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* Learning from interaction in a trial-and-error manner
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Reward

reward = O in most cases
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Termination: all the aliens are killed,

* Space invader or your spaceship is destroyed.

Score
(reward)

Kill the
aliens

shield
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Start with
observation s4 Observation s, Observation s3

e

/ Obtain reward
7"2 = 5

\ o Obtain reward
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Start with
observation s4 Observation s, Observation s3

This is an episode.

After many turns Game Over
...........------> (SpaceShip destroyed) agentﬁ}]ﬂ\epiSOde
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Next move:
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c BHFY: BREEIRICHELN, BUNTINFZBRIRBIRERKS )
Learning from experience

First move » ...... many moves ......

(Two agents play with each other.)
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Alex Kendall et.al, Learning to Drive in a Day. ICRA 2019: 8248-8254
https://www.youtube.com/watch?v=eRwTbRtnT1I
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Flying Helicopter

* https://www.youtube.com/watch?v=0JL04JJjocc

* Driving

* https://www.youtube.com/watch?v=0xo1Ldx3L5Q

 Robot

* https://www.youtube.com/watch?v=370cT-OAzzM

* Text generation

* https://www.youtube.com/watch?v=pbQ4qe8EwLo
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Sutton’s book:

* http://incompleteideas.net/sutton/book/the-book.html

David Silver’s Lecture:

* https://www.davidsilver.uk/teaching/

NFFRUF

* https://hrl.boyuai.com/chapter/intro

OpenAl GYM:

* https://github.com/openai/gym

* https://openai.com/blog/universe/
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https://openai.com/blog/universe/
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o K-1EEEEY] (K-Armed Bandit)
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« BUHEIVEIGIEERY: IXRR-FFBSIZ (Exploration-Exploitation dilemma)
o

R ZR(Exploration) : ST ARAIEEBBWLS (REEALEHIA/N)
A A (Exploitation) : R HBIRILEVIES
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FNZE57E (Naive Exploration)

o AWIRBSIRFE e-greedy

A1, (Optimistic Initialization)

HEF-ANAEMREE  (Uncertainty Measurement)
. 2R AEREENEERE, BRSO

ISR ULEC (Probability Matching)
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P[St41[St] = P[St4+1151, -, St

O S/ROJFKRFKIFE (Markov Decision Process, MDP)
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« MDPEYTNSMR] NAAT :

o MIRTSxTHE, BEERE N ENEa, € A, BAUNETIEHIR (v, ao)
« MDPHEHEEREEI T — NRAS S~y
SONTIE BT

ag,R(xo,a0) aq,R(xq,a4) a,,R(x2,a;)
X0 > X1 > X2 > X3

- BEEANRORN

R(xg, ag) + YR(x1,a1) + ¥?R(xy, a) + -

BEAIZ Y (model-based learning) :
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E[R(So) + YR(s1) + ¥*R(s2) + -]

* v € [0,1]@RKEmMBITHR S, (BRFAIRRKRMBLLEREEINEES
SURIENEZ 7]
- MUERINAI, SKREVSILLEARBISIESIME

O B —MEREEES 1(s):S - 4, BITDRTS s TREGEE a = n(s)

O SRS X HMEREL : IRTEREADIRTS B R
V7(s) = E[R(so) + YR(s1) + ¥*R(sz) + -+ |sg = s]

Q(s,a) = E[R(sq) + YR(s1) + y*R(sp) + -+ |sg = 5,09 = a]
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V(s) = I‘IléiX V™(s)
. SHENERHEBelmanZR
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s'es e P
i BellmanZT

© RILRE

m*(s) = arg max 2 P, (s")V*(sh
a€A

s'es

» FRMREOICHDIN: RREEZENNE N SRISRIMLEIEE




V() = R(S)+¥ ) Ponisy (SIV(s")
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o BRATKHBHS ) (Model-free Reinforcement Learning)
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SR\ 1,5 ] (Model-free RL)

-« EMSKORD, BERERRINGEIRTSEEASAIRBRE

« BIW0, FAUXEEMREEDHER (episodes)

foisode 1. <D0 @ 4 m % @  m
pisode 1: SO R(SO)(l) 1 R(Sl)(l) 2 R(sz)(1))53 '"ST
- @ % @ % @ % @ @
Episode 2: 55 —— 5, —— —— 5" .Sy

R(so)@ 1 R(s))@ 2 R(sp)@ "3

« BRATLXKBRUSIEBMNERPSIE (value) FOREZ (policy) , MILH
ML /RORRRIZET (MDP)

- RBEDRER: (1) OHERE;  (2) (TR




SRR 1,5 > (Model-free RL)
. EERRKEASID, ERSEEETISIIINERE

V() = EIR(s0) + YR(sy) + Y*R(s,) + - Is = 5,7]
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EplSOde 1: So m 1 m 2 m 3
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: . (2) 2 %4 (2) (2) (2)
Episode 2: s, R—>(SO)(2) 1 R—>(Sl)(2) S, R—>(S R
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#points in circle

Circle Surface = Square SurfaceX —
#points in total
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Evaluation

298408 20 @S Rl 47X48748

Win Rate(s) =

#win simulation cases started from s

#simulation cases started from s in total
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« PMERIGUTNRITRBIENIIE V(s) = S(s)/N(s)
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o XNFEDIRSS: FOXVRZ BT ZENG,

N(St) « N(Sp) +1

V(S) « V(S) + —= (G — V(St))

1
N(St) (6

X IRRERNDA (B), INREBNEARELZN) , BINTYLERRE—1
MERBVIIE (B, AERIAZRIBNAER)

V(S) « V(S + “(Gt — V(St))
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Ge = Rey1 +YRev2 ¥ V*Reps + - = Repq + YV (Se41)
V(S:) « V(S) + “(Rt+1 + YV (S¢s1) — V(St))

f 1

MAE  XIARKEVBEN

NPBEDDEEEMNERARERPHTSY
NPEDSEHIBRIFUNEE BTG ITR21TRD (FFESKE)
Riy1 + vV (St41)
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« MAEMLZREBY: BTtV (Sy)

V(S:) <« V(S + “(Gt - V(St))

V(Se) < V(Se) + a(Rps1 + ¥V (Ses1) —V(Sp))

» BTVRE, WEHRGITE)?

m(s) = argmax 2 Psa (s"V (s")
s’'es T

H2NEINEER

» BT QREUWONAREG T ?

n(s) = arg max Q(s,a)
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Q-Learning

Q(spyar) <« Q(spap) +a(reyr +vy H}f}X Q(st41,a") — Q(sp ar))
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{&2{H%S2>)(Imitation Learning)
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BTSSP, RITGENRTSNMEDRORE R TESE
RIS MAEERIEHOVTTHIETE P LR R R

R, 52>] (inverse reinforcement learning)
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Al = Deep Learning + Reinforcement Learning

Deep Reinforcement Learning

David Silver
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* 20125 AlexNetfEImageNet Lt R P KIBE NI FIREBE

« 2013F12H, E—ARERHTSIIEHEENIPS 2013 Reinforcement
Learning Workshop

Playing Atari with Deep Reinforcement Learning

Volodymyr Mnih  Koray Kavukcuoglu David Silver Alex Graves Ioannis Antonoglou
Daan Wierstra Martin Riedmiller
DeepMind Technologies

{vlad, koray,david,alex.graves, ioannis,daan,martin.riedmiller} @ deepmind.com
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Volodymyr Mnih, Koray Kavukcuoglu, David Silver et al. Playing Atari with Deep Reinforcement Learning. NIPS 2013 workshop.
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deep reinforcement learning: (Worldwide)
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