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Lecture 6: Q-Network

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



Q-Table (16x4)

(3) quality (reward)
for the given action

(eg, LEFT: 0.5, RIGHT 0.1
UP: 0.0, DOWN: Q.8)




Q-learning Test

STATUS
EPISODE: 0 | MOVE: O times | TIME ELAPSED: 0.0 secs | Hole: O times | GOAL: O times

OPTIONS | | | |
SIZE: [4_:' | VELOCITY: normaly/ | REPEAT: 1000 v 19 (1000) times
Hole: reward -1% penalty | goon 4 | Gamma(y):| 0.9 ¥ | Explo it v

START

0 0

0 R=0 0
0
0

0 R=0 0
0
0

0 R=0 0
0
0

0 R=0 0
0

\/ﬁttp://ComputingkoreanIab.com/app/jAI/jQLearning/



Q-Table (16x4)

(3) quality (reward)
for the given action

(eg, LEFT: 0.5, RIGHT 0.1
UP: 0.0, DOWN: Q.8)
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Q-Table (? x ?)

(3) quality (reward)
for the given action

(eg, LEFT: 0.5)

>




Q-function Approximation

T \/ (3) quality (reward)

for the given action
(eg, LEFT: 0.5)
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Q-function Approximation

(2) quality (reward)
for all actions

10.5,0.1,0.0,0.8
\/_\ (LeEgFT: j
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Q-function Approximation

Q-value 1

Q-value 3




Q-Network training (linear regression)
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Prerequisite: http://hunkim.github.io/ml/ or

https://www.inflearn.com/course/7 | 2 1. 2] =l E 2\ 2 ZY

C= Olagl =
ETE ’T‘|°J I:il E'I -
Sung Kim * 39 videos * 159,959 views * Updated today

# Add a description

» Playall Share £} Playlist settings Add videos

Lec 00 - Machine/Deep learning =&2| 722 24

i 10:05
| * =0 by Sung Kim
s . . More ¥
ML lec 01 - ?|£%{2] Machine Learnnig2?| 20{2} 7id 8™
2 by Sung Kim
(= “ MLIab 01 - TensorFlow2| 4x[2! 7|2 ¢l operations 10:48
3 L“» =" 4 bySungKim

ML lec 02 - Linear Regression2| Hypothesis 2} cost 49 13:30

I

by Sung Kim

ML lab 02 - Tensorflow= 78t linear regressiong 718! 10:00
5 = /ak . -
l — - by Sung Kim
l 16:12

e ML lec 03 - Linear Regression®| cost #|43t 2tn2|&2| fl2| MH
by Sung Kim



Q-Network training (linear regression)
H(x)=Wzx cost(W) = 1 Z(Wx(i) — y(9)2

m “
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Q-Network training (linear regression)

cost(W) = (Ws — y)°

—

y =r+ymaxQ(s')

(2)W's g
output layer b
input layer —PWCl

—_— -
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Jh]
«

i
XU
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hidden layer 1 hidden layer 2




Q-Network training (math notations)

® Approximate Q*
function using @

(2)—@5 A(s,at&’) ~ @(3, a)

‘ /A\ ‘ output layer N —

hidden layer 1 hidden layer 2 \)\)g = @ <S) O\\‘ Q > %

We et
[ ALet wovs)

input layer

http://introtodeeplearning.com/6.5091DeepReinforcementLearning.pdf



Q-Network training (math notations)

® Approximate Q*
function using @

VS O(s,alf) ~ Q (s, a)

input layer
hidden layer 1 hidden layer 2 o
® Choose ) to minimize

http://introtodeeplearning.com/6.5091DeepReinforcementlLearning.pdf



Q-Network
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YAlgorithm D =

Algorithm 1 Deep Q-learning

r Initialize action-value function () with random weights

for episode = 1, M d &~
Initialise sequem@g} and preprocessed sequenced ¢1 = ¢(s1)
fort=1,T do —

With probabilitct a random action a,
otherwise select(a;)= max, Q*(4(s;), a; 0)

Execute action a; in emulator and observe rewarc@and image T4 1
Set 8441 = 8¢, Gg, X411 and preprocess ¢y 11 = O(8p11)

Sety, — 4 T for terminal ¢ ;1
Y = r; +ymaxy Q(¢;+1,a’;0) for non-terminal ¢;44
Perform a gradient descent step on (y; — Q(¢;, a;; 6?))2 according to equation 3
L
end for
end for

Playing Atari with Deep Reinforcement Learning - University of Toronto by V Mnih et al.



Y label and loss function
Py
G Toatx

T for terminal ¢ ;44

S¢ =3 { T -|—@maxal Q(, a’; 6 for non-terminal ¢ ;1

Perform a gradient descent step on (y; — Q(¢;, a;; 6))* according to equation 3
C J DN

Playing Atari with Deep Reinforcement Learning - University of Toronto by V Mnih et al.



Deterministic or Stochastic?

4 q
- J W ~ for terminal ®j+1

=0T

Perform a gradient descent step on (y; — Q(¢;, a;; 6))* according to equation 3




Convergence

enote learner’s current approximation to (.

mmz (5¢,a¢]0) — (r +7H§XQ(St+1aa/|9))]Q

G4
Cg%/esto Q" using table lookup representation

» But diverges using neural networks due to:

“s Correlations between samples
\J .
» Non-stationary targets

Tutorial: Deep Reinforcement Learning, David Silver, Google DeepMind



Reinforcement + Neural Net

—_—

A, There are some research papers on the topic:

25 o Efficient Reinforcement Learning Through Evolving Neural Network Topologies (2002)\/
¢ Reinforcement Learning Using Neural Networks, with Applications to Motor Control |/

¢ Reinforcement Learning Neural Network To The Problem Of Autonomous Mobile Robot \/
Obstacle Avoidance

"

And some code:
e Code examples for neural network reinforcement learning.

Those are just some of the top google search results on the topic. The first couple of papers look
like they're pretty good, although | haven't read them personally. | think you'll find even more
information on neural networks with reinforcement learning if you do a quick search on Google
Scholar.

» But diverges using neural networks due to:

orretations between samples
» Non-stationary targets

http://stackoverflow.com/questions/10722064/training-a-neural-network-with-reinforcement-learning



Deep, Replay, Separated networks
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