HEIERIALE (R BETISER Supervised Lear Ning, ;R B+ AARRE BMHSER IR B AR E FRELE
HNERRARIIEAEN a LH

Version 0

S — PR BH (EEHLR AR, BRX MESLZ B1#HAY Sample Code BYRRAS BB
IEHRRORR AR E AR

BEHIIERZENE—)I4ER EFEUIE s IR a By Pair
BAWEEXA s IR a B Pair I?
{REBEFE— Actor, XA Actor EERINZME SN, AT LAKEEE! s iR a B9 Pair

ABIXAN Actor RUBESRAIVE (RATRETISRE R HA ISR B iR AR E R 14— Actor 1B BBRILRR

{RFHBIXA Actor SBRHLE— 1 BEHEY Actor i 7 BIER— EME—MEHNARI BBER s1. 25
EHRTRYTAMEEL T/ BRI SMEMTN EERNSFLEEEE— s FUTHHUTN a BEENCR FR I
AREERAEIX MIUEERIRNE AR RS RIE Actor IRIMEM— Episode BER{Z Episode, SAISHA
FHRATLAKEE R RSB RIE L LEAlRAERNEL Sample Codef2iH, AJRERZ T 5 1 Episode AR EEE!

BIERIER
51 a, S5 Training Data
: . } —
4 + i {s2,a2} | A,
Sl al SZ az {33’ a3} A3
{SNraN AN
many episodes

FrLARA TR EWER, FE— Actor BIRMBEERIAIRN, BBIBIXA Actor, EIEE— Observation #11T
B Action ERCR K A T ENTHEIFNE—1 Action, EEIEERIFEERRF TN =LA B 17
ALAEEA NN RIS, 3801431 TRY Actor

ABEATHNTE FeINIA B B ISF A XR— PR KHNMES— Step Fel IR AFERAIAY Actor £%
BER—MTH IR ERATHN SN2 RIRER— Step s1.FAWAITT al 2A/5158 Reward rl

e 3B Reward WNERUNRZIERY, BPEIFHATIX Action 24FAY
o FAPANSR Reward EHAYIPBIFHATRIXA Action 2AREFHY

BRERA TFAEIX A Reward 71 72,242 a, A1 G2 r1,A2 Hi2 r2,A3 B2 73, AN B2 r N IhXEERTF
{RFEUF machine 158, ANERFEA JHRITTRH— Action,al FB5ZIAY Reward ZIERY, BPXFE—MFHY
Action fRLAGEE s1 IEHIT a1 MRS K 52 #1417 a2,155) Reward 2R, 5T a2 BAIFH
a2 AREMLULUSEER s2 BORHE FEAEHIT a2
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Training Data
4 aYa N
m et (A =
{52: a2} Az =T

{533 (13} A3 = T3

ﬁﬂf

BRIXAN BBIX A Version 0, EHAR—MFARRE, AT ACAE—NFHINRAT, RARBEX— N AR
£ al g rl,A21&H r2, XNFERALRE Network, ER—MEWIEFIRY Actor, EFLE— 1N RIES

—HIERAY Actor, EREIRBKIEMRIAS
S1 a, S2
Version O m \ m
' '
S1 aq S92 as

------

* An action affects the subsequent observations and thus
subsequent rewards.

L{SN: aNy LAN = ?"NJ

many episodes

Short-sighted Version! «

* Reward delay: Actor has to sacrifice immediate reward to
gain more long-term reward.

* In space invader, only “fire” yields positive reward, so vision
0 will learn an actor that always “fire”.

o HAIERE—MTHELHMSME R FRIAR BRiRiR Actor 7£ s1 YT al 158 711X
MHAREINEEEA al I TBANZTRSEE 52,52 SRMEPRTRSHUT a2, thZIaz)
ETREFE 72, LA ol B2RE] BAISAREE r2 iAS—MTAAREMZ, §—MT
ARMFINERE TREENSIE,

o MEFRISKERMZMEFNIIHE B— R Reward Delay, 28R RFEZHEERIAY
Flas, LASEVEISIZRY BT 0 5RE TEIHAYRHR AIRIFE BRI \ SRR R A&, X METTE
IFP B AR LB C— R F LB SRR TREFLUGS &R MR 7 EEH

BRANERZEEIX N, Space Invaders RUHFAEHE (R sE B E S A Aea— MHTIE REHET 2B
B MAGBMXHERER FEE Reward 9, EABNXHHIBEEIR Reward 2F, RE5Y
T 2155 Reward (BRHANMEREGHNEARAEEN KIS EELABNHITINE APE(IN
A 2B MR FrABMZER 1S S 24— Ir IR Reward, fiHREE<FEAY Reward

J Fﬁu/\ﬂﬁ ZFA 1A Version 0, 2 KR4S K Machine REZFKENALEREAG, ©5289 Reward
2 O WNEREHEETFFK, E‘?%EJEI’J Reward #i&, REFFXAIEHR ©52IAY Reward A2 R1ER, A4
%IEE’\J,ﬁBiZﬁE Machine Si&Z 3], ERERIPEF XA B EARBFKXGEFSEE
Reward HETHEBASEE Reward FTLAR BT AEBRABERIN, REFF KX A= 2SR RAY, 38



A Version 0 i RESZEKIEFFXME, BB Version 0 2EIHEVSEHIFER BBXR N AR BRI LT
1 BBR R ENER AL KF e FBBECe s+ 2 Z ALLE Version 0 BEN BAFE N 4IX
A Version 0, & RAR INERIRE STE Implement rl B9RHE (RASBIB BICHEIR (RSB BE
© Implement AIRHER FEESER Version 0{B25EI—MEENER

FTLARE TRE AT, BeA IFHAIETUEE rl B9, HIESRE Policy Gradient 2 EAMAY FTLIBAIEES

Version 1

Version 1

£ Version 1 #H,al EBSHF ARERRT rLMENRT al ZIEIBRENSERE KIISE ol 4T
58 al LIS Fra182IRY Reward,rl 2 r3 2l r N BEEGENR, EEINEX EEI— P EUEME G128/
AW al HFET G1.EAMNEXD G1RIBEFE— Action FAFAIIRE

Training Data

S1 52 S3 SN {s1,.a1} A =64

(@) o an (swaz} A, =G,
|7'1 r2 r3 N {s3,az} Az = G;

Gl =T1-|—T'2 +'r3 o T +TN {SN,(IN} AN:GN

N
GS—?"3+ ...... +TN Gt=zrn
cumulated reward n=t

NIZ RERZE rl1 RKiHhS WEARR Z G KT BRZE TRIMARER r BEINER ZFKiTE al RIIFE,
EFAIH1T5E al LR R EXA—IEREE BIX A—E RS BINEE, Ira AT LA o1, 2K
BAE—IFY Action

FRALALLSEHE a2 ©E SR BT a2 LUS Frgfd rr2 2 » N, BEINRERER G2 8GR a3 B
B2, #MIBHIT5E a3 LIS FraRl r BIEINER 552 G3, FrliBIX LR raimEaEr Nk, siitas X
XA G, NUf5 Cumulated Reward, IHfZRFRRY Reward 3BARKATERY Reward AR, KiFH—
Action BISFIR BRI AT R SIEL 7

Gt 224 MEMN t X MEHEAFR IS rt —BEMNE r NV, £3B&Ke2E Cumulated BY Reward
Gt BB=FA IR, Cumulated 9 Reward LA/ FA IR AT LABRIR Version 0 1IBZIAIEIRE E {ReTsEm G50
AT 12 RIF K BB T HIMEN BRXEFMAXAFEE, B8 Accumulate Reward, EFAMRA
XEEIEREIEA Reward [Rig al 2M4A,58 r1 AJgER 0B MRAgec R AX A S S aHE
T SEEITRIINEA BB Cumulated A9 Reward SLEIER BPEA IR SX0E N AL A HE—MNFH
Action,iIX M2 Version 1

{BE(R(FMIE—IES AT Version 1 {F&thHE a8

[BRIXAFEAESIR (RE r NV AT ol IHERKXSEIE SESFAHFN al XMTHRRHR ZIRE
FWAYE rLETREMNE r2 Z TREME r3 BRI MNIFEIFRIFEIANE BB IR E B
al SEFAITLIEE] r N XN AT sEMERNZARMRE, tBIFEE] rN RITHSS, ARGZIATHT aliF FLAEATD:
e

Version 2
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BEZMRARI Cumulated B9 Reward, B IXiBF G|, 3% Cumulated B9 Reward 3F IXMNERAISTE
r BUiE,3’— Discount Y Factor

Training Data

51 S2 53 SN {sva1} A, =G

[a |f12| | as S Y {s2,a2} A, = G5
| T 2 T3 N {sz,a3} A; = G3

Also the credit of a; ?

Gi=r+rp+r+... {sn.an}  Ay=Gy
G{ =1 +yn +y2T3+ """ .
Discount factor ¥ < 1 ‘ n—ty "

XA Discount B3 Factor v, tB&i&—MINF 1 BYE BRI Lbaist 0.9 8 0.99 Z 289, ATLAX A G'1
BT G1 BHARRER,G1 271 1A r2 10 r3 30 G'1 e, 2 r1 1A yr2 Iy F75 r3 FEEEFEIXA
Action iz, FAi] v SF TS FrLA r2 BB al —2, B3R v.r3 BEES al FZ5 Fi3k v 75 ABXFE—
BINE »N B9RHErN 3 G S LIFERBEMAT EAR Y RTIEEEESRT Yy 2— VN 1 HE
PEARIZ 0.9,0.9 AILLANIE 10 )X75 BBELSCBR/NT

FRLMRSKIXAN TG G LAIBE al LHERIERYARLE Reward, {8 BELEKRIINE, BRI IRITHIERLL
Reward A E A/ INGIREE FRLAREIER — N9 A XN A IXANEA, XA Action FRARRSXAN A,
BT G'1 KRR BBefIR FAI LB RIXMET X G't HiZ Summention over,n EF t E| N,
REFANE rN 'L v 89 n-t JR75, FrLABEA JIE $RENAY Action BUmAIBBLE Reward, BHY v Fi# R
2R EXIEAN G BIMEtH/ )\ XEEZ MEE R RERE R EEEEZ TR

Q&A

QU—AKIESE—" Episode ERRHIEEMIEHISNAIES £ Episode

Al: = PKIESAZ— Episode, — M AIESE FHAJHEX— Observation H4TiIX—* Action AIEHE,
ENMB—EER BEAE— Episode,Episode 21RZHI, 1RZRAY Observation, EREZIRA Action &
ek, 42— Episode

Q2: G FAFEMITENZSAITNF

A2: IXNEIKEE T, A4, E 91X N#i 2 Version 3

Q3: RIS RN A9 E0D, BRI ERFRAI D Eiatii >

A3: X i%iE B AXMRITRIBRER 2 BRI RREBZ oS ARXMESE—1 IR

RYIBIR ERAEAEE LR B AIBRLE A RS T SRAVSINB LR K, EIERR AV R IR ASPE AT AR T AR

EIREHI A BRI RFNDERAAK, FTLALLIR FRAYABLE Observation, B IZHEREA IR sER R RIER

BRI GXF A BEARE BREMARRITTIE MNRIREELLRRIIEME Action LK AR5sE R LA
XA A BIE X, FSLEARRRY rl B9757% HSLREE A L FXEBFRIEX A #9734

Q4: BRNPAFES FAEEHZ KA, F R EEIX T R B ERT B
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A4 RN XA VIMEH I L7572 R RREREIB AR, XS E B 0 ER T /e, HLSCth
ZBALIRY,EARE RIRSKRAE rN SR HEBEHE 0 PR EMHAE BERER, SRIA IR
—iEERY Action RERRBR 7, X—HRY Action EBREFRY, MR T i X—&EHRY Action, BEHEER
YFEY, MIRATRES TEASIX N, B Train Network REiZ2fRME Train BSCARME Train (BE2HIKFA &R
AYABMRASHY AlphaGo, B2iXHE Train BY /RH#ET, EMEXEHHRY, EEEHE REIXEFEFIIRA SREE
—LHBRI5E LR Value Network 35 BRIX P E— MBS HE ABERFAY AlphaGo, EREREUXFF
BURARFRM S, ERINE REUX IR, B EFGERMN ETMEANRES Reward 2 H—E%
IRBBESE AlphaGo, FILAZFTERNRZE S Reward BMREE — MNMINELHULIRE FMRT EERE

Reward BRAEIRBINEES IS HHETRREEIZPH Reward I, A BBXMEZERINRAER 25
R B B RIEI B HEIAB—R, 45 BRF( I3 TR Version 3,

Version 3

Version 3 B2 {&NIZ B8, BEAREIRECTE?

2 RN EAEERIR SF IR RN, B AR B ERIHI0E RIZFTE, RIR S REX N AR E AR
BIRRB— MTHRIRHR REDHIRZ 10 2 BHMRESLEE! 10 509 Reward iRABERER #liF iR
SKIFBRFEER—TTRIGE 60 70 XM SEFEALT BRI IR B ARIE
RABPEEFIABRIZ OO INRBIAGR 40 5 RREIRES AMRREE MNRFIAERZE 80 5472
EHRED BBRARIBE FTLA Reward IXANRFGEMENIHY

Training Data

SN {sna} A, =G| —b

S1 Sz s
[a_ e an {SZraZ} AZ = Gé _b
[_7‘1 2 3 N ] {s3,a3} A; = Gé —b

Good or bad reward is “relative”

3
3

If all the r;, = 10 {snvan} Ay=Gy—b

7 = 10 is negative ...

Minus by a baseline b ekl Gr —

I
[]=
<
S
&
3

Make G, have positive and negative values n=t

FTLAANERFA IR B RLERIIE G BHSK (RATRERIBEI—MARE RIRIX NI ARE, Al e KITER 2 E EIIERT
DB MINBEHNENDE RREXRENIARE BRXE G EHkEEHRSRIENBLTH
HLEAFHYERR HASEERAY Model KEREUXEATH

FTLAB AT Fel R — TN BRRIASTH— N R EIRRY T ER 2 IEFER G' #BRkiE—1 b,iX1 b
XYM FE rl BOSCER EIEE U Baseline ARX MR IFILAY Baseline A& (BRRIEE rl A9
ik L U Baseline 33T BAWERTERY G' #imE—" b, BirsiEil G BIEER RIS G' ik
ERERASNIER G iLERRK

ERXOSE—NIEHNZE BEBAHHIEXS Baseline g VEARE—MIFAI Baseline iL G'H
IER RN ARX N AR FRARAEEE = BEE) (B BRI LR ISSHEIX TS

Q: EENLESFHY, Heuristic Function
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A: X BB FLERIRE FEEAIHE RIS KIRAY Reward JEFEHE Sparse, IMREJsESTE—MF

A9, Heuristic Function d1ER{FEET I RIEIRRY BB INRIEAYERRS Paper LEMEIX/M2S FEHEITIEA
X2 HSLEREMEE FITIR AR T BN IURE, R IEHMAZEZS Heuristic B9 Function, EAER
BETELFRAIE, A 50E 4152 Reward, HEISEESZHINREES1EE] Reward, iF

Policy Gradient

BT RMSLIREIFRIL, Policy Gradient /B AZRFRYAMRAT LUFARIE— T EIEAIRET IR A
#ERFRY

* Initialize actor network parameters 9°

* For training iterationi =1to T

Using actor 0'~1 to interact

Obtain data {s{, a1}, {s;,a,}, ..., {sy, an}
Compute A4, 45, ..., Ay

Compute loss L

« 9t < 971 — VL

B TRARENIRRY Training Iteration fRIZ{RER T 4 Training Iteration,iF BMRBE(/RANX N IIE
F M Actor, —FHARXA 6°

—THERE B 4B SREAVT HEZMEA (BT (RE(REY Actor KIRFMEMESN B
{FRHASEI—KHERY s IR a ARHUEEI—KMHERY s IR a HUEEEHRITIZICR PR BEIXLE s IR a AR
IRAEFATIFAN AR AL E AN SRRTESR, XL Action ZlIRRIFERREF

{RACEARHY Actor KERINRME o WIEER X LENER, 157 FRAREFI TN, BIXLE Action RIFANERAREF
1, M EIEEEXNMERI S (FREEIE CXERt S, f 2 EX NS AR E, BREEFETUX N A
MEEIRHL, Immediate Reward SMREHNEXIX—ER (RA BT REEIIFIER

RN A LR HERT

1,£ETE LB Gradient, BIESRL Learning Rate, SAFFEiIXA Gradient Z Update {9 Model, #i
0;_1 Update B 6;,

BEXINE— M AT R —AREY training fER( 2B RIJILERY Training,Data Collection #BE4E
For B3R ZHh ELAMRERA — KL AR IEX IR R Z R Training, &3k Update,Model 1RZR G5
[EEEI— MBS E AR EIX NS ECRAY Testing
* Initialize actor network parameters 6°

i i [ =11ta T
* Using actor 01 to interact
* Obtain data {sq, a1}, {s2, az}, ..., {sn, an}
* Compute A, A4,, ..., Ay

: C‘?mque loss L Data collection is in the “for
c g« 9"t — VL loop” of training iterations.
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B7£ RL EERNEXEF AR DUISREEIX—EL BARTE For fBIMEMH, RIXA For 183 (RFTHEE 400
R ABMRHUSIEE TR 400 IR BiE BRI IB— M EGMASTRET

( Training Data h ( \
{51; al} Al - § — Actor ; a

{32!':12} Az
{s3,az} Az L= Z Aye,

- 0l — 91~ — VL

{snvoan} Ay only update once
- L _J

Each time you update the model parameters, you need to
collect the whole training set again.

X RIRERIREEL FERIRER T HE— Actor, BFEE— State 1179 Action AR T RIRLGT—
M BZERH AT ZRB—MRE X NRIRE CRER(FEG F— M RE— Action 24F8k

BEHHRRISE—IX

EEEBAHS R FREEH—XmE, —EEHR—RASHIUR ETRIFMEERXRINESH 7 5
—IREHNE AR EEFER R, ZREEHT T RS FTLAXFE 4 RLEEERIENIEIFRER
AiE)

KRR FHX A SRIB BAARTE For lBMMEMERAYREIX Update e RSHUAE RIVRHIEEFTBIE
—IR B Update 244 74/ Update Se—RLASE, NEBEHKERHL ARIRSEE Update 400 )X 3B
IRERIFENEE 400 X ABX NI BAIFFEHITERTE) BBRIE TR BB AT AR

B 28I R EEIS—EZHRL FiZR Update E8! Update 400 ;X ALK TR, BT A TR Update
SHRAAMEBISHPIRF, Update Network SEILAE, SAEEFRBYE SRR

ABEA BRXIA— ML AL IR (FADE— T AR R, THER B IM—1 ARISEH

* Initialize actor network parameters 6°

* Fg aining iteratia
* Using acto m to interact
* Obtain data {sy, a4}, {s5, a5}, ..., {sn, an}
* Compute A4, A, ..., Ay

* Compute loss L
<——?7VL

May not be good for 8¢

i—1

Experience of @

0One man's meat is another man's poison.

IXECERELEH 0,1 FREHMIXE 0,1 IRIMEEIER XNE 0,1 R, XEZ G nI 2 KE
#1 0,1, 5JLAZ3E Update 6;_1 IS (BEA—TEIESEX Update 6; B98#L



BEERAIE—NEFRIGIF X7k BHERAYSE )/ \ & AR BT HRIE, Bz A R R R AEERAY
BB TIE

XA AR A N AEEECH F—2 X5 EENDE CXNDE SRR 4,
BHWRBIFEMIHE (BXOEHE—T MEEF RSN DL K RBF USRS,
% B FRHLUE EAMIRX NHERE MNSE K MEE FASE K ABRMYSRATAETAES
KR KIS NDE CAGE

- BB

s hEMNNE

B w

=
-

2t 2 8 He e

—
=
=

o T e
REmE-BTN

XY, BANDE SRR B ST, BERAB Z HiE BRASLE R NERUREL BEME
RIRIEEIRANE MNIZEF I TADLE B 2 G Rse LG MERIZE FASE 8 FrLMRAD
BERFERFA—MTN R NNDE RIX S AR REHERIE iR, B e A —HRI. 33T
BRESRIFTYESRIR, NS E CEXMHY, EAMMELERAE 7 HiE (B3 T LT Se AR MiZE FADE
TREEERYF, NS E KR MR R A FRY

FrLARI—4* Action FE—MTA,33F AR Actor IS, BRIIFEA—HERY




* Initialize actor network parameters 9°

* For training iterationi = 1to T
* Using actor 01 to interact
* Obtain data {s;, a}, {s,,a,}, ..., {sy, an}
* Compute A4, 4,, ..., Ay

May not observe by &%

* Compute loss L A
j —1 : )
* 00 - nvL ( S s> S3 : SN
Trajectory of a, a, as weans  dp
ei—l
n T2 T3 Y
\. /

FRLAS KBRS 0,1 WE T —HRVEELIXNE 0,1 B9 Trajectory,iIXEE R RBEZ )45 0, 1,4
FEEEXLLT R4 0,;, I AT e X LRk 145 0, B

AARIE RZHAEEM 0,1 IR 0, EN117E s1 BN ol F7 BZFEIT s2 LG Sl I seiRaaT
HRA—HT FRLUBRIRRT 6,85 XK 0, E2E 0,1 BIXA Trajectory, 3B 0,1 SHATAIXA
Trajectory,iR 0; ESIKEEVTIRAA—E FTLMREE 0,1 EF TRSEEIN Reward SEiF(E 0; 3%
Tk£E83H Reward, ESLEARASIER

FrLAan R B RIZINIA EERAAR M T EHEERRIZXA al MET/NSE K IR T2 ARIRIAYE X 2—
MNEIEEL BTSRRI, BT AR — N aENEEL

FTLAS REA MR 1 R0 I186REY Actor RIRHR (R T RZUNEREHIRIBEA™ Actor, EIR#IIZRAY
BB4 Actor, RIFFRER—4 AB=REY Actor BHILAG (FAERIFEEMZIIEEH X294 RLE
IFEERERIRE

On-policy v.s. Off-policy

R B A1 15, XN 1589 Actor ERESSRERIMEE Y Actor, RIFEE— HFA I Actor IRE
Y Actor ZE—MIRIR, XFRAL{E On-policy Learning ABEA NI 7558AYAB, Policy Gradient AYEE
A Algorithm, B2 On-policy BY Learning BMEZIFB B —F{R5 AL, Off-policy Learning,

* The actor to train and the actor for interacting is
the same. = On-policy

* Can the actor to train and the actor for interacting
be different? — Off-policy

4 N
5q 5o 53 SN
TrajE::tﬂr\;_ of a, as Az eeeees Ay - To train 8¢
9!—1
T'l Tz r:'-_t TN
\_ J

In this way, we do not have to collection data after each update.

Off-policy B9 Learning BAi1S KA, Off-policy BY Learning HBfFaEMSMEIRISEIE 2, Fli J6EARE
EIEEIERAIBBA Actor, FARIRIFZEERIAIARA Actor, 2R FFHRIFA Actor Ig, FAi1E3)I145A9 Actor, 88
FEEERIEE S Actor IRIMEEFINELR SR TEI R
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Off-policy B—MFE EMZ NAYFHLE (R ABA—EWESH T K45 Reinforcement Learning, —
RRAMSME BREH RS BERE—RERL FEMHNSCHERER 400 )XS84,400 X5
IR TFARZAD Train A9 Network,iRB1RE (BRI JEUIEE 400 )RR R ELEMBR R 7 ABNREK
AT —REE L 7 Update SEURZIR IXFAEIRIFID FLL Off-policy EBEAERINE

Off-policy — Proximal Policy Optimization(PPO)

182 Off-policy BEAMIE B BXBHAHH B— M AFFHZEERT Off-policy BI757E, AU Proximal
Policy Optimization 485 & PPO ABXMESRERERI— 515 EERE— N ERAYIE RHERRY
ik

Off-policy RIERHME (FEVIZRRIBEA Network, EXIEER CIRAIA ZHRYELE, EERTIRNAIER, ©
IRMEERIRIERA Actor BR—HER IBET AT FA IR BRI B LIRAIRFIES IR
RET7 S TAKUMREHBRNE BB CSEHAR PPO

* The actor to train has to

know its difference from R — T
the actor to interact. el
{5 S B

video: —-F R - PR

https://youtu.be/OAKAZhFmYol

Not apply to
everyone

the actor to train
https://disp.cc/b/115-bLHe

ABANREZALUMANE TG RIFE DR ERFAN MEKEMS EAE— M ZE RE=EHFENM S
RIS, IS BAS(RE AR Actor To Interact LR R EZSERIAR Actor fiifb REXR SR, M
FRBRMI (BRRERE R (R R RN ESDERA—H ANINESF ARIZE (RIREMENLER
—HERY, AT LA R ER R N AT LABRER BB AR (R A —ERETSEREL ARAT BERH T — M0 BRIX P2 Off-policy
HIRSHR

{RAY Actor To Train, ZEXiE& Actor To Interact EREREA—HEAY,ATLA Actor To Interact 7SBHIBRLLRLE,
BLEOTLIRMN, BLA—ET LR, ET AT EAM AT EN DIRRT BEXL LA AFRSE

the actor to interact

Collection Training Data: Exploration

BB B —MREZAIELE, IU Exploration,Exploration 88924, EAINIZA BT FAISK
19, FAISKAIXA Actor, BTEIRBUITHRIAHER, B 2B —LEhEN 4R

MIXABETE ESCFRE M E R RS AHRFREN AL, (RS Train Ak, AR, 22— BB+,
RIZIR—FTIRFIIARY Actor, BEKIEBR S MAREH, ENKEASHBEEF X NREMKIEE BT KX
MTAARHKIEAFEFF XSS FRRIFIERAT B SKE— Actor, KIHEMF NXHEE
F| Reward fRABINEFIHLIX MTRTFHALT BRIRE—L Action N\IEEHHITIE, BMRIR AR TTMAED
1B,1X Action I IF
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https://disp.cc/b/115-bLHe
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51 aq So

\ ) Enlarge output
" entropy
+ ' _
51 a, S5 a, ».. Add noises onto

parameters

Reward Reward

Suppose your actor
always takes “left”.

The actor needs to have randomness during We never know
data collection. what would happen
A major reason why we sample actions. © if taking “fire”.
FRLMRSRIENIGRIE 2 XN EXIRRBHEFRIXA Actor, ERSRIFENIHEIFEEER (RELS
HARRR IR E ARUIX A Actor, ERIREHVIERTLAK — =, IXHFFAT ) A BB GRS LU IR Z 1) LU F B RIS
FL A RSB —LERR, BRI Reward 2MEAKIE BB T ELLXAN Actor RIBEHIE R —< BEEIRE
Training A9BHE (REZIEIIKERIBEN L

Ebanist Actor BY Output, /<~2— Distribution 13,5 ASZIENNA, BB Distribution B9 Entropy, BBt E
g a0RHE, LUIRE 2 Sample EIBBLATI VAT A HE BB ASEREEIX Actor, ERYARMNSEL
M0 Noise, B$E1E Actor 28110 Noise it EF—/KIFEETHEA—E 1T BBXN 2
Exploration, BB Exploration L2 RL Training ANIIFEH, —MEREEZERIRIS MRIFE) IS EF,
{Ri&ALL Network REFIXARM Action ARRBEHEERE Train AHIFHILER

BBERAIRE— T HLXA™ PPO X/ J57%,DeepMind iR Open Al EZBERIHEH T PPO AYARIE

HBFEAI1SRE— T, DeepMind g9 PPO A9 Demo BIEZ Fhttps://youtu.be/gn4nRCCOTWQ, BEERKEIXFE
FHY, 47 BRIXNE DeepMind B9 PPO, BRFLERILARE PPO iX1NF53% FBiXA™ Reinforcement Learning A9
3%, 2% Learnft4 SR ELAINZE ASLATZRINEE A —LEahfE Lamin Bk s 2tk 5 2Ed E
o=

HBIE N 3R2E OpenAl B9 PPOhttps://blog.openai.com/openai-baselines-ppo/, BiX N F g BNIZA B
NEL BRI RS AIRE RN EE 7 XN R ERUE ENSF2I00R F FE T — TRIES
F3 BEX] TREE BIFE SRR B—BEBRHLT BB MIERYEKE Baseline, X4 Baseline —4*
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