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Policy GradientfEALREMFIIEEC, FARKHEAIN, BTRAFINKERS, RIKGFSEZLEXELR, FRLUMKECHS, REY
EEFR—ER—AIFSERIMR. UCLAIDavid SilverfiIBRE&MF I WL —E TR (AphaGoBEHRR) , fRIREREM Lt X3
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Markov Decision Process (MDP)

AERERICH ST, Markov Decision Processes (MDP) 12T —MNIFZMIERY, ZIERE MAITESES N, SFR THRREFIEFIRVIRT
T TRE TR, BUEINFRIEEREEMDPZ ER,

A Markov Decision Process is a tuple (S, A.P.R.~)
m S is a finite set of states
m 4 is a finite set of actions
m P is a state transition probability matrix,
Pii=PlSt+1 =5 | S5t =5.A: = 3]
m R is a reward function, R = E[Re+1 | 5t = 5. Ar = 3]
m 7 is a discount factor v € [0. 1].
MDPHITE X
BT7XENENX, BA5|ERHpolicyfIrewardAEE::

policyfENX
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Definition
A policy w is a distribution over actions given states,

m(als) =P[A;=a| S; = s]

rewardfYEN.

Definition

The return G; is the total discounted reward from time-step t.

Gy = Rey1 + 7Kg + ... = Z ’.-kﬁpnl
k=0

Value function

Value functionth EMDPH— N EEEEANLS, 2N E MRS RITTErewardBfEE(E, BERZSWFEERIENR, value function—fg
BRFEN A,

—7¥ihNlstate-value function:

Definition

The state-value function vz(s) of an MDP is the expected return
starting from state s, and then following policy =

Ve(s) = Ex [Ge | St = 9]

S—laction-value function, SEILHIGHBIRENBIENMEANNEEZH:

Definition

The action-value function q.(s. a) is the expected return
starting from state s, taking action a, and then following policy =

Gr(5.3) = Ex [Gt | 5 = 5, A¢ = 3]

wEy LB, mEmsTumass:  Vr(S) = Z m(als)qx(s, a)
as A

Gr(s,3) = RE+7 ) Pliva(s)
s'eS

B, WNR{FAMNErewardfIE X
f

GI — F‘fr+1 +9R $2 F e = Z'Ier—i—k—i—l
k=0

SRIIXFFfvalue function ESLERATLAS AR |

Vz(s) = En [Rt—l—l + YWr(Se41) | St = 5]

Gr(5.3) = Ex [Re<1 + 7Gx (St+1, At41) | S¢ =5, Ac = 3]
XN #FRABellman Equation, iBvalue function% %5k 7 immediate rewardfl|_-[F4EIX7SAdiscounted value,
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sBUFEIN—RKEE ZZEEE{bpolicy, MPolicy GradientHfi,@ E-RYBEEIAE,
BEHEEMC— FpolicylBrRE. —RRME, policylBirREFEE=FF=:

« 7fepisodicifiE (BERILIAES, MEBIILIERERLITIIERRA— Nepisode, RFuEBIT—kitbiEHlepisodei#{T53)) th, EEMBIAIRSH
sitERYvalue:

S1(8) = V™ (s1) = Eqnp [w1]

 TEcontinuing®iiE (EBLELILRE, E— 1 LRINTRE) 1, @=valueld(E:

Y8 m
JavV(H) = E d 8(5) V Q(S)
S
o REEANAES, R¥&iFimmediate reward, E2HI2EMHZIE9FE I reward:
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Jar(0) = " d™(s) > ma(s.a)R2
5 d

LAERY

d™(s) RIERSHEES T, SpolicyGX, FrEREstationary distribution of Markov chain, BERZX/MEZESHASMEEMDPRIBIEJEH
mEN. EAX=FIEREHEAARRE, ERESTEIBERENEE—HH.

Xt B ECkiEES AR MREERtrick, AYlikelihood ratios:

Vomy(s, a)
mo(s, a)
= my(s. a) Vg log my(s. a)

Vome(s, a) = my(s, a)

X BT R SR T L RTpolicy REE, THX MELAEREA T AN
(s, a)

N, EFEsuEHipEm, —MNERNGIFEEEEETNER
MIZIAimmediate reward, iCA

BEHIMDP, TEHUT T —MTERALZEMELE, FriSirewardfiETiX

r=M:;
BirREFSRA LRSS =fa0

J(6) = Exr, [r]

— Z d(S) Z WH(S. H)Rs.a

seS ac A

FiFlikelihood ratiosiESHIBER :

VeJ(#) = Z d(s) Z me(s.a)Vglog mp(s. a)Rs ;
sES acA
= E., [V log ms(s. a)r]
B/ YPolicy Gradient TheoremfVIEICFKEE, FTiCXKA LIAHTEIRRE, EZLHMDPT, #45:

VHJ(H) - E'TE_J [v” ng :”{5‘ ‘5') QT”(S‘ a)]

FESCRRAYEAL R, EFstochastic gradient ascent®%, X
Q™ (s. ar)

HITTmEEE, 128
Vi

, BICATLGEHRRINKle, SEEHIATNA:

0 < 60+ aVylog mg(st. ar)ve

E&:. BERER

5E4%: https://www.jianshu.com/p/af668c5d783d (https://www.jianshu.com/p/af668c5d783d)
IR BB

BRE MBS, (HUE R EREERBIR R FE IR EENFH TR LA,
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