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2.1 Policy Gradient
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convergence. it i¥, high variance [19J5RIAHE LR A

1. trajectory HYHUREIERE, BRUAFRATHSECLRS E— S, (H2RATEFGE sample A
TEOL, FATHRE sample ARRAGFEA, IXFERYIE, FA TR SECRARMRBE AR Trig, i, —4
I samples J2 /4 LL sample [ reward 21E[, AL2 M) (bad trajectory), iXFER - FHTHT
2= iE E [ trajectory #EFREEA, MAIMERTE /N, [HREAIE sample Hi2K[) bad trajectory
i) reward 02 1E1, ABASEIN TGS 2 bad trajectory 1 good trajectory [, iX
FERLBOA Z IR 207 1o BORPEERU I L2, A0SR sample HiE[Y good trajectory ] reward
&0, B2FEE 0o i, A PR SERR BRI T sample ) reward HIFHL, 1
reward (AR RIRKHT, B4 FHU variance HEIR A .

2. VAR policy gradient ] LA H SEPR_E— AU SR T, FATER A action
state XTHIMER, SUERINEEDXIHRPER LT reward AE, (HEIA TR EALRZ
R, XFEXELAG MBI action BYEEM:.

2.2 Baseline

X T — R, WA AT LAAIE , & X high variance )5 F /& reward A center,
bad example [{] reward 1% 42 71, 1M good example N EE4 2 E. —EFAAEIRTT 28
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2.4 Reinforce Algorithm
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2.5 Actor-Critic Algorithms
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action, TMH Q ALl V FH.

AT -
Q7 (st,ar) = r (st,a) Z E., [r(se,ap) | st a
=t+1
=7 (sg,a) + Esi+1~p(sf,+1|5uat) V7T (s¢11)]
~r(sg,ar) + V™ (sp41)
BT sty a4 1 reward J2— N EME, FTLAMIHEE IR HR . 55 =455, value function
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2.5.1 Approximate Value Function

FeA 14 ] Supervised training {5 = i|%: Value Function Approximator. 4t Ity =
W EE—2E 8 {(se,9)}, SRS NIAIHY Loss 1 7ill%5o
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2.5.2 Summary

@@%?T actor-critic BEIIRAE, HA#E N T —4 discount factor {ift. (HSERN 2
Actor-Critic {4852 —> on policy [EE  (BSE KA H T LR — D3I E, AT ESE KT trajectory,
Fr LA actor-critic M2 b reinforce RS WE L Z, it —BIN (], 3815 — batch [
samples, FASFHEATILAANM ; (HU AT LR AT online BYJTVE, BORFERIEIVE, MU —k. AT FE
iK1~ sample FUAHZRENE, —2)7 52 R 21> worker SRITEE sample, jXH, worker Z [AlZ2 AR
BRI, i worker [EZE step [59A2 RHRY o

Actor-critic algorithms (with discount)

batch actor-critic algorithm:
~=) 1. sample {s;,a;} from mg(als) (run it on the robot)
. fit VJ (s) to sampled reward sums A

. evaluate A™(s;, a;) = r(s;, a;) + YVI(sy) — Vi(si)
. Ved(0) = >, Vglogmg(as|s;) A" (s;, a;)
.0 0+aVeJ(0)

= W N

[

online actor-critic algorithm:
=» 1. take action a ~ my(als), get (s,a,s’,r)
2. update Vg using target r + vV (s) A
. evaluate A™(s,a) = r(s‘a{) +7Vi(s") = Vi(s)
. VgJ(0) =~ Vglogmg(als)A™ (s, a)
.0 0+aVe(h)
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1: Actor-critic policy gradient SEjEiRHE

2.6 Deterministic Policy Gradient
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TF IR, BTN EE R IE A o .
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2.7 Target Network

55 H bR M2 AT L E% bootstrap 3 i i 2
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