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. Reinforcement Learning (RL)

= Find policy mt(a|s) through max Yy~ o V*Riiks1

= |tis called approximate dynamic programming

Actions: a Environment

State: s
Reward: r

Agent
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. Comparison with Supervised Learning

= Common
v' Predict something such as action or label
= Difference

v" Interaction

- Reinforcement Learning Supervised Learning

Training S,A RS A, .. (X,Y)
Data
Model r(als) Y=FX)
q . _ 2 _ k =\ 2
Objective G; =Riy1 +YRty2 +Y°Riy3 ... = Z Y Riiks1 (Y — Y)
k=0
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. Training Data of Reinforcement Learning (Optional)

= Episode &S, A, R sequence

1 SARSARSARSAR
2 S,A R

3 SARSAR

4 SARSARSAR
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. Comparison with Unsupervised Learning

= Common
v" No labels
= Difference

v RL maximize a cumulative rewards

_ Reinforcement Learning Unsupervised Learning

Training SARS A X
Data ) ) ) ) ) =
Model r(als) F(X)
Objective G, = R;.1 +YRiip + V?Rpy3 ... = kKR IX — F(X)|
) t t+1 T VRt T Y Ry3 V Rttk+1
k=0
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. Multi-Armed Bandits Problem

= kslot machines
= State: single state [0, O, O, ... O]

m  Action: choice a machine

= Reward: money
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. Solutions for Multi-Armed Bandits

=  Action-value methods

= Gradient-based methods
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. Action-Value Function

» Q;(a) measure benefit of each action

. t—1
sum of rewards when a taken prior to ¢ Zi:l R;-14,_q

Qi(a) =

number of times a taken prior to £ Z::: La,—a

st Episode | pisode2 | Eisods | Epbsoded | Q.
1 2

2
3 3
5

H W N
Ul

1 1
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. Action-Value Function

» @Q;(a) measure preference of each action

. t—1
sum of rewards when a taken prior to ¢ Zi:l R;-14,_q

Qi(a) =

number of times a taken prior to £ Z::: La,—a

Bandi | Eisodt | o2 Epsoded | Episded | pisoies | Q_
1 2 3 2.5

3 3
5
1 1
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. Policy from Q Function

= Policy

a, = argmax Q;(a)
a

Bandi | Eisodt | o2 psode | Episoded | pisodes | Q_
1 2 3 2.5

3 3

~ W N
Ul
Ul

Estimate Q function = Play (run policy)
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. Estimation of Action-Value

* |Incremental update of Q;(a)

Qn-{-l - ! Z Rz

1=1
n—1

1 1
= R —1 R

: ( n+ (n )n_lg )

1 , ~
I (Rn + (n— 1)Qn) Qu= +R2n+— 1 =S

T
= (Rn + nQn — Qn)

NewEstimate & OldEstimate + StepSize (Target - OldEstimate)
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. Exploitation vs Exploration

= Adding e-greedy policy

Action Trajectory

1 5

2 2
3 3
4 1 1
Q Trajectory
-----“
0 0 0 0 0 5
2 0 0 2y 2 2 2
3 0 3 _3- 3 3 3
4 0 0 0 1 1 1
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. Effect of e-greedy Policy

= e-greedy policy

LS _
Initialize, for a = 1 to k: e=0.1
Qa) + 0 ‘ i £=0.01
1] o vt fipAl
N(a) +—0 Average =0 (greedy)
Loop forever: reward
A o ] argmaxg Q(a) with probability 1 — & 031
a random action with probability &
R « bandit(A) . | | | |
N(A)+ N(A)+1 250 S500 750 1000
t
Q(4) + Q(A) + x4y [R— Q(A)] eps
100% —,
80% | -
e=0.1 - et v
% 60% _| _
Optimal ==0.01
action 40% |
=0 (greedy)
20%
0%.|, I I I |
1 250 500 750 1000
Steps
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. Gradient-Based Methods

= Softmax policy (also called as Gibbs or Boltzmann)

. et
Pr{A;=a} = le::l eH(b) = m¢(a)

= Preference for each action H;(a)

= Update H;(a)
Ht+1(At)th(At)‘*‘O‘(Rt—Rt)(l—ﬁt(At))s and
Ht+1((l‘) = Ht((l.) — Q‘(Rt — ]?.t)m ((l), for all a 7& At,

« Ifthe reward is higher than the baseline, then the probability of taking the action in the future
is increased

* if the reward is below baseline, then probability is decreased.

o KOREA [

%%/ UNIVERSITY




. Update Rule of Gradient-Based Methods

=  Gradient ascent algorithm

O0E[R;] Objectives

Hiy1(a) « H(a) + «a

9H, (@)
gflt[?cg - aHta(a) Z e () q*(")] ER] = Z e (x) q..(x)
= Z q.(x) SZZ?S
B Z Re ZZ‘;E’S E[RelA;] = q.(40)

Details in page 38~40

o KOREA B¢
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. Gradient-Based Methods

» Performance

with baseline
a=04

% 60%
Optimal
action 409} ol without baseline

e a=04

1 250 500 750 1000
Steps
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. Connection Between Reinforcement Learning

=  Action-value methods
- Value-based RL
v DQN

= @Gradient-based methods
- Policy-based RL
v’ Policy Gradient

= Action-value methods & Gradient-based methods
-> Actor-Critic methods (actor: policy-based / critic: value-based)

v' A2C, A3C,...

e KOREA %
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. Beyond Multi-Armed Bandits

" Long episodes

= Large states & actions

Breakout and Space Invaders, 2 of the 49 Atari games used in the paper

sy KOREA
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. Value Functions

=  State-value functions

vr(s) = EAGy | Si=5s] = Ex|> 7" Riyrs

k=0

StZS]

m  Action-value functions

qr(s,a) = ]Efr[Gt | Si=s, A, =a.] = ]Ew[Z’)’kRHHl Si=s,A;=a
k=0

] =



. Bellman Equations

= Bellman Eq. for v,,
vr(s) ZE[G, | S, =]
= E:[Ri+1 + 7Gi+1 | Si=35]

_ Z m(als) Z Z p(s’,r|s,a) [7‘ + VEAGi41[S141 =3l]]
= Z';r(a|s) Zp(s','r

= Bellman Optimality Eq.

s,a) ['r + ')f'vm.(s')], for all s € 8,

ve(s) = mleE[Rt—i-l + VUL (St+1) | Si=s, A =a]

= max Zp(s’, r | s,a) [7‘ + ’)"U*(S')]

q«(s,a) = IE[RH.l +7'111§qu*(St+1,a’) ‘ Stzs,Atza.]

= Zp(s',-r

s'.r

s,0)[r + ymaxq.(s',a)]

g



. Dynamic Programming

Policy iteration, value iteration

Value Iteration, for estimating m =~ w,

Algorithm parameter: a small threshold # > 0 determining accuracy of estimation
Initialize V'(s), for all s € 8T, arbitrarily except that V (terminal) = 0

Loop:

| A+ 0
| Loop for each s € 8:

| we V(s)

| V(s )(—maxaz p(s',r|s,a)[r + vV (s')]
| A + max( V(s)|)
until A < 6

Output a deterministic pohcy T_~ T4, such that

7(s) = argmax, ), ,Q) s’ r|s @[7‘+ YV (s)]

-
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. Model-Free Methods

= Monte Carlo (MC) Methods
 S,A RS A RS AR,S, A R, Terminate - Update
* S,AR,S, A, R, Terminate - Update

V(S:) <« V(S;) +a [Gt — V(St)]

= Temporal Difference (TD) Learning
* S, A, R, Update, S, A, R, Update, S, A, R, Update, S, A, R, Terminate, Update

* S, A R, Update, S, A, R, Terminate, Update

V(S1) = V(S) +a|Resr + 7V (Sen) = V(S1)]

NewEstimate < OldEstimate + StepSize (Target - OldEstimate)
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MC Methods TD Methods

45
_._actual outcome_____ actual
outcome
. 40 H
Predicted
total
travel 35
time
304
T T T T T T T T T T T T
leaving reach exiting 2ndary home arrive leaving reach exiting 2ndary home arrive
office car highway road street home office  car highway road street home

Situation Situation
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. On-Policy vs Off-policy

= To enhance exploration, use off-policy methods
* One policy (target policy) learn (exploitation)

* Another policy generate behavior (exploration)

= SARSA (on-policy TD)

* Q-learning (off-policy TD)

KO REA
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. On-Policy vs Off-policy

R=-1
Safer path
Optimal path l 1
S The Cliff G
\— &= -100 ___,_,,--/'//
Sarsa
25 -
Sum of 5
rewards Q-learning
during
episode ___
-100 | | i | [
0 100 200 300 400 500
Episodes
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. Deep Reinforcement Learning

= Model-free control

Deep Q-Learning (DQN) Policy Gradient

q(s,a) = E[G¢|S; =s,A; = a]

~ F(s,al0) m(Se1) = F(s|0)
(S;41) = argmax q(S;,1,a’) Vj(8) = VE|G;|n]
ar

» PolicyS deep neural network (F) & O|&3dH

A

= Return?| 7|tiZ} Q valueES deep neural

network (F)& O|&dl 2At

= Of stateOfCt 7t 2 Q valued| C35te= " PolicyZt F OIS W, retunol JICH L0l
o [ o —

actionS AEH
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Il DQN

= Off-policy TD learning

Double DQN Dueling DQN

» Objective

L(0) = [y**9¢" — Q(st, ar; 0)]°

= DQN

ytarget =y + ymax Q(Sy4q,a;07)
a

= Double DQN

yraraet = r 4+ yQ(Sp41,argmax Q(Sp41,a;60);67)

a

= Q value = state value + advantage

Q(s,a;6,a,fF)

=V(s;0,B) + [A(s, a;0,a) — n}f,le(s, ao, a)]

- State Value
- State-Action

~ Values

Action Advantages

s =




. Policy Gradient Methods

( \

= REINFORCE (MC policy gradient)
Vo] (0) = Vglogme(s) G,

\. J
4 )

= Actor Critic Policy Gradient (mix)

Vo] (8) = Vglogmg(s) Q(s,a)

\_ J
4 )

= Advantage Actor-Critic Policy Gradient (mix)

Vo] (8) = Vglogme(s) [Q(s,a) —V(s)]

\_ J
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. Tricks on Deep RL

= Value-based method uses memory

« S,A R, Update, S, A, R, Update, S, A, R, Update, S, A, R, Terminate, Update

Q(St,At) — Q(St,At) - Q[Rt+1 — Y m(?xQ(SHl,a) — Q(St.At)]

=  Asynchronous methods

Thread || Thread
—— CPU CPU
Thread CPU ’_‘ Thread

]



. Conclusions

[ 249 A - =] FAFF]

AAE A Az €

Z A A ST

g o



