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Reminders

* Homework 7: Hidden Markov Models
— Out: Fri, Mar. 31
— Due: Mon, Apr. 10 at 11:59pm

* Homework 8: Reinforcement Learning

— Out: Mon, Apr. 10
— Due: Fri, Apr. 21 at 11:59pm




VALUE ITERATION



Value lteration

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: V(s) = max, R(s,a) +7v) . csp(s']s,a)V(s)

6 Let (s) = argmax, R(s,a) +7) . csp(s'|s,a)V(s'), Vs
7 return 7

Variant 1: without Q(s,a) table



Value lteration

Algorithm 1Value 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(S7a') — R(Saa) +723'68p(8,|87a)v(8,)
7: V(s) = max, Q(s,a)

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

9: return 7

Variant 2: with Q(s,a) table



Synchronous vs. Asynchronous

Value lteration

Algorithm 1 Asynchronous Value Iteration

1: procedure ASYNCHRONOUSVALUEITERATION(R(s, a), p(+|s,a))
2 Initialize value function V' (s) = 0 or randomly

3 while not converged do

4: orsc Sdo
5

6

7

V (S) — MaXg R(Sa a) + Y ZS’ES p(S/‘S, a)V(8/>
Let 7(s) = argmax, R(s,a) +v) . csp(s'|s,a)V(s), Vs
return

Algorithm 1 Synchronous Value Iteration

procedure SYNCHRONOUSVALUEITERATION(R(s, a), p(-|s, a))

1:

2 Initialize value function V' (s)(°) = 0 or randomly

3: t=20

4: while not converged do

5 fors € Sdo

6 V(s)*tD) = max, R(s,a) + v > eresP(s|s, a)V(s"®
t=t+1

Let m(s) = argmax, R(s,a) +7 ., cspP(s'|s,a)V(s'), Vs
9: return

asynchronous
updates: compute
and update V(s) for
each stateone at a
time

synchronous
updates: compute all
the fresh values of
V(s) from all the stale
values of V(s), then
update V(s) with
fresh values



L

Value Iteration Convergence

‘ very abridged I
Theorem 1 (Bertsekas (1989))
V converges to V'*, if each state is visited

infinitely often

Theorem 2 (Williams & Baird (1993))
if mchS|Vt+1 (s) — V(s)| < €

t+1 * 2e7y
thenmaxs|V " (s)—V™(s)| < , Vs

r Theorem 3 (Bertsekas (1987))

greedy policy will be optimal in a finite num-
ber of steps (even if not converged to op-
timal value function!)

Holds for both
asynchronous and
sychronous
updates

Provides
reasonable
stopping criterion
for value iteration

Often greedy policy
converges well
before the value
function



POLICY ITERATION



Policy Iteration

Algorithm 1 Policy Iteration
1: procedure POLICYITERATION(R(s,a) reward function, p(:|s,a)

transition probabilities) (5) LUl el
2: Initialize policy m randomly «— T
3: while not converged do
4: Solve Bellman equations for fixed policy /Q-
25 V™(s) = R(s,m(s)) + 7 Y _ p(s'|s,m(s))V"(s), Vs
s'eS

Improve policy 7 using new value function

m(s) = argmax R(s,a) + 7 Z p(s'|s,a)V7(s")
¢ s'eS

6: return o

13



Policy Iteration

Algorithm 1 Policy Iteration
. Compute value
1: procedure POLICYITERATION(R(s,a function for fixed 1, p(:|s,a)

transition probabilities) policy is easy System of |S|
;. Initialize policy 7 randomly equations and |$|
3: while not converged do variables
4: Solve Bellman equations for fixed policy 7

V™(s) = R(s,m(s)) + v ) p(s'|s,m(s))V"(s"), Vs

s’eS

5 Improve policy 7 using new value function

m(s) = argznax R(s,a) + 7 Z p(s'|s,a)V™(s")

s’'eS
Greedy policy Greedy policy might remain the
6: return 7 w.r.t. current same for a particular state if there is

value function no better action




Policy Iteration Convergence
In-Class Exercise: (31 15) | Al

How many policies are there for a finite sized state and action space?

raul$ [ (15}
sl OAD )

t“\:'

1

T0(s) =4

——

In-Class Exercise: Q?_

Suppose policy iteration is shown to improye the policy at every
iteration. Can you bound the number of iterations it will take to
converge? If yes, what is the bound? If no, why not?

151
(%) T L (A



Value Iteration vs. Policy Iteration

+

O(|Al |S) O(JAL|S[; +ISP

computation per iteration computation per iterati
In practice, policy iteratio
converges in fewer
iterations

* Value iteration requires . PO“CK iteration requires

Algorithm 1 Policy Iteration /

1. procedure POLICYITERATION(R(s,a) reward function, p(As,a)
transition probabilities)

Algorithm 1 Value Iteration
1 procedure VALUEITERATION(R(s,a) reward function, p(:|s,a)

transi-ti'on- prObabi”ties)_ 2 Initialize policy 7 randomly
2 Initialize value function V' (s) = 0 or randomly 3 whi
3: while not converged do 4: / Solve Bellman equations for fixed policy 7
4 Tforsc 5o L
5: V(s) R(s,a) + s p('|s,a)V(s') V™(s) = R(s,m(s)) +v > p(s'|s,m(s))V"(s), Vs
6: Let m(s) = argmax, R(s,a) +v X7 csp(s'|s,a)V(s), Vs ves
7: return 5: Improve policy 7 using new value function

7(s) = argmax R(s,a) + vy Z p(s'|s,a)V™(s")
* s'eS

6: return ©

16



STOCHASTIC REWARDS AND
VALUE ITERATION



Q&A

Q: What if the rewards are also stochastic?

A: No problem. Everything we’ve been doing here still works
just fine.

The Q-Learning algorithm doesn’t need to change at all.

Let’s consider how value iteration would look slightly
different though...



RL: Components

From the Environment (i.e. the MDP)

e Statespace, S
* Action space, A R(S'q\ /

e Reward function ,R(s a,s'), \R SXAXS->R Markov Assumption

» Transition probabilities, p(s’ | s, a) p(st+1 | se,ae, ..., 51,01)

. . . - =p(5t+1 | Staa't)
— Deterministic transitions:

, _11ifé6(s,a) =5’
p(s'|s,a) = {O otherwise

where §(s, a) is a transition function

From the Model
 Policy,m:8 - A
e Value function, V":§ - R

— Measures the expected total payoff of starting in some state s and
executing policy



Markov Decision Processes (MDP)

In RL, the source of our data is an MDP:
1. Startin some initial state s, € §
2. Fortime step t:

1. Agent observes states; € §

2. Agent takes action a; € A where a; = n(s;)

3. Agentreceivesreward r; € R wherel 1, = R(s;, at, S¢y1) }

4. Agent transitions to state s;,; € S where s, ~ p(s' | s¢, az)

3. Totalrewardis )2,y r;

—  Thevalue y is the “discount factor”, a hyperparameter 0 <y < 1

* Makes the same Markov assumption we used for HMMs! The next state
only depends on the current state and action.

* Def.: we execute a policy 7 by taking action a = m(s)when in state s



Optimal Value Function

For the optimal policy function 7* we can compute its value function
as:

This optimal value function can be represented recursively as:

V*(s) = max Z p(s'ls,a)(R(s,a,s’) +~yV*(s")).

If R(s,a,s’) = R(s,a) (deterministic transition), then we have the
form:

V*(s) = max {R(S, a) + Z p(s'|s, a)V*(S’)} ;

eA
“ s’eS



Value lteration

Algorithm 1 Value Iteration with Stochastic Rewards

1: procedure VALUEITERATION(R(s,a,s’) reward function, p(:|s,a) transition
probabilities)

Initialize value function V' (s) = 0 or randomly

while not converged do

fors € Sdo
V(s) = maxa ) s p(s']s,a)(R(s,a,5") + 7V (s))
Let m(s) = argmax, > . s P(s'|s,a)(R(s,a,s") + vV (s")), Vs
return 7

N VR WwW N

This is just fixed point iteration applied to the
recursive definition of the optimal value function.



RL:Value
Function

Example

5
3
2 3 [4 '
0 1 6
"2 ‘@’ 7
(2 if entering state 0 (safety)
R(s, a) = 4 3 if entering state 5 (field goal)

7 if entering state 6 (touch down)
| 0 otherwise

23



[
CEEE e

RL: Value f

. —2 if entering state 0 (safet
Function 5 (safety)

3 if entering state 5 (field goal)
7 if entering state 6 (touch down)
| 0 otherwise

R(s,a) =«

Example

y = 0.9




RL:Value
Function

Example

G

—)

—)

—)

—)

%

R(s,a) =«

y = 0.9

.

—2 if entering state 0 (safety)

3 if entering state 5 (field goal)

7 if entering state 6 (touch down)
| 0 otherwise

5.103

25



Example:
Stochastic

Transitions
and Rewards

y =09 3
1 2 3 n 6
_2 7
(2 if entering state 0 (safety)
R(s,a,s") = 4 3 if entering state 5 (field goal)

7 if entering state 6 (touch down)

| 0 otherwise

26



R(s,a,s’) represented by —
y =0.9

| 2
- —— <=
o= L L

Example:

. Suppose
Stoch_a_stlc D6 54, @) = 05
Transitions « p(s5|s4, a) =05
and Rewards What is V*(s4)?




Example:
Stochastic

Transitions
and Rewards

R(s,a,s’) represented by — > 0
Y = 0.9 T3
0 o2 o ofr

o 1L 1 1 @

0 0 0

Suppose
* p(s6|s4, a)=0.5 y =09
* p(s5|s4, a) =0.5
Whatis V*(s4)?

= 2 0.5(%1 0.4()) o

+ 0.5(3+ 0.9
0 3.64 | 4.05 | 4.5 5 0

28



Learning Objectives

Reinforcement Learning: Value and Policy Iteration

You should be able to...

1. Compare the reinforcement learning paradigm to other learning paradigms

2.  Castareal-world problem as a Markov Decision Process

3.  Depict the exploration vs. exploitation tradeoff via MDP examples

4.  Explain how to solve a system of equations using fixed point iteration

5. Define the Bellman Equations

6. Show how to compute the optimal policy in terms of the optimal value
function

7.  Explain the relationship between a value function mapping states to
expected rewards and a value function mapping state-action pairs to
expected rewards

8. Implement value iteration

9. Implement policy iteration

10. Contrast the computational complexity and empirical convergence of value
iteration vs. policy iteration

11.  ldentify the conditions under which the value iteration algorithm will
converge to the true value function

12. Describe properties of the policy iteration algorithm



Q-LEARNING






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

Source: https://en.wikipedia.org/wiki/Avenue_Q#/media/File:Image-AvenueQlogo.png
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Today’s lecture is brought to you by
the letter Q

Source: https://vignette1.wikia.nocookie.net/iamesbond/images/q/qa/The_Four_Qs_—_ProﬁIe_(z).png/revision/latest?cb:201211021951%




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

34
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Value lteration

Algorithm 1Value 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(S7a) — R(Saa) +723'€8p(8,|87a)v(8,)
7: V(s) = max, Q(s,a)

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

9: return 7

Variant 1: with Q(s,a) table



* Q*(s,a) = E[total discounted reward of taking action a in
state s, assuming all future actions are optimal]

(
= R(s,a) +1( E pz)" | s,a)V*(s")
—_ JES A

&&=~

V() = max Q'(s’,a’)

Q'(s,0) =R(s,0) +y ) p(s' | s.a)[ max Q(s',a")]

(
s'eS L A

n*(s) = argmax Q*(s,a)
aeEeA

* Insight: if we know Q*, we can compute an optimal policy ™!

38



* Q*(s,a) = E[total discounted reward of taking action a in
state s, assuming all future actions are optimal]

7 S
= R(s,a) + yV*(6(s, a))

Q*(S; Cl) W/ . V*((S(s, a)) = C{pénjl Q*(6(s,a),a")

deterministic

transitions /
Q*(s,a) = R(s,a) +vy max Q*(6(s,a),a’)

n*(s) = argmax Q*(s,a)
aeEeA

* Insight: if we know Q*, we can compute an optimal policy ™!

39



- Algorithm 1: Online learning of Q" (table form)

* Inputs: discount factory, *en .L) us\'l
an initial state s "'L"' gVt \'w)!"\’
kom0
o X
Learn|ng * Initialize Q(s,a) = 0Vs € S,a €A @0’\'33" =
- / (Q isa |S|x|A| table or array) Loes W*W
Q" (s, a? i - While TRUE, do 2 of E
determlnlstlc fl'akea random action a A onli
o nline
transitions gathering of
, > training
* Receive somerewarr = R(s,a) sample ,
(s,a,r,s’)
* Observe the new state s’ = §(s, a)
* UpdateQ and s \— ‘
Q(s,a) «r+ymaxQ(s',a’)
s« s’ e

[N
& ! 40
G



|
greedy online learning of Q™ (table form)

* Inputs: discount factory,

* Algorithm ole

an initial state s,
Zéreediness parametere € [0, 1]

Learning * Initialize Q(s,a) =0Vs€S,a€A
* (Qisa|S|x|A| table or array)
Q (S’ a? V_V/ : - While TRUE, do
determmIStIC r With probability 1 — €, take the greedy action
transitions a = argmax Q(s, a"). Otherwise (with
L proba%il?ti €), take a random action a

* Receive rewardr = R(s,a)

* Observe the new state s’ = §(s, a)

* UpdateQ and s ‘
Q(s,a) «r+vy max Q(s’,a")

e

s « s’

41



Learning

Q" (s, a)

* Algorithm 3: e-greedy online learning of Q* (table form)

* Inputs: discount factory,
an initial state s,
greediness parameter € € [0, 1],

Fearning rate a € |0, 1] ("mistrust parameter”)

* Initialize Q(s,a) = 0Vs € S,a €A
(Q isa|S|x|A| table or array)
- While TRUE, do
 With probability 1 — ¢, take the greedy action
a = argmax Q(s,a’). Otherwise (with
a' e A
probability €), take a random action a
* Receiverewardr = R(s,a)
* Observe the new state s’ ~ p(S' | s, a)
* UpdateQ and s
Q(s,@) « (1 - a)Q(s,a) + a(r +ymaxQ(s’,a))
a )
s« s’ \ ol o pite g
Current value Update w/
deterministic transitions

42



* Algorithm 3: e-greedy online learning of Q™ (table form)
* Inputs: discount factory,

an initial state s,
greediness parameter € € [0, 1],

learning rate o€ [0, 1] ("mistrust parameter”)

Learning + Initialize Q(s,a) =0V s €S,a € A
5 (Q isa|S|x|A| table or array)
Q (S’ a) - While TRUE, do

 With probability 1 — ¢, take the greedy action
a = argmax Q(s,a’). Otherwise (with
a'eA
probability €), take a random action a

* Receiverewardr = R(s,a)

Temporal
* Observe the new state s" ~ p(S' | s,a) jifference
* UpdateQands . A
Q(s,a) « Q(s,a) + afr +ymax Q(s'’,a") — Q(s, a))
N\ @ J

s s’ Y Y
Current value Temporal difference
target 43



Learning

Q*(s,a):

Example

y = 0.9 3
1 2 3 n 6
_2 7
(_2if entering state 0 (safety)
R(s, a) = 4 3 if entering state 5 (field goal)

7 if entering state 6 (touch down)

| 0 otherwise

b4



Learning

Q" (s,a):

Example

R(s, a) represented by —>

y =0.9

0
o2

45



Poii Oa:
Which set of
blue arrows

(roughly)
corresponds
to Q*(s, a)?

0

y = 0.9 T3

0 1 0 12 0 13 o &
O S I N S SO

0 0 0

> (0

13

0 IF 5102 5673 ezt |
O E I R S SO

510 567 |63

> (0

13

0 [t wsadz sag B ser]s
O R I R S O

510 567 |63

46



—— |

e - ¢
— T

Which set of

blue arrows
corresponds

toQ"(s,a)?

V*(s) shown in green

Q" (s,a) = R(s,a) +yV*

(O¥(s,4) = 04 0S(VA(S”,

C\Z

1 (a5
-+ 5.0

3T
S N

%5(5 a))

5.10

47



Learning

Q" (s,a):

Example

R(s,a) represented by —> 0

y =09 T3

0 1 0lz2 o I3 ols | 6

< L 1@ O
0 0 0

© O O O o o o

O O O O O o o

1
0

O O O O O o

© O O O o o o

48



Learning

Q" (s,a):

Example

R(s,a) represented by —> 0
y =0.9 T3
0 1 0l1z2 o I3 ol T s
-2 —— —— g
0 0 0
Q(3 —>)<—0+(O 9) max Q(4 a)=20

a'e{-,<1

----

O O |]O0Oj O O O ©O

O O |ojoOo O O

49



Learning

Q" (s,a):

Example

R(s,a) represented by —> 0
y =0.9 T3
e Y Tel e
«—1— —p
0 —+ + 7

© O O O o o o

O O O O O o o

1
0

O O O O O o

© O O O o o o

50



R(s,a) represented by — 5 @’
y =0.9 T

0
G S R R
0 o 0 0
Learning Q(4,1) « 3+ (0 9) maxTD 0(5,a') =

Q*(s,a):

S ==

Example




R(s, a) represented by —> 0
y =09

U EOR GO
e 1 el -
0

Learning Q(3,~) < 0+(09)  max Q(4a’)=27

aE{—)(—TD} [- .,

----

Q" (s,a):

Example

© OO0l O O O O
o OoOjJo)j] o o o o

O OoOjw|O O O




R(s, a) represented by —> 0
y =09

0 4_3 0, |4 [6
Ol SR I K-
0

Learning 0(3,2) = 0+(09) , max Q(4,a") =27
Q" (s, a): -

0)

e

o

Example

N

~N
© O 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 #&—_
2. 0<Y<1

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

4. initial Q values are finite

5. Learning rate a; follows some “schedule” s.t. )72, a; =

o and Y.¢Z atg =0,e.g.,a; = /¢t11

— 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

Ei . Cesiest Meze Eves!

¢ = 09

A B C,
° 5
il®

L,
o

S= A "3.C,‘D}

AT W ’R(S.OU

A= ?.Eu\di
QG =0 I kit

@ Sv“»u WX w,ﬂ'
: Sa vr s’
- AE O B QA(AD)= o
:F B E D € Q(B,E) =0
> CE w0 YV _*_“_,_NQ(CJE)""OO
@ s«:wm we vf'rifj. A IV 7P uQ})
¢t Sa ¢ s
I ¢ E oo D Q<.E) = 100
et g 0 C Q(ee) = G0
+ AE O B Q(A,-é-) = 8l

56



Designing State Spaces

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

A: Yes.But whether your state space changes
° from one setting to another is determined
by your design of the state representation

Two examples:
— State Space A: <x,y> position on map

e.g. sy = <74, 152>
— State Space B: window of pixel colors
centered at current Pac Man location

e.g. St = O 1 O

O|O0|O

1T (1 |1




-Learning

westions | SKIP\

Answer:
For the R(s,a) values shown on
the arrows below, which are the 7 0
corresponding Q*(s,a) values? —Ig
Assume discount factor = 0.5. 21 }4 }8

—
—_—




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 O e
strategy by playing over one o000 ' O

million practice games ® rd y o UG (LJE(%'SE%DPL
against itself...” a2 ML

AlphaGo

Google DeepMind

(Mitchell, 1997)

62



Alpha Go

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

5900
* Players alternately oy o0
play black/white /990
stones 200
: o ®
* Goalis to fully | | o
encircle the largest IR X ' wg:
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 Policy network Value network
z
Pz Py ) P, (@ls) v, (8)

o *

5 &
@
5
Policy gradient Q
X

eleq

Human expert positions Self-play positions

64
Figure from Silver et al. (2016)



Beginner

kyu (K)

-— M U0 N~

GnuGo
Fuego

Pachi

Zen

Crazy Stone

Fan Hui

AlphaGo

AlphaGo
distributed

3,500

Buney o3

Alpha Go

65

Figure from Silver et al. (2016)



DEEP Q-LEARNING



Deep Q-Learning

Key Idea:

1.
2.

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

Learn the parameters 6 via SGD with training
examples < s, a;, I, Seyq >

67



Deep
Q-learning:

Model

- Represent states using some feature vectors, € RM

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

- Define a neural network

Model 2: s;—
(K = |Al)

70



Deep
Q-learning:

Model

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

- Represent states using some feature vectors;, € R

e.qg., s, =1[1,0,0,..,1]"

* Define a-neuralnetwork a bunch of linear regressors

(technically still neural networks...), one for each

action (let K = [A])

_0—1>_
S 0. 3 0, K x M

w =0, swhere® =|"21e R

0.

* Goal: K X M < |§| — computational tractability!

0ifj#k
Fifj=k

71



Deep
Q-learning:

Model

e.qg., s; =1[1,0,0,..,1]"

- Represent states using some feature vectors;, € R

* Define a-neuralnetwork a bunch of linear regressors

(technically still neural networks...), one for each

action (let K = |A|)

T
Q(s,a;,;0) =0, Swhere® =

- Gradients are easy: Vg Q(S,a;; ©) =

_—>_
01
—

0.

0,

U)‘l' eeoe

ol o:l

:Ol

EIRKXM

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

«— Row k
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Deep
Q-learning:

Loss
Function

2. Don't know Q~

* “True” loss — A
(@ =) > (¢ -0(50)’
SHi—é;a €A

1. S too big to compute this sum

1. Use stochastic gradient descent: just consider
one state-action pair in each iteration p
&_" w&ﬂ'\—

Leclke
* Given current parameters 0 the j“\i\‘”)‘“ S;T

(temporal difference) target is
Q*(s,a) ~r+ymaxQ(s',a’;00) =y
L ¢ I

2. Use temporal difference learning:

- Set the parameters in the next iteration
Ot+1) gych that Q(s, a: G)(”l)) ~y

f(@(t)’g(t+1)) _ (y —Q(s,a; @(t+1)))2
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- Algorithm 4: Online learning of @ (parametric form)
* Inputs: discount factory,

an initial state s,

learning rate « /

Deep * Initialize parameters @(®
Q-learning © Fort =0,1,2, ... /
* Gather training sample (s¢, as, 1%, St 41)

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

@(t+1) — @(t) _ av@(t)f(g(const)’ @(t))

where

V@£(®(C0n5t)' G(t)) =2\y— Q(S, a, @(t))) Ve(t)Q(S, a; G(t))

= 2 (ﬂ;mgx Q(s’,a’; 0onsD) — g(s, a; G(t))> Vo Q(s, a; 00)
a
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Experience Replay

* Problems with online updates for Deep Q-learning:
— noti.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 e, = <Sy, a;, Iy Stir>
— 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 thatis addedto 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 U
system LAY
observation /< e W AN action
observes the i © f

pixels on the
screen

e |treceives
rewards as t
game score

 Actions decide
how to move
the joystick /
buttons
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Playing Atari games with Deep RL
L = u

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




Playing Atari games with Deep RL

L D -
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 58T ]|
Human L( 7156 31 368 =3 | 13900 | 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 e = 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.
2.

3.

Apply Q-Learning to a real-world environment
mplement Q-learning

dentify the conditions under which the Q-

earning algorithm will converge to the true
value function

. Adapt Q-learning to Deep Q-learning by

employing a neural network approximation to
the Q function

. Describe the connection between Deep Q-

Learning and regression



BIG PICTURE



ML Big Picture

Learning Paradigms: Problem Formulation:
What data is available and What is the structure of our output prediction? ch‘
when? What form of prediction? boolean Binary Classification 50
° SUPerVise_d Ifjalmmg‘ categorical Multiclass Classification *38
. unsupervised learning : 8 cE >
el ea ordinal Ordinal Classification ] g =
*  reinforcement learning real Regression o W Y.Y
°  activelearning ordering Ranking e 5 < O
. imitation learning . . _ S c 8 0
. domain adaptation multiple discrete  Structured Prediction =Ry §
«  online learning multiple continuous (e.g. dynamical systems) o S %C«_S
B e both discrete & (e.g. mixed graphical models) | & = as.0 5
. recommender systems ¢ Qo <12 o
«  feature learning cont. <X Z>wn
0 manifold learning
*  dimensionality reduction Facets of Building ML Big Ideas in ML:
¢ ensemble learning Systems: . . -
. i isi : Which are the ideas driving

distant supervision i i 5] rrae Al
«  hyperparameter optimization 'd systems that are development of the field?

robust, efficient, adaptive, , L
effective? * inductive bias
Theoretical Foundations: 1. Data prep «  generdlization / overfitting
What principles guide learning? 2. Model selection *  bias-variance decomposition
TP 3. Training (optimization/ . enerative vs. discriminative

L probabilistic el

. . : * deep nets, graphical models
O information theoretic 4. Hyperparameter tuningon _ o P’ fg p
O evolutionary search validation data AC learning

. 5. (Blind) Assessment ontest ~ *  distant rewards

O ML as optimization data



Learning Paradigms

Paradigm

Data

Supervised

— Regression

— Classification

— Binary classification
— Structured Prediction
Unsupervised
Semi-supervised

Online

Active Learning
Imitation Learning

Reinforcement Learning

D={x®W,yW}Y, x~p*()andy=c*()
y( e R

y@ e {l,...,K}

y) e {+1,-1}

y(® is a vector

D={x"H, x~p*()

D= {X(i)7 y(i)}fill U {X(j)};'\gl

D = {(x(,yM), (x@) 42, (xB) 4B, .}
D = {x}¥  and can query y*) = ¢*(-) at a cost
D = {(sM, a0, (s@,a®), .}

D = {(sW),a® r1)) (52 a2 +@) 1



