Lab 7: DQN | (NIPS 201 3)

Reinforcement Learning with TensorFlow&OpenAl Gym
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Human-level control through deep reinforcement learning, Nature
http://www.nature.com/nature/journal/v518/n7540/full/nature 14236.html|



DQN 2013

Algorithm 1 Deep Q-learning with Experience Replay

Initialize replay memory D to capacity
Initialize action-value function () with xandom weights
for episode = 1, M do
Initialise sequence s; = {x1} and preprocessed sequenced ¢1 = W

for ¢ = 1,7 do - . X = np. reshape((sfg/ [1, input_size])
With probability € select a random action a;| return sess.run(self._Qpred, feed_dict={self._X: x})

otherwise select a; = max, Q*(¢(s¢), a;0)
Execute action a; in emulator and observe reward r; and image x;41
Set $;11 = S¢, ¢, T4 1 and preprocess ¢; 11 = P(Sp11)

Store transition (¢¢, as, ¢, ¢¢+1) in D

Sample random minibatch of transitions (¢;, a;,7;, ¢;4+1) from D

Set y; — { T . for terminal (Pﬁl
r; +ymaxy Q(¢;4+1,a’;0) for non-terminal ¢; 1
Perform a gradient descent step on (y; — Q(¢;, a;; 9))* according to equation 3
end for
end for

Human-level control through deep reinforcement learning, Nature
http://www.nature.com/nature/journal/v518/n7540/full/nature 14236 .html
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Algorithm 1 Deep Q-learning with Experience Replay

Initialize replay memory D to capacity N
Initialize action-value function () with random weights

if np.random. rand( 1) <\g)

action = env.action_space.sample() \/

else:
# Choose an action by greedily from Q-network
action =

pr.argmax(mainDQN.predict( tate))

for episode = 1, M do
Initialise sequence s; = {1} and preprocess

sequenced ¢

= ¢(s1)

fort= 1,7 do
With probability € select a random action
therwise select ;

teplay_buffer.append((state, action, reward,

next_state, done))

Execute action a; in emulator and observe reward r;
Set s;11 = S, at, x4 1 and preprocess @11 = d(S¢11)
Store transition (¢, at, ¢, Prr1) in D

Samp

74 ymaxy Q(dsa1,a’;6)
a gradient descent step on (y;

erience to our buffer
W

e random minibatch of transitions (¢;, a;, 7}, ¢;+1) from

for terminal ¢j+1
for non-terminal ¢

— Q(¢5,a5;0))°

20 ~_

t+1

minibatch
loss, _

= random.sample(replay_buffer, 10)
simple_replay_train(mainDQN, minibatch)

—

according to

ur network

end for
end for
|
# inal? <
if
(@[0 actlon] =E@
else:
# Obtain the Q'
\\<j 0[0 action] =

alu eeding the new state throughﬁ{
eward )+ % np max (DQN.predict(next_ state}?

Human—level control through deep reinforcement learning, Nature
http://www.nature.com/nature/journal/v518/n7540/full/nature14236.html



DQN’s three solutions

l. Go deep

2. Capture and replay

Correlations between samples

Tutorial: Deep Reinforcement Learning, David Silver, Google DeepMind



class DQN:

X = tf.placeholder(tf.float32, [None, input_size], name=
def __init__(self, input_size, output_size, name="main"):
self.session = session
self.input_size = input_size Wl = tf.get_variable( , shape=[input_size, output_sizel,
self.output_size = output_size initializer=tf.contrib.layers.xavier_initi
self.net_name = name Qpred = tf.matmul(X, W1)

self._build_network()

def _build_network(self, 1_rate=1e-1):

with tf.variable_scope(selT.net_name): I GO dee Class

selff X tf.placeholder( °
f.float32, [Nope, self.input_size], name="input_x")

# First layer of weights
Wl = tf.get_variable("W1", shape=[self.input_size

initializer=tf.contrib. layers:
= tf.nn.tanh(tf.matmul(self._X, W1))

— —_— o=

cond layer of weights
tf.get_variable("w2", shape:[, sell'
initializer=tf.contrib. layersixavier_initializer())
#0Q preltiof{-
self._Qpred =©tf.matmu1(1ayer1, w2)

# need to define the parts of the network needed for learning a

initializer())

tf.placeholder(
€=[None, self.output_sizel, dtype=tf.float32)

# Lostion [ >
self.\loss/= tf.reduce_mean(tf.square(self._Y - self._Qpred))
# Leafning i _—
self.ﬂ = tf.train.AdamOptimizer(
learming_rate=1_rate).ninimize(self._loss)
def predict(self, state):

X = np.reshape(state, [1, self.input_sizel)
Qreturn self.session.run(iif._opred, feed_dict={self._X: x})

\&
def update(self, -
F(%self.s sion.run([self._loss,)self._train], feed dict={ . C e
self. X: x Stack, selFiYr—y—stick}) https://github.com/awjuliani/DeepRL-Agents




51,41, M, 52

2. Replay memory 52,22, 13, 53

S3,4d3, 14, 54

# store the previous observations in replay memory
replay_buffer = deque()

(1) “ Ve

# Save the experience to olur bu%fer
replay_buffer.append(|(state, action, reward, next_state, doné})

if len(replay buffer) > REPLAY MEMORY ;
replay_buffer. popleft )

~£

St, dt, rt—l—].) St—l—l

TN
(i:) if episode % 10 == 1: # train every 10 episodes
# Get a random batch of experiences.
for _ in range(50):
# Minibatch works better 45
minibatch = random.sample(kgﬁiéi;ggffgr, 10)
\1055, _ = simple_replay_train(mainDQN, minibatch)

—

https://github.com/awijuliani/DeepRL -Agents




2. Train from replay memory

def simple_replay_train(DQN, train_batch):
x_stack = np.empty(0).reshape(@, DQN.input_size)
y_stack = np.empty(0).reshape(@, DQN.output_size)

# Get stored information from the buffer
for state, action, reward, next_state, done in train_batch:

Q = DON.predict(state) Sample random minibatch of transitions (qu, aj,Tj, ¢j+1) from D

# terminal? 1T for terminal ¢; 1

if done: Sety; { rj +vmaxq Q(¢;+1,a’;60)  for non-terminal ¢4
Q[@, action] = reward Perform a gradient descent step on (y; — Q(¢;, a;; 9))2 according t

else:

# Obtain the Q' values by feeding the new state through our network
Q[@, action] = reward + dis x np.max(DQN.predict(next_state))

np.vstack([y_stack, Q])
np.vstack( [x_stack, statel)

y_stack
x_stack

# Train our network using target and predicted Q values on each episode
return DQN.update(x_stack, y_stack)

https://github.com/awijuliani/DeepRL -Agents




In

In

In

[1]:

[2]:

[3]:

import numpy as np

np.aranéélii)
np.arange(5,10) -
np.arange(10,15)

print (a

print

Ts6 280\

X = np{:btack(ﬁi)b])

print(x)

‘5léiai3l33“ A 5\

/‘

np.vstack

In

[4]:

X = np.vstack({f)@i%ic;j

print(x)

[[ 0 1 2 3 4]
[ 5 6 7 8 9]
[10 11 12 13 14]]




2. Train from replay memory

def simple_replay_train(DQN, Erain_batchﬁ:
(x stacia— np.empty(0).reshape N.input_size)

np.empty(0). reshape(0 DQN.output_size)

Ge torea atlon from he_buffg
for ‘ in train_batch:

lQN predlct(state)

Samplc random minibatch of transitions (¢;, aj,7;,¢;+1) from D
j for terminal ¢;
it termlnal? Setys — 4 7 Pj+1
if done: oY { rj +ymaxy Q(¢j+1,a';0)  for non-terminal ¢4 1
Q[@, action] = reward Perform a gradient descent step on (y; — Q(¢;, a;;6))? according t
else: 7

# Obtain the Q' values by feeding the new state through—our\network
Q[@, action] = reward + dis x* np.max(DQN.predict()

np.vstack([y_ Sté%i76§;;§~\\\\l\l:::/ Céﬁw_hQ%¥;—4;%vﬁQg

np.vstack([x_stack, statel)
T

y_stack

\w) x_stack

# Train our network using target and predicted Q values on each episode
return DQN.update(x_stack, y_stack)JZ&

T

https://github.com/awijuliani/DeepRL -Agents







Codel: setup

\ import numpy as np
import tensorflow as tf
import random

\Jimport dgn
from collections import deque

import gym
env = gym.make('CartPole-v0"')

[:# Constants defining our neural network

input_size = env.observation_space.shapel[0] U ‘< Y
output_size = env.action_space.n

(dis = @.91
REPLAY_MEMORY = 50000

https://github.com/awijuliani/DeepRL -Agents




class DQN:

def _

—def

_init__(self, input_size, output_size, name="main"):

self.session = session
self.input_size = input_size
self.output_size = output_size
self.net_name = name

—

self._build_network()

_build_network(self, h_size=10, 1_rate=1le-1):
with tf.variable_scope(self.net_name):
self._X = tf.placeholder(
tf.float32, [None, self.input_size], name="input_x")

# First layer of weights

Wl = tf.get_variable("W1", shape=[self.input_size, h_size],
initializer=tf.contrib.layers.xavier_initializer())

layerl = tf.nn.tanh(tf.matmul(self._X, W1))

# Second layer of weights
W2 = tf.get_variable("W2", shape=[h_size, self.output_sizel,
initializer=tf.contrib.layers.xavier_initializer()

# Q (predictioN
tf.matmul(layerl, W2)

# We nee s—deTine the parts of the network needed for learning a
# policy
self.=£= tf.placeholder(

shape=[None, self.output_size], dtype=tf.float32)

# Loss function
self._loss = tf.reduce_mean(tf.square(self._Y - self._Qpred))

# Learpstmg -_
se tf.train.AdamOptimizer(
lea g_ratezrate) Jninimize(self._loss)

def @(self, state):
= np.reshape(state, [1, self.input_sizel)
Q’-—return self. sessmn run(self._Qpred, feed_dict={self._X: x})

deelf X_ stack y_stack):
elf.session. run([self _loss, self._train], fe

self _X: x_stack, self._Y: y_stack})

Code 2;
Network

https://github.com/awjuliani/DeepRL-Agents




Code 3:Train from Replay Buffer

def simple_replay_train(DQN, train_batch):
x_stack = np.empty(0).reshape(@, DQN.input_size)
y_stack = np.empty(0).reshape(@, DQN.output_size)

# Get stored information from the buffer
for state, action, reward, next_state, done in train_batch:
Q = DQN.predict(state)

# terminal?
if done:
Q[@, action] = reward
else:
# Obtain the Q' values by feeding the new state through our network
Q[@, action] = reward + dis * np.max(DQN.predictAnext_state))

np.vstack([y_stack, Q])
np.vstack( [x_stack, statel)

y_stack
x_stack

# Train our network using target and predicted Q values on each episode
return DQN.update(x_stack, y_stack)

https://github.com/awijuliani/DeepRL -Agents




Code 4: bot play

N %
def bot_play(mainDQN):

# See our trained network in action
s = env.reset()

reward_sum = 0

while True:

env. render()
(:§;= np.argmax(mainDQN.predict )

s, reward, done, _ = env.step(g%

reward_sum += reward

if done:
print("Total score: {}".format(reward_sum))
break

https://github.com/awijuliani/DeepRL -Agents




def main():
max_episodes = 5000

# store the previous obdervations in replay memory ° °
replay_buffer < deque() O e o I I Ial n

with tf.Session() as sess:

_mainDON = dqn.DQN(sess, input_size, output_size)
tf.global_variables_initializer().run .
g - - ratd 0 ()Ai i:> print("Episode: {} steps: {}".format(episode, step_count))
for episode in range(max_episodes): if s;:ggcount > 10000:
(7e)= 1. / ((episode / 10) + 1) 7 # break
done = False
if episode % 10 == 1: # train every 10 episodes

6 ep_count = 0
# Get a random batch of experiences.

for _ in range(50):
Mt works better —
random.sampl r, 10)
loss, _ = S*i“mrﬁ__“ﬂ'lmm géere FinbQN, minibatch)
print(“Loss: "," la \\__’,;jEZS <i:> -ijF:,_
bot_play(mainDQN)

state = env.reset()

while not done: o
if np.random.rand(1)
action = env.action_Space.sample()

else:

“fragse an action by greedily from the Q-networl
np.argmax(mainDQN.predict(state))
r—_——’b

if _ name__ == "_ main__
# Get New sta ' =t main()
next_state, reward, done, _ = env.step(action)

if done: # big penalty
reward = -100
Save the experience to our buffer
replay_buffer.append((state, action, reward, next_state, done))
if len(replay_buffer) > REPLAY_MEMORY:
replay_buffer.popleft()

state = next_state
step_count += 1
if step_count > 10000: # Good enough

break
<i7 print("Episode: {} steps: {}".format(episode, step_count))
if step_count > 10000:
pass https://github.com/awijuliani/DeepRL-Agents

# break




How to read results

Episode: 510 S 15 steps: 105
Episode: 511 s )16 steps: 113
Episode: 512 s )7 steps: 46
Episode: 513 s )18 steps: 55
Episode: 514 s )19 steps: 62
Episode: 515 s @0 steps: 49
Episode: 516 s .1 steps: 40
Episode: 517 s .2 steps: 39
Episode: 518 s 3 steps: 126
Episode: 519 s 4 steps: 600
Episode: 520 s 5 steps: 228
Episode: 521 s: “ 6 steps: 223
Episode: 522 s .7 steps: 128
Episode: 523 s .8 steps: 143
Episode: 524 s 9 steps: 424
Episode: 525 s '@ steps: 62
Episode: 526 s |, o _ ' 'l steps: 267
Episode: 527 steps: 740 ‘ Eplsode: 299 steps: Y6 ‘ Episode: 422 steps: 1689
Enicnde* K28 ctenc: EDlSOde: 300 steps: 51 EDisode: 423 steps: 334
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How to read results
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