT:

Thrm 59. For positive programming, i.e. where all rewards are pos-
itive and the discount factor  belongs to the interval (0,1], then

0<Vsx) £ Vsi(x) /" V(x), as s— .

Here V(x) is the optimal value function.
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Def 60 (Policy Iteration). Given the stationary policy I'l, we may de-
fine a new (improved) stationary policy, 111, by choosing for each x
the action IT1(x) that solves the following maximization

ITI(x) € argmax r(x,a) + BE,, [R(X, H)]
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. def Policy_Iteration(pi,P,lyg;count):
OMC( Dé . *’’ Policy Iteration - a numerical solution to a MDP
L == IS, Q9T MATRIX ALCEBRA

P — Pla][x][y] gives probablity of x —> y for action a
r — rla][x][y] gives reward for x —> y for action a

pi — pi[x] gives action for state x

discount - disount factor

# Returns:
policy from =+onex* policy iteration
value function of input policy

# Collate array of states and actions

number_of_actions, number_of_states = len(P), len(P[O0])
Actions, States = np.arange(number_of actions), np.arange (
number_of_states)

# Get transitions and rewards of policy pi

P_pi = np.array ([P[pi[x]][x] for x in States ])
r_pi = np.array([r[pi[x]][x] for x in States])
Er_pi = [ np.dot(P_pi[x],r_pi[x]) for x in States]

# Calculate Value of pi
I = np.identity (number_of_states)
A =1 - discount * P_pi
R_pi = np.linalg.solve (A, Er_pi)

# Calculate Q_factors of pi
Q = np.zeros ((number_of_actions, number_of_states))
for a in range(number_of_actions):
for x in range(number_of_states):
Qlallx] = np.dot(P[a][x],r[a][x]+discount*R_pi)

# policy iteration update
pi_new = np.argmax(Q, axis=0)

return pi_new, R_pi




A RES()LT Thrm 61. Under Policy Iteration

R(X, 1_In+1) 2 R(x/ Hn)

and, for bounded programming,

R(x,11L,) 7/ Vi(x) as n-— oo
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— L R() = BPRY(x) + 1(x),  x € X.
Rec ALL ‘ Moreover, if function R : X — R, satisfies
<
R() S PRI + (),  xeX.

<
Cones®  then R(x) S R(x), x € X.
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LINEAR PRoGRAMMING  APPROACH °
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