Reinforcement Learning
value-based RL (MC, TD)
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RL and DP
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RL and DP

e What is different between RL and DP

RLE Z3 Bellman Equation2 E£= Z{0|C}.

Vi) = muin Zp(xkﬂ | X Wl + ViE ()]

Xi+1

U C}S state Xj4+1 2 FE O, DHUS A Xy = (O, 1)

1. State-space modelO| i7{L}
2. State-space model0| 2= SH7{L}

3. Curse of dimensionality
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e Control society VS Machine Learning society
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State  x State S
""""""""""" Control ~ u | Action A
~ Dynamics f(x.)  Environment p(s'| s, a)
___________________ Controller z . Agent =@

Cost  r(x, u) Reward r(s,a)




What is important thing in RL

G, = r(x, u) +yr(X . ) + yr (X420 Uppn) + oo0 + y' (X7, ur)

T
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6&* = arg maxJ(0)
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Learnable function in RL

: Value-based Policy-based Model-based
Model-fr‘ee Model-based ® SARSA © REINFORCE ® iLQR: Iterative Linear Quadratic Regulator
' ® DQN: Deep Q-networks ® MPC: Model Predictive Control
\ ® Double DQN ® MCTS: Monte Carlo Tree Search
® DQN+ Prioritized Experience Replay

¢ QT-OPT

Value-based Policy-based I

Combined: Value and Policy

..........................................................................................................................

Combined: Model + value or
policy

3}3 EHAI- E EStlmate Q
function

..........................................................................................................................

® Actor-Critic: A2C, GAE, A3C

® TRPO: Trust Region Policy Optimization SOV D A

® PPO: Proximal Policy Optimization e AlphaZero

® DDPG: Deep Deterministic Policy
Gradient ...

SARS %% ; REI N FORCE ; LQR, M PC ©VPN: Value Prediction Network

® 12A: Imagination Augmented Agents




Value-based RL

e Value function _
policy?| stationary policy

Vix) =E, [Z yr(x,, u,| xf)] V= 1o+ ypory + 7 popiry +
T=t =19+ ypo(ry +ypiry + -+
=19+ ypV”"
Time-invariant Time-varying
Vi(x) = r(x, 1(x)) + E, [V(x,,)] Vi(x) = r(x, 1(x)) + E, |VE (x,4)]

m(x,) = argmin (r(x,u) +E, [V”(xt +1)])

e Q function : Action value function
Z yrx,, u, | x, ut)]
T=t

Relationship between Value func and Action value func : 2Ej7}X|= AEfi4 x t
T — T o o T A
Vi(x) = E, [Q7(x, u)] oA MEf JES3 BE SIS u_tof Chst HETHRIS| B2t

Q"(x,,u) =E,

Q*(x;, up) = r(x, u) + E, [Q”(xtﬂ, 7 (xt+1)]

7*(x,) = argmin O*(x,, u)




Monte-Carlo(MC)

if n — oo, then

—ZI (red doti€ A) = 814)

S(B)

» Goal: Learn Q™ from episodes of experience under policy «
* Recall that Q™ (x;, u.) = E[X7Z¢ v r(x, ug)|xe, uel
e Return: G, =1 +yrppq + -+ Tt g + -

* Monte-Carlo method: Replace expectatlon with empirical mean

Q" (x¢, up) = szy r(xruurl

i=171t=




Monte-Carlo(MC) and Temporal-difference(TD) policy iteration

 MC

For each episode Q function Look-up table

» Generate an episode m: xg, Ug, 7y, ..., XT e = %
e G« 0 X
« Foreachstep,t=T,T -1, ...0: X2

* G«yG +r1; | X3

 C(xpup) « Clxpup) +1 X4

1

* Q(xep,up) « Q(xp,ue) + Corond) (G - Q(xtrut))

1 n
e u* « argmin,Q (x,, u) N Qo1 n 21 ! | %
Forallu e U B =1
» m(u|x;) « u” with prob. 1 — e (e-greedy) Qi1 =9+ ;(Gn -0, Xg

 TD

1
C(xt' ut)

Q(xp,up) « Qxp, up) + (G — Q(x¢,up)) > Q(xp,up) « Qxg, up) + a(re + yQ (x40, u") — Qxg, up))

Ge=1t+yrpr++y Tlrp e 2+ yQT (X, u)

* On-policy Off-policy

U — U u' < argmin Q(x,,, u)




Monte-Carlo(MC) and Temporal-difference(TD) policy iteration

V(St) < V(St) + a (G = V(St)) V(St) < Ex [Re1 4+ V(St41)]

O
QOMQ O aqg\}
SN PN AN AN

V(St) < V(St) + a(Req1 +7V(Se41) — V(Se))




SARSA and Q-learning

SARSA: on-policy

* For each episode:
For each step,t =0,1, ..., T:
* Given x;, choose u; = argmin, Q (x;, u) (+e-greedy)
* Observe 1y, x4
* Choose u;,,; = argmin, Q(x;,,,u) (+e-greedy)

* Q(xpup) « Qxpuy) + a(rt + vQ(Xp41, Ups1) — Q(xy, ut))

Q-learning: off-policy

* For each episode:

For each step,t = 0,1, ..., T:
» Given x;, choose u; = argmin, Q (x;, u) (+e-greedy)
* Observe ry, x4

© Q(xp, up) « Qxpup) + a(ry + yming Q (xe1, u) — Q(xp, uy))

Behavior policy Target policy
L=< On-policy

T(Upyq]Xes1)
1—€ 7
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Uy Uz

Us

X1

X3

X4

(x¢, up)

X5

X6

(Xe+1, Ues1)

Xg

Q(x,u)

Uuq Uz

Uz

(xtrut)

(xp41,u)

(xt+1:%t+1; u)

1(



MC

X2 U Xt+1 Xt+2 X
oo e O Monte Carlo
Tt Tt+1
TD
x ;u x lu )
ot Ut o b ¥t .xt U
T Tt Tt
Xt+1 Xt+1 Xt+1
o
Q(xt+1»ut+1) min, Q (xX¢4+1,u) E,[Q(x¢41,u)]
Sarsa Q-learning Expected Sarsa
DP

min,, or E,V (x;41)

Dynamic
programming

1
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MC

Ge =Ty +YTegq + oy lrp +

o Episode 2 If7IX| &t& 2¢t, ZLIOF &&
* High variance

* Unbiased estimate of Q

o X7|ZH0|| BILSIX| tS
TD

Ge =1 +yQ™ (xp41,u")
0 step OICt &5 7ts
Low variance

Biased estimate of Q
XM= O QE MLiof| 2} & &Sk FstLE X}O|

High Accuracy High Accuracy Low Accuracy
High Precision Low Precision High Precision




