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V*(s) = max Z T(s,a,s) - [R(s, a,s’)+7y- V(s')]
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Qi (a,s) = 0

L

Mo

B
>

¥ (s): e sOf| =2EHS M Fe =+ QU
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e MDP H2|

transition probabilities
[f(6.7, 0.3, 0.0]
[[0.0, 1.0, 0.0]
[None, [0.8, 0.1

[ # Z&=[s, a,
+10, 0, 0], [O
0, 01, [0,

0, 0], [+40

rewards

(L
[0,
[0

possible actions =

[(ro,

0,

= [ # 2&=[s, a, s']
, [1.0, 0.0, 0.07, [0.8,
, None, [0.0, 0.0, 1.0171,
, 0.1], None]]

0.2,

s']

14 0’ O]’ [OI
01, [0, O,
+ 0, 01, [0,

0, 011,
_50]]1
0, 0111

1, 21, [0, 2], [1]]

0.071,



o Q-7tX| =73}
Q values = np.full((3, 3), -np.inf) # =7/58
= # Jlset dE: 0

for state, actions in enumerate(possible actions):
Q0 values[state, actions] = 0.0



o Q-7iX[Ht=
m 2Ol gamma = 0.90

for iteration in range(50):
Q prev = Q values.copy()
for s in range(3):
for a in possible actions[s]:
Q values[s, a] = np.sum([
transition probabilities[s][a][sp]
* (rewards[s][a][sp] + gamma * np.max(Q _prev[sp]))
for sp in range(3)])
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array([[18.91891892, 17.02702702, 13.62162162],
[ 0. , -inf, -4.87971488],
[ -inf, 50.13365013, -inf]])



e gamma=0.90 ¢! 42: np.argmax(Q values, axis=1)

array([0, 0, 11)

e gamma=0.95 @2 42: np.argmax(Q values, axis=1)
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array([0, 2, 11)
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o 2013 HORIEIZHAISH MBSMALZ 2S5 Qy(s, a) T 7
o M= Q-HEYA(DQN, Deep Q-Network): Q-7tX|E £H3517| {5l At
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env = gym.make("CartPole-v1")

input shape = [4] # #&F A28 2
n_outputs = 2 # ¥z ZF 27

o TT

# EEZ 52 0 271.

# =, oA MEHoIN FEt + U= ZE S0 Cfst =2tEgF B2
model = k

eras.models.Sequential ([

keras.layers.Dense(32, activation="elu", input shape=input shape),
keras.layers.Dense(32, activation="elu"),
keras.layers.Dense(n_outputs)

1)



def epsilon greedy policy(state, epsilon=0):
if np.random.rand() < epsilon:
return np.random.randint(2)
else:
Q0 values = model.predict(state[np.newaxis])
return np.argmax(Q values[0])
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def sample experiences(batch size):

indices = np.random.randint(len(replay memory), size=batch size)
batch = [replay memory[index] for index in indices]
states, actions, rewards, next states, dones = |

np.array([experience[field index] for experience in batch])
for field index in range(5)]
return states, actions, rewards, next states, dones
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def play one step(env, state, epsilon):
action = epsilon greedy policy(state, epsilon)
next state, reward, done, info = env.step(action)
replay memory.append((state, action, reward, next state, done))
return next state, reward, done, info



781 XFEl batch 37/2| ZelE 0/&510f £FE EfZ! Q-7IAIE 288t ZAIo12E &8 2 el

=

batch size = 32

discount rate = 0.95

optimizer = keras.optimizers.Adam(lr=1le-3)
loss_fn = keras.losses.mean_squared error

def training step(batch size):
experiences = sample experiences(batch size)
states, actions, rewards, next states, dones = experiences
next QO values = model.predict(next states)
max_next Q values = np.max(next Q values, axis=1)
target Q values = (rewards +
(1 - dones) * discount rate * max next Q values)
target Q values = target Q values.reshape(-1, 1)
mask = tf.one hot(actions, n outputs)
with tf.GradientTape() as tape:
all QO values = model(states)
Q0 values = tf.reduce sum(all Q values * mask, axis=1, keepdims=True)
loss = tf.reduce mean(loss_fn(target Q values, Q values))
grads = tape.gradient(loss, model.trainable variables)
optimizer.apply gradients(zip(grads, model.trainable variables))



CartPole2] DQN & &&H

for episode in range(600):

obs = env.reset()

for step in range(200):
epsilon = max(l - episode / 500, 0.01)
obs, reward, done, info = play one step(env, obs, epsilon)
if done:

break

if episode > 50:

training step(batch size)
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next Q values = target.predict(next states)
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def training step(batch size):
experiences = sample experiences(batch size)
states, actions, rewards, next states, dones = experiences
next QO values = model.predict(next states)
best next actions = np.argmax(next Q values, axis=l1)
next mask = tf.one hot(best next actions, n_outputs).numpy()
next best Q values = (target.predict(next states) * next mask).sum(axis=1)
target Q values = (rewards +
(1 - dones) * discount rate * next best Q values)
target Q values = target Q values.reshape(-1, 1)
mask = tf.one hot(actions, n outputs)
[...] # O/ &2
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O(s,a) = V(s) + A(s, a)

n V(s): &Elf 52| 7FX]
m A(s, a): &EH sOM CHE 7tset 2 = st H|WSH0] 3
(advantage)
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V(s) =Q0(s,a*) Ol A(s,a")=0

o DDQN 22 MEHC| 7IX|(V (5))2t ZE 7155t &
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K = keras.backend
input states = keras.layers.Input(shape=[4])

hiddenl = keras.layers.Dense(32, activation="elu") (input states)
hidden2 keras.layers.Dense(32, activation="elu") (hiddenl)

state values = keras.layers.Dense(1l)(hidden2)
raw_advantages = keras.layers.Dense(n outputs) (hidden2)

advantages = raw_advantages - K.max(raw_advantages, axis=1, keepdims=True)
Q values = state values + advantages
model = keras.models.Model(inputs=[input states], outputs=[Q values])

target = keras.models.clone model (model)
target.set weights(model.get weights())
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