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e CartPole-v1 &t&

import gym
env = gym.make("CartPole-v1")
env.reset () # =7/glE 24 ZHEX/

obs =

SHCF
= O
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e CartPole-v12| 82 reset () HAMEE O 29| =7|5tE 24 &=
array([-0.01258566, —-0.00156614, 0.04207708, —-0.00180545])
O QlElA: FHEO| 2|X[ (0.02 5Y)
n 1 QIEA: FIEO| 0|F Kk (Bee AE Y2 =9 0|3 2|0))
= 28 QIEA: Bitl(pole)2| 7|2 01T ZtE(0.02 +%)
m 38 QIEA: OfCHO| ZFS I (k= AlA[RESF 2[O])
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gym.envs.registry.all()
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242 30| E26t2™ render () HAE A3
A gretE o|0|X|Z Euto| HfE £ 2ro2{™ mode="rgb_array"

e render () HAMEO

273
env.render (mode="rgb array")

img
e img Ofl= Of2ff 22| A2 ALZIO| MEHE
3) # img.shape

(800, 1200,
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env.action space
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action = 1 # QEEOoZ (&%) Jl%

obs, reward, done, info = env.step(action)

o



AE Zot= oflier #3:

# obs: ,Cill E?’ _‘O_:EZ‘_."_VQE 7/L_ilk_§/_

array([-0.01261699,

P =7, o F
2 2454

0.19292789, 0.04204097,

# reward: CartPoleS QR HAL2 gHA 1

1.0

# done: /g ZE 0I8,
False

# info: OfO/FE 2tz1 J|Ef ., cartPolell 4L HE.

{}

=
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Srfsp MEFHEX] 01

~0.280921271)



def basic policy(obs):
angle = obs[2]
return 0 if angle < 0 else 1



2 0[&35}0{ of|Z[ A= 500'H A|Z2]|0]4 A&,

= Of ofof~Entt (= B KT

= 071N FHEl= B2 AY0| SR WHK| 2] s 2dsl+S 72|17,

totals = []
for episode in range(500):
episode rewards = 0
obs = env.reset()
for step in range(200):
action = basic policy(obs)
obs, reward, done, info = env.step(action)
episode rewards += reward
if done:
break
totals.append(episode rewards)
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# np.mean(totals), np.std(totals), np.min(totals), np.max(totals)
(41.718, 8.858356280936096, 24.0, 68.0)
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n_inputs = 4 # #3Zgl 22 (env.observation space.shape[0])

model = keras.models.Sequential([
keras.layers.Dense(5, activation="elu", input shape=[n_inputs]),
keras.layers.Dense(l, activation="sigmoid"),

1)
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e 37 &

model.compile(loss="mse",
optimizer="adam")
model.fit()

. 222y

model.compile(loss="sparse categorical crossentropy",
optimizer="nadam",
metrics=["accuracy"])
model.fit()
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def play one step(env, obs, model, loss fn):
with tf.GradientTape() as tape:
left proba = model(obs[np.newaxis])
action = (tf.random.uniform([1, 1]) > left proba)
y _target = tf.constant([[1.]]) - tf.cast(action, tf.float32)
loss = tf.reduce mean(loss fn(y target, left proba))
grads = tape.gradient(loss, model.trainable variables)
obs, reward, done, info = env.step(int(action[0, 0].numpy()))
return obs, reward, done, grads
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def play multiple episodes(env, n_episodes, n _max_ steps, model, loss fn):
all rewards = []
all grads = []
for episode in range(n_episodes):
current rewards = []
current grads = []
obs = env.reset()
for step in range(n _max_ steps):
obs, reward, done, grads = play one step(env, obs, model, loss fn)
current rewards.append(reward)
current grads.append(grads)
if done:
break
all rewards.append(current rewards)
all grads.append(current grads)
return all rewards, all grads
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def discount rewards(rewards, discount rate):
discounted = np.array(rewards)
for step in range(len(rewards) - 2, -1, -1):
discounted[step] += discounted[step + 1] * discount rate
return discounted

def discount and normalize rewards(all rewards, discount rate):

all discounted rewards = [discount rewards(rewards, discount rate)
for rewards in all rewards]

flat rewards = np.concatenate(all discounted rewards)

reward mean = flat rewards.mean()

reward _std = flat rewards.std()

return [ (discounted rewards - reward mean) / reward std

for discounted rewards in all discounted rewards]
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n_iterations = 150
n_episodes per update = 10
n _max steps = 200

discount rate = 0.95

HHh W% K% K

optimizer = keras.optimizers.Adam(lr=0.01)
loss fn = keras.losses.binary crossentropy # =2&/2/+

model = keras.models.Sequential([
keras.layers.Dense(5, activation="elu", input shape=[4]),
keras.layers.Dense(l, activation="sigmoid"),

1)



env = gym.make("CartPole-v1")

# PG &&: 1502/
for iteration in range(n_iterations):
# OfZjAE 108 A3
all rewards, all grads = play multiple episodes(
env, n_episodes per update, n max steps, model, loss fn)
all final rewards = discount and normalize rewards(all rewards,

discount rate)
all mean grads = []

# AEIE J2o|C/gE AEHE WZ0/9= Zot = LfofOE{E T12|0|CIAE gt At
for var index in range(len(model.trainable variables)):
mean_grads = tf.reduce_mean(
[final reward * all grads[episode index][step][var_ index]
for episode_index, final rewards in enumerate(all final rewards)
for step, final reward in enumerate(final rewards)], axis=0)
all mean grads.append(mean_grads)
# AAtEl ofefOjE(E J20[CIIES ZIZQ| mfEfOlE{0] Ciol= 242 ZAfsf2te HEg

optimizer.apply gradients(zip(all mean grads, model.trainable variables))
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