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It is challenging to label data in some tasks.
...... machine can know the results are good or not.
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What is RL? (Three steps in ML)

Policy Gradient

Actor-Critic

Reward Shaping

No Reward: Learning from Demonstration
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Observation - Action

Environment

o {REGIXAN Environment fRAGX NS, &45 Actor —4> Observation,&44,3BiX Observation
B, #i2 Actor AU

e B Actor IR, BEZXAN Observation LUGTR, BB — Mg X ANE H I, I Action,BBiXA Action
e, 225/ Environment

o XN Actor #REX Action LURTR,Environment =455 #AY Observation, 2AfG Actor B, 4555
HY Action,BBiX/™ Observation 2 Actor BN, BBIXAN Action g, 2 Actor Y%

FrLA Actor 8, BFi2— Function, E3L Actor, ERERA 1EHKAY Function, X Function BaY%
NFLEIMELEERY Observation, BIHRFLEX AN Actor ZREVAY Action, TS RKEX MBI IR X

/" Environment, & RERILSIX ) Actor —2& Reward, HiF B AFIITERRENAYIXAN Action, B 2IFATE

BT

MEAIISREHANX Actor, FATSRERAIX A Function,BJLAZ Observation SfF Input,Actor S{E
Output A9 Function,iX4 Function FIB#xR,282% Maximizing EA JTATLAM Environment SKEZIAY
Reward RYSFN,FRAIF LR, 3 — Function,BBFEIXA™ Function EIRINE#ES), A Observation 2{E
Input,fiitt Action, RRESEIRY Reward RISF], ATLARERARY, X/MFZE RL Z3RAY Function

Example: Playing Video Game
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Termination: all the aliens are killed,

* Space invader
P or your spaceship is destroyed.
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Find an actor maximizing expected reward.
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Find an actor maximizing expected reward.

Observation Action

Environment

R TEEXEANXMREY Actor IRIMEEFIANT R AL REER A A BIHEHERN
RE—F (RA 4E03E5) Reward FiR&/E, &G Actor FT—F T X R 7552 1 2 B&EE% 73—
FLAG FFREER T C 7 BB E -1 55 BMEFEE N EaIRNIREFRI Reward HERER 0 15,18 B1E
{89 Reward BRX ™ Actor IR BRI SLEBZ X HEAN, ERTRERTLUEEIR Reward

Machine Learning is so simple ......
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Step 2: define
unction wi wp loss from
unknown training data

Step 3:

optimization
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Step 1: Function with Unknown
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* Input of neural network: the observation of machine
represented as a vector or a matrix

» Qutput neural network : each action corresponds to a
neuron in output layer
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Policy Network

(Actor) Sample based
> left D.?-‘ on scores
3 W mp [ ot 02 Scores of
: actions
» fire 0.1
pixels J

Classification Task!!!
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Step 2: Define “Loss”
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Start with
observation s, Observation s, Observation s5

After many turns
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This is an episode

After many turns
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Game Over

(spaceship destroyed)

Obtain reward
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Trajectory

Step 3: Optimization . _ (s, a5, a, )

Metwork Metwork
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Trajectory

Step 3: Optimization . _ (s, 4, 5,0
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MNetwaork Metwork
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.. With randomness
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GEUEIGE sample GEVEL) They are
black box ...

n T .. With randomness
L 1

|
How to do the optimization here is
the main challenge in RL. R(s) = Z Tt '
c.f. GAN t=1
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* Make it take (or don’t take) a specific action @ given
specific observation s.
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* Make it take (or don’t take) a specific action @ given

specific observation s. ‘
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