REEHS

Kk

HEWSHE B J7 1% (Policy Gradient Methods) /& —JR EH 4241 % HIEE [Fl4)  (Expected Return) @i
BAE % (Gradient Descent) #EAT SIS PLAL I 927 21 T7vE o X — KT VER S | oAb AL Gi i 5 7
SYTTVE P I ) — Le PR 3, bean, A —NER R E R L, BGE BT SRR S B A A ],
PARCIR 2545 B BN e PR I S8 A (Intractability) . fEIX—F A, FRATE %3 — R P KIS
BEIETT 5. MIRFIEAN] REINFORCE JH45, A& B N4 Actor-Critic J5 1% M H /A it 5 1
WA . (SIS SRR LAl (Trust Region Policy Optimization) MR, %, EARTER)E—
W, FRATE b AT R B A T T R D ARED B — AN BAR B SE 3 1

51 &

X2 R B HRIERAE 7. A LT A ) Q H BRI IE Q-Learning J7i5AN A,
TEME A BE 775 B A S EAL RIS 7o IXFEMUT — AN AL R AN 75 BEAE B A 23 8] A SR A ¢ 1 A
KALHIARAL 8, M LGS A e B e T SR B 2 (B D 1) R SR A B2 7V 1) o — A
A 72 T LR B SR BE AT SR M AT A . d S, SRR R VR R TORE RS B RS Rk
AR —MeRUE, RIS S PR AIE2

i 44 KBS, SRS P T v B T I 51 B A AR 45 () S B AR A RE AR I SR
EX—F P, FATSAE 5.2 5 HES H SRS BE PTG AR BE . XA EE— R A/ 7 21t
A R . FRATTTE 5.3 15227 B Actor-Critic 501 1T DUA IR /N 1] # . A #R (1) 42, Actor-Critic

VENEZSIRBEE T, B Ref i EAUMAIE CRTRE NG, i e 500,  DURTREALIE SOt 17 2.
HE— R AR TR el T A R RSO o TR — L TUAE SRS B BE ) 4 JR Uk B AT — SR, (BATA
R — I T A
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5.2 REINFORCE: #1i& 3 944 &

A GAN BB THER AR . FRATSAE 5.4 WTHECEATAAEMIZ &b 72 5,577, 5.6 i, Ao
FHN A Actor-Critic I MARA . fja, FATELH BRI SR (ARSI s
JE_ETRRE— D IR SRS B TR B BE . — M i A B U VR AR R AL (Trust Region
Policy Optimization, TRPO), FRATLAE 5.7 151 5.8 Wi/ 4 e KT A, R oy S W& AR Ak B iE
(Proximal Policy Optimization, PPO), LLR7E 5.9 F7+ /2318 | Kronecker K710 (5 #1381 Actor
Critic (Actor Critic using Kronecker-factored Trust Region, ACKTR).

FEA B BB Ja—1, B 5.10 ik, FRATHAE 1 S SRR S2 B, LT 353 m] DLds
R AR R e R S AT DA AR P AR R R 33

5.2 REINFORCE: ¥]EREB&HHE

REINFORCE HE7E M 1) 255023 0] b BUW HBIE 86 B T 7208 5 4 B g g FR MR .
H—T~, mT 2.119) ATH

T

Vo (19) =Errr, ZRtV(;Zlogﬂg (Ap|Se)| =

t=0 t'=0

Zvelogm(flt |Sy) ZRt (5.1)

t'=0 =

TNTI'Q

ES1 LR XF P YR, TR RARFRARARS S, TN A, HEZBIITY A%
BT, AF i SO R Lm. FHRE, S R ATRAER Qi(A;,S;), £% i T4k
A S MR AE Ay, FEZBPHITE AT RSB Q 1. PTA, —A 3% REINFORCE #) /A & & :
B 25 TR B9 B AE BT 3t i 69 4 B ARIE C AN 69 Rt L AR T B 69 E , A REAR AR & R it
R ZH 0 NE Ao

HREAE IR T Bl oo FHR T Ry BLAF BFIRE, FRAXFIRE S LY R34
K70 BTG RRYE R B R

VJ(0) =Ermn, ZVglogmg Ay | Sp)y Z'yt YR, (5.2)
t’=0

B Hr 30 745 AR KR IR T 1 BARAIALE, A A Frdn D347 Bl Tl Al o B I 1K) 7 22K
(. SRR R, A SR 2, AT 8 S 7 ek 3 SR T2 AR A 1 ] R
% REINFORCE fil S ELA, [H'E ) — M 2 b T ORI T 22 0 T — MR
N LR, 22050 Ry KIBEHLYE AT REXT L RAREGEE. O TR AT 7 2 RRIZAN i, —
ANH T30 51— FERERR BT b(S5) . XX b(S;) HIERE: ERBERE—DMRTRE S 1
R (ECETERYIL, EARRRT A KR,

SR W3 IS5
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B 5% RBAE

A T EAERBD(S,) Za, HE5REES] HAR R B IBEE VI (0) W AR L

VIO) =Eror,

> Vologms(Ay| Sy) (Z VR — b(Stf))] : (5.3)

t’=0 t=t’
.o [Vologme(Ay| Si)b(Se)] = Eqg [b(St/)]Eg [V log 7o (Aw| Si)| Siv] } —0. (54

FRATFHRE AT LLH EGLP 51 ¥ (513 2.2) 53], H/aHEE 518 i, FA1EF
T R R B0 REINFORCE B,

B3 5.18 A7 3 HE R 21 REINFORCE 534
BEE: DK g HEFTIHT v BEH L. #tRF By FEUERE b,
HIN: YIRS S4L 0,
VIIELE 6 = 6,
fork=1,2,--- ,do
PATHIE 7g 193] B ML, &—NEF L, FFWUEE (S, Are, Reglo
Ay = ZZL/:e Y Ry o — b(St0) X
J(0) = % iy Siglog mo(Ar | Se.e) Ar g
0=0+nVJ(O)
H {St,£>At,£7Rt,e} T b(St,é)
end for
iz [\ 9

BRI, A2l R 50 i 25 — A 3 4 R O AN T 02— N IR ZZ (0753 BB RS
BT MR E X PR E (X 0T EE MRS 0 MENZE Y, JITRHE X -Y
KR E[X] G mH, X -Y 05 EN

V(X —Y)=V(X)+ V() - 2cov(X,Y). (5.5)

KRTPHPRHV RRTZE, cov(X,Y) #om X MY Wthr 2. FrUnE Y K57 2800, mH
MX SEEIEMR, A X —Y 22— M ERNMIET E[X] B mh . 7658886 72
o, JEUE R LR RS MR E V(S). 5 R BATTLE R, XA EEAWIRR K
Actor-Critic HIERAE . Sl i — LR AL TAE AR H T FADAS R R o pR AR I 3, RO R ) 52
FH ] LLMSCHR (Li et al., 2018; Liu et al., 2017; Wu et al., 2018) H T it 58 Z ({4075 .
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5.3 ACTOR-CRITIC

5.3 Actor-Critic

Actor-Critic 5% (Konda et al., 2000; Sutton et al., 2000) J& —™HE I T SRSt 3 T 4018 10 v
FEE—5FATERE], LEWIRR NS B L 7732 b a] DLAIRZS U8 2R B0 Ay J2E vhE R BSOR PR B2 A5 T 11
75 # o Actor-Critic AWM H 1 HHIFEIARE, [R5 217803 (Actor) BREL (HL ik 2 B BE A4 1) SR I
PR (-] s)) AL (Critic) BREL (HALRARSMME R V™ (s)). IEAN, Actor-Critic HKIEHTH
T HZ&E (Bootstrapping) HEAERAL T Q E K%L . REINFORCE H1 iR ZE T Y72 '~ Ry — b(S;)
B ) Z R Z R T, B Ry + 4V ™ (Siq1) — V™(Si)-

BATZERA LR R Z2 5 222, H@ i /MR ZE P 7R A H R V) (),
Rl

A e A (V). (5.6)
T FoR¥FIMAF RBSE, 0y RFAPK, A

2
i+L—1
1 )
Jyza (W) = 5 ( ST TR+ ARVI(S) - Vj"(Sﬁ) , (5.7)

t=1

S EBRERLE mg T L P2 R BIEHIRES, FEh

i+L—1

VJVJ" (’(/)) (Vﬂe Z ’Yf 1Rt LVJG(S/)) VV,‘Z:-S(Si)- (5.8)

R, ATBNE BREL mo(-|s) PEFMMRE s LPREU S AT 80 a0/ 22 8] 1 i) — M 23
A1 o FRATISR AT Al SRS A5 P AL 8 53R R 5 ST I S R 2

0= 9+779VJ779(9)7 (5.9

K O FoRAT s B BB HL, ny 20K, IER

VJ(0) =Erg (5.10)

[e%e] 1+L—1
ZVIOgﬂe(AHSi) ( Z YT R+ V(S) - VJG(Si))

=0 t=1

EER, BATXESAHET 0 f ¢ RFREMEBENE R SE . ESLhEMAY, 1
TR FEH A P28 R FRIR XN BB IR, 208 S b AN W 28 3 22— i E 1 W 2% 24 N 3]
HPIRASFRALE (State Representation). M4k, AC BiEH R L EHZH A 1, HE2 TDO) i#%. AC
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B 5% RBAE

FOER B AP BRINGE % 5.19 PR

&% 5.19 Actor-Critic &%

BEE K 1y Ay, KHFAIE T .

HIN: WILHTRIS RS E O VIENE RS EL o

WIUEAL 6 = 09 F1 p = g

fort =0,1,2,--- do
AT —25 50 g, 147 (S0, Ar, Re, S}
LA R Ay = Ry + ’YVJS (Sie1) — VJG (St)-
J(0) = 3, logmo(4,151) A,
Tyzo () = 5, 43
¢“2¢+nwvﬁgﬂw%9=9+ﬂmVJW)

end for

B (0, 9)

ERTERIAR, AC FAMAT LMEH Q Em AU A HIFE . ERXAEILT, 5 RETEL
AR it

Q(s,a) = V(s) = Q(s,a) — >_m(als)Q(s, a). (5.11)

a

FISK2E 3T Q 8 R AOX A (45 2 B 50N
Jo = (Ri +7Q(Si41, A1) — Q(Si, A))°, (5.12)

B
2
Jo = (Rt + W’Zﬂe(a|5t+1)Q(St+1»a) - Q(StyAt)> . (5.13)

KHEIE Ay HERTHREE mp ZERAS Sip FEURETIS .

54  HERXTHMLEFD Actor-Critic

YIE EF=, P4 (Generative Adversarial Networks, GAN) (Goodfellow et al., 2014) F
Actor-Critic MiZABAANFERIEE, HT ARSI, —ADREREA, 15— 2R
= 2 Bk, (R SEBR E BT+ 250, 4T GAN, BHWAEr: TR HE 5L i N\ 2k
TG AE RN 2%, DA B e A B 2% 1 FH T S 7 A oot G LS 5 5 B I R 2% o XF T Actor-Critic
Jii, WA WRIDREMNAEBEERSIEM L, LA — AN B HEENEM 2% 2 J5 A E 2R L
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5.4 A it M % F= ACTOR-CRITIC

CEean N —AN B ERIAMEEL Q 1E) PPk BI/ELF IR [tk W9 26

K t, GAN Fl Actor-Critic F:ASEAGAH [F 251 . TEIXAN G5 F A A AHLE T 7. — N
TABAE, A=A ORISR IR s B S R — MR FE R A 28 — 30 43 e
BEAERAVPAY, I B 0 40 S A A B A B BB — 0 R ORE & AR R AT AR N A, il — A
E SCRARUR BRBRIARAE, A2 — AR S5 M 58 3 43 1 23 B s 4 R Bk S B

GAN F Actor-Critic FIZ5 VA ELA AN 5.1 s .

GAN KA
maxD(G(2))
Y
z —— 0% SbIE — > D(G( Z))—mmD(G(Z))
~N(0,1) (Generator) (Discriminator) | > D(z) maxD(x)
ACtOf—CritiC (Q{E) R EEE min MSE(Q(s,a), r+Y*Q(s'a'))
$ max Q(s,a)
|~
5 ——> TohE > a > #¥E —> Q(s,a)
kEFE (Actor) (Critic) e b
T+ y*Q(s',a')

51 XJEb GAN F Actor-Critic 94549, ZE GAN &1, z @R ANRBFTE, EIMUNUESSH
hRHf, Mz RMELBIRFPRENTIBHEA, 7 Actor-Critic 1, s 1 a 73 3R KSFD
E1E

o WA : GAN HFAE BRI Actor-Critic W AT BN B A —8, A Har
[ SR AR AN S [ AR A AL R . 0 T AT AR, AR s R BEAL AR S N, I 4 th AR
SRR s Xt T U7 I RE, B R H bR R A ot S o e AT B IR
PENE NI ER B0, XTI UE, B B AR R RAIRZS-3h X B TP Ati E

o XFFE AN VPR EOER 2y P S AN th T Ih REAS R T ALAL A SR A T, (HAZ A
FHTFVE B b3 o F 8 K B FS00 GUIMAIN o & IR0 U foe R B SK0F 51 10 41 ) A 1T
/MO O REHIHNE, X SEATOTEMRT . W TR, SN E 27 (Temporal
Difference, TD) iRZAE 5~ > Fh K —Fib F 28 T3 3 RA% I e 0 DUR 2 07 REORAL A4 BR 2
WA ARG AR F R . Bk UL, B 3hgMEY4s (Auto-Encoder, AE) Al GAN HJ
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B 5% RBAE

PRI A S G505 o TR R, ANFEIR LA SIHESE B AR AL AT CAFE B VR SRS T B A A4
OTFIEPERNR, XA B9 R A o (1 1) 5 B ) ¥

5.5 [EZ2E# Actor-Critic

[ 2B Actor-Critic (Synchronous Advantage Actor-Critic, A2C) (Mnih et al., 2016) f1_f—
T Actor-Critic HIEIEH AL, R AELE Actor-Critic SHyEFIFEA_F 3N T 47 1HRE

WK 5.2 B, A JRATE0#E AR A 5 7E Master 17 si4E37 . FF Worker 1 38 58 2 )
HReAE AR A RATEE . AR . FEIXAN R, B AR B ST URER &S Worker
i LSRR B RL (Experience), SRJERIBIERIRIEPAIT— P HER. Bz /E, &R
1T F R0 B %A Worker HAREERIIRAIEAZ B . {E Master 1955 b, 2873028 F 4 /A3 1
52 JTVEM Actor-Critic 535 W4T Bl & A8 1K 2 2] T — 3, #R2 A TD ~FJ7 i Z1E it
FIE PR A, DA TD R 22 B SR B R BB AT 3h & 11

A

ERTHEMERMHAE

nyEES
(Vo 0) @9) Wy (Aw 1) (VA (8, Be)

[LMMMH o

ERTNE ERTNE
e BHitHE e BHitHE e HitaE
a (r,s") a (r,s") a (r,s")
[ i J

52 A2C BEARIEZE

TEXFPIT R, Worker 15 550 R 5 ST FIIABE RS B o B A B HSRH B8 3740 i 2B E Master 15 5. 52
BrRi I, an SR Ay RIS Master 11 U THEL0A4H, —Ser S0 m] DL ZE 45 Worker 19554, HLANT,
A~ Worker 1 RRAE T 4T 2 mflb A (Critic) o WEE T — N2 J5, Worker 71 i HEAEAR
Mt E 25 A RT3 (Actor) A JRHEAIE (OBRRE . IX LLkh BEAS B AR Bl 4% 1% [5] Master 15 5.
B, PR A ST ER RIS &S Worker 9 ISR BIIBEBEAS B, HFER &R, R,
BB G 4% SR AT B3 A4 R A 3 4 R 20 21 A Worker 5 5. A2C SIERIFEAMELL I 5% 5.20
H7R o

RAHBRT A Worker W iiiITHELRE ), LI B A GPU TH5ERET), 555,
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5.6 F ¥ H# ACTOR-CRITIC

3% 5.20 A2C

Master:
BB K n, A e, Worker 5 5 W,
HIN: VIR RELSE 00 WITHINME RS EL oo
WAL 0 = 0 F1 4 = 1y
fork=0,1,2,--- do

(91/)799) =0

for W HL&F—> Worker 717 51 do

(gd)a 90) = (gwa g@) + worker(Vdj”’ ) 7(_9)
end for

Y =1 —nygy; 0 =0+ 19900
end for

Worker:

BB KT . SUEKE L.

AN MRS VO S R .

YT L 0 o, TRAF (Sp, Ary ey Sein )
RIS BRI A = Ry + 7V (Serr) = VI°(S0).
J(0) = 3, log me(Aq]St) Ay

Ty () = ¥, A2

(90 90) = (VI 70 (), VI (9))

R (gy, o)

5.6 S Actor-Critic

S Actor-Critic (Asynchronous Advantage Actor-Critic, A3C) (Mnih et al., 2016) #& F.—
FiHH A2C ISP hAS . 7E A3C ikt PhiASs iR bR . 4> Worker 19 sl ELFE AN 42 J5 47 30 7 Al
A R B AT X . Master 19 U0 AN B 7R ZEEEAF &S Worker 15 RURMEIUBRES B, T2 1ER
UH Worker 17 m 45 AR FETHE B B4 T3 2R Actor-Critic. BT 7F 2554F, A3C Ak
A2C s TR . B EIRE BT P S B %1 Worker 15 51, Worker 75 s B2 {4 FE
5S4 5 Actor-Critic H)—BUWEA T RAL, BI4EIX Master 11 5\ Worker 17 5075 21 6 FE 15 AR
A REASF R M AT 425 Actor-Critic FIBRE(E ..

F 52 B A3C AT HAFEmAm4E Worker 77 %47 Master T &89 — B X — S A AL R A i
R, EAPF Y AT T XAATE R AT L RIETF L. HEAEHT R (Mitliagkas et al., 2016)
LAY, FI XA T ], LAFHHSGD FAET EMT5H=E (Momentum) #3R,

153



F5F RBHAE

B% 521 A3C
Master:
BEE: WK ny Mg HRTHNEREL mo HHEREL V]
Kﬁ)\ ﬁ%);{* Gips 96 o

=19 —nygy; 0 =0+n0g0-
pUA ] (V;?, o)

Worker:
BEE KT E T v YUK E L.
N SRS PR o M E PREL VJ" .
(9079111) = (O’O)
fork=1,2,---,do
(0,v) = Master(gg, gy)
PAT L LR T, TRAF {Se, Ay, Ry, Sty ) o
TR R Ay = Ry + V[ (Se41) — V77 (Se)
J(9) = Zt log ﬂ?(At|St)At
Ty (6) = X0, 42
(9y:90) = (VIyra (), VI (0))
end for

57 (SHERIRMIL

B H AT, BAEART R T YIRS B 75 R ILAT SRR . #2538 Actor-Critic [
SRIEER R, BATERFIR T .

0=06+nyVJ(0), (5.14)
XH
VJ(0) =Erp | Y Viogme(Ail Si)A™ (S, Ai) | (5.15)
1=0
HARAREL A7 (s5,a) N
AT (s,a) = Q™ (s,a) =V, (s). (5.16)

AURRE AR L T B Sk —HF, MIRRCRISHE T B A D RN E KB BRI VI(0) &
B R T AE 2T 0 TR B — i B T R 1205 R HOE SCHD T B RE . B SRAE R RS
DXIREHE TRCRHIPAC, A2 I BERITERE T RE 2 RARNIE N Bk AR AL, I RIEFEAIP R

154



5.7 AZHUR AR

Ny SESIRIERE AT RE 2 K IR T, ATTARH 2218 . B8, SRR AT HIBERE VI (0) T EMNIET
2RSS o WERROREA PG Th . SRS TERE RO SRIR T Bl IR R 2218, & IRz milic s 21
FUREAS BT, X ks ST I PERERT 20K 1 1B 35 SE UK

VIR SRS AR BT 00 55— N R R . B SRR AE S Basla], T AN HO 4 6] AT

H={7T|7r20,/7rzl}. (5.17)

BAARE 5K np AT REAESRNE mp 76N R E SE A —FEIREE I TERT, X AER DK ny 7E5E
B 2 FH BRI DA B . 28N, U TTISRES m = (0(0),1 — o(0)) MR FEIG L. X8
o(0) /& Sigmod PR%L. BIRIEE—FIEILT, 0 B 0 =6 FEHHN T 0 = 3. MrER MG, 0
BN GO =15 HHB 7 0 =—1.5. WA mg ESECE R EHIREE A 3. SR, (EZE—Fb
TR, mp ARSI MW LF2 7 ~ (1.00,0.00) R T 7 ~ (0.95,0.05), MES—FMIELT,
7= (0.82,0.18) #HH F] T 7 = (0.18,0.82) . EARPHF LE S H02% 1) 0 T I BE AR ), EREAE 3R
I 22 [ o (1 B R 0 58 A AN [

FEARTT T, FATSTFR —AGe LA B A S B P 0 o 3N B 1 AR RE T s
FEE, BT LB RR A dek SR mE f Ak B3 (Trust Region Policy Optimization, TRPO) (Schulman et al.,
2015). VEREZ], AT HIF 2B RIS 7o ARG w0 FIRSI BN mp Al ) HIMERE
AT — MRIRZIMICR: M 7o B 7y TEPERE LIFETE, ATLAH mp MIERIABR L A7 (s, a) RITH .
SCHR (Kakade et al., 2002) ik 0" %R ) IS4

5|32 5.1

J(0') = J(0) + Errry [Z LA™ (S, At)} . (5.18)
t=0
BE J(0) = Ermry [Yo2g v R(St, Ar)], 7 20 m = £ 8RR &
FTLL, 2 I BRI o S50 T 5 KA BL R XA H AR
Err [thA”"(St,At)] : (5.19)

t=0

SR, IR IS LA AL, RO IR o) . BT, TRPO fALiZT 1
—ANEAh, JATH Ln, (mp) Fow, WF

t=0

By [Z vtA”f’(St,At)] (5.20)
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B5F R

Eonpny () [an; (al s) [A™ (5, 0)] SH (5.21)
s~p,,g (s) [Earwﬂ”e (al s) 8 a)| 5]:| (5.22)
T, S -
= Eanp,, (s) [anms) [W:EG:S; A™ (s, a)| s” (5.23)
— 175 (A Sp)
=FE, . tMAﬂe Si, AN | . 504
ekgymwﬂ&) (5 4 629

Hl L, () F7% ER SR IRIG AT, B

_ 1T (Ael St) 4,
Loy (mh) = Brrory [Z Ao AT (5 A |-

t=0

fe BT T, ROV pr, (5) KA oy (5)- AN BARIRE DUKLRE, 5L 1 05k B0/ 50
W EEB T, g B o AR (%, AR,

FH 5.0 ik DI (p||mh) = max, Dy (mo(-]s)]| 75 (-]s)). Ak %
7(0') = J(0) — L, (m)| < CDgi™ (o m5).- (5.25)
R 2 C Al RAE Ko

BRI, 42R DR (mo|my) ARAN, B4 Lo, () AT LA BLHAAE N — AL H A5 . X {F 2 TRPO
AR, Sebrrh, TRPO X EIZEFH4 KL BUE AR N AL Lr, (7)), W0 R Fis.

max  Ln,(7p) (5.26)

o

st. Esep,, [Dke(me|[mg)] < 0.

BATE— B TS AT i TRPO A IR MIC AL I 8o I BLERATTR A B A R 00— B il A £ 5
) Bricfle FHSE b, Lo, (7)) TESREE mo AEIBRFEAT Actor-Critic T —#f.

> Vg?‘r At|St)
= VoL, (Th)]o = By ¢ 200 LT Ao (S, Ay 5.27
g 0 6( 9)|9 0 tz,y WO(At‘St) ( t f) , ( )
=Ermn, Zytvg log mg(Ay| Sy) A“e(St,At)] . (5.28)
t=0 0
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5.8 L IHF R

BEAh, Ak H RR Eonyp,, [Dro(mol|my)] I Hessian #if%, A84, TRPO TE4RH) 7o RKFWTF
Pk el

0 = arg max g’ (0 —0) (5.29)

st. (0 —0)TH(O' —80) <é.
Ty WAXA™ vl R ST R AFAE -

2 .,

0 =0 - H
* g'H g

g. (5.30)
SEBr, AT I SLHERE B AR, HYgs. WATIEFAE B KR ARIE R EREA 1Y
KL BUE A0, e, U REr s 1@l /M MSE iR 235 3. 3£ T8 3 (Schulman et al., 2015)
1156 % (1) TRPO FyAAESR L 5.22 H,
3£ 5.3 %14 Hessian 46 /% — H L4848 % Fisher 12 &4E/%, F5£ b, AdtiiL P, 5 Fisher 12 848
Mej R B M T IEH AP L 2h RV a9, #ARA 8 AR#E (Nature Gradient) T M. XA
RO AT R, T THEARNARTE, LB, RERRARNG T ERET L, G EFH
AL, TP LSEAT AR ANMT, #F45 %% L (Amari, 1998).

5.8 IEinTREELIL

EATRAIN A T EBIE SIS LS (TRPO) o TRPO [MISEELECASE 2%, i k5 44
BE BT e . B L BB VA RIE L H g, B—XEHSHETREZ LN
LR R, B — T, A7 — AR v, Bl S Rg 4k (Proximal Policy
Optimization, PPO). PPO F—™ 5 fiij B AG 24 (1) 77 V2K ikl g F1 7rj AHAEA (Schulman et al., 2017).
BB TRPO LA il 7L (5.26):

max  Ln, () (5.35)
T
S.t. ]Es"‘pfrg [DKL(W‘g”ﬂ'é)] < 0. (536)

HHAMRAA— A LR MR, PPO HEIUE B IE ML RRA

max Lo, (1y) — ABgs~p,, [Dxr(moll7p)] - (5.37)

o

" s—RckE, U H- BT EERE O(N3). RAESEFRM A —f AN T2 B8, FOARKRR N RERSHA

]
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B 5% RBAE

&% 5.22 TRPO

BEY: KL-BE EIR 6. B RE o KRR K.
BN FURGAT Dy HITRFNE RS HL 00 WILAUME RS EL ¢
for episode = 0,1,2,--- do
FEIRE AT IRME 7y, = 7(60r) I IRAFNILLE Dy = {7}
PR BN LI - A
BT AT RIME R Vy, tHER SR A, CEAMET ST 75720
T SRBE B

1 o ;
G =1=7 > Y Valogms(AsSy)], A (5:3D
Dk €Dy t=0 *
L HERA B SR
b~ B, (532)

XHH, SR REACES KL 805 (1) Hessian 464 .
JE e [ 2 T 2R R T TR
20

= J
0k+1 ek + o ;f;T .
klikmk

& (5.33)

KH R {0,1,2,- - K} FEREFEASR I H 2 A KL B LRI e/ ME -
e 3 A5 AR B B R SR A N 8 T TR ZE R AU 1 R 2

T N2
dr+1 = argmin ﬁ >N (V¢(St) — Gt) (5.34)

T7€D) t=0

end for

XH A R ENE RS XT3 (5.26) B—AN S {5, #BAE —ANHEXT LI A 545 PAMILAL iR A AE TR
IR SR, A MERIT 7o 3T 0, 7E20 (5.37) M —MENAER A AL, 7F PPO 1, FAiT
RS IS KL HUE R E A (B RZIE KBk o X ASKRA PPO $71LFRy PPO-Penalty -
IXANRRAS (R SEBL N 530325 5.23 BTz (Heess et al., 2017; Schulman et al., 2017).

i AJT e AR T RS BRI B AR R B, A4S B SEORSF IS8 1k €,(07) Fom M
ANEMEIOLLAE TH430 . 200200, ROk AR BR MO DAL SR bR 7 VA R 1 2 ST R

LPPoClip(nty — B, [mm (£(0")A™ (Sy, Ay), clip(€e(0), 1 — €,1+ €) A™ (st,At))} . (538)

XH clip(x,1—e, 14¢€) ¥ 2 BEIE [1 — e, 1+ €] Ho XA M FIERFR N PPO-Clip, W15 5.24
Fi7~ (Schulman et al., 2017). 5 B4k, PPO-Clip J&¥s £,(60") #WITE [1 — €, 1 + €] FRLRIUE 7)) F mp
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&% 5.23 PPO-Penalty

B LR T 4, KLEBEEN R A, ENESE e = 1.5,b = 2, TIERIKE M, B.
HION: VUGS RESHL 0. VI ERESEL ¢
fork=0,1,2,--- do
AT T 55506 mg, (A7 S0, Ay, i)
it e A, = Dt YT Ry — Vg(Sh)o
Told <— 7o
forme {1,---,M} do
Jppo(0) = Z;rzl ;ifd((gtt‘\%t)) Ay — AE, [DKL(Wold('|St)||7r9('|st))}
R BEEESEEE T Jppo(0) EHTRIS RS 6.
end for
forbe {1,---,B} do

, 2
L(9) = = X (Lo "R = Vo(S1))
fE R FIEIET L(o) EHMERESH ¢,
end for .
W d = Eq [Dre(moia(-|S4) |76 (-[S1))]
if d < diarger/a then
A AJb
else if d > diyreec X @ then
A AXxb
end if
end for

A feJm s BT H A eR BOMUR AT 1 H AR B P BN — D5 R 22 ST R 2 bR R K. i
LA, PPO-Clip W] LAEfENLE F KA H AR R EU RIS H5 N g 21 gy R BEHT ORAFAE AT H T LY

5.9 {#£H Kronecker & F{t{S#iaHY Actor-Critic

{1 Kronecker K| {415 #i35[#) Actor-Critic (Actor Critic using Kronecker-factored Trust Region,
ACKTR) (Wu et al., 2017) s [&fk TRPO 5 f4H ) 55— /N ik . ACKTR f4E7% & i@ id Kronecker
FU LA il B 75 (Kronecker-Factored Approximated Curvature, K-FAC) (Grosse et al., 2016; Martens
etal., 2015) RIS HIRBEE . FEX 47, ATNAUWFTH ACKTR K¥ > MLP HEHE %% .

EEE

82
Esnpry [820DKL(Wold||W9)] (5.45)
82
= —Esnp,, za: ﬂold(a|s)% log mp(als) (5.46)
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&% 5.24 PPO-Clip

B BWH T e, FERIRE M, B.
BN VGRS A E 0. VIt ERESE ¢
fork=0,1,2,--- do
E%fﬁﬁlﬂﬁhﬁ%ﬁﬂiﬁ 7o, FHFIRFEPIEEE Dy = {7}
USRI G o

BT HJEI’WMEZI%Z Vi, AR RS A, CETARATHR A RE A TH775).
form e {1,--- , M} do

/ mo(Ae|St)
0i(0) = —————— 5.39
)= IS 539
KH Adam BEALERE b T+ 5% 5 KL PPO-Clip 1) B b R 50K 537 50 -
Or+1 = argmax Z Zmln (L (0") AT (Sy, Ay), (5.40)
4 ‘Dk r€Dy, =0
clip(€,(6'),1 — €,1 + €) AT (S, Ay)) (5.41)
end for
forb € {1,--- ,B} do
K B LT B S de MG I8 D R 22 R 27 S A eR B
Ok+1 = argmln |D T Z Z (V¢ (Sy) — Gt)
TE€DE t=0
end for
end for
2
= ~Eirpry, |Eamm | 575 108 To(als) (5.47)
=Esnp,,, [EGN%M [(V@ 1og779(a|s)) (Vg logwe(a|s))TH ) (5.48)

7£ TRPO ™, AT LA 2 PR ILHurh 277 kiE A H - 'g. £ ACKTR H, FATH—"ordk
ot AR SRR A H Y o HE R (A — Bt A 28 W0 28 45— J2 1) Fisher {5 BRI . M5 ¢
BN ow = Wiino IXE Wy IYEEEA douw X dino FATRIEH ACKTR 7 ARV ERFIX—
FEHREE Vi, L 2 (Va,, L) Ml @i FIIMR (Ve L)zl o AT

(Vologmo(als)) (Vologma(als)) = ey, @ (VL) (Van L), (5.49)
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X H @ & Kronecker 3ef, i#H—

1
((ve log 79 (a|s)) (Vo log 7r9(a|s))T) g (5.50)
= (winwiz ® (V%HIL)(V%NL)T) B g (5.51)
= [(wmw;)l ® ((mL)(VmL)T)l] g (5.52)

FIBL, S5HX = (dindow) X (dindow) PIFEFERIY, T E O(dd d3,) TWHERE, ACKTR A
T BT NEFE R din X din BT dowe X dow FIAERERTE, MIMIHEERERA O(d3, + d3,) -

ACKTR HE (Sl in ik 5.25 . ACKTR HiEta] DL 22 I M M4 o TSR
BH T USHE R (Wuetal., 2017) T AEE Z 407, FRATIX EAMEA AR

B 3% 5.25 ACKTR

BB DK npaxs KL-BUE LR 6.
N B EREAT D YIRS RS E 00 WG E R ESEL 9o
fork=0,1,2,---. do
ERBHHAT IR 71 = 7(0r) FFARAFEILE Dy = {7i]i = 0,1,-- -}
THE ZRE) G, . A
FET UATIE R EL Vi, THEARB A A, GE TR R B 777D
Al T SR M AR

1 g )
gk = —— Z Z Vo 10g7ﬂ9(14t|5t)"9~ Ay (5.42)
|Dk| TED), t=0 "
for [ =0,1,2,--- do
vec(A8}) = vec(A; Vg 1S, )
K A = Elaial), 8 = E[(Vadi)(Vaid)™] (Ar, Sy M H 8 B D PR D |
a; & 1 ZIANBIE IR, s = Wiay, vec(-) A& T FEAS e il — 4 ) =2 (1 ) A0 A 4t

end for
H K-FAC 1Bl B SR 5 5K 58 3 SR mes -

011 = 0 + i AOy (5.43)
X H i, = min(Mmax, 20 )s IAJ,l{:Al@)SlD

OT H ;.6
K H Gauss-Newton B B R &7 GEEH K-FAC I /MU 7R 2R 5 SN E R
.

T
1 2

= in —— Vo(Sy) — G 5.44

e T T 25 2 (40 = -

end for
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510 TREEHESEAXRLHIF

FERTILTH, RAVEIIR M BN T JUAEE T 5 b6 B EIE AR, N 2E 1N A 645 RE-
INFORCE (WIRRSFEHE B )+ Actor-Critic (AC). [AIZ AL # Actor-Critic (A2C). &L # Actor-Critic
(A3C). fE#E RIS (TRPOD. T sk AL (PPO). i ] Kronecker KT 45 #idk / Actor
Critic (ACKTR). FEATTH, JATPR IR ML L5352 Python A5 411 . 41t L OpenAl Gym
VERUERIAEE . AT A — NEG TR BN, ZJ5VEMN A& HEN . &
SRR B I 2 SO E A RE S T B ORI SR R B, (EAE SEEE o) T B ORI 2R PR B 1) Ak 3
AR X BRI AT R R, R e FAE R — RS R E s . A
T T LI I 1 B MG ok BE A AR B TS R B AE 23 IR i FL A A B R . e BEARRSAE GitHub
JEde, T2 I V2 ITIRGORE, ORI L 7] LS KRS /1 7B Reference 8
TR K AT R o) .

5.10.1 FEXH) Gym IfE

FELL R LA AP 7 (A5 #JE T OpenATl Gym FA5E . X SEFREE AT LU 43 0 8 Ssh 1 23 [A)
(IR SR SE ) 1 25 (8] A5

import gym
env = gym.make(’Pong-V0’)

print(env.action_space)

EIRARRS S T — AN ID 4 Pong-VO I3RS, JF HATENH T EMBIES(A]. # Pong-VO X/ ID 4
AR U0 CartPole-V1 B{# Pendulum-VO f#) ID AJ DS A R (I3RS .
PAUR LT A BRI o Y B — e . X Ll an AR 51 N EATT.

import numpy as np
import tensorflow as tf
import tensorflow_probability as tfp

import tensorlayer as tl

BHENEZEEE: Pong 5 CartPole

X HAFA A OpenAl Gym 9481 FH B a1 2% (B B3k : - Pong 1 CartPole

ofEfE WL IR 55
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Pong

1 Pong Jiixk R CanlEl 5.3 fis), JAIEHIS G 1 L & askinek, X 24 H T Pong-VO
FiAS . FERXANRRAH, IRAZAZE—A RGB BlE A&, RN (210, 160, 3). 7 EH A KIBIER
—/NE 0,1,2,3,4,5 HHIES, SR NITRaE: 0 e, 1 FFK, 24, 34, 445+ K, S

e+ H Ko
53 Pong
CartPole

CartPole (W] 5.4 firn) R—NEMMEIN RS FATEL G N EIEAT AL, KRG
FEFIRFFEL. TE CartPole-VO M3, M2 (& —> 4 4Ejal &, 2 BIRRDEREE. NE
AL E . MR AT R . FRZEABIZNE R — AN 0 B 1 AL, 43wl
EREBALFR .

54 CartPole

HEEFEF B E: BipedalWalker-V2 5 Pendulum-V0

AT, BATEAAE FHESSNE S B3R5 BipedalWalker-V2 A1 Pendulum-V0.

163



F5F RBHAE

BipedalWalker-V2

BipedalWalker-V2 & —MXUEHLAR AT EIAEE (A1l 5.5 Fion ). fEMEE, BATEEHINLES
NAEARREIR T FATE, R RNE B M. HARESE A —A 24 4Em &, 2 E
FEGEE, DRI EN (LR 5.0 HREEMBIER R — 4 4ERFESSE 0, 45

FERIBLER A 2 MR 2 VRS, — 3 4 DT ied .

5.5 BipedalWalker-V2

% 5.1 BipedalWalker-V2 BERIRAEZ X &N

5| fE v 5| fEi /v

0 SR 8 1 R R 2
1 FeAR A E 9 2 SR KATHE
2| etk i 10 2 SO
30| FeMk oy s 11 2 SRR AE
4 1 SR 12 2 ST
5 | ST 13 2 5 R A iR S
6 | SHERTAE || 14-23 | 10 S7RT 7 5k EE
7 1SRRI

Pendulum-V0

Pendulum-VO & —ANZ LIS REE (W1 5.6 FFr ). ZERRBE, JRA1 9 B b T e
AL L FIST. FRIOIRA R 3 R, BT cos(8) sin(6) F1 A(6).
TR 7RI . BB R R, RSB T RO 1%
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56 Pendulum-VO

EAERIE, ZAEPEA LIRS, REMRER, DONNEEIFROER. EERIA
THEOLR, IR B KAEIREY 200 5. Mig4Tiid 200 250, step) PR A Done
AN Trueo HTATIX AﬁE%J éuﬁam/l\lﬁlé.\)#&u;ﬁh 200 sBif, AREGIZ SR 3
done 155 1738 HiZ [F A @I 40 N RS AT LLRS BRix AN PR il o

import gym
env = gym.make(’Pendulum-V0’)
env = env.unwrapped # %% A K # IR

5.10.2 REINFORCE: Atari Pong 1 CartPole-V0
Pong
FoG 20T, AT EAES— B, B, R4ds, e —2 fFo M EEE.

env = gym.make("Pong-V0") # f|ZE &
observation = env.reset() # = &I
prev_x = None

running_reward = None

reward_sum = 0

episode_number = 0

# EEWELIE
xs, ys, rs = [1, [1, []
epx, epy, epr = [1, [1, []

model = get_model([None, D]) # |ZE Al

train_weights = model.trainable_weights

optimizer = tf.optimizers.RMSprop(lr=learning_rate, decay=decay_rate) # |Z &
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model.train() # W EMEA HII4ER (FrEEE 4 e - Dropout)

start_time = time.time()

game_number = 0

TESERIES TAEZ G, BEnT UEAT R85 1o B o, A7 ZX £ b g7 F b 2, I
SEPR 5 IR AR B ' v TEM o “TR” N2 G, FRATH N Z5 43 2R SR AT REZR

R T EACHERE, R HE R T 3 ANEE: &8ifE. k. F. £ REINFORCE &%+, fiiH
1 Softmax B HZNVEMA, SRFilId MR IR RSN

while True:
if render:

env.render()

cur_x = prepro(observation)
X = cur_x - prev_x if prev_x is not None else np.zeros(D, dtype=np.float32)
x = x.reshape(l, D)

prev_X = Ccur_Xx

_prob = model (x)
prob = tf.nn.softmax(_prob)

# o1 1. =zhfE 2: £ 3: T

action = tl.rein.choice_action_by_probs(prob[0].numpy(), [1, 2, 31)

BUESET HADIRIE Y 7 — A 8E. 3T ORERNZENEMA ST S H. . FABEHR Y =4 AU 2]
MIENESHATEI T —20, HREMESE 6. ERREMGIMEE AR ERE . &
A PR LB A7 oK T T 2 JE R SE T

observation, reward, done, _ = env.step(action)

reward_sum += reward

xs.append(x) # —>F B e B L 4 4R

ys.append(action - 1) # —/MHEAWAAWRS (B THEN 1 I, ATl B D
rs.append(reward) # —/F AR FTA L

IR step ) RBIFISHUREN True, YW AT A BAAR . 3RATAT U BIR BT 40— A
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BT B (BRI AT, FRATH R MIRER R AA Fr B B dt AT AR B, 2 JR A7 NS Fr B 51
wrf

if done:
episode_number += 1

game_number = 0

epx.extend(xs)

epy.extend(ys)

disR = tl.rein.discount_episode_rewards(rs, gamma)
disR -= np.mean(disR)

disR /= np.std(disR)

epr.extend(disR)

xs, ys, rs =[], [1, []

BREMRIERAT TR Z Rk, JFUlcse 7 e iida e, sial UTGREERT 7o BAIEMAX
SRR AR N BT IR A SRR L, 25 R B I AE AR S b, RS R TR

if episode_number
print(’batch over...... updating parameters...... M)
with tf.GradientTape() as tape:
_prob = model (epx)
_loss = tl.rein.cross_entropy_reward_loss(_prob, epy, disR)
grad = tape.gradient(_loss, train_weights)

optimizer.apply_gradients(zip(grad, train_weights))

epx, epy, epr = [1, [1, []

PLE AR 7 EZ AR, ZJa A E 2 T o IR s, DU s )l 25k
o BATRT LUE I 2 P E R SRR Fr Beiia AT 2050, CARRER P AL, J7 g s .
B, MEERENE RS TEENE, ROV A Bie 24 R T .

# if episode_number

# tl.files.save_npz(network.all_params, name=model_file_name + ’.npz’)

running_reward = reward_sum if running_reward is None else running_reward * 0.99
+ reward_sum * 0.01

print(’resetting env. episode reward total was {}. running mean:

{}’ .format (reward_sum, running_reward))
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reward_sum = @
observation = env.reset()

prev_x = None

if reward != O:
print(
( ’episode
(episode_number, game_number, time.time() - start_time, reward)
), (7 if reward == -1 else ’ Ill111117)
D)
start_time = time.time()

game_number += 1

CartPole

XA, SEA Pong B FE . BATRT LS RS AN SN — 38, JRRES AR
5 N0 NP R R IR VT DAAEAR AR BE O i 5332 PolicyGradient ZRHIZSHIUIR s

class PolicyGradient:
def __init__(self, state_dim, action_num, learning_rate=0.02, gamma=0.99):
# Kapeth. RIEEE RUBEFRFENLE

WAL R B Jo B 1 — L8R B F b % Adam fE VSRS I0AL 35 . 7EARISH, FRATATLL
A X LSRR N 2% LA — R BGEUZ -
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def __init__(self, state_dim, action_num, learning rate=0.02, gamma=0.99):

self.gamma = gamma

self.state_buffer, self.action_buffer, self.reward_buffer = []1, [1, []

input_layer = tl.layers.Input([None, state_dim], tf.float32)
layer = tl.layers.Dense(
n_units=30, act=tf.nn.tanh, W_init=tf.random_normal_initializer (mean=0,
stddev=0.3),
b_init=tf.constant_initializer(®.1)
) (input_layer)
all_act = tl.layers.Dense(
n_units=action_num, act=None, W_init=tf.random_normal_initializer (mean=0,
stddev=0.3),
b_init=tf.constant_initializer(©®.1)
) (layer)

self.model = tl.models.Model(inputs=input_layer, outputs=all_act)
self.model.train()

self.optimizer = tf.optimizers.Adam(learning_rate)

TERIIEAFNE N 2% 2 I, FeATAT LU get_action() BREGHHERE T & SERMZE . i@
i % B8 greedy=True’, 1] LB B MR & = sh 7E

def get_action(self, s, greedy=False):
_logits = self.model(np.array([s], np.float32))
_probs = tf.nn.softmax(_logits) .numpy()
if greedy:
return np.argmax(_probs.ravel())

return tl.rein.choice_action_by_probs(_probs.ravel())

HUER, BATEBRIZET I AL . REBEAW 2 )5, WA B ok i #)
Wro BRRIFESIEFER learn BRELTER, X35 bR B AR B A AN Pong il 7 HF—Ff . AT
1 FARAEAL S (3T H1140 22 i AN A8 U AR 2R R T JT A . (E IR TG, 22 R B b 57

def learn(self):
# T EARENERIT I

discounted_ep_rs_norm = self._discount_and_norm_rewards()
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with tf.GradientTape() as tape:
_logits = self.model(np.vstack(self.ep_obs))
neg_log_prob = tf.nn.sparse_softmax_cross_entropy_with_logits(logits=_logits,
labels=np.array(self.ep_as))

loss = tf.reduce_mean(neg_log_prob * discounted_ep_rs_norm)

grad = tape.gradient(loss, self.model.trainable_weights)

self.optimizer.apply_gradients(zip(grad, self.model.trainable_weights))

self.ep_obs, self.ep_as, self.ep_rs = [1, [1, [] # /&5 F B4 i

return discounted_ep_rs_norm

learn() BRI 248 IR REVR 53R BE RS TLAS B MERAE S - DI IRAT G Z4E M store_tran-
sitionQ HKAFEAZ EITRE P EERIRES . ShEATZR i)

def store_transition(self, s, a, r):
self.ep_obs.append(np.array([s], np.float32))
self.ep_as.append(a)
self.ep_rs.append(r)

SRS B L A I SRS R 2 U ik R, AT 2 S R, JFxt ER AT AR vELL,
WHBT2.

def _discount_and_norm_rewards(self):

# HHETI R BRER

discounted_ep_rs = np.zeros_like(self.ep_rs)

running_add = 0

for t in reversed(range(®, len(self.ep_rs))):
running_add = running_add * self.gamma + self.ep_rs[t]
discounted_ep_rs[t] = running_add

# AR AL B

discounted_ep_rs -= np.mean(discounted_ep_rs)

discounted_ep_rs /= np.std(discounted_ep_rs)

return discounted_ep_rs

F1 Pong FIACHIS—AE, FATSUER T IBAE R EQIBTIIELZ G, A4 —1% N agent
#] PolicyGradient ZSHISEf].

env = gym.make(ENV_ID) .unwrapped
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# B RFEENMET, TUAEIH—LEATERL

np.random. seed (RANDOM_SEED)

tf.random. set_seed (RANDOM_SEED)

env.seed(RANDOM_SEED)

agent = PolicyGradient(
action_num=env.action_space.n,
state_dim=env.observation_space.shape[0],

)

t0 = time.time()

FEYIGRAE A, BATAE AL o IR B AR RN BT AT R L, 2 IR A7l e A B e R Ay

BRSOy T RIAARD, B REMACKE £ R 4 R B AT BT .

if args.train:
all_episode_reward = []
for episode in range(TRAIN_EPISODES):
# EEINE
state = env.reset()

episode_reward = 0

for step in range(MAX_STEPS): # 7= — > FrE &
if RENDER:
env.render()
# wEHE
action = agent.get_action(state)
# 5FFELE
next_state, reward, done, info = env.step(action)
# TS EE

agent.store_transition(state, action, reward)

state = next_state
episode_reward += reward
# WRIFLE done # True, N|EkEEF
if done:
break
# T R K S R AT BT
agent.learn()

print(
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B

"Training | Episode: {}/{} | Episode Reward: {:.0f} | Running Time:

{:.4f}’ . format (
episode + 1, TRAIN_EPISODES, episode_reward,
time.time() - t0))

FRATTAT CAEAE SR e e 45 R RO F 20 39 I — 2645, DUE A M ol Zhid i . A1 BonaA
[ 5 PR A 2R B AN ¥ Bl F BT SIS AT 2 i 2 S AT RA 3847 22 il DA ASE 56 4 U 2 )1 R

Ho WA, FRENGFRIBA,

agent.save()

plt.plot(all_episode_reward)

if not os.path.exists(’image’):
os.makedirs(’image’)

plt.savefig(os.path.join(’image’, ’pg.png’))

AR R BATE IR, R SRR o, R BT ZR Y,

BRI,

e AR B AT

)
e

if args.test:
# HATIR
agent.load()
for episode in range(TEST_EPISODES):
state = env.reset()
episode_reward = 0
for step in range(MAX_STEPS):

env.render()

state, reward, done, info = env.step(agent.get_action(state, True))

episode_reward += reward
if done:
break
print(

"Testing | Episode: {}/{} | Episode Reward: {:.0f} | Running Time:

{:.4f}’ . format (
episode + 1, TEST_EPISODES, episode_reward,
time.time() - t0))
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5.10.3 AC: CartPole-V0

Actor-Critic HyEiEd TD Fdit e, R FIIAEERS B J5 3 %58 5 5k, A1 MC J3E%
AFE
1E Actor-Critic Bk, FATEN T 2 12K Actor M Critic, FHZEHITN NN,

class Actor(object):
def __init__(self, state_dim, action_num, 1lr=0.001): # FE i, GlEEA (B E
# THEAXE
def learn(self, state, action, td_error): # % #i27l
def get_action(self, state, greedy=False): # i3 /04 s 40 7 ik 25 1E
def save(self): # 17| 4 EA
def load(self): # # |4 Al
class Critic(object):
def __init__(self, state_dim, 1r=0.01): # kuy#fh., GlHEEE KM ERLLFFTLE
def learn(self, state, reward, state_): # % #ria7l
def save(self): # f7f#i)| 4 EA

def load(self): # # )i EA

Actor K MM BE L AR . ME— X/ learn() MEUFEM T TD RZEAE N
BAGTHEBEAT SR, AR A Irnte i .

def learn(self, state, action, td_error):
with tf.GradientTape() as tape:
_logits = self.model(np.array([state]))
_exp_v = tl.rein.cross_entropy_reward_loss(logits=_logits, actions=[action],
rewards=td_error[0])
grad = tape.gradient(_exp_v, self.model.trainable_weights)

self.optimizer.apply_gradients(zip(grad, self.model.trainable_weights))
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return _exp_v

M PG HIEAF, AC FFEA— Ml A EMS AR, BRI RERNME. BT
EAEAC R B i, R E QIR AL 2s RIAT .

class Critic(object):
def __init__(self, state_dim, 1r=0.01):
input_layer = tl.layers.Input([1l, state_dim], name=’state’)
layer = tl.layers.Dense(
n_units=30, act=tf.nn.relu6, W_init=tf.random_uniform_initializer(®, 0.01),
name="hidden’

) (input_layer)
layer = tl.layers.Dense(n_units=1, act=None, name=’value’) (layer)
self.model = tl.models.Model(inputs=input_layer, outputs=layer, name="Critic")

self.model.train()

self.optimizer = tf.optimizers.Adam(1lr)

IR 5, BATH T —MMEM L. T —2l2#L learn() K. learn() K
HARSS AR F R, Wi AR 6 = R+V(s') — V(s) W5 TD 2% 6, ZJa¥ TD RZEME AR
PRI

def learn(self, state, reward, state_, done):
d =0 if done else 1
v_ = self.model(np.array([state_]))
with tf.GradientTape() as tape:
v = self.model(np.array([state]))
# TD_error = r + d * lambda * V(newS) - V(S)
td_error = reward + d * LAM * v_ - v
loss = tf.square(td_error)
grad = tape.gradient(loss, self.model.trainable_weights)
self.optimizer.apply_gradients(zip(grad, self.model.trainable_weights))

return td_error

BRI R B SRR —FF . BATR AT LUK N2 S J4 0y . npz 4% 2 S0P

def save(self): # frfEta7l
if not os.path.exists(os.path.join('model’, ’ac’)):

os.makedirs(os.path.join('model’, ’'ac’))
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tl.files.save_npz(self.model.trainable_weights, name=os.path.join(’'model’, ’ac’,

'model_critic.npz’))

def load(self): # H NEA

tl.files.load_and_assign_npz(name=os.path.join('model’,

ac’,

"model_critic.npz’), network=self.model)

UIZRAEIA IACRS AN Z BT AOACRS AR ARABL. P — ISR BRI BLAS A o A6 TD iR 22 11
DUT, BT LSRR HEAT T

if args.train:
all_episode_reward = []
for episode in range(TRAIN_EPISODES):
# BENHE
state = env.reset().astype(np.float32)
step = O # FEFHIFA
episode_reward = 0 # /|- HHEH# L
while True:
if RENDER: env.render()
# BEFE, HEARERE
action = actor.get_action(state)
state_new, reward, done, info = env.step(action)

state_new = state_new.astype(np.float32)

if done: reward = -20 # reward shaping trick

episode_reward += reward

# ARFAEREE, EHER
td_error = critic.learn(state, reward, state_new, done)

actor.learn(state, action, td_error)

state = state_new

step += 1

# —HIZAT, HF|FEEE done # True, HFH k2| & AH HIRH
if done or step >= MAX_STEPS:

break
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WorAE B 2 BT GRS 23 B AR A SRR B0 B AR — 4, X LA BEIR T .

5.10.4 A3C: BipedalWalker-v2

TEIX ) A3C SEElH, A2 AC FIVF% Worker. 4% )7 AC [IZhAE 218 F Worker 77 &1
KAEMBIE TR ML . [ Worker 5 #80 H O AC N4, FHRFIIAEEZC B . Worker i 259
B REMEIRES SR AC, Z )G MAR AC SREURFTHIMS S5, FE kA AN SEOHE
EXEHIE . Worker ZEMILEHUNT fr s

class Worker(object):
def __init__(self, name): # A4tk

def work(self, globalAC): # + Z 38k H %L

Un B fr i, &R Worker T i #0H B CLUINAT B0 28 ALHI 46 . Bt LEERTAR TR A, &
ATES SEfIfE ACNet KA EEBIRY

class Worker(object):
def __init__(self, name):
self.env = gym.make(GAME)
self.name = name
self.AC = ACNet(name)

work () PRHZ Worker JEH)F R #L. &M HACKS B EAEIFARAL, (HAE S H T A
PR RAEH—F, ZEMEAEENERNE ARG aE, SR,

def work(self, globalAC):
global GLOBAL_RUNNING_R, GLOBAL_EP
total_step = 1
buffer_s, buffer_a, buffer_r = [], [], []

while not COORD.should_stop() and GLOBAL_EP < MAX_GLOBAL_EP:
# EEINR
s = self.env.reset()

ep_.r =0

while True:
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# HINAETREF, ¥ Worker® ¥ 1L
if self.name == ’Worker_0’ and total_step

self.env.render()

# BEGEFEHREXL

s = s.astype(’float32’)

a = self.AC.choose_action(s)
s_, r, done, _info = self.env.step(a)
s_ = s_.astype(’float32’)

# GHEAECWEBREY -2, REREKHN -100
if r == -100: r = -2

ep_r += r

# TS RE

buffer_s.append(s)
buffer_a.append(a)
buffer_r.append(r)

R REVRRE R I EAERT, R IRERT 2R . R G, AHME IS ER N

BT R R R A S5

if total_step
if done:

0 # ZILELT

V_Ss_

else:

v_s_ = self.AC.critic(s_[np.newaxis, :1)[0,0] # {4 F#iE% =

# I
buffer_v_target = []
for r in buffer_r[::-1]:
v_s_ =1 + GAMMA * v_s_
buffer_v_target.append(v_s_)
buffer_v_target.reverse()
buffer_s = tf.convert_to_tensor(np.vstack(buffer_s))
buffer_a = tf.convert_to_tensor(np.vstack(buffer_a))

buffer_v_target = tf.convert_to_tensor(np.vstack(buffer_v_target).astype(’float32’))
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# FETA R

self.AC.update_global (buffer_s, buffer_a, buffer_v_target.astype(’float32’),
globalAQC)

buffer_s, buffer_a, buffer_r = [], [], []

# [ 5 A %
self.AC.pull_global(globalAC)

S = s_
total_step += 1
if done:
if 1en(GLOBAL_RUNNING_R) == 0: # fFfZ T A2 F @& 5
GLOBAL_RUNNING_R.append(ep_r)
else: # A EHTH
GLOBAL_RUNNING_R.append(0.95 * GLOBAL_RUNNING_R[-1] + 0.05 * ep_r)

print(’Training | {}, Episode: {}/{} | Episode Reward: {:.4f} | Running Time:
{:. 413\

.format(self.name, GLOBAL_EP, MAX_GLOBAL_EP, ep_r, time.time()-T® ))

GLOBAL_EP += 1

break

8 EIRACHS IR ACNet SREEATENHMAAIE . ERETH AT FiR:

class ACNet(object):
def __init__(self, scope): # W1k

def update_global(self, buffer_s, buffer_a, buffer_v_target, globalAQC):
# EH e R %

def .p.u.ll_global(self, globalAQ): # A4 [F 2 4 & W 4
def.;;t_action(self, s, greedy=False): # 7MW 4 % &5 1F
def-;;ve(self): # )| GER

def .l.o-ad(self): # BNINGER
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update_global O HEZ PR EER R —, M ISR LR B, R 7 REEEE K
THEBREE, (B2 EREE RN B2 RN, G, BRI EE, g, fFiX
T, ATLAR AP E B £ Worker T Ao

def update_global(
self, buffer_s, buffer_a, buffer_v_target, globalAC
): # BAXBEHLH AC WL
# BT A RAAE
with tf.GradientTape() as tape:
self.v = self.critic(buffer_s)
self.v_target = buffer_v_target
td = tf.subtract(self.v_target, self.v, name=’TD_error’)
self.c_loss = tf.reduce_mean(tf.square(td))
self.c_grads = tape.gradient(self.c_loss, self.critic.trainable_weights)
OPT_C.apply_gradients(zip(self.c_grads, globalAC.critic.trainable_weights))
# BAMBENFELRFE L
# EFARATNE
with tf.GradientTape() as tape:
self.mu, self.sigma = self.actor(buffer_s)
self.test = self.sigma[0]
self.mu, self.sigma = self.mu * A_BOUND[1], self.sigma + le-5

normal_dist = tfd.Normal(self.mu, self.sigma) # tf2.0 F /X% tf.contrib
self.a_his = buffer_a
log_prob = normal_dist.log_prob(self.a_his)
exp_v = log_prob * td # td 7% critic A3t 7, X ELAH#E
entropy = normal_dist.entropy() # #/#ix%&
self.exp_v = ENTROPY_BETA * entropy + exp_v
self.a_loss = tf.reduce_mean(-self.exp_v)
self.a_grads = tape.gradient(self.a_loss, self.actor.trainable_weights)
OPT_A.apply_gradients(zip(self.a_grads, globalAC.actor.trainable_weights))
# WARBENFELRFN% L
return self.test # % EI|3t 2 4E

BE B A 1 X 25% £ R S TR R, D AR M X 2% ) S 0 5 4 R T 4% 1 S B BT

def pull_global(self, globalAC): # AHIZAT, M4 &5 W% F 4 4E
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for 1_p, g_p in zip(self.actor.trainable_weights,
globalAC.actor.trainable_weights):
1_p.assign(g_p)

for 1_p, g_p in zip(self.critic.trainable_weights,
globalAC.critic.trainable_weights):
1 _p.assign(g_p)

e, #ES TARESE A, £ERBUTZE— RS N RAERIAT,

env = gym.make(GAME)
N_S = env.observation_space.shape[0]

N_A = env.action_space.shape[0]

A_BOUND = [env.action_space.low, env.action_space.high]
A_BOUND[®] = A_BOUND[O].reshape(l, N_A)
A_BOUND[1] = A_BOUND[1].reshape(l, N_A)
with tf.device("/cpu:0"):
GLOBAL_AC = ACNet(GLOBAL_NET_SCOPE) # X 4 /& W 4 H Jf| & 7 it 5 4

TO = time.time(Q
if args.train:
with tf.device("/cpu:0"):
OPT_A = tf.optimizers.RMSprop(LR_A, name=’RMSPropA’)
OPT_C = tf.optimizers.RMSprop(LR_C, name=’RMSPropC’)

workers = []

for i in range (N_WORKERS):
i_name = "Worker_%i" %i # worker name
workers.append (Worker (i_name, GLOBAL_AC))

COORD = tf.train.Coordinator()

# B TF &2

worker_threads = []

for worker in workers:
# t = threading.Thread(target=worker.work)
job = lambda: worker.work (GLOBAL_AC)
t = threading.Thread(target=job)
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t.start(Q)
worker_threads.append(t)
COORD. join(worker_threads)

GLOBAL_AC.save()

plt.plot(GLOBAL_RUNNING_R)

if not os.path.exists(’image’):
os.makedirs(’image’)

plt.savefig(os.path.join(’image’, ’a3c.png’))

5.10.5 TRPO: Pendulum-V0

TRPO VMG #i3sk 77248 F7E KL BUE LW N s KRR P K. Bil7 W d F 7 s AL 54k ot
#% (Generalized Advantage Estimator, GAE). $A14:F — F GAE_Buffer Wi{i L.

class GAE_Buffer:
def __init__(self, obs_dim, act_dim, size, gamma=0.99, lam=0.95): # ¥/ 1EZF

def.;gore(self, obs, act, rew, val, logp, mean, log_std): # &Fft%iE
def.égnish_path(self, last_val=0): # il GAE-Lambda it # &1t
def _discount_cumsum(self, x, discount): # Hlit#suft 2 H 5

def .i's._full(self): # EERERGOH

def get(self): # 277 H AL 44E

FAER IR R AL 2 R B B A

class GAE_Buffer:
def __init__(self, obs_dim, act_dim, size, gamma=0.99, lam=0.95):
self.obs_buf = np.zeros((size, obs_dim), dtype=np.float32)
self.act_buf = np.zeros((size, act_dim), dtype=np.float32)
self.adv_buf = np.zeros(size, dtype=np.float32)
self.rew_buf = np.zeros(size, dtype=np.float32)
self.ret_buf = np.zeros(size, dtype=np.float32)
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self.val_buf = np.zeros(size, dtype=np.float32)
self.logp_buf = np.zeros(size, dtype=np.float32)
self.mean_buf = np.zeros(size, dtype=np.float32)
self.log_std_buf = np.zeros(size, dtype=np.float32)
self.gamma, self.lam = gamma, lam

self.ptr, self.path_start_idx, self.max_size = 0, 0, size

£ store) BT, BATREHEAANIS N ZEAFH, B3 .

def store(self, obs, act, rew, val, logp, mean, log_std):
assert self.ptr < self.max_size # #i{xH &t = q
self.obs_buf[self.ptr] = obs
self.act_buf[self.ptr] = act
self.rew_buf[self.ptr] = rew
self.val_buf[self.ptr] = val
self.logp_buf[self.ptr] = logp
self.mean_buf[self.ptr] = mean
self.log_std_buf[self.ptr] = log_std
self.ptr += 1

finish_pathQ BREAERE DN PULISE R — Nl & 8RN SR - e DS ATHL I 1
5 GAE-Lambda HLI5 AN M b8 202 F 21 00 FAR AT .

def finish_path(self, last_val=0):
path_slice = slice(self.path_start_idx, self.ptr)
rews = np.append(self.rew_buf[path_slice], last_val)
vals = np.append(self.val_buf[path_slice], last_val)
# THMATIHTHT GAE-Lambda 1t #
deltas = rews[:-1] + self.gamma * vals[1:] - vals[:-1]

self.adv_buf[path_slice] = self._discount_cumsum(deltas, self.gamma * self.lam)

# T—ATIE T, kNN EE ke E T

self.ret_buf[path_slice] = self._discount_cumsum(rews, self.gamma)[:-1]

self.path_start_idx = self.ptr

TEZ AR A ) _discount_cumsum() BRELUN T Ao X B T scipy (— NI
1) P 2 B SR ST
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def _discount_cumsum(self, x, discount):

return scipy.signal.lfilter([1], [1, float(-discount)], x[::-1], axis=0)[::-1]

is_fullQ sHUA R I — MRS BRI,

def is_full(self):

return self.ptr == self.max_size

BGATE T IR, BATR B B EE AR X B TSR EOR

def get(self):
assert self.ptr == self.max_size # HlZXiE = Bl, ZF LM HH
self.ptr, self.path_start_idx = 0, 0

# THATEINEM B EAEA

adv_mean, adv_std = np.mean(self.adv_buf), np.std(self.adv_buf)

self.adv_buf = (self.adv_buf - adv_mean) / adv_std

return [self.obs_buf, self.act_buf, self.adv_buf, self.ret_buf, self.logp_buf,
self.mean_buf, self.log_std_buf]

B N RBATKA4H TRPO, H LU FR:

class TRPO:
def __init__(self, state_dim, action_dim, action_bound): # f|ZE X% . HtELK LT &

def-gét_action(self, state, greedy=False): # E#{Ef M &
def.gi;loss(self, states, actions, adv, old_log_prob): # it % us4f %
def.ggadlent(self states, actions, adv, old_log_prob): # it 5 8 [ 4 #
def train_vf(self, states, rewards_to_go): # %1 {H M %

def.gi(self, states, old_mean, old_log_std): # it4 KL # /%
def.;glat_concat(self, xs): # BTEL &

def get_pi_params(self): # kBl HE W 4t 5 4
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def

def

def

def

def

def

def

set_pi_params(self, flat_params): # 1% & %85 [ 4 8 5 4%
.s'a've(self): # FHEM %S

-l-o-ad(self): # BAWESEIHK

.gg(self, Ax, b): # HEEimEHE &

hvp(self, states, old_mean, old_log_std, x): # Hessian [i & ! (Hessian-vector
product)

update(self): # F #7144

finish_path(self, done, next_state): # % # — 4t

ANEERT— R v 22 F A ) v 0

AT —1F, RATEVIR R B e BB W 4% USRI LA AR & 1K LB E Jp A i —
ﬁj\

Ao SEMSIIZE i 7RSI RLERE I ME, BT a3t —

AN RRAE N B

class TRPO:

184

def

__init__(self, state_dim, action_dim, action_bound):
# critic
with tf.name_scope(’critic’):
layer = input_layer = tl.layers.Input([None, state_dim], tf.float32)
for d in HIDDEN_SIZES:
layer = tl.layers.Dense(d, tf.nn.relu) (layer)
v = tl.layers.Dense(1) (layer)
self.critic = tl.models.Model(input_layer, v)

self.critic.train()

# actor
with tf.name_scope(’actor’):
layer = input_layer = tl.layers.Input([None, state_dim], tf.float32)
for d in HIDDEN_SIZES:
layer = tl.layers.Dense(d, tf.nn.relu)(layer)
mean = tl.layers.Dense(action_dim, tf.nn.tanh)(layer)
mean = tl.layers.Lambda(lambda x: x * action_bound) (mean)

log_std = tf.Variable(np.zeros(action_dim, dtype=np.float32))
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self.actor = tl.models.Model(input_layer, mean)
self.actor.trainable_weights.append(log_std)
self.actor.log_std = log_std

self.actor.train()

self.buf = GAE_Buffer(state_dim, action_dim, BATCH_SIZE, GAMMA, LAM)
self.critic_optimizer = tf.optimizers.Adam(learning_rate=VF_LR)

self.action_bound = action_bound

H T ML, AT AT CLE a0 R R ARG MRS FHIshE. Bk ok, BATTH B HE—u
WANAEAEN GAE 22174

def get_action(self, state, greedy=False):
state = np.array([state], np.float32)
mean = self.actor(state)
log_std = tf.convert_to_tensor(self.actor.log_std)
std = tf.exp(log_std)
std = tf.ones_like(mean) * std

pi = tfp.distributions.Normal(mean, std)

if greedy:
action = mean
else:
action = pi.sample()
action = np.clip(action, -self.action_bound, self.action_bound)

logp_pi = pi.log_prob(action)

value = self.critic(state)

return action[0], value, logp_pi, mean, log_std

AR B 1TSS AR . AT BRI S, X — iR 2 T A AR AT R
W KA 0 B T R I A AT R B o 2 I A B B AR 38 D 7 SR 4 2

def pi_loss(self, states, actions, adv, old_log_prob):
mean = self.actor(states)
pi = tfp.distributions.Normal(mean, tf.exp(self.actor.log_std))
log_prob = pi.log_prob(actions)[:, 0]
ratio = tf.exp(log_prob - old_log_prob)
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surr = tf.reduce_mean(ratio * adv)

return -surr

I 2 B E S pi_loss O BRE, FATAT LR ] St vk SRR RE

def gradient(self, states, actions, adv, old_log_prob):
pi_params = self.actor.trainable_weights
with tf.GradientTape() as tape:
loss = self.pi_loss(states, actions, adv, old_log_prob)
grad = tape.gradient(loss, pi_params)
gradient = self._flat_concat(grad)

return gradient, loss

WIZRIME N 2% (VAN s o 3R 8]V s /b 459 7 22 RIVAT UL & A6 B 2

def train_vf(self, states, rewards_to_go):
with tf.GradientTape() as tape:
value = self.critic(states)
loss = tf.reduce_mean((rewards_to_go - value[:, 0]) ** 2)
grad = tape.gradient(loss, self.critic.trainable_weights)

self.critic_optimizer.apply_gradients(zip(grad, self.critic.trainable_weights))

T KL BUZ RS RIS frs . JAI5e 8 T2 EARAEZ L3 E A, ARG TH PS4
f¥) KL B

def kl(self, states, old_mean, old_log_std):
old_mean = old_mean[:, np.newaxis]
old_log_std = old_log_std[:, np.newaxis]
old_std = tf.exp(old_log_std)
old_pi = tfp.distributions.Normal(old_mean, old_std)

mean = self.actor(states)
std = tf.exp(self.actor.log_std)*tf.ones_like(mean)

pi = tfp.distributions.Normal (mean, std)

kl = tfp.distributions.kl_divergence(pi, old_pi)
all_kls = tf.reduce_sum(kl, axis=1)
return tf.reduce_mean(all_kls)
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FEXAMRISE] 7, F 2 SHEVEH _flat_concat QO MEUEF, XFEREMILIR 21 HIL 2.

def _flat_concat(self, xs):

return tf.concat([tf.reshape(x, (-1,)) for x in xs], axis=0)

WIF get_pi_params() 1 set_pi_params() H#H TIRE M EATShE MK MNSH. 1
FREUAN 3 & S8 R A 75 AT — e Ty B g Ab 3

def get_pi_params(self):
pi_params = self.actor.trainable_weights

return self._flat_concat(pi_params)

def set_pi_params(self, flat_params):
pi_params = self.actor.trainable_weights
flat_size = lambda p: int(np.prod(p.shape.as_list())) # the ’int’ is important
for scalars
splits = tf.split(flat_params, [flat_size(p) for p in pi_params])
new_params = [tf.reshape(p_new, p.shape) for p, p_new in zip(pi_params, splits)]

return tf.group([p.assign(p_new) for p, p_new in zip(pi_params, new_params)])

A BB BR BN 2 BT —FF

def save(self):
path = os.path.join('model’, ’trpo’)
if not os.path.exists(path):
os.makedirs(path)
tl.files.save_weights_to_hdf5(os.path.join(path, ’actor.hdf5’), self.actor)
tl.files.save_weights_to_hdf5(os.path.join(path, ’'critic.hdf5’), self.critic)

def load(self):
path = os.path.join('model’, ’trpo’)
tl.files.load_hdf5_to_weights_in_order(os.path.join(path, ’actor.hdf5’),
self.actor)
tl.files.load_hdf5_to_weights_in_order(os.path.join(path, ’critic.hdf5’),
self.critic)

AR AR S A S LR P R0 o A8 P IZ A BT DUASIE I T SR il AN RE R R BB
%%EIZEIJ—J% axs

THESE WL IS
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def cg(self, Ax, b):
X = np.zeros_like(b)
r = copy.deepcopy(b) # EE, XENIZE'D - Ax(x)’, 1B x=0 M, Ax(x)=0, #FEHE
# o7 AT &

p = copy.deepcopy(r)

r_dot_old = np.dot(r, r)

for _ in range(CG_ITERS):
z = Ax(p)
alpha = r_dot_old / (np.dot(p, z) + EPS)
X += alpha * p
r -= alpha * z
r_dot_new = np.dot(r, r)
p =r + (r_dot_new / r_dot_old) * p
r_dot_old = r_dot_new

return x

R AR Tl AR Ha = V) ((VoDiko (0]165)) " @) H5 Hessian i & 7.
3K LA L B MOR BB Hae — (oI + H)a B8R, T USRS AF St A s b

def hvp(self, states, old_mean, old_log_std, x):

pi_params = self.actor.trainable_weights

with tf.GradientTape() as tapel:
with tf.GradientTape() as tape®:

d_kl = self.kl(states, old_mean, old_log_std)

g = self._flat_concat(tape®.gradient(d_kl, pi_params))
1 = tf.reduce_sum(g * x)

hvp = self._flat_concat(tapel.gradient(l, pi_params))

if DAMPING_COEFF > 0:
hvp += DAMPING_COEFF * x

return hvp

470 LHER, BAImJa T ITHRRRT 7. B, 18 GAE REHIRIF THE M AR . 1%
AL ?F}Eﬁv')#ﬁ‘/%ﬂ%frﬁ’}ig z, bXﬂ‘f\“/\iﬁ & ~ H ' ge Hi0 20 SRF, BATHE A
K Opg1 = Gk + o’ o T [ oo 70 IR BTV [ 2R 45 3R S S 1
%, #Ja, i MES ab %E%ﬁﬁﬁﬂ%

def update(self):
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states, actions, adv, rewards_to_go, logp_old_ph, old_mu, old_log_std =
self.buf.get()
g, pi_l_old = self.gradient(states, actions, adv, logp_old_ph)

Hx = lambda x: self.hvp(states, old_mu, old_log_std, x)
x = self.cg(Hx, g)

alpha = np.sqrt(2 * DELTA / (np.dot(x, Hx(x)) + EPS))
old_params = self.get_pi_params()

def set_and_eval(step):
params = old_params - alpha * x * step
self.set_pi_params(params)
d_kl = self.kl(states, old_mu, old_log_std)
loss = self.pi_loss(states, actions, adv, logp_old_ph)
return [d_kl, loss]

# EMLE R, B KL R
for j in range (BACKTRACK_ITERS):
kl, pi_l_new = set_and_eval (step=BACKTRACK_COEFF ** j)
if k1 <= DELTA and pi_l_new <= pi_l_old:
# BX—FRERFTEFNF K
break
else:
# ZEREK, REHSHK

set_and_eval (step=0.)

# MEMEEH
for _ in range(TRAIN_V_ITERS):

self.train_vf(states, rewards_to_go)

X LRI A U] W sl (] S SR I, T EAEH finish_pathQ B#. W RHE
I RE AR BIA L RS T S50, B4 iR B (R e e BN 0.

def finish_path(self, done, next_state):
if not done:
next_state = np.array([next_state], np.float32)

last_val = self.critic(next_state)
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else:
last_val = 0
self.buf. finish_path(last_val)

ARSI LA T Fras. BAVEBIEIAEE, FREAM LM M LR E.

env = gym.make(ENV_ID) .unwrapped

# REMAMSTUEZARE
np.random.seed (RANDOM_SEED)
tf.random.set_seed (RANDOM_SEED)
env.seed (RANDOM_SEED)

state_dim = env.observation_space.shape[0]
action_dim = env.action_space.shape[0]

action_bound = env.action_space.high

agent = TRPO(state_dim, action_dim, action_bound)

t0 = time.time()

FEYIGREEATT , BA TR R S PR BT A A0S AR AF NGRAT, G 1 A U 3k 4T —
UCEHT

if args.train: # train
all_episode_reward = []
for episode in range(TRAIN_EPISODES):
state = env.reset()
state = np.array(state, np.float32)
episode_reward = 0
for step in range (MAX_STEPS):
if RENDER:
env.render()
action, value, logp, mean, log_std = agent.get_action(state)
next_state, reward, done, _ = env.step(action)
next_state = np.array(next_state, np.float32)
agent.buf.store(state, action, reward, value, logp, mean, log_std)
episode_reward += reward
state = next_state
if agent.buf.is_full(Q):
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agent.finish_path(done, next_state)
agent.update()
if done:
break
agent.finish_path(done, next_state)
if episode ==
all_episode_reward.append(episode_reward)
else:
all_episode_reward.append(all_episode_reward[-1] * 0.9 + episode_reward *
0.1)
print(
"Training | Episode: {}/{} | Episode Reward: {:.4f} | Running Time:
{:.4f}’ . format(
episode+1, TRAIN_EPISODES, episode_reward,
time.time() - tO

)
if episode

agent.save()

agent.save()

BAEBATAT ARG In—se 22 RS, DUE T Zid e

plt.plot(all_episode_reward)

if not os.path.exists(’image’):

os.makedirs(’image’)

plt.savefig(os.path. join(’image’, ’trpo.png’))

BNGRSERE, BATATEIFaR IR,

if args.test:

# test

agent.load()

for episode in range(TEST_EPISODES):

state = env.reset()

episode_reward =

for step in range (MAX_STEPS):
env.render()

o

action, *_ = agent.get_action(state, greedy=True)
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state, reward, done, info = env.step(action)

episode_reward += reward

if done:
break

print(

"Testing | Episode: {}/{} | Episode Reward: {:.4f} | Running Time:
{:.4f}’ . format(
episode + 1, TEST_EPISODES, episode_reward,
time.time() - t0))

5.10.6 PPO: Pendulum-V0

PPO Z—Fi—M ik, 5 TRPO XFE M 1A,
fE PPO-Penalty W, J2iBit 4y H s EE In—A KL BUZET K, PU#ERIE TRPO IXFEHT
KL 290 s 3 i) i . PPO KM S5 0 R B

class PPO(object):
def __init__(self, state_dim, action_dim, action_bound, method=’clip’): # A% 1k

def train_actor(self, state, action, adv, old_pi): # 1T#1# |4 H#k

def train_critic(self, reward, state): # #h¥|# )% &40

def -u-p-date(self): # FEHEHK

defléét_action(self, s, greedy=False): # ¥ ##/F

def .s.al've(self): # TP %

def .l.o'ad(self): # BAW L%

def store_transition(self, state, action, reward): # FiFEF ki, k. L

def finish_path(self, next_state): # iT&H Z ¥ Jf

£ PPO ik, BAERI IR & B b AT B W28 AL HI N 2% . PPO 5 532 : PPO-
Penalty fll PPO-Clip. FATFELE A AT RS, EicE AN N SH. TR — N iEskiz
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WX 2855t I T — A lambda JEZ¥ AL 2, 1X 2 BT Pendulum-VO' 355 iR I ZIETE 2 [—2,2].

class PPO(object):
def __init__(self, state_dim, action_dim, action_bound, method=’clip’):

# Critic

with tf.name_scope(’critic’):
inputs = tl.layers.Input([None, state_dim], tf.float32, ’'state’)
layer = tl.layers.Dense(64, tf.nn.relu) (inputs)
layer = tl.layers.Dense(64, tf.nn.relu) (layer)
v = tl.layers.Dense(1) (layer)

self.critic = tl.models.Model (inputs, v)

self.critic.train()

# Actor
with tf.name_scope(’actor’):
inputs = tl.layers.Input([None, state_dim], tf.float32, ’'state’)
layer = tl.layers.Dense(64, tf.nn.relu) (inputs)
layer = tl.layers.Dense(64, tf.nn.relu) (layer)
a = tl.layers.Dense(action_dim, tf.nn.tanh) (layer)

*

mean = tl.layers.Lambda(lambda x: x * action_bound, name=’lambda’) (a)
logstd = tf.Variable(np.zeros(action_dim, dtype=np.float32))

self.actor = tl.models.Model(inputs, mean)

self.actor.trainable_weights.append(logstd)

self.actor.logstd = logstd

self.actor.train()

self.actor_opt = tf.optimizers.Adam(LR_A)

self.critic_opt = tf.optimizers.Adam(LR_C)

self.method = method

if method == ’penalty’:
self.kl_target = KL_TARGET
self.lam = LAM

elif method == ’clip’:
self.epsilon = EPSILON

self.state_buffer, self.action_buffer = [], []

self.reward_buffer, self.cumulative_reward_buffer = [], []
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self.action_bound = action_bound

train_actor() HE G 518 H PPO 77 vk E $i47 s . PPO i FH4s 2 1 H bR R ECk By k8 i
W& 176 B9 | H S B

def train_actor(self, state, action, adv, old_pi):
with tf.GradientTape() as tape:

mean, std = self.actor(state), tf.exp(self.actor.logstd)
pi = tfp.distributions.Normal (mean, std)

ratio = tf.exp(pi.log_prob(action) - old_pi.log_prob(action))
surr = ratio * adv
if self.method == ’penalty’: # ppo penalty

kl = tfp.distributions.kl_divergence(old_pi, pi)

kl_mean = tf.reduce_mean(kl)

aloss = -(tf.reduce_mean(surr - self.lam * k1))
else: # ppo clip

aloss = -tf.reduce_mean(

tf.minimum(surr,

tf.clip_by_value(ratio, 1. - self.epsilon, 1
* adv)

. + self.epsilon)

)
a_gard = tape.gradient(aloss, self.actor.trainable_weights)

self.actor_opt.apply_gradients(zip(a_gard, self.actor.trainable_weights))

if self.method == ’kl_pen’:

return kl_mean

train_criticQ MG TR ACHIE AT R, AEW TR, dREmE T ES IR
Bk S, Az

def train_critic(self, reward, state):

reward = np.array(reward, dtype=np.float32)
with tf.GradientTape() as tape:

advantage = reward - self.critic(state)
loss = tf.reduce_mean(tf.square(advantage))
grad = tape.gradient(loss, self.critic.trainable_weights)

self.critic_opt.apply_gradients(zip(grad, self.critic.trainable_weights))

194



5.10 FukHE XA T

7t update BREH, FATVSE T IH S0 14040, 2 5 FRdEAT 58T . Wi SR FRAT 1457 F PPO-Penalty
JiiEs WAL FHEATHATNE 2 J5, M KL §U% K558 lambda {H .

def update(self):
s = np.array(self.state_buffer, np.float32)
a = np.array(self.action_buffer, np.float32)

r = np.array(self.cumulative_reward_buffer, np.float32)

mean, std = self.actor(s), tf.exp(self.actor.logstd)
pi = tfp.distributions.Normal (mean, std)

adv = r - self.critic(s)

# update actor
if self.method == ’'kl_pen’:
for _ in range(A_UPDATE_STEPS):
kl = self.a_train(s, a, adv, pi)
if k1 < self.kl target / 1.5:
self.lam /= 2
elif k1 > self.kl _target * 1.5:
self.lam *= 2
else:
for _ in range(A_UPDATE_STEPS):

self.a_train(s, a, adv, pi)

# update critic
for _ in range(C_UPDATE_STEPS):

self.c_train(r, s)

self.state_buffer.clear()
self.action_buffer.clear()
self.cumulative_reward_buffer.clear()

self.reward_buffer.clear()

get_action() PRIEAILAZ fa] 53 Y (L AN AR HE ZE R AR B E 70 A, IF HN P REESIAE . 4
RIBAVEE DB RR N, R & 2 AR,

def get_action(self, s, greedy=False):
state = state[np.newaxis, :].astype(np.float32)
mean, std = self.actor(state), tf.exp(self.actor.logstd)
if greedy:
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action = mean[0]

else:
pi = tfp.distributions.Normal (mean, std)
action = tf.squeeze(pi.sample(l), axis=0)[0]

return np.clip(action, -self.action_bound, self.action_bound)

save(). load(). store_transition() FREIAIZ BIHIACEE KL, XEAMBEI. finish_
path () BRE 7 BT IR AR 45 R BE RARLF 1 —RUEHE i ok 8 2022 )il

def finish_path(self, next_state, done):
if done:
v_s_ =0
else:
v_s_ = self.critic(np.array([next_state], np.float32))[0, 0]
discounted_r = []
for r in self.reward_buffer[::-1]:
V_s_ =T + GAMMA * v_s_
discounted_r.append(v_s_)
discounted_r.reverse()
discounted_r = np.array(discounted_r)[:, np.newaxis]
self.cumulative_reward_buffer.extend(discounted_r)

self.reward_buffer.clear()

TR B AN BT AR B eI SIIREE AN PPO B REK

env = gym.make(ENV_ID) .unwrapped

# RERMAMGT, TUEFHEIARR
env.seed (RANDOM_SEED)
np.random.seed (RANDOM_SEED)
tf.random.set_seed (RANDOM_SEED)

state_dim = env.observation_space.shape[0]
action_dim = env.action_space.shape[0]

action_bound = env.action_space.high

agent = PPO(state_dim, action_dim, action_bound)

t0 = time.time()
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P RER IR BT EAT I, JF AR o ATt 45 AR B WS AR A2 06 RO B I, $hAT
finish_pathQ BACHHE Rt K. EREL MBI EHREER. ELNERBIRFIZ
Ja, BRI IRIF M 5 T .

if args.train:
all_episode_reward = []
for episode in range(TRAIN_EPISODES):
state = env.reset()
episode_reward = 0
for step in range(MAX_STEPS): # 7102/ F Fr
if RENDER:
env.render()
action = agent.get_action(state)
state_, reward, done, info = env.step(action)
agent.store_transition(state, action, reward)
state = state_

episode_reward += reward

# FH PPO
if len(agent.state_buffer) >= BATCH_SIZE:
agent.finish_path(state_, done)
agent.update()
if done:
break
agent.finish_path(state_, done)
print(
"Training | Episode: {}/{} | Episode Reward: {:.4f} | Running Time:
{:.4f}’ . format(
episode + 1, TRAIN_EPISODES, episode_reward, time.time() - t®)
)
if episode ==
all_episode_reward.append(episode_reward)
else:
all_episode_reward.append(all_episode_reward[-1] * 0.9 + episode_reward *
0.1)

agent.save()

plt.plot(all_episode_reward)
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if not os.path.exists(’image’):
os.makedirs(’image’)

plt.savefig(os.path.join(’image’, ’'ppo.png’))

R, BAER R AE i

if args.test:
agent.load()
for episode in range(TEST_EPISODES):
state = env.reset()
episode_reward = 0
for step in range (MAX_STEPS):
env.render()
state, reward, done, info = env.step(agent.get_action(state, greedy=True))
episode_reward += reward
if done:
break
print(
"Testing | Episode: {}/{} | Episode Reward: {:.4f} | Running Time:
{:.4f}’ . format(
episode + 1, TEST_EPISODES, episode_reward,
time.time() - t0))
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