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Reminders

* Homework 7: Deep Learning
— Out: Thu, Mar. 28
— Due: Mon, Apr. 8 at 11:59pm
* Schedule Notes
— Lecture 22: Fri, Apr. 5
— HW8 Recitation: Mon, Apr. 8
* Homework 8: Deep RL
— Out: Mon, Apr. 8
— Due: Fri, Apr. 19 at 11:59pm




Q-LEARNING
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Today’s lecture is brought to you by the letter Q

Source: https://en.wikipedia.org/wiki/Avenue_Q#/media/File:Image-AvenueQlogo.png




Today’s lecture is brought to you by the letter Q

Source: https://vignette1.wikia.nocookie.net/jamesbond/images/9/9a/The_Four_Qs_-_Profile_(2).png/revision/latest?cb=20121102195112




Today’s lecture is brought to you by the letter Q

Source: https://www.npr.org/2017/06/03/531044118/there-may-not-be-flying-but-quidditch-still-creates-magic



https://www.npr.org/2017/06/03/531044118/there-may-not-be-flying-but-quidditch-still-creates-magic

Value Iteration

Algorithm 1 Value Iteration

1: procedure VALUEITERATION(R(s,a) reward function, p(-|s,a)
transition probabilities)
Initialize value function V'(s) = 0 or randomly

2:

3: while not converged do

4: fors € Sdo

5 fora € Ado

6: Q(Sva) — R(S7a’> +725fesp(5’|5>a)v(3')
7: V(s) = max, Q(s,a)

8: Let m(s) = argmax, Q(s,a), Vs

0: return

Variant 1: with Q(s,a) table



] Q-Learning Motivation and Q*(s,a)
Il .
\/ (5> ) Ql(S/oD Hhe exgeclrcé clxscMQA %tm; sl\e:lr&fgfx\;iﬁﬂj °\C§‘W—-'9lr_‘ non-deterministic
* Q-Learning Motivation “ *© D peliey T version
Q: What if we don’t know R(s,a) or ?
A: Then value iteration and policy iteration don’t work!

 Definition: Let Q*(s,a) be the (true) expected discounted future reward of taking action

ainstates s\ QO[LUuD (’)Y'\'\\l\f\l (‘}’t? TPk
Q*(s,a) = R(s,a) + (s" | 5,a)V*(s")
’YSZE;p K/TA

lsa) = R(s,a)+7 > p(s' | 5,0) [rrgc}x Q" (s, a’)]

s'eS
+ Key insight: if we can learn Q*, we can define * without knowing R(s,a) or !

/ = /
| (S} Qr};wci?k @ (s Q)
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Q-Learning Motivation and Q*(s,a)

deterministic
Q-Learning Motivation version

Q: What if we don’t know R(s,a) or ?
A: Then value iteration and policy iteration don’t work!

Definition: Let Q*(s,a) be the (true) expected discounted future reward of taking action

ainstates
V*(s) = max Q" (5,0
Q" (s,a) = R(s,a) +7V7((s,a))
() = Ris,a) + [maxQ"(é(s, 0), a'
. .

Key insight: if we can learn Q*, we can define * without knowing R(s,a) or !



Algorithm 1 Q-Learning (deterministic environment)
1: procedure QLEARNING(¢)

Q-Learning

AIgO rithm 2:  Initialize @ function Q(s,a) = 0 forall s,a
3: while true do
deterministic 4: select action a and execute
version
produce training . we still don’t know R
example (s,a,r,s) | > receivereward r =|R(s, a) or &; these are given
: 6: observe new state s’ = (s, a) to agent by the
7: update table entry in ) SIS

Q(s,a)  r+~ max Q(s', )
a’ €

8: Let 7(s) = argmax, Q(s,a), Vs
9: return T




Algorithm 1 Q-Learning (deterministic env., e-greedy variant)

Q-Learning

1:
Algorithm =
3:
deterministic 4:
version

produce training | .
example (s,a,r,s’) >
6
7

7.5
8:

procedure QLEARNING(¢) . — Luiticlize S

Initialize @) function Q(s,a) = 0 forall s, a
while true do
select action a and execute /

@K®d¥

with prob. (1 —€) : select a = max,/c4 Q(s,a’)
with prob. € : selecta € Arandomly < fo’ol\e

we still don’t know R
receive reward r =|R(s, a) or §; these are given

observe new state s’ = (s, a) to agent by the
update table entry in () environment

Q(s,a) < r +ymax Q(s, )

a’'eA
s =5
Let 7(s) = argmax, Q(s,a), Vs
return T




Algorithm 1 Q-Learning (non-deterministic env., e-greedy variant)

Q-Learning
Algorithm =

3:

non-deterministic 4:
version

produce training | _.

example (s,a,r,s’) >

| 6:

7

1
1+4visits(s,a,n)

visits(s, a,n) = # of visits to
(s,a) up to and including step n

Ay —

1: procedure QLEARNING

Initialize @ function Q(s,a) = 0 forall s, a
while true do
select action a and execute

with prob. (1 —€) : select a = max,c 4 Q(s,a’)
with prob. € : selecta € Arandomly

receive reward r = R

observe new state s’ _W ?(s’/ 5,4 )

update table entry in @)

Q(s,a) (1 = an)Q(s,a) + an(r + ymax Q(s', a'))

Let m(s) = argmax, Q(s,a)\ Vs \ Q-learning update

return T current value from deterministic

in the table I
VI STOUTI]



Algorithm 1 Q-Learning (non-deterministic env., e-greedy variant)

Q-Learning
Algorithm =

3:

non-deterministic 4:
version

produce training | _.

example (s,a,r,s’) >

| 6:

7

1
1+4visits(s,a,n)

visits(s, a,n) = # of visits to
(s,a) up to and including step n

Ay —

1: procedure QLEARNING

Initialize @ function Q(s,a) = 0 forall s, a
while true do
select action a and execute

with prob. (1 —€) : select a = max,c 4 Q(s,a’)
with prob. € : selecta € Arandomly

receivereward r = R(s, a)
observe new state s’ = §(s, a)
update table entry in @) /

Q(s.0)  Q(s,0) + an(r + 7 max Q(s', ') — Q(s, )

Let 7(s) = argmaxy, Q(s,a), Vs |
return o current value temporal difference
in the table target

temporal difference




Learning

Q*(s,a):

Example

y =09 3
1 2 3 7 c
_2 7
(2 if entering state 0 (safety)
R(s,a) = 3 if entering state 5 (field goal)

7 if entering state 6 (touch down)

| 0 otherwise
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Learning

Q" (s, a):

Example

R(s, a) represented by —> 0
Yy =09 T3
0 1 3 o4 " |6
-2 R R T 0
Chie R N R
0 0 0

25



Poll: Which set
of blue arrows

(roughly)
corresponds to

Q" (s,a)?

> (0
y = 0.9 43
0 1 oz o3 ol¢ " |e
O S N N S
0 0 0
> (0
'3
U TN FAERT EREEN COE
O S N N S PG
510 [5.67 %63
> (0
)3
U RN PAERTN RN Ol
O S N N S TG
510 [5.67 %63

2S%
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Poll: Which set
of blue arrows
corresponds to .
Q"(s,a)?

D.

V*(s) shown in green

o

1 510 |
— 5.10

2 567
5.67 |

3

5.10

e R G
N 6.3 7
5.67 6.3

5
0
Q* (s,a) = R(s,a) +yV*(6(s,a))
13
1 2 3 14
P 459 12 510 1° @_ @\
@\‘ by e N 5.67__> 37—
5.10 5.67 6.3
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Learning

Q" (s, a):

Example

R(s, a) represented by —> 0

Yy =09 T3

0 0 3 o4 ' |6

@\-Z_ B J@»_» @
0 0
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R(s, a) represented by —> 5 0
y =09 s | LY
' i
0 1 o1z oIB o0l4 6
-2 «—— «—— -
@ T L L __.‘@’__’7 @
0 0 0

Learning

Q" (s, a):

Example

o O O O
o O O O

Q60 | =] < |1

03,»)«<0+(09 max Q(4,a’)=0
a'e{-,«,1,0}

1
(0] (0]

0)
0)
0)

o O |00 O O

o O |O
o O |Oo

° |
0)
0)
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Learning

Q" (s, a):

Example

R(s, a) represented by —> > 0
Yy =09 T3
0 0 o3 ofs L 6
-2 — ‘T T
o 1 4 e @

30



Learning

Q" (s, a):

Example

R(s, a) represented by —> 5@’ A~ V=3
y =09 T S'=
0 1 o2 o3 4 | 6
o Y Lo
—— — — 7
0 0 0

Q(4,1) « 3+ (0.9) ,E{max Q(5,a’) =3

o)

o O O O o o o

o O O O o o o

O O O o o o

(_’T)D}

© O O o o o o
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Learning

Q" (s, a):

Example

R(s, a) represented by —> 0 ~=0
y =09 3| Sy
0 P 1 Q_E Q—E‘wg— | .
@ ——>0 ——»O — 7

Q(@3, —>)<—0+(O9)

----

o O O o o o o

o O O O o o o

©O O w O o o

Q(4 a') = 2.7

© O O o o o o
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R(s, a) represented by —> 5 0

y =09 T3

0 1 o2 o3 o]t ! 6
0 0 0

Learning

“(s,a):

Q(3,~) < 0+(0.9)  max Q(4a) =27

----

Example

©c O o o o o o
© O O o o o o

©O O w O o o



Q-Learning Convergence

Remarks

— Q converges to Q* with probability 1.0, assuming...
1. each s, a> is visited infinitely often

0<Y<1

rewards are bounded |R(s,a)| < B, for all <s,a>

initial Q values are finite

VR W

Learning rate o, follows some “schedule” s.t. )72, a; =
00 2 _ — 1
oo and Zt:O ay = 07 e.g., ay = /t+1

— Q-Learning is exploration insensitive

= visiting the states in any order will work
assuming point 1 is satisfied

— May take many iterations to converge in practice



Reordering Experiences

es™

N

“IA G C ©
o 0 00

arrows show R(s,a)

1. Suppose we visit states as below
S a r s’
A E 0 B
B E 0 C
C E 100 D

2. Suppose we visit states in reverse
S a r s’
C E 100 D
B E 0 C

3 A E 0 B

Y =0.9

S={A, B, C, D}

A = {E, W}

Q(s,a) = 0 at the start

Q(AE)=0
Q(Br E) =0
Q(C, E)=100

Q(C, E)=100
Q(Br E) =90
Q(A, E) = 81

36



Designing State Spaces

Q: Do we have to retrain our RL agent every
time we change our state space?

. Yes. But whether your state space changes (52
* from one setting to another is determined f§ i
by your design of the state representation. /B

Two examples:

* State Space A: <x,y> position on map
e.g. s, =<74, 152>

* State Space B: window of pixel colors
centered at current Pac Man location

e.g.s; =

Of1 |O

O[O0 |O

1T 11 |1




(-3 —
Question:

For the R(s,a) values shown on
the arrows below, which are the
corresponding Q*(s,a) values?

Assume discount factor = 0.5.

Poll: Q-Learning

Answer:




DEEP RL FOR GAME OF GO



TD Gammon -2 Alpha Go

Learning to beat the masters at board games
THEN NOW

“...the world’s top computer
program for backgammon,
TD-GAMMON (Tesauro,
1992, 1995), learned its

strategy by playing over one

million practice games EEREy Gin)
3 : e e | - 00:01:00

against itself...”

AIQhaGo

oogle DeepMind

(Mitchell, 1997)




Alpha Go

AlphaGo (Black) vs. Lee Sedol (White) - Game 2
Game of Go ( E*ﬁ) Final position (AlphaGo wins in 211 moves)
* 19x19 board

I
* Players alterngtely oo 6"
play black/white 990
stones ) -

* Goalis to fully
encircle the largest
region on the board

* Simple rules, but
extremely complex
game play

Source: https://en.wikipedia.org/wiki/AlphaGo_versus_Lee_Sedol




Alpha Go

Rollout policy SL policy network RL policy network Value network

pn pa pp Vo

m Policy gradient

<O

.

Human expert positions Self-play positions

Figure from Silver et al. (2016)

}IoM]SU [BINSN

eleq

Policy network

Py, (@ s)

Value network
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Alpha Go

Professional Amateur

Beginner
kyu (k)

GnuGo
Fuego
Pachi

Zen

Crazy Stone
Fan Hui

AlphaGo

AlphaGo
distributed

Buney o|3

45

Figure from Silver et al. (2016)



DEEP Q-LEARNING



Deep Q-Learning

Key Idea:

1.
2.

Use a neural network Q(s,a; 8) to approximate Q’(s,a)

Learn the parameters 6 via SGD with training
examples < s;, @y, Ity St >

47



Deep
Q-learning:

Model

- Represent states using some feature vector s; € RM

e.g.,s;=1[10,0,..,1]7

« Define a neural network

Model 2: s;—
(K = |Al)

50



Deep
Q-learning:

Model

- Gradients are easy: Ve—]; Q(S,ax; 0) =

- Represent states using some feature vector s; € RM

e.g.,s;=1[10,0,..,1]7

° Define a-revratnetwork a bunch of linear regressors

(technically still neural networks...), one for each
action (let K = |A])
_9—1>_

T
Q(s,ax;©) = 0, Swhere® = QZ e RK XM

0.

* Goal: K X M « |§| = computational tractability!

0if j#k
Fifj=k

51



Deep
Q-learning:

Model

* Gradients are easy: Vg Q(S, ay; 0) =

- Represent states using some feature vector s; € RM

e.g., s; =1[1,0,0,..,1]7

* Define a-revratnetwork a bunch of linear regressors

(technically still neural networks...), one for each
action (let K = |A])
_9—1>_

T
Q(s,ax;0©) = 0, Swhere® = QZ e RK XM

Ok

* Goal: K X M « |§| = computational tractability!

==}

«— Row k

U)l' eee

C:Dl

52



Q-Learning (-ish) Update Rule

* Why don’t we just do an update akin to what we do in
regular Q-Learning?

W (g,c\]f,sl>i

(Qs,a30) + r o+ Y vw/oxxA &G’,a’j@)

53



Deep

Q-learning:
Loss Function

2. Don’t know Q*

* “True” loss —M
(@ =) > (6w -0(a0)
S-Sjaecfl

1. $ too big to compute this sum

1. Use stochastic gradient descent: just consider
one state-action pair in each iteration

2. Use temporal difference learning:

* Given current parameters 0 the
(temporal difference) target is

Q*(s,a) ~r +ymaxQ(s’,a’;00) =y
a

- Set the parameters in the next iteration
QD) sych that Q(s, a (9(”1)) xy

2(0®,t+D) = (y —Q(s, @ @(t+1)))2

54



Deep
Q-learning

- Algorithm: Online learning of Q" (parametric form)
* Inputs: discount factory,

an initial state s,
learning rate a
* Initialize parameters (%)
* Fort=0,1,2, ..
- Gather training sample (s¢, a;, 7, Sg4+1)

- Update 0 by taking a step opposite the
gradient
. @(const) - @(t)

@(t+1) - @(t) _ avg(t)f(e)(const)’ @(t))

where
Vot (0lonst), o)) = 29{ - Q(s, a; G)(t))) Vo Q(s,a;01)

2Ty mp QG @5 00 - (5, 050) ) V005, 0)
a

56



Experience Replay

* Problems with online updates for Deep Q-learning:
— not i.i.d. as SGD would assume
— quickly forget rare experiences that might later be useful to learn from
 Uniform Experience Replay (Lin, 1992):
— Keep areplay memory D = {e,, e,, ... , ey} of N most recent experiences
€¢ = <Sp Ay Nty Ste”
— Alternate two steps:

1. Repeat T times: randomly sample e; from D and apply a Q-Learning update to e;

2. Agent selects an action using epsilon greedy policy to receive new experience
thatisaddedto D

* Prioritized Experience Replay (Schaul et al, 2016)

— similar to Uniform ER, but sample so as to prioritize experiences with
high error



DEEP RL FOR ATARI GAMES



Playing Atari with Deep RL

* Setup: RL T
system o SATYHEON
observes the 2157 AL

pixels on the
screen

e |treceives
rewards as the
game score

 Actions decide
how to move
the joystick /
buttons

Figures from David Silver (Intro RL lecture)
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Playing Atari games with Deep RL
e = = u

.
!
-
-
g
E
-

=y
o )
v

b
b
9
g g
¥
%
g
o

R S G e T ey
s L A7 S S SN

W N A Ny
f ’ Y s

Source: https://www.youtube.com/watch?v=V1ieYniJoRnk&t=2s&ab_channel=TwoMinutePapers




Playing Atari games with Deep RL
L D - B
Figure 1: Screen shots from five Atari 2600 Games: (Left-to-right) Pong, Breakout, Space Invaders,
Seaquest, Beam Rider

B. Rider | Breakout | Enduro | Pong | Q¥*bert | Seaquest | S.Invaders
Random 354 1.2 0 —20.4 157 110 179
Sarsa [3] 996 5.2 129 —19 614 665 271
Contingency [4] 1743 6 159 —17 960 723 268
DQN 4092 168 470 20 1952 1705 581
Human 7456 31 368 -3 18900 28010 3690
HNeat Best [8] 3616 52 106 19 1800 920 1720
HNeat Pixel [8] 1332 4 91 —16 1325 800 1145
DQN Best 5184 225 661 21 4500 1740 1075

Table 1: The upper table compares average total reward for various learning methods by running
an e-greedy policy with € = 0.05 for a fixed number of steps. The lower table reports results of
the single best performing episode for HNeat and DQN. HNeat produces deterministic policies that
always get the same score while DQN used an e-greedy policy with e = 0.05.

Figures from Mnih et al. (2013)
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Learning Objectives

Reinforcement Learning: Q-Learning
You should be able to...
1. Apply Q-Learning to a real-world environment
2. Implement Q-learning

3. ldentify the conditions under which the Q-learning algorithm
will converge to the true value function

4. Adapt Q-learning to Deep Q-learning by employing a neural
network approximation to the Q function

5. Describe the connection between Deep Q-Learning and
regression



BIG PICTURE



ML Big Picture

Theoretical Foundations:
What principles guide learning?
probabilistic
information theoretic
evolutionary search
ML as optimization




Learning Paradigms

Paradigm

Data

Supervised

— Regression

— Classification

— Binary classification
— Structured Prediction
Unsupervised
Semi-supervised

Online

Active Learning
Imitation Learning

Reinforcement Learning

D={x"yO}L, x~p*()andy=c*()
y(i) cR

y® e {1,...,K}

y® e {+1,-1}

y(®) is a vector

D= (x0),  x~ph()

D = {x(, y(z‘)}f;V:ll U {X(j)}j_szl

D — {(X(l)7 y(l)), (X(2)’ y(2))7 (X(3)’ y(3))’ .
D = {x}  and can query 5 = ¢*(-) at a cost
D — {(8(1), a(l)), (8(2), a(2))7 .

D = {(sW),a® r1) (52 q2 @) 1



