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Introduction to Policy Gradient
From Policy Gradient Theorem to Actor—Critic Methods
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- Deep Reinforcement Learning

What is Reinforcement Learning?
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Reinforcement Learning with Tabular Method
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- Deep Reinforcement Learning
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- Deep Reinforcement Learning

Reinforcement Learning with Tabular Method
< HIO|Z 7|2 Zefetso| T

. 0E MEHO| 47} DI AVILL D30 Thke HS HAKoR BE JiX|S

o] ofeis

. 190

g MEH| 27t BH IALE R3t0f 7S A

o
2o
F HMNoR IS MElE ¢

dE=0t7] Olels

State 1

HORLD TIME
1=-2 & 54

State 1758135

HORLD TIME
1= 354

Pixel R 7H2| XtO|C{2te MZ CHE HEI2 7|5

**Game: Atari Super Mario Bros

State State-Value
0 2
1 30
1758135 30
1758136 29

6 /27




- Deep Reinforcement Learning

Reinforcement Learning with Function Approximation Method

& B4 7|5 ZststE 0|
- JEi SR 2 gtE 28I X 7HKIE Sl g E ds
- HOl=2 & A7 SEHO]| Lt 7HXIE 7| =0t B, 2 28| 7HA
Hol= 7|t QE=
(X1, X2) State-Value
state 0, 0) 2 value
(3, 3) Terminal State

2 2AE 4 Qe TiRH0|EE N
e 7|8 =
state value
0, 1) 5
(1, 0) 3




- Deep Reinforcement Learning

Reinforcement Learning with Function Approximation Method
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- Deep Reinforcement Learning

What is Deep Reinforcement Learning?

?

Policy-based Learning

Actor-Critic

Value-based Learning
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- Deep Reinforcement Learning

Recap. Value-based Learning
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- Deep Reinforcement Learning

Policy-based Learning
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- Policy Gradient J(6) = Beor[RD] = ) d(©)# v, () = )" d() ) 0als,) #mo(s, @)

How to update parameters in policy function? ool

% Policy Gradient Theorem
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How to update parameters in policy function? ool

%+ Policy Gradient Theorem (Proof)
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Policy Gradient

How to update parameters in policy function?
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- Policy Gradient

How to update parameters in policy function?

%+ Policy Gradient Theorem (Proof)
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(Sutton, R. S., & Barto, A. G. (2018). Reinforcement learning: An introduction. MIT press., p.199)
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- Policy Gradient

Softmax Policy & Gaussian Policy

% Softmax Policy (discrete action)
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- Policy Gradient

Softmax Policy & Gaussian Policy

% Softmax Policy (discrete action)

oh(als, 0)

Y, oh(bls, 0)

w(als,8) =

Action Category(index)
Cart Left(0), Right(1)
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- Policy Gradient

Softmax Policy & Gaussian Policy

% Gaussian Policy (continuous action)
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- Policy Gradient

Softmax Policy & Gaussian Policy

“ Gaussian Policy (continuous action)
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- Policy Gradient

Policy-based Reinforcement Learning with MC method
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- Actor-Critic

Actor-Critic
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- Actor-Critic

Actor-Critic using State-Action Value

+»» Q Actor-Critic

* REINFORCEO| M AtESH X 2| E(6) CHal ZHet0 A et BS2| 7HK|(Q, (s, )& Tt 7He 2] 2hQuw (s 0)E A

« M)t 7HK R Q)= AIZ THE THEO[E e, w)E T3 HUBT0|H 42 o50] 22

« ZHRI 2l B0 Wk ATt RO e S-S HESHE steo| Eeko| 28 E

—1 3
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TD Target
TD Error

[=13
]
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- Actor-Critic

Actor-Critic using baseline
% Advantage Actor-Critic
» FEetAS 7HK(Q)0M e B ZHKI (V) S MARLEZN JTH QI 7HKE T
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Advantage Function
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Baseline
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b —d+a; (r + YV (s') — V¢(s)) ViV ()
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- Actor-Critic

Actor-Critic using baseline

+»+ Baseline does not introduce the bias

Erg Vo logma(s, ) * {Qn, (s, @) — B(s)}]
= [ETL'Q [‘79 log Ty (Sr Cl) * QTL’Q (S, Cl)] - ]En'g [VQ log Ty (S, Cl) * B(S)]

/

Ery [V l0g g (5, 0) * B(s)]
=) Ay my(s,0)Vploge(s, @) * B(s)
SES aceA

4 :
=Y 4y©)  mls) e =D )
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= ey Vame(s,a)  B(s)
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=Y e B * ) Veme(s,a)

acA
=) A *BE T ) melsa)
SES acA
_ Z dr, (5) * B(s) % Vy1
SES
=0 < h2tA baseline2 7|5 4f A4 AekZ O|X|X| A=
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- Actor-Critic

Actor-Critic using Temporal-Difference

«»» TD Actor-Ciritic
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TD Error
UE| YLl|O|E =4 0 <0+ a,Vglogmg(s,a) x§ S=r+yV(s') —V(s)

32|18 Ahlo|E 44 P < P+ a8V Ve (s)
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Conclusion

Conclusion
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