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if (q_state < g_table_len)
{

memcpy_usr(q_reward, &(q_table[q_state].ts_up), (g_action_count * sizeof(g_reward[oU])))

/*— FERQFFRAIEIIATEIE +/

for (i = oU; i < g_action_count; i++)

if (max_reward < q_reward[i])

{
max_reward = q_reward[i];
best_action = 1i;

}

else

{
/*- do nothing */

}

}
}
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def get_next_state(state, action):
get next state according to current state and action
:param state: current state
:param action: current action
:return: next state
i, j = state
if action = ACTION_UP:
return [max(i - 1 - WIND[Jj], @), j]
elif action = ACTION_DOWN:
return [max(min(i + 1 - WIND[j], WORLD_HEIGHT - 1), @), jl
elif action = ACTION_LEFT:
return [max(i - WIND[j], @), max(j - 1, 0)]
elif action = ACTION_RIGHT:
return [max(i - WIND[j], @), min(j + 1, WORLD_WIDTH - 1)]
else:
assert False

A RACRY

def play_one_round(q_value):

play for an round of windy world
:param g_value: g table

# initialize state
state = START

# keep going until get to the goal state
while state % GOAL:
# choose the action based on epsilon-greedy algorithm
if np.random.binomial(1, EPSILON) = 1:
action = np.random.choice(ACTIONS)
else:
values_ = q_value[state[@], state[1], :]
action = np.random.choice([action_ for action_, value_ in enumerate(values_)
if value_ = np.max(values_)])

next_state = get_next_state(state, action)
values_ = q_value[next_state[@], next_state[1], :]
next_action = np.random.choice([action_ for action_, value_ in enumerate(values_)

if value_ = np.max(values_)1)
# update q value table
q_value[state[0], state[1], action] += ALPHA * (REWARD + g_value[next_state[0],

next_state[1], next_action] - q_value[state[@], state[1], action])
state = next_state

BRI 234
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Optimal policy is:
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1 -7 VAR 1] BN A pole is attached by an un-actuated joint to a cart, which
[ ) E ZX long a frictionless track. The system is controlled b
‘ B n 1 moves along , y b
== applying a force of +1 or -1to the cart. The pendulum starts
upright, and the goal is to prevent it from falling over. A
-~ I E_I\'_{ reward of +1is provided for every timestep that the pole
; - I remains upright. The episode ends when the pole is more

than 15 degrees from vertical, or the cart moves more than

:I — e 2.4 units from the center.
—_ El u o Episode 1

Pav v i This environment corresponds to the version of the cart-pole problem
oy s
— g D \ 2 # g described by Barto, Sutton, and Anderson [Barto83].
[Barto83] AG Barto, RS Sutton and CW Anderson, “Neuronlike Adaptive
N s = Elements That Can Solve Difficult Learning Control Problem”,
QZ A D ——— IEEE Transactions on Systems, Man, and Cybernetics, 1983.
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