Lab 7: DQN 2 (Nature 2015)

Reinforcement Learning with TensorFlow&OpenAl Gym
Sung Kim <hunkim+ml@gmail.com>



Code review acknowledgement

® Donghyun Kwak, |-min Cho, Keon Kim and Hyuck Kang

® Reference implementations
= https://github.com/awijuliani/DeepRL-Agents

- https://github.com/devsisters/DQN-tensorflow
= https://github.com/dennybritz/reinforcement-learning/blob/master/DQN/dgn.py

- https://www.facebook.com/groups/TensorFlowKR/

® Feel free to report bugs/improvement )

= hunkim+ml@gmail.com




DQN’s three solutions

|. Go deep \/
2. Capture and replay \/

Correlations between samples

3. Separate networks}.
* Non-stationary targets

Tutorial: Deep Reinforcement Learning, David Silver, Google DeepMind



DQN 2013

Algorithm 1 Deep Q-learning with Experience Replay

Initialize replay memory D to capacity N
Initialize action-value function () with random weights
for episode = 1, M do
Initialise sequence s; = {x1} and preprocessed sequenced ¢1 = ¢(s1)
fort =1,T do
With probability e select a random action ay
otherwise select a; = max, Q*(¢(s¢), a;0)
Execute action a; in emulator and observe reward r; and image x;41

Set St+1 = St,Q¢, Tyyq AN QCESS ¢t—{—1 = ¢<St+1)
Store transition @@ " r;) D
ample random/minibatcC transitions (¢;, a;, 7, $;41) 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




Algorithm 1: deep Q-learning with experience replay. I m P I e m e nt| n g

Initialize replay memory D to capacity N

Initialize action-value function Q with random weights 0
Initialize target action-value function Q with weigh%s 0 =0 N atu re
For episode = 1, M do
Initialize sequence s; = {x; } and preprocessed sequence ¢, =¢(s;) PaP er
For t=1,T do
With probability ¢ select a random action a; x = np.reshape(s, [1, input_sizel])

: t . 1f. , feed_dict= Lf. X:
b at=argmaxaQ(¢(st),a; 0) return sess.run(self._Qpred, feed_dict={self._X: x})

Execute action a; in emulator and observe reward r; and image x; . ;
Set s¢ 41 =S$¢,at,X%:+1 and preprocess ;. | =P (st+1)

Store transition ((/)t,at,rt,(/ﬁt +1) in D

Sample random minibatch of transitions (d)-,a]-,rj,(]ﬁj +1) from D

rj if episode terminates at step j+ 1
@: rj+7y maxy Q((ﬁ] a @ otherwise

Perform a gradient descent step on (yj -0 ((/’) @ 9) ) i with respect to the
network parameter§ 0 )
Every C steps reset Q= 0

End For (o

End For Human-level control through deep reinforcement learning, Nature

http://www.nature.com/nature/journal/v518/n7540/full/nature 14236.html



Solution 3: separate target network
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DQN VS targetDOQN

mlnz (st,ae|6) — (e —I-VT%%XQ(SHMCL/’@))P

# Obtain the Q' values by feeding th state Xhroygh our network
Q[@, action] = reward + dis * np.max(DQN.predict(n g@g}ate))
D@‘/“‘yi

.

# get target from target DQON (Q') (/
Q[@, action] = reward + dis np.max\targetDQN.predict(next_state))

VWU\\"V\D@N Qﬁ j -



class DQN:
—
def __init__(self, session, 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()

def _build_network(self, h_size=10, 1_rate=le-1):
with tf.vardiab e ope(s?E B
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
L—”ﬁélf._apred = tf.matmul(layerl, W2)

# We need to define the parts of the network needed for learning a
# policy
self._Y = tf.placeholder(

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

# Loss function
self._loss = tf.reduce_mean(tf.square(self._Y - self._Qpred))
# Learning
self._train = tf.train.AdamOptimizer(
<£Z learning_rate=1_rate).ninimize(self._loss)

def predict(self, state):
X =Tp. reshape(state, [1, self.input_sizel)
return self.session.run(self._Qpred, feed_dict={self._X: x})

def update(self, x_stack, y_stack):
return self.session.run([self._loss, self._train], feed dict={

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

Network class
(same)



Hanédllng two networks
A o

with

mainDQN = DQN(sess, input_size, output_size, name="main"%
targe%DQN = dqn. DQN(sess, input_size, output_size, name="target")

tf.global variables_initializer().run() -
y—

initial copy q_net —> target_net

copy_ops = get_copy_var_ops(dest_scope_name="target:?:l
src_scope_name="main")
ess.run(copy_ops) <~

@@5_9 Lorgd 3 == Wein Do
" [Evely Etepyreset D=0 WO P

N —

if i % 10 == @: # train every 10 episode

# copy q_net —> target_net
sess.run(copy_ops)



Solution 3: copy network

Sample random minibatch of transitions ((bj,aj,rj,d)j +,) from D

rj if episode terminates at step j+ 1
Sety; = 7j+7y maxy Q(¢j+l,a'; 9') otherwise

2
Perform a gradient descent step on (yj — Q((/)j,a]-; 0) ) with respect to the
network parameters 0

Every C steps reset Q= Q
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Copy network (trainable variables)
Ewaﬁ@mmaQ=Q

def get_copy_var_ops(x, dest_scope_name="target", src_scope_name="main"):

Lables src_scope to dest_scope -
_holder = [] O\ = k)

<:§E§ZY§IED tf.get_collection( fgi_,)
tf.GraphKeys.TRAINABLE_VARIABLES, scope=src_scope_name)
= tf.get_collection(

Zi,. TRAINABLE VARIAB;;Sfﬁsgfpe =dest_scope_name)

~ for src_var, dest _var gg’fib(src _vars, dest_varsJ:
< op_holder. .ppend< t_var aﬂslgn(src vareovalue()))
q‘_/’_-

—_— 0\

\
returniggzgglggr TNk T C&Ezgﬁj;Ajci;\r(,—Uﬁ*”

mitial copy q_net —> target_net
Ccopy_o = get_copy_var_ops(dest_scope_name="target",

src_scope_name="main")

sess. run(copy_ops)







Codel: setup (same)

import numpy as np

import tensorflow as tf
import random

import dgn

from collections import deque

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

# Constants defining our neural network
input_size = env.observation_space.shape[0]
output_size = env.action_space.n

dis = 0.9
REPLAY_MEMORY = 50000

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




class DQN:

ef

def

def

def

__init__(self, session, 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
self._Qpred = tf.matmul(layerl, Ww2)

# We need to define the parts of the network needed for learning a
# policy
self._Y = tf.placeholder(

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

# Loss function

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

# Learning

self._train = tf.train.AdamOptimizer(
learning_rate=1_rate).ninimize(self._loss)

predict(self, state):
X = np.reshape(state, [1, self.input_sizel)
return self.session.run(self._Qpred, feed_dict={self._X: x})

update(self, x_stack, y_stack):
return self.session.run([self._loss, self._train], feed dict={
self._X: x_stack, self._Y: y_stack})

Code 2:

network
(same)

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




Code 3:replay train (targetDQN added)

def replay_train(mainDQN,(iéiéziﬁéﬂl>train_batch):
Xx_stack = np.empty(0). pe(0, input_size)
y_stack = np.empty(0).reshape(@, output_size)

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

Q = mainDQN.predict(state)

# terminal?
if done:

Q[0, action] = reward
else:

# get target from target DQN (Q')
Q[@, action] = reward + dis * np.max(targetDQN.predict(next_state))

y_stack = np.vstack([y_stack, QI)
x_stack = np.vstack([x_stack, statel)

# Train o n-tw&/k using target and predicted Q values on each episode
return pdate(x_stack, y_stack)
LILLpoJ/Ylu il .vullyavvijuiical ||/udeDR|_'AqentS




Code 5: network (variable) copy

def get_copy_var_ops(x, dest_scope_name="target", src_scope_name="main"):
# Copy variables src_scope to dest_scope
op_holder = []

src_vars = tf.get_collection(
tf.GraphKeys.TRAINABLE_VARIABLES, scope=src_scope_name)

dest_vars = tf.get_collection(
tf.GraphKeys.TRAINABLE_VARIABLES, scope=dest_scope_name)

for src_var, dest_var in zip(src_vars, dest_vars):
< op_holder.append(dest_var.assign(src_var.value()))

return op_holder

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




Code 6: bot play (same)

def bot_play(mainDQN):
# See our trained network in action
s = env.reset()
reward_sum = 0
while True:
env. render()
a = np.argmax (LEFGDIN. predict(s))

s, reward, done, _ = env.step(a)

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 observations in replay memory
replay_buffer = deque()

with tf.Session() as sess:
mainDQN = dqn.DQN(sess, input_size, output_size, name="main")
targetDQN = dgn.DQN(sess, input_size, output_size, name="target")
tf.global_variables_initializer().run()

# initial copy qg_net —> target_net
copy_ops = get_copy_var_ops(dest_scope_name="target",

src_scope_name="main")
%?iii§s.run(copy_ops)
—For episode in range(max_episodes):
= 1. / ((episode / 18) + 1)
done = False
step_count = @
W state = env.reset()

while not done:
if np.random.rand(1) < e:
action = env.action_space.sample()
else:
) # Choose an action by greedily from the Q-network
¥ action = np.argmax(mainDQN.predict(state))

# Get new state and reward from environment
next_state, reward, done, _ = env.step(action)
if done: # Penalty

reward = —-100

# Save the experience
replay_buffer.append( &7
if len(replay_buffer) > REPLAY MEMORY
replay_buffer.paopleft()

—

state = next_state

step_count += 1

if step_count > 10000:
break

# Good enough. Let's move on

print("Episode: {} steps:
if step_count > 10000:
pass
# break

{}".format(episode, step_count))

Code 7: main
(network
copy part added

print("Episode: steps:
if step_count > 10..0
pass
# break

{}".format(episode, step_count))

if eplsode % 10 = # train every 10 episode
S andom batch of experiences.

for,_ in range(50):
<i1T}nibatch = random.sample(replay_buffer, 10)

loss, _ = replay_train(mainDQN, targetDQN, minibatch)
print("Loss: ", loss)
arget_net

S€ss. run(copy ops)

bot_play(mainDQN)

if __name__
main()

" _main__":

next_state, done))
t_stat

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




DQN works reasonably well

CartPole-v0 defines "solving” as getting average reward of 195.0
over 100 consecutive trials.




Average reward

Process finis

DOQN

for episode 4997: 10001.0. Loss: -0.0013621606631204486

Solved in 4998 episodes!
Average reward for episode 4998: 10001.0. Loss: -0.0013621606631204486
Saly in 4999 episodes!

age reward for episode 4999: 10001.0. Loss: -0.0013621606631204486
eback (most recent call last):
le "/Users/hunkim/deeplearnin
env.render()

le "/Users/hunkim/gitWorkspace/gym/gym/core.py", line 175, in render

return self._render(mode=mode, close=close)

learning/@8 1 1 policy learnin

Fille "/Users/hunkim/gitWorkspace/gym/gym/envs/classic_control/cartpole.py",

rom gym.envs.classic_control import rendering

cartpole-decay.

works reasonably well

state = next_state
step_count += 1

break

print("Episode: {} steps
if step_count > 10000:
pass
# break

if step_count > 10000:

# Good enough. Let's move on

: {}".format(episode, step_count))

", line 140, in <module>

line 120, in _render

Fille "/Users/hunkim/gitWorkspace/gym/gym/envs/classic_control/rendering.py", line 23, in <module>

rom pyglet.gl import *

File "/Library/Frameworks/Python.framework/Versions/3.6/1lib/python3.6/site-packages/pyglet/gl/ init .py", line 236, in <module>
mpart pyglet.window

Fille "/Library/Frameworks/Python.framework/Versions/3.6/1lib/python3.6/site-packages/pyglet/window/__init _.py", line 1816, in <module>
gll._create_shadow_window()

File "/Library/Frameworks/Python.framework/Versions/3.6/1lib/python3.6/site-packages/pyglet/gl/ init .py", line 205, in _create_shadow_window
_shadow_window = Window(width=1, height=1, visible=False)

Filg "/Library/Frameworks/Python.framework/Versions/3.6/lib/python3.6/site—-packages/pyglet/window/ _init .py", line 496, in __init__
s = display.get_default_screen()

File "/Library/Frameyorks/Python.framework/Versions/3.6/1ib/python3.6/site-packages/pyglet/canvas/base.py", line 74, in get_default_screen

CartPole-v0 defines "solving” as getting average reward of 195.0

over 100 consecutive trials.




DQN works reasonably well
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DQON
2013VS 2015

state = next_state

step_count += 1

if step_count > 10000:
break

# Good enough. Let's move on

step_history.append(step_count)
print("Episode: {} steps: {}".format(episode, step_count))

CartPole-v0 defines "solving" as getting average reward of 195.0

over 100 consecutive trials.
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Exercise |

® Hyper parameter tuning

= Learning rate
= Sample size

= Decay factor FQ /

 Network structure ~ | |
= add bias
- test tanh, sigmoid, relu, etc. .

= improve TF network to reduce sess.run() calls

® Reward redesign
- LILLILIS-100

_@2, L..0



Exercise 2

Avg. Reward: 0 Reward: 17 Total

® Simple block based car race!?

= https://github.com/golbin/TensorFlow-Tutorials/
tree/master/07%20-%20DOQN

- DQN 20137

® Rewrite it using DQN 2015 algorithm?

S




Exercise 3

e DQN implementations —)
= https://github.com/songrotek/DQN-Atari-Tensorflow

dgn.py
= https://github.com/devsisters/DQN-tensorflow

® Other games

= http://www.ehrenbrav.com/2016/08/teaching-your-co
mario-bros-a-fork-of-the-google-deepmind-atari-mach

® RMA approach LN%

= Run
- Modify ’ S
- Adapt (to your new game/problems)










