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KRR BIIBEE, FERIIRE AR RN,

1.3 BUFIRIRIER

FAT 12 5T LAE B, SR ST 1R BEAGRAE AN — DB AP IS B 58 BT BT
T ADIAEGEEN, BEEHUEESHHE LR R WA A WA, XA A
MBS RERZNE . LS8, AE LT R S REAT AL, il dn— PSR A2 0
— R RAS. B RRIIE. —ANERS. T AR, HeoE R ERM RS
PR R IO 26 AR 0 AT o SR I L —MRORLAE 2K (945 B2 Bl mT DA H E AR A6 0 B DA S
T ZI B L BT X 24 F A B S A R A1 R %

UERAEFA LI — A~ B SRR BENLE R I — MR THER R, BRI RER 301,
ML T — ZPARES BRI ARE = AR R REAA R s AR I Rl wkesg T dee Bl B A B
AR

T ZPRE ~ PCIARPIRES, BRI BIE)

MR EARTR, B REAR R F B I RIPREE b, AEAS R B A A A B AR A T, T e

PRI T ORI 75 ZEAE BT RS Tt D 2 Rk

HIHATE 2, S R FAR 55 1R REABEAT S TR B — D Eh S IBEALE RE,  HARK
RS 340 H L AR A R R RISV RIE R kg, JF B R RS HA A0 AR5 P U7 T
MIRENLIE: — R B R R ZERIBENLYE, R T L ATIRES R RER SR KA T —
ZURASHIBENUNE . X ABE 2D SRS R A 20, FATRETS sz 2, AN RE
Hh 2 SRR — A [ 5E (8 70 A 22 S R ARE AR

1.4 BHUEIRIBR

£ EREAET, BREAAIASE RTINS AN 2R E S, HAEE
HISEHR R RN . XA RINME 5 — R R L AR BB R e R ) S B 5, G LA
DR A R P I — MR 1 Bl . BN AR R AR I 2 5 T LA AT R
m, TGS R R @R (return), B B — B Tie xR m B0 0 Bl . IRAEIA ST RS S ERATH]
PAJITE, BUAEABEIAE GRS AR, B RER AR AL, B R MIA B 1L A 1 45
RWARTTRERA R, XN HIER B AF Fl, ERfLs >, JATE R R,
TR HE SONMME (value), T AE s b2 > B e AR 2 ST 4K F Ao

AR A SR, RO 200 A R i — 50 B RE R BB A A B3 73 A1 AN A S5 A



1.5 RBAFITPHHE 5.

JSL PR RS ROBE R D AT AR 7332 55, Ak 22 ST R M B 2 ST 5 50 HAR LS —Bmd,  BIIE
FAEE AT SR — DD BUERINE . Ak, i EmE RIS A8, B ST RA
B SR E AR AR Y -

1.5 BUFEIFRIEUE

PR RIRATANEHE J2 T PRAGRAT B 2% ) AL 2 T 1 D

A7 W 2 ST (A 55 38 STAE N2 SE OB A RS 2RI R Bt 4R Bl AL AE VI 25
HAREHBOE R B AR R 8 (i METRINR 72D SRERBIBR S 4. X B, IR
Ja IRV o)A A e A AN AR

fEsRLEE ST, B AR etk SRS BRI AR TP AR R . SRR RERASRIUEA R HE5h
8, A AZBINERT B E K ICVE ORI 2, P DA AR R AR IR ok B 2 AR BEAA T
PURGR. KL, BRI AR, S TER R AT AR, A 12 FR.

P12 sl o A R e A 5 PR A8 T A L 1 Kl AT

B, s a — A KT EBIE e, 4 & A E2 (occupancy measure),
R ORI 7628 3 Fil, fEIX BT R 2 Rd: H—1ef b HEEH
THEE - NMEEERES — NI AT B R, SRR — N BRI RS2 1E 2
(state-action pair) HJMEZR A .

HHE R - MEEZERMEST: 45 SRS LS — A ST sE BAR RIS S E
&, B HACRXEA S SRR, XA SEISAE . B2 dl, Wi — R Ee kK
WA BT, ARSI AE TAS B o FH R Bt 2 A R

MR 5 X — E AT, FRATAT DLAUE 1 s b 2 o) Ao i 4 7 K.

(D) 3422 ST R SRS AE N Zhrb 2 AT ST, OO S A EAR 0 A CED S FBE &) 2 AH B 3
B R, SR ST — KME U E T, B AR AATE B BB 70 A1 2 B 5 R REAA 1Y) 5 = T A

(2) HTRBESARESIER 2 b, — A HEHE N R AN FE St 2 — A o & X0
(LRI HHER, DRI T4 e I SR W o B R et o R =



c6° H1FE KBTI

1.6 BUFEIAPREHE

ML FTTT 5 ROUHEE, B IR N AZ DA SR S MR A R S T R T . X
BLPATIENE SR E — B B 2 ST Ak 22 ST B Xl
XF A W SIMES, BATH BRI A MR R 8, AR SRR 5
ERAME A G ERIBUR KB AR GREER IS F AR RS R, XML B AR R i MR
RUE B AR /3 Aii L H724032 £ (generalization error), F ff B A 2 AT LAEHE A -
AR = arg min B s sy s [0 2K R EL (bR A%, BERY(RFLL )]
HMLZR, RS2SRSS IR AL H AR R AL R RE AR SRS AN B A I S L A b (477
Ho AR 1.5 TR0, SRS B (8 T A0 e i pi 26 il R 507 SN 1) o5 P E 8 S0, D
B A SRS = arg minE e oy, sespin e [l R A RS, 3019)]

MELL B 230, BATAT AR 1.4 777, S48 W A LR AN AN ] s

(1) A MBI ARtk % 2] Ak B bR L,  BP#S 2R AN Es 0 A S — Ao 5E
FRIHE.

(2) ZHMAMIBERAFEN, AR Bl AR T s R Rk 1 fa kb
HAw, BMEMCE xR B0 50 A0 A s 5l 2 >0 WD e o A48 55w ok 8 5 5 Re AR RN BRI 58 HL 4k
WA, A BAx, BMESCEdE o AR B bk AL .

R bR, — oA B IR 2 2] e S A B X A

o —RIAE ME AR o) U TR AR, S AR 45 0 B AT T A5 B 1 R R B

/N
o SRALEE IR AR BRSNS, [ HAE 5 SIS BRI R b A d G S
A, B KA A0 T — A5 8 22 il e B 3

1.7 INGS

A EN R AR IR, KB TR IR, R 1 ok s SR B 22 S A T st
LR B YT X BRI LA A e AERZHAEOLT, SR SR SR A B 22 >
RS, PN — BSRIgAA Frei 3, A8 B AR e 0 A e Bl 2 o038, I HOX R e
R AFEERN, AR AR A XA E . XA R —MRIERS, JATEE
PR — IR BE BT B R i RS A, 10— A (AT B 2 S 35 R B AR BRI AN

U7, P RIZGEEASS SN, 8 PR A S AR S ok 7 2 9RA 27 ST % 1 AR
HER T 77 JAIT R



ZBEERINAE

2.1 &N

WAVESE 1 Zrp THRE, RS ] DGR R RIIA SR H FE R 22 5], X —Fhik AR 2L 52 5]
(trial-and-error learning) V3. 7EIEZESI oIS 2 AT, FATRES T EZE 2RI E, ©n]
DAHEE AR sl 5 o) . St AR, 28 ZRNIAAEIRSEE, RAEEM2LE),
FORIE R RIS B 2] R ZE RN IR % 5 AR (exploration vs.
exploitation) [A]#— EL DIKHARZE—/MEEAIZ S A, BRARE ReOS S BhERAT 15 ST db ¥ 2

2.2 814

2.2.1 [EIEAEN

£ %% % AL (multi-armed bandit, MAB) a8 (LK 2-1) o, 5N K ARBAFHEE
ML, B —HRRAT R B — N T AL R 0 A0 2 o FRAT TR s e p — AR, mhmT DA
VAT XS L 2 IR 3 AT FR R AR — N2l o FRATTFESARNIAT LIRS o A R ENE LR, A
SFFIRZR, HARRIEERAE T B E SRR T Re m 1 RAE . B T2 AR o0 A J2 AR A
DL ERATT R e “ERBRRAT ISR I “HRARZ G R 2 AT it TRl . “ kA
EFERIERESRIE A Re RIS 00 R i = R 2 2L, RRIR, SEAME?

K 2-1 ZEEEN



8+ H2F ZAERMNEAM

2.2.2 ik
LRE LR LR A Te L (AR, B
o ANEESES, Kb AR AR, S EERHL S KRR,
AR RIS (@, a0}, R a, € A TRALE D
o R IPEINMASAT, BANE IR HIEIE @ BRI R (@), $5)
R IRHRCFF IR 0 A3 8 R
(B4 M 2 P REREE— HRECRE, 2B R HLA F AR MRl — BRI T B %
e max Y s~ RCa) . Sk a FRTES ¢ WA B IOEE, r RRIE a3
BHSR.

2.2.3 FRRIRE

KFEAIE 0, BATE HIREL R O(a) =E, 4 [r] o TR, BEDEERBAF, &
ISR 2l AN TR sh HAE R ARBLAT, FA MR ZR I &R N 0" = max,_, O(a) . T
SENEDW S 7 IS Bl — AR AT S 3 il 28 e AT ST B2 2L R 228, FRATT5INBLHE: Cregret)
M. R E SONRE A ATRAT I @ SRAEAT I ER )2, R R(a)=0" -0(a) . R
L H (cumulative regret) B A TURBIAT S RIS, X Tk B T2k H a0y, 0,
SRR o, =) R(a,) . MAB [ EFRREIA SEHULR, S0 THME 2.

2.2.4 {hitHAZEE R

N T RGE 7 S AR AT RE IR AT T KA, FRATT TR B TR S X AR B 1 B 2. R
T REsh— R A SRR M A E BN, BT AR B 2 IR gl — Rk, ARG HA R 2K
LRI, HAEZRAED TR,

ST Vaed, w3 %E Na) =0 Fo 392 LiEE O(a) =0

for t=1>Tdo
BEARLAT, ZAHEITA a,
L ey b

F A N(a)=N(a,)+1

BAME LA Ola) = Ola) +——1 - Oa,)]
N(a,)

t

end for
PLE for A EE VU AP Qb SE B A 8, R AIXFE AT DL AT M B B, &
FLW/ Il
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Il
—_ = X = |-

TN

N

=+
~. b
LT

=~
~—

=’;(Q'+k§471_£%4)

:§&7M+%{Q'_§&7J

U SRR i A HORAN P B AR ER, TR R R T (0 I 1) 52 2% AN 22 ) 52 2% 24 0 O(m)
111 R 3 B T, I ) R A BE A2 () R B0 O(1)

N HEBA GRS AR I — AN RATECN 10 128 2 FEbL o o s AR AT 6 22 5 il A AA
%A% (Bernoulli distribution), EIRRIREL FHAFA p BIMERIRIB N 1, A 1 - p IR
SRIFIAIEN A 0. 3l 1 ARERIRAE, 2hhy 0 AREE A TR,

# SNEBERNE, Eh nunpy X SUANEEEH0R AT ERE, T matplotlib 2LEE

import numpy as np
import matplotlib.pyplot as plt

class BernoulliBandit:

e (AR SREERN, BN K R-RIFEL

def __init_ _(self, K):
self.probs = np.random.uniform(size=K) # BENIAERL K 1 0~ 1 HI8L, (ESIRENERRAATAVRIZ

LR ES

self.best idx = np.argmax(self.probs) # FREZEREAXATHIIT
self.best prob = self.probs[self.best idx] # mARIEFREZHZR
self.K = K

def step(self, k):
# BITFRIEET k SHATE , RIBRIENZZ RN k SRATRSEZMAMEERIRE 1 (3X32) 360 (F
# RE)
if np.random.rand() < self.probs[k]:
return 1
else:
return 0

np.random.seed (1) # REMYIFT,FLIWBEEITEEM

K = 10

bandit 10 arm = BernoulliBandit(K)

print ("B T —%d BASZFZEMN" % K)

print ("EEBEREAIINIT RS S, IR ER%. 4" % (bandit_10_arm.best_-idx,
bandit 10 arm.best prob))

BEMAERL T — 10 BEBAERN
MRS RIRATA 1 S, HRRITES 0. 7203



<10 H2F LA EZENEA

FETRIAMTH A~ Solver FEAi AR ILIN_Fak 1) 228 2 PR WL KM T7 58 MR AT ST B
T, FATFELIL R FIR B 6e: AR RIS EFEE . RAESNVEREULE) . 50T EE 2Ll ik 45
SR RN RITHEL. 7E R MAB BUEFEAHESL , JRATRARYE Rk a4 S0 1F . ARIEZH1E
FRIR 32 Joh 1 27 20 4 22 A5 B TUAE run_onestep() BRI, HHARFAN 447K Solver 28 1 S HL AR SL I .

M 247 R AL M Aot B0 B EEHE run(Q % .

class Solver:

e ZEEEENEIAEAER

def _init _(self, bandit):
self.bandit = bandit
self.counts = np.zeros(self.bandit.K) # SRRIFHIZIHIREL
self.regret = 0. # HEIEMERIRE
self.actions = [] # #IP—DIIR, ICRE—EI=NE
self.regrets = [] # #P—FIRK,ICRE—LSHRVRIE

def update_regret(self, k):
# ITERIURBIHRE , k AR EERRATIRS

self.regret += self.bandit.best prob - self.bandit.probs[k]

self.regrets.append(self.regret)

def run_one step(self):
# IREIHRIAEIEREP—IRRAT , BB EARIZRESSCIN

raise NotImplementedError

def run(self, num_steps):
# 1B1T—EIREL, num_steps NRUEITIRE]
for _ in range(num_steps):
k = self.run_one step()
self.counts[k] += 1
self.actions.append(k)
self.update_regret(k)

2.3 BRRSF B

£ 2.2 WRIFFHED S, RS — NSRS SRR INAZRUE AN a1, B4
BNRRRAAT, i DA T ORBATPR 2 S dn e vt i, — i sk
W BRI s, (Rt e ek . Aua <, whe
PLBNIAI 2 RESRAF IR HORLAT,  BUSRAHAT; (HUn RIS SRR, 3R
OB AT RE R NI . 2B AL, — NI R R
FHFI KPP R 3R % (exploration) SEFEZIRIIANE Z W REAIRIAFT, IXHRHL
T E 2RISR, (XA S BN HEH R T TSR L. Bk,

FEMESTEE

XEF—A 10 BEZIRNL,  FRATESEHTA BT RLEN— T A FERAR BT AT REPAT BRI 2E 3. AU
(exploitation) 75 CAIEEALIEAIAMRAAT, i+ CRIRIE EABCR B A BRI A T,
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FTUAA T SR AN—E e 2R L. lin, X F—A 10 B2 mepl, FATRFshdHr 3 i
FFs R EABlX 3 MR T R 2R K AAR BT, (EARAT AT RSS2 K (AT 3R
Y7 ARZ, RIERA DA 10 MRIAT B #2601 20 IR, RBL S SRS AL il i e,
EATRAFAEE T N IR —— 53— R 6 SHIT ISR L 5 ST S i

FRAL W LIRHUB, B FENT 575 S PR AR (0, A8 BB Rk
flo A A P BB B R TF A4 O O TR, B BRSO U5
FEHEATRIL. A SR I SRR AR, 0 € S0 00, R BL A:
RITUARRE FL, T oA 2 BUA R TR S

& 3
2.4 e—BEEH]

SE T EVRE R — I ZIPRBUH R il E e R IBIE  (Rrahdift), X eaike R,
MBEARER, FrAFRA Tl 52X 52 T A T — g, Kb i —Moikoh e -0k
(e -Greedy) %k, €-TiAEEIATE e RLFERE DA N T e, SRR DIMER 1 — e B LIFZE
IO PR A S R ISR BT (R, DAMER e BENLE R —ARFAT GRZED, AXnF:
~ argtﬂ&}}@(t:),%ﬁﬁ%ﬁzl—e

M AT BENLIERE, KM : €

Bt PR A G 0, FRATTXS S AN BIAE 2 Ak T 75 ke bk, s FRATT 30 V5 b B4k
SAE R ITFIATIRER » T LAE € -0 BRI B AR SZEL b, FRATTAT DA4 € BRI A 326k,  BRERZR 1
MR AW G (HRIHER, e ASEARFIPEEN A 0, KNS TA R HOWM ) 52
TEGFAN IR R — AN RS B AR L, KB B s AR — N e I E R .

PMIHE T ok SACHD R ST — A € - RRVE, JFHE LM 2.2.4 AR 10 B2 EALT
B, BB e=0.01, LINT=5000,

a

class EpsilonGreedy(Solver):
"noepsilon BEEL, MK Solver ZE "
def __init _(self, bandit, epsilon=0.01, init prob=1.0):
super (EpsilonGreedy, self). _1init__(bandit)
self.epsilon = epsilon
#RMR I RIEhFTE RATAYHR R Rh k(B
self.estimates = np.array([init_prob] * self.bandit.K)

def run_one step(self):
if np.random.random() < self.epsilon:
k = np.random.randint(0, self.bandit.K) # BENUEER—IRAAT
else:
k = np.argmax(self.estimates) # FGIREARFMHERANIRAT
r = self.bandit.step(k) # BEIARINVERIZZREN
self.estimates[k] += 1. / (self.counts[k] + 1) * (r - self.estimates[k])
return k
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N EINEMHE R, AT RLHEA I TR R R Rl diok . TR RATE LT B2 K
AL T AT
def plot results(solvers, solver names):
nn A gy RENRIGRERTEIELAIENS . A solvers 2—MEIE, FIRFPIIBEN R — TS ENIRE.
M solver names tB2—NFIE , FHEES N REHZIR" "
for didx, solver 1in enumerate(solvers):
time_list = range(len(solver.regrets))
plt.plot(time list, solver.regrets, label=solver names[idx])
plt.xlabel('Time steps')
plt.ylabel('Cumulative regrets')
plt.title('%d-armed bandit' % solvers[0].bandit.K)
plt.legend()
plt.show()

np.random.seed (1)

epsilon_greedy solver = EpsilonGreedy(bandit_10 arm, epsilon=0.01)
epsilon_greedy solver.run(5000)

print('epsilon-BEEXANEIREN. ', epsilon_greedy solver.regret)
plot_results([epsilon_greedy solver], ["EpsilonGreedy"])

epsilon-BEEEMNRRIRIGN. 25.526630933945313

10-armed bandit

25 4 — EpsilonGreedy

20 1

15 4

Cumulative regrets

0 1000 2000 3000 4000 5000
Time steps

i EHEASEIR T UL, LTI H— /MBI )5, € -SRI i R AU LT
LEPEIE AT 1XFE € = 0.01 I AU4S5 SR, ROy — B 1 BENLALAT AP, T84 A A R
SE e FAMAN IR € BUE X 2 R ERERIARALIR ? FRATRSAE M % 10 B Z R AL, JATZ KA
(11240 {107,0.01,0.1,0.25,0.5} , EHEAARASIGLER O WRHE D,

np.random.seed(0)

epsilons = [le-4, 0.01, 0.1, 0.25, 0.5]

epsilon greedy solver list = [EpsilonGreedy(bandit 10 arm, epsilon=e) for e in epsilons]
epsilon _greedy solver names = ["epsilon={}".format(e) for e in epsilons]
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for solver 1in epsilon greedy solver list:
solver.run(5000)

plot _results(epsilon greedy solver list, epsilon greedy solver names)

10-armed bandit

10004 — epsilon=0.0001
—— epsilon=0.01
—— epsilon=0.1

8001 — epsilon=0.25

—— epsilon=0.5

2
o
@1 600 -
(4
2
=1
L
3 4
g 400
3
O
200 A
0 -
0 1000 2000 3000 4000 5000
Time steps

SRS R AT CLR L, A BRI e BUEZ D, RBBUGHRZ LR, £XAT
H, BB € IR, RBIUIEC (R 24K

PN ORI € (BRI 1R ek € - S AR5, SR B AR id e Oy S LBl 08, A5

class DecayingEpsilonGreedy(Solver):

def

def

epsilon (ERERTEJZRAAY epsilon-BEEL ik Solver 2 """

__1init__(self, bandit, init _prob=1.0):

super (DecayingEpsilonGreedy, self)._ _init__(bandit)
self.estimates = np.array([init_prob] x self.bandit.K)
self.total count = 0

run_one_step(self):

self.total count += 1

if np.random.random() < 1 / self.total _count: # epsilon {EMEITIEZE
k = np.random.randint(0, self.bandit.K)

else:
k = np.argmax(self.estimates)

r = self.bandit.step(k)
self.estimates[k] += 1. / (self.counts[k] + 1) * (r - self.estimates[k])

return k

np.random.seed (1)

decaying epsilon _greedy solver = DecayingEpsilonGreedy(bandit 10 arm)
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decaying epsilon_greedy solver.run(5000)
print('epsilon BERRMNEZEELNENNREA. ', decaying epsilon_greedy solver.regret)
plot results([decaying epsilon greedy solver], ["DecayingEpsilonGreedy"])

epsilon BRBNRAZEEMNRIRIEH . 10.114334931260183

10-armed bandit

10 4 —— DecayingEpsilonGreedy l—
8 -
2
g
o
g 61
(Y]
2
®
=
E 44
3
O
2 .
o A T T T T T T
0 1000 2000 3000 4000 5000
Time steps

SEEG a5 SR A a] DU I, Bl TR) 480 S BB S 93 1T € - Dn 2R Bk R s il SR AR R S et 1) 20 1
KA R &M (sublinear) ), XHBEM T EHE e 1HH) € - 2ERE,

2.5 LEEREX

BOARIXHFE— A B DL X T — G X0UEZ R, Hrh s —REAT Rghishd — Rk, [0
Jihe 05 5 TARFAT LA AR 2k, AT ERME A Cas TR E. KRR
Ea? BF IRt — D 2R B 5 — MRALAT, T S I 5 B2 i 0 A o X R 8L B R
BT AHENE, PRI 55— R AT R b shid —k, ERAHE MR . — AT 1A
SEVERR, EBEARROME, WARRZERATTRERIE I E R R K. TAIE
PESIAAEREE R U(), ExE Db Eg el B g . AR BAE ] —
ol e T AN 58 1 B SR SR £R 25 FE TR R 9158 2 il it (B AN AN S 1, oA O il LR B e £
AHEE

L EAZH (upper confidence bound, UCB) Hyk & —Fh £ Sl (1) 3 A Hfh 2 PR ) SR mg S0k,
BT AN EEE AN E X T RF X (Hoeffding’s inequality). 7EZE R T A
L, & X, X, yn AISLE A K REALAR &, BUE TS DN [0,1], AT N

_ I
X :;Zj:IXj ’ I)_'\Uﬁ

PE[X]ZX +u) <e?™
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BAERN VB ER T ASEREH B ZBZEN B . % O0@) AT, AERH S5
u=Ula) fURAWSE Ve LB S 5E — M BER p=e? @V R LR %S,
O(a,) < O(a,)+U(a,) B/ LIMEZR 1 - p BRSL. 24 PAR/NIE, O(a,) < O(a,)+U(a,) 5 AR K HE %
S, O(a)+U(a) (RIS EFL. it F B P R U S 2L A K Eh 1,
@, = arg max, . [0@)+U@] . Ji3tehr a,) BT ATR? RAFER pme™ @V, 2
—log p
2N(a,) *
HEHMMUE, UCB SRR FRATAT, SefitHhsh G RA AT R B, E5hsh
FRBLAT R 2 i) A — MBI PRI I AN B, B35 0k Hh TR 3l b s R e AT
ML 5 7 A R] RESR A e K YT 2 2 AT

FA 4 5 ARG K SEIL UCB 5032, I HAT SRS 2.2.4 71558 S 10 B2 R LR g S ga 45 L

FE AR RSB FE &§p=%’ F BAE D RO R A RFARBLAT B RO EF 1, DL

% Ua)= Rk, BE—AMEE P S, S M AR e E R U@) T .

7N 0 KT TE, Eﬂlﬂ:ﬂﬂ”ﬂ%)a/ﬁ o AR, FRATTE — A R E e KA I A E VELE

&, Yo a, =argmax,., [ O@)+c-U@)].

class UCB(Solver):
nnn ycB B, 4K Solver 2
def __init_ _(self, bandit, coef, init prob=1.0):
super (UCB, self). 1init__(bandit)
self.total count = 0
self.estimates = np.array([init _prob] * self.bandit.K)

self.coef = coef

def run_one step(self):
self.total count += 1
ucb = self.estimates + self.coef * np.sqrt(np.log(self.total count) /
(2 * (self.counts + 1))) # ItEILHER
k = np.argmax(ucb) # &H EEEFREAIRAT
self.bandit.step(k)
self.estimates[k] += 1. / (self.counts[k] + 1) * (r - self.estimates[k])

r

return k

np.random.seed (1)

coef = 1 # EHIAFREMLENZRE

UCB_solver = UCB(bandit_ 10 arm, coef)

UCB _solver.run(5000)

print (' LEERELNERMEE . ', UCB solver.regret)
plot results([UCB_solver], ["UCB"])
LFEERBENZRRIZEAN. 4.360254345326592



10-armed bandit
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T T T T T T
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2.6 BEFREEE

MAB it —Fh 48 % 7% & KAE (Thompson sampling), 2o ¥t sh AR AT
IR E IR 34T, SR G AR s ) AR AT I 8 2l R g AT e . H Tk B
FIT A R AT RS B 2R A B 3 AR R A S AT R AR 77 =X, BIARSE 4T &4 shiE a 1
LIRS AT AT —$0RAE, 93— S MBAT 2L AS, FRIEEEREA T 225 KB
ATCUE S AR T — Rl ot BT AT IR B e 2T 28 () SR ARV SRR T i

TR T DR RN FIA R A B 5, BATTH EM R — AR RS R SR s E
a (AR LR A IF HAE AR R AT S 2 AESERR B oL, FATIEH A Beta 7)1 2 AT R4~ 50
PRSI ATREAT R . BACRYE, 25 AT % 7 & U0 Herbm RGN 1, my k%
JiiA 0, MRZRAT B SR M S ECN (my +1,m, +1) 1) Beta 734 8] 2-2 2 B ARRAEH —om
Bl IR 2D

©

O

Q)

0.0 0.25 0.5 0.75 1.0
o

K22 B sRRERs



26 BERRAFE 217

el 14 5 AR LB ARSI, JFHADIRAE 2.2.4 75 5E S 10 B AR 5K
UnEe 8

class ThompsonSampling(Solver):
e SHERREE L, K Solver £ "
def init_ (self, bandit):
super (ThompsonSampling, self). 1init (bandit)
self. a = np.ones(self.bandit.K) # 3R, XRF-ERAITERMN 1 AR
self. b = np.ones(self.bandit.K) # 3IER,XF-ERAITERMN 0 BIRE

def run_one step(self):
samples = np.random.beta(self. a, self. b) # IX0B Beta DI RIF—HEFIFEAR
k = np.argmax(samples) # EH R AAIRIAT
r = self.bandit.step(k)

self. a[k] += r # EFTBeta DENE—IMSH
self. b[k] += (1 - r) # & Beta PWHENESH

return k

np.random.seed (1)

thompson_sampling_solver = ThompsonSampling(bandit 10 _arm)
thompson_sampling_solver.run(5000)

print ("AERFHFELNRIRRE . ', thompson_sampling solver.regret)
plot_results([thompson sampling solver], ["ThompsonSampling"])

PEBRREEENRIMRIEN. 57.19161964443925

10-armed bandit
60

—— ThompsonSampling

50 1

H
o

w
o
L

Cumulative regrets

N
o
L

10 1

0 1000 2000 3000 4000 5000
Time steps

SR RATAT ISR A58 e -5 AR5 RAM MR B I (M AR PR, T34 3
ML Ce - BRTTAEREA. LEGAFL. DUARKIEEER) 10 R ARG H0 2 BE I 18] Rk 13
Ky A EOE A KD



WRGF AR SHEMAS B ) M EE 8, 2ol A e &R, T2
ZIRALA R AR R SRR R SAERE . THEZEZREIMRE SRR, Xf
PN RILATF 2 s F I IR R A IR E LR . T 28 28L& Pk i) R M
WA, AXEBMEE R LLEAT A AR R e -BHEE. FEEREENGEHRREHE
FEZ B Z RN A o0, b B EAS R EIE AN AR R AT J7 1538 B DR AIE X 25 ) ik
At RN .

2 2RI S iR S — RIXOE T H SR E R B A SR sy, B2 2R
WL VR A B SE SR DA I EETC S, FTLL AT BE RIK S0 38 1LF 3 (stateless reinforcement
learning). %5 3 FWIHIALEADIRES KM EE T ihigsrtb >, RIS /RAT RIS IR .

2.8 ZSEIWA

[1] AUER P, CESA-BIANCHI N,FISCHER P. Finite-time analysis of the multiarmed bandit
problem[J]. Machine learning,2002, 47 (2) : 235-256.

[2] AUER P. Using confidence bounds for exploitation-exploration trade-offs[J]. Journal of Machine
Learning Research,2002, 3(3): 397-422.

[3] GITTINS J, GLAZEBROOK K,WEBER R. Multi-armed bandit allocation indices|[M]. 2nd ed.
America: John Wiley & Sons, 2011.

[4] CHAPELLE O, LI L. An empirical evaluation of thompson sampling [J]. Advances in neural
information processing systems, 2011, 24: 2249-2257.



BRAKRRFIIE

2RI Rk FLA2 (Markov decision process, MDP) & 5ifb 5 >] 1) # % —
M. BEAAPsRALaE ST, BATE S E B R R0 RS RE AR R . BTN
R UL SR ST R A R S KR ORI AR . 5 2 R LI
FEANA], By /R A R R FS R EIRSE B A SRS Z MR AL n R
SR 3] MR AN SEBR I, B0 BN S AU AT AN S bR il 5
TN ERAIR RIS AR, A IR S KA R RSO R SN LR R A
RS RAT RS RE A, — b — BT A 4, a1 SRR RS e

3.2 Ly/RAXRidiE

3.2.1 FEHdiE

REALEAL (stochastic process) SEMEFIEHT “BI %" #7r. BEFRIRHIHTION S SIS,
TR RR IR FE0 G2 B REAZ ISR (BAnoR <RI TR FRIARAL 3T S R A AR )«
FEREN LR, BENUILGAEREN 2 ¢ (U2 D BRI AR, S, 20K, Iyl RereRas 4 seR
SEE S o YIRS NI A2 FRRE S, B IR T ¢ 22 BRI . 347
B CRIPTLAE L (S)5e, 8) I DZIFPREN S R EIRR (S, 8. 8)

3.2.2 LyRAKMR

2 HAC I 2 PR A BGR T B2 RS, — RS RR RO B B R T Kok
& (Markov property), FHAREKRN P(S,,[8,)=P(S,.,|8,.S8,) . i, HEPRELR
MRETE G R, BT —ZPRE KRBT A 0RES, AR RS . 7 2]
B, HA SRR B ARERX A FENLIE RE AN P S 5e A K R . BN EAR ¢+ 1IN Z]
MRS RS t S ZIBPREA R, (H2 N ZIFPIRESH s 1 -1 2B RS 5 2, E i



«20 H3F LRTREREA

BERIIRAR, D1 sLiE Bt ) T . S/RAN LR AT UK RIS, B R 2R
AR, FrA B LR BN R 2 T, A AR B AT LR E AR K

3.2.3 Ly/RARiIRE

&R RidA42 (Markov process) i B A H/R A AL BT BN AR, WA NS R T R4
(Markov chain). F&ATHEH F7EH (S, P) ik — A DR KT, Hh & RAREERIREE
&, P RKREHASIEMSE (state transition matrix). i —3ILH n MRS, S =1{s,8,,:,8,} .
RS FENE P 8 LT A RS 2 R A e, Rl

P(sl ‘sl) P(Sn ‘sl)
D= : . :

P(s |s,) - P(s,|s,)

FERE P S AT T BITTER P(s; | 8) = P(S, =5, |8, = 5) FORMCRES s, R BLIRTS s, IR
2, BARE P | 8) AREHEBRE . WNFEARS R, BEHARES BBEEAB505 1, BRR
SRR P AT IR 1.

3.1 AR 6 AR I DR T Rt AR -~
e 7. A RBER R SRS, B4 /“ ”‘
WEHAE —EME (AFEEER 0 HBIHM  om ;
WA, Hd s BH MR NLE LIRS (terminal :’ I/’/o.l / \

state), FUONTEALFER 2 HARE, v DL ' 55 o
MK LU 1 BB H D, R 2 R & """"" ’q ““““ *ﬂ

Bk BRSO ERS , Hik 55 BT Rom K A% 03 o8-
ARSI . IR th R RS BUEAL IR SR e
SRR G 1o Fln, s 47 90%M MR fREF 6,
A, A 10% IR LR 55, 1M1 55 SUH 50%[1 B 3-1 IR A] S R — A T 205 T
BERER] s, 5 S0%MHERERL F] 550

FATAT UE H XA By /R ] R HPIR A R R -
(09 01 0 0 0 O]
0O 05 0 0 O
0 0 06 0 04
o 0 0 03 07

02 03 05 0 O
o 0 0 o0 1

H 550 47 J SIRME 7 WARRMRES s, FeRe B s, MR

B — MR R RE, ATV AT DLNFEARES ok, R4 & RS 7 78 0 B 2 e —
RZAEFF) (episode), XANDIRWHNYAERAE (sampling). B, M s, Hk, AILUERFI

=]

o

c
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§ 8, 8 DS BTH S o8 s, > s o8, s > sy s G RIS R B )R] AR
SRR K

3.3 E/RuIREmIZIE

TE /R AT R FR Bl N N2 ah ek £ » FATH0R 77, T AR B S R 5T X &t 42
(Markov reward process, MRP). —/>Ty /R ] KA iTFE (S, P, r, ) #k, SAGLRT RIS
XUTR R .

o SREAMREHES.

o P RIREHRHIE.

o rEANEREL AR s BRI r(s) FREAE BRI W] LLSRAT R 22 S 2

o 7 EH AT (discount factor), HUEVEFEIN[0,1). FIAHHIE T2 K v iF ot BA

WA, A BT A B R SRR e ), B DA EER I A e 4T L
Prine Fak 18y ERERBIN RBURE, Bl 0 8 7 325 iR 2l .

3.3.1 [Eik

fE— N R R AR, W ¢ WZPIRAS S, F-ah, BEEIZARESR, Frf 2251 3= ik
Z MR A=K (Return), AT :

G =R +yR. +y Rz+2 = i}/kRHk
k=0

Seeh, R FORIEN %16 SARH SR . 7 3-2 09
b, A4 P 3-1 T8 /R T S R 1T 1’¢1 .
JEAE LR VRIS R, M R TR ; ”‘
AR G, HARE s, TGS 08 "y \mm
Jil—2, RP\BMIAAG LN 5,5, 3EN s, TR o / \
BRI 10, ERBEA s ZFRMAE, g ) > o ‘
I HLIEI R F L T N &: ““““ *Q ““““ ;Q ‘°

LI s, SR, WE =05, L -
FHEF| - SREFI 8, > 5, > 8 > 56, B Q -
AL s (R G, 38 G =—1+0.5%
(-2)+0.52x(=2)=-2.5, B 3-2 IR AT et R A — AN T B T

BT RBATHAE LIRS 3-2 H 9 L /R AT R e, I HE SO SRl R

import numpy as np
np.random.seed(0)

# ENXREEBMEIEN P
P =19
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[0.9, 0.1, 0.0, 0.0, 0.0, 0.0],
[0.5, 0.0, 0.5, 0.0, 0.0, 0.0],
[0.0, 0.0, 0.0, 0.6, 0.0, 0.4],
[0.0, 0.0, 0.0, 0.0, 0.3, 0.7],
[0.0, 0.2, 0.3, 0.5, 0.0, 0.0],
[0.0, 0.0, 0.0, 0.0, 0.0, 1.0],

]
P = np.array(P)

rewards = [-1, -2, -2, 10, 1, 0] # TXXERRH
gamma = 0.5 # EMIFHAERF
# BE—FFITBEARANERS| (RIS ) FRIIFIIRE (LIRS ) BEMNER
def compute return(start index, chain, gamma):

G =0

for i in reversed(range(start index, len(chain))):

G = gamma * G + rewards[chain[i]-1]
return G

# —MNIREFF,s1-52-53-56

chain = [1, 2, 3, 6]

start index = 0

G = compute return(start_index, chain, gamma)

print ("HRIBAFFIHESEER?: %s. " % 6)

RIEAFFITESREERSD: -2.5.

3.3.2 MMERH

FE S IR RA L R T, — SRS B MR MO IR SRS A (value). BT AR

R ELFRALK T A &4 (value function), BRI ANIEANIRAS, Han O RXAMIRZS 1 fr
Ho BATHIMMERES Y () =E[G, | S, =s], JEIF N

V(s)=E[G, | S, =5]

=E[R +7R., +7'R.,

=E[R +y(R, +7R,,

=E[R +yG,,, |S, =5]

=E[R +yV(S,.)|S, =5]

£ B Mg — A, i, RIS e A9 391 B2 Ok S 3 el ek KR e i, B
E[R, [S, =s]=r(s); 5T, XA ERRED BV (SL) 1S, = sT R DAREE JRES s A
HRMEAE], RArRE

+oo| 8, = 5]
)] 8, =]

V(s)=r(s)+y D P(s'| 9V (s)

s'es
st R R R i R A AR A A N R % 75 #2 (Bellman equation), Xf & — IR H
BT A5 AN E R R — g n AR, RIS ={s,s,,,8,}, RATEITARESHOME
BN — NG &Y =V (s).V(s), V(s , FHEL, K32 il ok B3R R B— 41 ) &
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R =[r(5,),7(sy), 1 (s,)]" o TRBATAT LN VUR 205 FES e B 7 X
V=R+yPV

V(s,) r(s,) P(s,|s) P(s,[s) - P(s,|s) ]| V(s)
V(s,) _ r(s,) +y P(s |s,) P(s,|s,) -+ P(s,]s,) || V(s,)

Vis,)] Lr(s,) P(s |s,) P(sy[s,) - P(s,[s,)][V(s,)

BATAT A AR A M2 SR AR, 19 2 LU T b i
V=R+yPV
(Z-yP)V=R
V=(Z-yP)'R

DL SEMTRR BT E 2R O, Hodh n JE RS, B A 792 s TR AN
IRA] Rt 2 o SR MR R B 1 1 7R AT 5% 32 ol ik B2 v 0 A0 B R B, AT DA 3h S AL X
MmmemymM@)ﬁ& F 4 Fi&7 % (Monte Carlo method) FlBF 5 £ 4% (temporal
difference) 3, XTI TE Y JE &3 48

BT ORG E ACRL R SR AR (B & BT i T, R AR T 5% 1 R T R 2 i 72 i
AIREHIUHME -

def compute(P, rewards, gamma, states_num):
' FIBURE AEMVERER R ITERETE , states_num 2 MRP ARIRTSEL
rewards = np.array(rewards).reshape((-1,1)) #/5 rewards 5p5@EFz
value = np.dot(np.linalg.inv(np.eye(states num, states num) - gamma * P), rewards)

return value

V = compute(P, rewards, gamma, 6)
print ("MRP B MRENE DB A \N", V

MRP B MRENERD BIH
[[-2.01950168]
[-2.21451846]

[ 1.16142785]
[10.53809283]
[ 3.58728554]

[ o. 1
MR DL AR, SRARLS B SRS A V (s) , BARWT:
V(s)| [-2.02]
V(s,)| |-221
vis,)| | 1.16
Vs, | | 10.54
V(ss)| | 3.59
V)| | o]




X
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TRATIAE ] DUUR 8 07 FERHEAT fRI A A0 . an, WPIRAS s, ki, M7 =058, F
Vis,)= r(s4)+)/ZP(s |s)V (s

s'es

10.54 =10+ 0.5%(0.7x0+0.3x3.59)

F LR BLEE 5 2 A I A WP ARSI, 3 U W BRAT TSR AR A5 21 0 477 48 R 805 IR 4
I DR € 0588 . 8 7T BB AT RAIEAE HAIIRZS I DUR 205 2R S oz . 4 DUR 8 588Xt T
PIATIRZS RSO, AT ABE I SRAT TSRS 2RO EL R BOR IERA . B 7RIS RIS, 5K
AR ARl A P R OB R A R] DOB I SR R R A TS 2, BRATRAE 3.5 AR A iz k.

3.4 LDIRAKRRRIIE

3.2 AN 3.3 RS R S /R n] RO R AN B IR ] R AL RS S B R SCR BN LSRR hidn
BT AN SRILF SR AN BN RE, BiA TS R T Rk KA (Markov decision
process, MDP). FATEIXAK H /M FIHREFON % de ik (agent) [WENTE, TEH /R R Bk
& (MRP) HyE:AE EAOANZIE, s3] T /R RS FE (MDP). /R Rkt 72 H oo
(S AP,ry) KR, s

o SRIREMES:

o ARIMERES;

o 7RI T

o r(s,a) ERER KL, SO BJR AT AR Ok RS s Mzh i e, 7825 R B R IR
&S, MR r(s)

o P(s'[s,a) IREFR R FORIERE s PATENE @ Z R RIEIRE s R

FATATEUA P MDP 5 MRP AEF HIR, 32X 09 MDP A RPIR A F 4% o6 SORT 2 Ji) o A #0
Et MRP £ THENEZRBERSIE e . VR, fE L MDP f#15E X, BATAFEHIZELL MRP &
SCHEPPES R AR, T2 ELAAE AR R s . IR = B LI RS A2 58l
AR, BT — DA, AR —MEME (CHEH4D; —RPDVRSEB R E ARG —
B SC, Bldn, WRRER S ARERE, SRS R, (AR DURPIRES 12 o 8ok
Ne BAVEZJG M%) P 2B EIELSURA ) MDP 3H5s, IRPIRESESHA LG R AR
M FEF R B HORASH) MDP 345, PR E S A TR .

ANFTF R R SR, RS R R R R T, WA DR R RITEIE. B
i, — NIRRT KU B B R R — A SRR AR, B R AR
ER T A HARH, BURESRAS LLBOR M2 W RA K P AR B R AN 7 [ R, a3t
A DA S BRI AL BRI EUEOR RO 2205 B 2R W] R R SR R A — > 55 I R AR 5C AN W
TR RS, ERRERAIAEE MDP 2 [EA7AAE— N AR C B R R, — B, e mKsE
Ik 3-3 MR REFTR: B BERIRYE AR S, £ 8 301E 4, 5 XTI S, M3k 4,, MDP
R 2 Jily R BAIRAS HR B AR 21 S A1 R, IR R B REAA . B REAATR) H AR 2 i KAEAS 21 10 R



34 BRTRAREAE 25

BRI . 8 REPRHR 2 RS M (S 2 A e
e AR, B N
R Bl ik
S R A,
3.4.1 £ .
’ MDPEflE
BRI A (policy) B TS} = Fr. Hins T

7@l =P, =alS, =) PHAL MMM g5 ek MDp % LR
&S BITEOL T RIGEIE @ IR . 24— HIR 2 2

123w (deterministic policy) I, EFEREANIRE N R — e tEIshfE, BN IZEER
MR 1, HASIEREER N 0; 24— KBS R AL R % (stochastic policy) I, ELEREMIR
&N AR T ERIBER A, SRS IRGE 1 Z A AT R AT LS 2] — 3k, /£ MDP
T SRR AR, I AR E S MADRESA R, AREBED LRSS BB —T
MRP A {HE A AL, 72 MDP At [ AT DUE SR E R A (ELRI (2 R 0 5 SR AT
Ky RFWRER P DAFE RIS R Y, EAFER— RS T RO E R B R AR K. R
AR, ROANTF SRS 2R BN 30, I Z e 2 BRI FRPIRES, LR AS F 2230,
P ECEATH) 2R TR AR, RERES I EA -

3.4.2 WESMERE

BATH V7 (5) FonAE MDP H3E T 56 0% 7 (R S A SR 2 (state-value function), ‘EHE X
RIMIRZS s R EIE RIS 7 GRS AR IR, FRIEN:

V*(s)=E,[G,|S, = s]

3.4.3 mEMERE

KT MRP, 76 MDP 1, B {EHIFELE, BAAIME LS AEAMA S (action-value
function), &A1 Q7 (s.a) FrE MDP @RS 7 I, *F4A0HA s BUTEIE @ AHEIE FHR

Q"(s,a)=E_[G, | S, = 5,4, =a]

RSB R BB E N R B T I OC &R AEAE ISR 72 6, R3S s BB SE T7E %R
A& TSRS 7 RIUITAT S IRIRE R 5 A N A (B AR ST PSR A AR 45 2R«

Vi(s)=) m(a|s)0 (s,a)
acA

SN 7 I, AEIRES s T RISIE @ IO EL55 T RIS 2ol hn b 283 ek (4 B A5 AT RE K R
AR PR F R M3 5 AR L (1 (L (3R AR

O (s,a)=r(s,a)+ yZP(s' | s,a)V” (s")

3.4.4 NURSHESE
FEVURSTIREFIN L “HIE” 7ty T 58RI NUR @ | L5 R AT X 73 . AT

E
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] B4 Sl T DA BB AN E R B N AR 2 29 % 75 72 (Bellman expectation equation ):
Q" (s,a)=E_[R +y0Q"(s',a")| S, =5,A4, =a]
=r(s,a)+y ZP(s' |s,a) Zﬂ(a' |s"YO" (s',a")

s'es a'ed
Vo(s)=E_[R +yV*(s)|S, =s]
= Zﬂ(a | s)(r(s,a) +y ZP(S’ |s,a)V”" (s’)j

acA s'es

W RO DUR £ 05 R sl 22 ST 3R H B ALRER 2, 2 Ja i —2Esm b f S R AR 2 4
SEHET ORI, 303 7 ZEW A 4R

B 3-4 52— AR AR R AR () )7, Hrp R IR R AR — VIR, — I s~
51X 5 MIRES . RELEF AR DRI EE, HahRBARSE, FEEE, JFRE
FARE NARERBUTAT S0, BIINERES s, B REMR R BERI “OREF 5,7 M “RILE 5,7 X7
e, TR A .

S~ vl
SR
AL

Bl 3-4  HRA]RRSRILRR A — AN 1

A/ R B 55 ) 8 AORAE RN IRES T RBCEA S EBESRAT IO 23 R 2R S ARIER
WAEJE T REFE A BIRPIRES, & kil ERACTARR MR, WA BT WR R
Lo Gl £ s, &, WARCRMGENE “AUfE s, SRR 2IRGh-2, JFHHEBE] sy fEs, 1, WR
R “MERATAE”, BUBER RN 1, JFH2 270 LUEEER 0.2, 0.4, 0.4 FAEH] 55 38540

BT ORI G S RS RN E] 3-4 hif B/R AT RRHLRE, JF5E ARG . 55— o
R AT RENLRNG, BIFERE IR, BRI & RIS e mT sk Uz 1k, i,
fE s, THEBEARZEL 0.5 R 0.5 MMREREIE “freF 5,7 M “HITE 5,70 S HIGZ MR
R BEE B S
'Sl","SZ","53","54","55"] # %F\ﬁ%é

= [
= ["REFs1","BUI{E s1", "B s2", "AIfE s3", "HUAE s4", "RI{E S5, "EEERAIAE"] # IMEES

S
A
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# RERBRE

P={
"s1-{R#F s1-s1":1.0, "s1-RifE s2-s2":1.0,
"s2-Fiff s1-s1":1.0, "s2-Ri{E s3-s3":1.0,
"s3-B{E s4-s4":1.0, "s3-RifE s5-s5":1.0,
"s4-gi{¥ s5-s5":1.0, "s4-1EREIE-52":0.2,
"s4-EREIE-53":0.4, "s4-EERAIIE-54":0.4,

LR

oo
s

's1-{RFFs1":-1, "s1-BifEs2":0,
"s2-gifE s1":-1, "s2-BifE s3":-2,
"s3-HifE s4":-2, "s3-BifEs5":0,
"s4-BIfE s5":10, "s4-HEEFIE":1,

}

gamma = 0.5 # IFHIRTF

MDP = (S, A, P, R, gamma)

# KBS 1, FBYIZRES

Pi 1l = {
"s1-{R¥Fs1":0.5, "s1-HifE s2":0.5,
"s2-FifE s1":0.5, "s2-Ai{E s3":0.5,
"s3-FifE s4":0.5, "s3-FI{F s5":0.5,
"s4-Bi{E s5":0.5, "s4-HERFIE":0.5,

}

# ZRAS 2

Pi2 = {
"s1-{R¥Fs1":0.6, "s1-HifEs2":0.4,
"s2-HifE s1":0.3, "s2-AifE s3":0.7,
"s3-FifE s4":0.5, "s3-FI{F s5":0.5,
"s4-BifE s5":0.1, "s4-HIEF{E":0.9,

}

# WA NEEFREY -7 &, B FERLAEXN P, RES
def join(strl, str2):
return strl + '-' + str2

TR RILATE 5% MDP ', — NSRS 7 FPRESAME B2 JATTILA 1 T RS2 MRP [
WrfdTiid. Tt —MRERIEEE: 45E 1 MDP MR8 7, 2] LUK AL N
—/ MRP? &% HEm . ATH RIS MBI EiLEFE#HIT 244 (marginalization), #ftnJ LA45 2
BAZNER MRP [0 BARKRSE, 0 TIE—ANRE, FRATHRYE S K i A s /R R 247 A,
13 B2 AT AT AR 92— MRP FEIZIRES N2, B

r'(s)= Zﬂ'(d | $)r(s,a)

acA

FISE, A THH SRR 5 08 s BB F) s MR ROTRR, FRIEIRSETRARIN, JUR0
B MRP (ORA M S FER 25 5' (0182

P'(s'|s) = Zﬂ(a | $)P(s'|s,a)

acA

TR, BATEEE T —A MRP: (S, P.r'sy) o IR R B0 CATLAR B, AL RT
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MDP [PIRZEEL R BN AL )5 19 MRP [FAME R A2 — R . TR IATRTELH MRP it 554y
{8 SR L ENT AR T 51X AN MDP HH 2 SR R IR 254701 R L

PATET R SR I LT %, HE RPN (B PLD I FRIRES
ERRE. v 7 RIS, BATERS MEALER MRP PR HA A5 R A, B
(K112 W] LA AT IRIE .

gamma = 0.5
# FAUE00 MRP AURSEE B AENE
P from mdp to mrp = [

[0.5, 0.5, 0.0, 0.0, 0.0],

[0.5, 0.0, 0.5, 0.0, 0.0],

[0.0, 0.0, 0.0, 0.5, 0.5],

[6.0, 0.1, 0.2, 0.2, 0.5],

[6.0, 0.0, 0.0, 0.0, 1.0],
]
P_from_mdp to mrp = np.array(P_from mdp_to mrp)
R_from mdp_to mrp = [-0.5, -1.5, -1.0, 5.5, 0]

V = compute(P_from mdp_to mrp, R from mdp to mrp, gamma, 5)
print("MDP REMREMERDFII\n", V)

MDP B MAINMED B
[[-1.22555411]
[-1.67666232]

[ 0.51890482]
[ 6.0756193 ]
[ o. 1]

HIE TARSMERE Y™ (9) J5, FATATLLHHESMENERE Q7 (s, @) « #ltn s, BEZEATIED
IEVEANE Y 2.152, MR AT 2 AT BATH5EAF 21
O"(s,a)= r(s,a)+)/z P(s'| s,a)V = (s")

2.152 =1+0.5%[0.2x (—=1.68) + 0.4 0.52 + 0.4 x 6.08]
XA MRP FEMT R T IEARRES SMER & LUK IHE A RARE ), A A HoAh i 732
We? 2 4 TR E NS MR F R IT EAA RN E RS 3.5 A H SR RIE T eRIE S
THXAMME R, SR RIS AR AAE TIRATA TR EHIIE MDP PR HE R o E0R 22 i bR
B, B USRI —/NERME, I ERFEEOH 2 B .

3.5 FRFRIBAE

FHFi57r %k (Monte Carlo method) HHEHNSHBUTTE, A FIET
WG ORI k  SE SR RV TVEI R0 3 P S WL,
ORI TR TR MR S B TR 00 L ARA Bt At
AR T RS TR TR, ik, 7218 3-5 BRI IE
P BENL A5 A, AR T R I A AT L P T
B2 OB F I S T A B b L2 A




3.5 EHEFEFE 29

%, THEAEIRE ARG L T R SRR K HAR .
PR B A
IEJT A IR B s A E

FATTIUAE A 28 o] FH S R 8 D R At T — A SR
FE— A H R AR SRS R P RS E . |2 —F, —4
WA HME R E M BIR, A2 MRE AR
SIS AE MDP _ERFFARZ 26741, THEIZAMIRES Kk
HDJEIE RS =¥ e D GRS

. 3-5  HZRERIE T IEAN T E AR
V7(s)=E,[G | S, =s]~ %ZG,(")
i=1

FE—26FFH, ATREBCA LI ASIRAS, AT R Bl — O ANIRE, il ge Bl R Z Ik
RARE . BAN R ZR RSN EA T A SAEZRE T RN T e R, A — ik
B FFIATHRE IR, R AR A S U LRSI T SR T SRR, 15
TR BLZARAS I, IR 2 1 B BATHLE RISRNG 7 JARZS s THUGRFEFS1, fRitok
DRSS IE . FATE—NIRELE— MR IR, HERESMMER BRI N s,

(1) SRS 7 RFEE T2 551«

ol po ORI

0 1 2 T-1
0 M) 0 M) o) ... M) )
SO —)7‘0 ,Sl —)Vl ,S2 —> _)rT—l’sT

(2) X264 h BB — I IR) D ¢ BRARES s 4T DL #R4E

o TR s HITHEUS N(s) < N(s)+1;

o FHRIRA S HLEEHR M (s) « M(s)+G ;

(3) MRS EBE A TH N ERIAE V(s)=M(s)/ N(s)

RIEKBOER, LN >0, GV()>V(s). HERHRIER, Bk 7o LHEihf
O RN R BR AR, I8 — M E SRR 7AW TSR s MO R R G, #EATIR
HE#

o N(s)«< N(s)+1

1
o V(s)«<V(s)+ W(G -V(s))

X IR A DA S 2 B fRoRid .

BT RBATHACHD E S A RAE R H . KA bR ARG B T IR A AR M A B R SHEmes B
I (s,a,r,s_next) JLABNFHIT, HBIFALIEFH, RERAET Z8 %, HBE
HLIEME 7E B 3-4 ) MDP 1 SZBRbE JLAE P51
def sample(MDP, Pi, timestep _max, number):
VU OSREEREL, RIS P, IREISKATEE timestep max , RIERFEFEFIE number '
S, A, P, R, gamma = MDP
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episodes = []
for _ in range(number):
episode = []
timestep = 0
s = S[np.random.randint(4)] # BENLIEIE—R s5 LIIMYIRES s EAES
# HEPRES AR LIRSS E ITELS K KAT , —IRRIFE
while s != "s5" and timestep <= timestep max:
timestep += 1
rand, temp = np.random.rand(), ©
# RE s MRIBRIIEENE
for a_opt in A:
temp += Pi.get(join(s, a opt), 0)
if temp > rand:

a = a_opt
r = R.get(join(s, a), 0)
break

rand, temp = np.random.rand(), ©
# IRIBIASEBERER T —MAE s_next
for s opt in S:
temp += P.get(join(join(s, a), s opt), 0)
if temp > rand:
s_next = s_opt
break
episode.append((s, a, r, s next)) # & (s,a,r,s next) JTTEBNFFIF
s = s_next # s _next TEHBPAZ , FFIRE T RAIER
episodes.append(episode)
return episodes

# X 5 R, BIMFIIREKRBIT 1000 £
episodes = sample(MDP, Pi_ 1, 20, 5)
print('#—%F5\n', episodes[0])

print('$E2%F5\n', episodes[1])
print('BHREFS\n', episodes[4])

E—%F5

[('s1', 'EUfEs2', 0, 's2"), ('s2', 'BUfEs3', -2, 's3'), ('s3', 'Biffs5', 0, 's5')]
FEF5

[('s4', "#IF=F{E', 1, 's4'), ('s4', 'Bif¥s5', 10, 's5')]

ERERS

[('s2', '@EuifEs3', -2, 's3'), ('s3', 'BifEs4', -2, 's4'), ('s4', 'BUfEsS5', 10, 's5')]

# MABXREFIITEMEIRENNE
def MC(episodes, V, N, gamma):
for episode in episodes:
G =0
for i 1in range(len(episode)-1, -1, -1): #—MEFINEERITE
(s, a, r, s next) = episode[i]
G =r + gamma * G
N[s] = N[s] + 1
V[s] = V[s] + (G - V[s]) / N[s]

timestep max = 20

# XiF 1000 X, JLABITIEN

episodes = sample(MDP, Pi 1, timestep max, 1000)
gamma = 0.5
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\Y {"s1":0, "s2":0, "s3":0, "s4":0, "s5":0}
N = {"s1":0, "s2":0, "s3":0, "s4":0, "s5":0}
MC(episodes, V, N, gamma)

print ("ERSFFTIEAIETE MDP APRENEN\n", V)

RS RIBHIETE MDP RPN ES
{'sl': -1.228923788722258, 's2': -1.6955696284402704, 's3': 0.4823809701532294,
's4': 5.967514743019431, 's5': 0}

" LA B 545 R8T A THR B RPRS M E AT MRP EHT A5 2 RPIRES M E R
BOLM . XG5 T HRATRAE T LU P a1, OSBRI AT ULl SRR AL AR5 M5
B E S R

3.6 LHAEE

3.4 TR, AFSEESFMERER—A R XEF T —A MDP, ARV
i) B PR IR AT R A . R —F, & 3-4 () MDP IR — AR, &R EHAT
AT REAR R BB L RES 55, TR LGB AL TIRE s I8, AR “Hi4E 5,7 IBh1E,
MRl T BIREZ R “HIfE ss” MIBhE, BRI A IRIGAE s RS REL “HifE 57 ATLA
RBNAR KB 100 wIARTI AN, AR4E DURZT7HE, XARISAIRES ss MR SRV, FiH
JR R B REARTCVERBIBARAS sq0 DIGTRATT TR ZEHRMRAN IR HEME 2 (5 B A U 1) BUAS RN 2 43 A 1)
RIS, X2 500 2 HE R 108 R 2L

T AEFRATE L MDP RS AT v (s) , FEFLETTR A, WIEHIRES 70 A0 24 € ik MDP
MM ICE T . FATH B (s) R RICHE IS 7 1558 GeAR1E ¢ I ZIRFS R s IMEZ, bl
By (s)=v,(s), ARIGHEEATLLE L — /MR [R5 Bl 4 A7 (state visitation distribution):

V()= (-3 P(s)

b, 1=y RABREMF MM 1 BB RV R RIS A — 50 T & ge AR A
MDP %2 B ox U5 [ B FPRES H 0 A . T EVERRE, Fe BT A 2R LRI TP 2
Ja, (HSZER LR RERM MDP IS BAE — DS R AR A BEATVIIRAT U BL B A0k
RIBIRE VTR A, RS MR a0 TR

V(s =0-y)v,(s")+ yjP(s' | s,a)z(a|s)v" (s)dsda

AR, FATIE AT LLE RS & JA E 2 (occupancy measure):
P (s,a)=(1-y)D ) B (s)x(a|s)

TRARAS R (5,0) v B . —F 2 AR F X &
P (s,a) =" (s)n(a|s)
HE— B I R A



+32+ H3F LRTRARIE

EIE 1: B Refk o LU 7, 7, Fl[E—/> MDP 52 BAS 2K &5 FHEE = p™ 1 p™ 5 /2
o ::pﬂzcj’”1:76
EIE2: e EHERE P, AAERGZ S R R — SRnE

_ plsa)
T TS o)

HE: CLERBIN “aik” SRR DRI RA S MDP A2 H - ERPIRE
ENAEXS U7 1] BRI

N R G E ARG R o R X RBATRA TG T, BB MEORHR
FEPULK FE R OB, SRR SRR Z IR, FRZSSIAERT BRI A T S PRiE R

def occupancy(episodes, s, a, timestep_max, gamma):
CrrOTERRESEERT (s,a) REAVRE, LULRMMERBNSRAESE
rho = 0
total times = np.zeros(timestep max) # ICRENITEE t REEHITILX
occur_times = np.zeros(timestep_max) # iER(s_t,a_t)=(s,a)RNRE
for episode in episodes:
for i in range(len(episode)):
(s_opt, a_opt, r, s next) = episode[i]
total times[i] += 1
if s == s opt and a == a opt:
occur_times[i] += 1
for i in reversed(range(timestep max)):
if total times[i]:
rho += gamma**i * occur_times[i] / total times[i]
return (1 - gamma) * rho

gamma = 0.5
timestep max = 1000

episodes_1 = sample(MDP, Pi_1, timestep _max, 1000)

episodes 2 = sample(MDP, Pi_ 2, timestep max, 1000)

rho 1 = occupancy(episodes 1, "s4", "#EFE", timestep max, gamma)
rho 2 = occupancy(episodes_2, "s4", "#IZFI{E", timestep_max, gamma)
print(rho 1, rho 2)

0.112567796310472 0.23199480615618912

i PL SR RURIL, AN F SR T [ — AR S 1 P R A —FEI

3.7 EURES

sEALSE ST FARIEHE B0, AR BEAR MR IR R RESRIS i 2 (BT R [l . 3K
AT 2o RG22 R RT o5 R 24 B TGRS s 8V () =V (), idz=7' .
TRAARREMSIELSH MDP H,  EDLEAE A SR B AR T AT S A i 5 2 D A7 A
AW ANZE T HAR AT SRS, XA MK S AR R w8 (optimal policy). f PR SEME FTREA R %
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A, BABREFR A 7 (s) .
RIS H A FFPRS M ER B, RN RBREMARE, KRN:
V'(s)=maxV"(s), VsedsS

[FBE, & XRMRSHEMERE
O'(s,a)=maxQ"(s,a), VseS,ac A
NTAE Q" (s,a) Bk, FATT TR EAE A HTHPRESSNVERT (s,0) Z G HHAT BALERG . T2 3AT
132 1 BRACRIS O R BN S B E B B B2 7] (5% R
O (s,a)=r(s,a)+y Y P(s'| s,a)V (5"

s'es
5 A T SR PR S AL R B Sl A A pR B T O A R 53— T T, AR
RSO EL RS LT e (e ARSIV E O E B R B — BRI BRPRES A 1E

V' (5) = max 0'(s,a)

RERMSE
RAE V" (5) F1 O (s,a) (KR, FATAT LSRN R F HM 42 (Bellman optimality equation):

Vi(s)= ng({r(s,a) + )/ZP(S’ |'s,a)V"(s")}

s'es

0'(s,a) = r(s,@)+7 Y P(s'| 5,a)max 0" (s',a')

s'es

55 4 FRA U B A LR SRS B SR e SR

3.8 /N

AT NETFIE T S /R RRSFOS FE AR RIS AR, FFURR 1 a0 e Sk g UUR 207
FEAG BRI 0 AT A LA S o] P S5 RIS AR T S MRS I B 2R AR R SR f
SRS ST PR SR S, SR ST R BRI B R TR BRI R . AT T ORAG A 24
(5 A 27 > B30 A A SRR JR AT R PR A P I e DL S

3.9 Z2FEXM

[1] SUTTON R S, BARTO A G. Reinforcement learning: an introduction [M]. Cambridge:MIT press,
2018.

[2] OTTERLO M V, WIERING M. Reinforcement learning and markov decision processes [M].
Berlin, Heidelberg: Springer, 2012: 3-42.



ol

sSMEEE

4.1 &N

FH &K (dynamic programming) & FEF BT F ik IEW HER A
2, B AU R O — SR ) B, 9 0 R IR RN R B AR R . B
A5 K PR A A SEAR B AR SR AR e 8 O i A S TR, S SR T )
SR G NIX B8 7 o] B ) A 49 3 B A 1) B R . Sh AR 2 R AF R T 1
o] R 5, AESKRAE H AR R @ B R b, 75 B 28 7 ) ) 2 SNl T
IERAH, ®ERE S A A=A g B 3h 2 00 1) AR K 5
IR ] % P SR Ik R I o A RS

ST BRI R ) VA F BT W Fh: — 2R (policy iteration), @ WMEZEAX (value
iteration) . FLH, SRBEIEA PG ER /34 K: SR &34 (policy evaluation) 13k #8427 (policy improvement).
FAARRUE, SRISIEAC P SRIE PG 8F DUR SSHE T RERAS B — AN RIS FRES I E R R, X213
AR ISR TMEIEAR BT VUR S ST R TSR, 15 2B 2 BRI E R

AFT 3.5 FAHRM SR RIBITENE 5 508 EZN AN 720 HE, 2T 38R X
PSR A 57 2] SRR e FITE A B AR He A% R SO B2 il R K, ol 2 7 B0 TE B AN 1 k]
RRFRE . XD EEAEH, AHEEE RSB RS, AT
MBS RIR RS HE R A HAZ, BSEPIAEMRERD, ZBRISHRFEENRRZ
A, BATLZER I AR Z LR, 4, REAAU O EEEAGEH & T AR 5K
AR RS RE,  BIRE 2 (A s 1 2 18] 2 B A IR

4.2 BEELHIER

AR PR AW AR (B AR R AR 72 (CIfF Walking) 350 /MBRIS O 40K . 32
TSR T %R B
RIS BN MR L SRS, SRR AVERE R S R, IR AT,

W



RABLHNE. WE 4-1 Fos, — 4x12
IRt I, AN RTR—NIRES . B
E AR NABPIRES, Bbeh AR, #he
AR —AVIRESER AT LR 4 FpzhfE: b, F. £
A o QR B AR B SN ATE S Rl 31120 51 %WM*
ANRASAE, BN LT —ANRE. 3
*ﬁ BUEE, BB B EEEA HARRES %

SERENVEF R BIR i, H2 T P N\ R BB 1A
UﬁﬁﬁMm%ka%%wti~ymﬁﬁm
-1, BEAEEMRZE)ZE-100.

R ERE AR RIS,

import copy

class CliffWalkingEnv:

BT
def __init__ (self, ncol=12, nrow=4):
self.ncol = ncol # TENXMIEHTHIF]
self.nrow = nrow # TEXMEHFRT

# FERBSEME P[state] [action] = [(p, next state, reward, done)]8&T—MNASHIEEM

self.P = self.createP()

def createP(self):
# 18Rt

P = [[[] for j in range(4)] for i in range(self.nrow * self.ncol)]

# 4FE{E, change[0]:L,change[1]:F, change[2]:%, change[3]:f. #IRERRS(0,0)

# EXTEELA
change = [[0, -1], [0, 1], [-1, 0], [1, O]]
for i in range(self.nrow):
for j in range(self.ncol):
for a in range(4):
# NBERENEBIPRE, RATERERT , I ERMER S 0

if i == self.nrow - 1 and j > 0:

P[i * self.ncol + j][a] = [(1, i * self.ncol + j, 0, True)]

continue
# HibfiE

next x = min(self.ncol - 1, max(0, j + change[a][0]))
next y = min(self.nrow - 1, max(0, i + change[a]l[1]))

next_state = next .y * self.ncol + next x
reward = -1
done = False
# T MIBERERELER
if next y == self.nrow - 1 and next x > 0:
done = True
if next x != self.ncol - 1: # F—MuBEEE
reward = -100

P[i x self.ncol + j][a] = [(1, next_state, reward, done)]

return P



N
\]
o]
e
P

% R

e35 e

RAFEEAE. WK 41 R, A 4x12
BIRAS T, BE— AN RIS —AIRES . B AR
AR FARIRES, HinehA NArPIRES, e
EAERE— ARSI AT LURE FEffE: b R 2.
Ao QA e AR BN AR J5 Rl 2] 12 555 BE MRS
ANRAESAR, BN AH RN BE R —ARES . 5
o — B, RN R BB EE B ARIRASER
SEERHEFF F RN A W Y B B IA
B HFRRAE AR LR - B REAR B E — 5 2 2
—1, WA 2A-100.

R ERE SRR

import copy

K41 BEREPAERERE

class CliffWalkingEnv:

nwuan %E;‘%ﬁﬂ(i—%mm
def __dinit__(self, ncol=12, nrow=4):
self.ncol = ncol # TENXMIZHRAIFI
self.nrow = nrow # TEMXMIZHERAT

# FERBIEME P[state] [action] = [(p, next state, reward, done)] @& TF—MASHIER

self.P = self.createP()

def createP(self):
# Rk

P = [[[] for j in range(4)] for i in range(self.nrow * self.ncol)]

# ATEE, change[0]:E,change[1]:F, change[2]:7%, change[3]:75. “IrEKERE=(0,0)

# ENTEELR
Change = [[0; _1]: [Oa 1]5 [_1; 0]: [1) O]]
for i in range(self.nrow):
for j in range(self.ncol):
for a in range(4):
# UBARENEBITAE, RATEMRERE , A= ELE S 0

if i == self.nrow - 1 and j > 0:

P[i * self.ncol + jl[a] = [(1, i * self.ncol + j, 0, True)]

continue
# HAibfIE
next_x = min(self.ncol - 1, max(®, j + changel[a][0]))
next y = min(self.nrow - 1, max(0, i + changel[a][1]))
next state = next y * self.ncol + next x
reward = -1

done = False
# T MIBREEREERERR

if next y == self.nrow - 1 and next x > 0O:
done = True
if next x != self.ncol - 1: # FT—MuBEHEEE

reward = -100

P[i * self.ncol + j][a] = [(1, next state, reward, done)]

return P
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4.3 HREGENEZX

SRR IEAE SIS PP A M SRR SR TH AR 2 B, BERERARFIRMAKPILRE. &350 5
XX AN AT AR 4

4.3.1 HRETH
TRV X — R R — AN SRS RSN B R SR R — T 2 B > ) DUR S HHEE 7
V7 (s)= ZIZ'(a | s)(r(s,a)+ y ZP(s’ |s,a)V”" (s’)j
acA ses

Horr, n(a| )RS o RS s TRIBIME @ BIBER. AT LUE 21, 458008 22 il bR KUK e 72
BRAIS , BRATAT DUAREE T — SRS A R T S ARSI OB Bk, ARIESh SR B AR,
SRR — A TRERAS B S R 71, BT S AR MBS 1 il . AE
FFRIT RIS, BT DR A0 R . B, BB T RIRES, w1 R
R HE PR BOR T S AT RS U E e K, BRI

s = Zf(a| s)[ma)wZP(sw sa)V%s’)J

=
TATAT CLIE EAT BAIREY o R4S VUR SHIETTHE, AT AW =V 7 2 DL RS A —
AR & (fixed poind)e F5L b, ATLLEM Mk — oo lf, 55 7%} Uk B V=, FrEAar LU it
K FAS 2 D HMSPIRESHME R A FTAE S, b/ ZAW IUR @30T FEEAC, SRS PP
ﬁﬁi%ﬁ%ﬁﬁ%ﬁﬁﬁmoﬁi%%i%ﬁﬁ*,m%%*%m%SWwaﬂq%ﬁ#
W, ATUAPRAT S RORIE PP o AR DRI AR, IF HAR R OME AR L BOse  fEL .

4.3.2 ZREIEF

5 FH SRS VEAl U A5 2 4 AT SRS IS I E R Bz Ja - BATRT AR R S 1% 50k - Bist it
0T 30E o FATCAFIELME V', Wl RFIIE T ER 7 TN — MRS s AR A2
FOMTEE el o JRAT TG ] SR SRS SR ARAFAERASs T B IR [k Mg ? R B R Re IR AE RS B
KHEE a, ZJERIBIVER NI S 7 SR 13 2 T2 MR SEt A E N B (s, @) 2R
G J(s.a)> V (s), WHIEREs T RMEMEa 2 LERI NS 7 @@ |) 1320 5 m A Rl
PAEARBA B0 —NRES, BUEBRRAFAE — M E MRS, AR —IRESs T, ML

g (s, (s) =V (s)

V()= V7 (s)

XA R 3RS T F (policy improvement theorem), 2 3RA 0] L 57 O AEBE— IR Ak
BEANENE R KIBNE, Wk



43 RekikARHEFE 37

7'(s) =arg max T (s,a)= arg mfx{r(s,a)ﬂ/z P(s' |s,a)V” (s')}

FTULR B, BATHIE ) T A8 S ' o /2 SRR THE B 261, I USRI " REfs LE 5k x
S a0 5 R o SR AMR S DT AE SRV B XS 1 AT 15 21357 ) SR ) R PR A B4R T
B SETE G 13 BV SKNEG 2/ AZH SRS o — R, Y SRgIA AR 2 7Yk, thix Al 2’
LA R SR

RERIRFHEIEAYIERR

EE LA HE S R AT LE R, A LR SR A RAS N 3 S e AR A T L E A
F W 1 (BRI
VEE)<O" (5.7 6))
=E.[R +yV" (5,,)IS, =s]
SE,[R+70(S,,,7 (S,,) S, = 5]
=E.[R +7R  +y¥7"(S,,)IS, =s]
SE R +7Ry +7" Ry +7' V" (S,5)] 8, = o

< E,[R+yR, +7/2R[+2 +7/3RI+3 +| 8, =5]
=V (s)

WER], SRR N SR BRI ENER Y TS )< 078 o' 1))
FARBNTTT 0 B PGS, JATHAE 2] 7B SR A E IR T A SE

4.3.3 ZRESIEN

RPRRE, AR SRR T+ X124 B0 S0 AT MV A, ( I BOIRA 0 5
SRR AR A 08 6 L 17 SO BT LA I — S (O 60, S AR EAP TG L JRT
il E R ICE AR S CHCORMEVERI S 4790

RESER  RORRTT  RNNRA RRERR RGO
7t ——V —— 7! > ST —> e — T

S5 RS TEAL ISR $2 T, T A4S B LA R Sk AU S
A AUA 4 A R o Fa B 7 s) Ao R SR 2K V()
while A> 6 do: ( Re&IFAEIR)
A<0
Xﬂ")"igr"/l\ﬂk/’&«seé' :
v« V(s)
V(S)<-F(€ﬂ(f))+y23 6" sz 6")

A <—max(A,|v—V(s)|)

end while
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Mg € 70
sSFE—ANKEseS .
71(s) < arg max { (s,a)+ ;/ZP (s'|s.aV (s}

B =n, WARLEFAE Vg, %045 Kbt

FATIAEARE — T FMIAATIE R A LB AL

class PolicylIteration:

e SRRSEREE

def __init__(self, env, theta, gamma):
self.env = env
self.v = [0] * self.env.ncol x self.env.nrow # FEKMNEN 6
self.pi = [[0.25, 0.25, 0.25, 0.25] for i in range(self.env.ncol * self.

env.nrow)] # ¥R AIISREYIERES

self.theta = theta # ZREGIP(HUSTTE
self.gamma = gamma # IFHIET

def policy evaluation(self): # RE&IF(h
cnt = 1 # itHEREE
while 1:
max_diff = 0
new v = [0] * self.env.ncol * self.env.nrow
for s in range(self.env.ncol * self.env.nrow):
gsa_list = [] # FRITEIRE s THIFIB Q(s,a)iME
for a in range(4):
gqsa = 0
for res in self.env.P[s][a]:
p, next state, r, done = res
gsa += p * (r + self.gamma * self.v[next state] * (1-done))
# ABWBLCRASI® , KT —MREE X, MU HERS RSB ERER
gsa_list.append(self.pi[s][a] * gsa)
new v[s] = sum(gsa_ list) # KENEREFIINMENEBERIHZBRIXER
max_diff = max(max diff, abs(new v[s] - self.v[s]))
self.v = new v
if max diff < self.theta: break # FHWEUEIEM, BEIRMEER
cnt += 1
print ("SRESIFEH TS BESR" % cnt)

def policy improvement(self): # IRESIEF
for s in range(self.env.nrow * self.env.ncol):
gsa_list = []
for a in range(4):
gqsa = 0
for res in self.env.P[s][a]:
p, next state, r, done = res
gsa += p *x (r + self.gamma * self.v[next_state] * (1-done))
gsa_list.append(gsa)
maxq = max(gsa_ list)
cntq = gsa_list.count(maxq) # IHEB/LNMMEEEITHRAN QE
# LEIXLREIS DR
self.pi[s] = [1/cntg if g == maxq else 0 for q in gsa list]
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print ("SREEFEMR")

return self.pi

def policy iteration(self): # REZGEMR
while 1:
self.policy evaluation()
old pi = copy.deepcopy(self.pi) # GHRHITREN, HEETREITLLR
new_pi = self.policy_improvement()
if old pi == new pi: break

PAERM LS4 A MRS AT . Ty 1 B4 3 R I B 4 i SR, 3% T R4
—MNTEDSRMS KRR K, T B 2 A SRS AE IR TN M (B DU RE A 2 R B 1 . X T
ITETHR AN ME, FRATH M o<o FRRSEME A RN _ LA ZEPIMEIE, 000>FIRAE M ATRES T
FORB A A 3 .

def print_agent(agent, action_meaning, disaster=[], end=[]):
print("IRESINME: M)
for i in range(agent.env.nrow):
for j in range(agent.env.ncol):
# ATREEN, REEL 6 NE/
print('%6.6s' % ('%.3f' % agent.v[i * agent.env.ncol + j]), end=' ")
print()

print("&HREE. ")
for i in range(agent.env.nrow):
for j in range(agent.env.ncol):
# —LATRAVRTE , IR EEL FIEE
if (i * agent.env.ncol + j) 1in disaster:
print('*x*x*xx', end="' ')
elif (i x agent.env.ncol + j) in end: # BRI
print('EEEE', end="' ")
else:
a = agent.pi[i * agent.env.ncol + j]
pi_str = "!
for k in range(len(action_meaning)):
pi_str += action_meaningl[k] if a[k] > 0 else 'o'
print(pi_str, end=' ")
print()

env = CliffWalkingEnv()

action_meaning = ['A', 'v', '<', '>']
theta = 0.001
gamma = 0.9

agent = PolicyIteration(env, theta, gamma)
agent.policy iteration()
print_agent(agent, action meaning, list(range(37, 47)), [47])
RESIRLIHT 60 BETR

REGIRTH5EAL

RESTLEHT 72 BETM

RESIET5ERL



REGTHERETT 44 BETTA

RESIRTT5ERL

REGTFEREIT 12 S5

SRERIETHSERL

REGIFMEEIT 1 BR5ERL

SRERIETSERL

KEINME:

-7.712 -7.458 -7.176 -6.862 -6.513 -6.126 -5.695 -5.217 -4.686 -4.095 -3.439 -2.710
-7.458 -7.176 -6.862 -6.513 -6.126 -5.695 -5.217 -4.686 -4.095 -3.439 -2.710 -1.900
-7.176 -6.862 -6.513 -6.126 -5.695 -5.217 -4.686 -4.095 -3.439 -2.710 -1.900 -1.000

-7.458 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
RS

OVO> 0OVO> OVO> OVO> 0OVO> OVO> OVO> OVO> OVO> OVO> OVO> OVOOo

OVvVOo> 0OVO> OVO> OVO> 0VO> OVO> OVO> OVO> OVO> OVO> OVO> OV0Oo

000> 000> 000> 000> 000> 000> 000> 000> 000> 000> 000> 0VOO

ADOO *kkk kkkk *kkk kkkk kkkk kkkk kkkkx kkkk *kkkkx *xkxx EEEE

2e3d5 YORMEITAG A RIS IR THPEPEAR, SRR T, BRI RESRAS (SRS AT B ok . I DUR
SRMITRELRI PR AIRES KO, 7T LA IR ) S 1 2 e DU

4.4 MEXEKEZX

M LT AR IZAT G5 R rh FRATRE AL, SRS AR A (0 SR PG 75 ZEHEAT IR 25 Resls
BRSNS R X TR EARRIH S &, CHR ARSI R S A AR s AL T . 3K
A5 15 6 UL 58 42 55 B SRS VP Ak 58 05 I BEAT SRS IRTHIR 2 WA — T, Wl REH LKA 15 O
HIRREME R BOEBA WS, ERARIE TREAEPIREME, RIKETHERIH R F —
4%% A0SR A AR SRS DA T BT — R B B, AR B AR B AU E AT SRR T
RFERERATLNE? B RAHEN, XHSHURA TR Z U BRI, B DA 2
*ﬁm%ﬁﬁﬂﬁﬁT R HOBT I SR IR ARSI . HEER IR, MEIAACR AR B 3R
i, BATRYES — ARSI E R EL

BAVIREL, U EIEACAT A il Ahsh S R RS, A AR DUR 2 et iR

V(s)= max{r(s a)+7ZP(s |s.a)V (s')}

K H 5 BSOS AT B 7 3
v (s) max{r(s ,a)+ ]/ZP(S |s.ay (s )}

skes

WA IEAE 4L I LA SRy FORBEAT . S8 ™ Ay S ER, Bt UK 8 Rt r s
IR S R, L R e RO ZS B  B0V (s) « SRS AR 70 (5) = arg max, {(s.a)+
72 PO s @V (8}, M A S AR S B AT

MBS SRR R T -
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AL 454V ()
while A> 6 do:
A<0
SNTFHE - KEseS .
v« V(s)

V(s)<—rr;ax%(w)+yZP ¢ lsaly 6)}
A «max(A|v=V(s)))

end while
3B — A M R g A S) =arg max {r(s, @) + . P(s'| s, @)V (s}
K

BATIAE RS S P EIE AR A .

class Valuelteration:

e MEEREE

def __init__(self, env, theta, gamma):
self.env = env
self.v = [0] * self.env.ncol * self.env.nrow # FELMNEDN 6
self.theta = theta # NMEWHE
self.gamma = gamma
# NMEEREREEEINRES

self.pi = [None for i in range(self.env.ncol * self.env.nrow)]

def value +iteration(self):
cnt = 0
while 1:
max diff = 0
new v = [0] * self.env.ncol * self.env.nrow
for s in range(self.env.ncol * self.env.nrow):
gsa_list = [] # FFAUHEIRE s THIARE Q(s,a)iME
for a in range(4):
gqsa = 0
for res in self.env.P[s][a]:
p, next state, r, done = res
gsa += p * (r + self.gamma * self.v[next state] * (1-done))
gsa_list.append(qsa) # X—{TAIT—{TRBENEELMREERNETEXS!
new v[s] = max(gsa_ list)
max_diff = max(max diff, abs(new v[s] - self.v[s]))
self.v = new v
if max diff < self.theta: break # FHEWSEM, BHIFMER
cnt += 1
print ("MEIEN—HHITH " % cnt)
self.get policy()

def get policy(self): # RIENERHNESE ALK
for s in range(self.env.nrow * self.env.ncol):
gsa_list = []
for a in range(4):
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gqsa = 0
for res in self.env.P[s][a]:

p, next state, r, done = res

gsa += r + p * self.gamma * self.v[next_state] * (1l-done)
gsa_list.append(gsa)

maxq = max(gsa_list)
cntq = gsa_list.count(maxq) # HEB/LNMEEEITRANQE

# 1EXLEREI DR
self.pi[s] = [1/cntg if q == maxqg else 0@ for g in gsa list]

env = CliffWalkingEnv()

action_meaning = ['A', 'v', '<', '>']
theta = 0.001
gamma = 0.9

agent = Valuelteration(env, theta, gamma)
agent.value_iteration()
print_agent(agent, action meaning, list(range(37, 47)), [47])

IMEIER—HEHT 14 %

KEINME:

-7.712 -7.458 -7.176 -6.862 -6.513 -6.126 -5.695 -5.217 -4.686 -4.095 -3.439 -2.710
-7.458 -7.176 -6.862 -6.513 -6.126 -5.695 -5.217 -4.686 -4.095 -3.439 -2.710 -1.900
-7.176 -6.862 -6.513 -6.126 -5.695 -5.217 -4.686 -4.095 -3.439 -2.710 -1.900 -1.000
-7.458 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
REE:

ovOo> OVO> OVO> OVO> OVO> OVO> OVO> OVO> OVO> OVO> OVO> OVO0Oo

OovVO> 0OVO> 0OVO> OVO> OVO> OVO> OVO> OVO> OVO> OVO> OVO> 0VOOo

000> 000> 000> 000> 000> 000> 000> 000> 000> 000> 000> O0VOO

ADOO *xkx *kkk kkkk *kkk kkkk *kkk kkkk kkkk kkkx *xkxx EEEE

WULEE], MRRFEIRERINZAES, M EEARIEHEAT TR, TSIk AX ) SRR VAl
SILHHAT TR, M EEACT BRI R Bz D T SR A A

4.5 JKHIRE

B TR RIB DI, AKEIEHER 15— B ——k# (Frozen Lake). VKIIFREEHPIRE S
(A2 (AR A PR, FRATEZ I h 2l — T SRR IEACSEE MBS S E, DB L7
Mo BR AR IR AN S

UK /& OpenAl Gym [ i) — 31855 OpenAl Gym JFE fp 3% TR Z AT 44 3R 85, B4 Atari
A MuJoCos, I HIZHFBATE R B SR 722 5 i &, AT 248 F 21 58 2 2K H OpenAl
Gym FERIPAET . WA 4-2 s, DKIIPAEEANE I8 DAL, B2 — DM IS, KAy 4x4,
B AR R, BREWE OIS SEA B, AARIRE G A T A, PR H TUK
i Ho BEATER—/MRESMATLUCRI B Ty 2 A 4A403E. BT EIAIEKITnATE, &
SRR AT E#A — R BURE R I AT BUBTL A SRS, IF BB UK 8 H FRRES AT 2 2 P2 T 45
Ho B PATEM RN 0, BIIE HFRIIZZ 1.
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K42 UKEIAER A

AV B) 5 OpenAl Gym [ FrozenLake-vOIA 3%, H- i EFIEIE R, AR5 4L H UKIF A
HARIRES .

import gym

env = gym.make("FrozenLake-v@") # BIZEFE

env = env.unwrapped # FRETEEFBEIHIOMRSEEBIEE P
env.render () # HESHR,EEIUETTIITEDNLTIMCAINRE

holes = set()
ends = set()
for s in env.P:
for a in env.P[s]:
for s_ in env.P[s][a]:
if s [2] == 1.0: # RIEXRH 1,AXEBIR
ends.add(s [1])
if s_[3] == True:
holes.add(s_[1])
holes = holes - ends
print("EAIZES|:", holes)
print("BiRIESI:", ends)

for a in env.P[14]: # BEBICO—IEHRESERER
print(env.P[14][a])

[41mS[OmFFF

FHFH

FFFH

HFFG

JGEMIES]: {11, 12, 5, T}

BirES]: {15}

[(0.3333333333333333, 10, 0.0, False), (0.3333333333333333, 13, 0.0, False),
(0.3333333333333333, 14, 0.0, False)]
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[(0.3333333333333333, 13, 0.0, False), (0.3333333333333333, 14, 0.0, False),
(0.3333333333333333, 15, 1.0, True)]
[(0.3333333333333333, 14, 0.0, False), (0.3333333333333333, 15, 1.0, True),
(0.3333333333333333, 10, 0.0, False)]
[(0.3333333333333333, 15, 1.0, True), (0.3333333333333333, 10, 0.0, False),
(0.3333333333333333, 13, 0.0, False)]

B, FATKILKIE R 51 21{5,7,11,12} (FE& set IR G ZTLTFHD, BARE (RI180)
A b, MERIEDHE R, HK, R 15 MRS (R EEL—#, BUL FRR5IHA
14) FIEE, AT ULEBIGASER2EME W77 23 Ffaes R, x—SfMEEig
WAL RAFER . BATEE FRICTEVKIIIA ST b 23— N SR sk .

# EAEENR Gym BEESTAHIRE BSEHEIFH

action_meaning = ['<', 'v', '>', 'A']
theta = le-5
gamma = 0.9

agent = PolicyIteration(env, theta, gamma)
agent.policy iteration()
print_agent(agent, action_meaning, [5, 7, 11, 12], [15])

REGTRAIHAT 25 Bfe5ek

RERIETSERL
SRBEITLEHIT 58 BETTAL
REBIET5ERL
RENME:
0.069 0.061 0.074 0.056
0.092 0.000 0.112 0.000
0.145 0.247 0.300 0.000
0.000 0.380 0.639 0.000
ERER:

<000 000" <000 000"
<000 **x*x*x <O>0 ***xx%x

000" OVOO <000 ***x%
**%%* 00>0 ovoo EEEE

A IS IRE b5 R E N, HLR R IR — A R A 2 BEALIE 17 LA RS B UKk R
Wt . BN, 78 B AR AL EIRE, REURAE SRR, Ea RSl A s EAKAE,
MAZAL B XA H AR AN A, B DL RIS (3 1 2 o R, IF B —E i
REAZI 2 H AR . FATHR =R — P MBS,

action_meaning = ['<', 'v', '>'  'A1]
theta = 1le-5
gamma 0.9

agent = Valuelteration(env, theta, gamma)
agent.value_iteration()
print_agent(agent, action_meaning, [5, 7, 11, 12], [15])

INMEER—FLHIT 60 %

WREINME:
0.069 0.061 0.074 0.056
0.092 0.000 0.112 0.000
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0.145 0.247 0.300 0.000
0.000 0.380 0.639 0.000
REE
<000 000" <000 000"
<000 ****x <QO>0 ***%
000" OVOO <000 ***%
*%*x%* 00>0 ovoo EEEE

A PR BN (R SR 45 RS EE A R e & — 8, RWEAAHRIE T # 81
iR,

4.6 NG

AT 7 oRA S HIAES A RIS SRR ARIE A RS, e AT
BEFH TSR 0 M (BN B D0 S« BhaSHER i 32 EE B AR A Y DR 8 05 R A RS AT B3 .
TR AR, R VUR 77T IR TR, 3014 HI 2 5 /R m] R P St A vh i) 22 il e
HONUREH KB WERAE BERTCIRFOEA 0 il B SRR S H R BB, At A e I AR5 3
ITREARRNE CIRZS- B0 22050 T IR IXAEREEE, AR 2 5 575 h g fn oy K g
XA BN AR LS o

4.7 T REE: WIS

4.7.1 REGER
FMEIEAR I SRR T

TS HmHE T RTINS HERE T TS SR
L} &y E 2 .
s > ) > T » ) > T > T

MR AR TR B, BATRTE T Wi 0 SRS (1 PR A ML R 8 2 B, Rl = o
FreL R B R RE SIS (RO R, SRR AU REUS S B e LSk - Rk MDP BPIRZES =S
KA S| BIER KNSy A, I BT T RS AN A LA, SR BRAS, BT LASRE IS %
ARBENEAEAT BR 2D 48 B3 P ) R AJE SRS

A — PR AUE B . A PR R AR SRR, Ay <1, A AR BIRAF1E—
NEF C= R, /(-7 ) CXRMIR,, ABRKFEDRKE, 5 TAEERR 7 ARESs , L0
fEV-(s)<Co B, XFRAIRSs, FATAT LUK SIS ARG 2 B S B, o
HRYE LR A TSI B, 28— e s, RIS UL — B sl

4.7.2 MHMEIER
(AL AR 0 5T 24 2
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V¥ (s)=maxir(s.a)+y Y PG [say ts"))

ses
RN IEE LA R ERAEIT T

VE(s) =TV  (s) = max{r(s a )+ VS;P(S’ s a V"' 6"}

SRIEHINELE ST (contraction operator): #5 O J& /M, I HRE OV -0V | < |V-V"],,
WA O —MNEHET. Hrp, lxl, Bomx 1y L uk, OFEANE 22055

o L= max}y

o

BATETHRIEW Z 7 ST, JURZHRMET T2y IEHE T
HNLTVm:myJ%?M£®+@§PU\m@ﬂ#»wg%ﬂxd}@éP@|&dW®)ﬂ

< max| r (s,a)+7/sz (s'|s,ay (s)-r (s,a)—j/z P ($|say’ (s'j

= ymax| DL [sal (V')
gymaﬂx ZEP(S'| s,@ymax | V(s)— V'(s")|
sa s
=yIV=Vll
Wy oMM ER S Y, TRA:
V=V L =TV =TV IS y IV =V S A =L

REWE, Ay STHBEOLT, BEHESRRE OB, pr SBokisEin -, B
lim , V* =V". &b, W EIEARRS R EREY .

4.8 Z2FEXM

[1] GERAMIFARD A, WALSN T J, TELLEX S, et al. A tutorial on linear function approximators

for dynamic programming and reinforcement learning [J]. Foundations and Trends"in Machine

Learning, 2013, 6 (4): 375-451.

[2] SZEPESVARI C, LITTMAN M L. Generalized markov decision processes: dynamic-programming

and reinforcement-learning algorithms [C]//International Conference of Machine Learning, 1996: 96.



HEEDEZE

5 4 BN AIBEIRI TR ZOR B/R A R R SRR TR, BIEOR S GER A T3R5
FETE AT TR (B B o 25 8 RN A AR I D o FEBLZRAE TR, B BB LSRR AN /R EEAMIIA B
FOEAZERCRFE S, L A 2 A MU St mT DA Hh 5 D0 A (L BBk o XAt BT T4
FOMESS, WOREIRE NS T BRI A A, AR DOE AR B R T B MER
MR ZREPIESHL, AT EERAAE T8

RIS 7K I R OE AN BLSE, WLA 5 51 10 2 B2 07 2 1 O 45
A A FIE S B0 B0 5 AR () B AR A Y Al e SRR . 0 T KR 5k E E
15 ST I e () G0 e T AR B — S S R W B ER D, Ey R ] R ﬁ'ff‘.'
FARERPREE B MR 2 TS RN, Wl ok BT 1
TEIX RGO R B A A R AER B8 4T A0 B, G SRORE B i O Sk ), o '
XK GO A A B R AL F T (model-free reinforcement E:"‘-'

learning).

AR T B A BRI S, ToB AL (1) o Ak 5 2] SR AS 7 T 5 R PR 1) 2 il R BORIR S e
s bR B, 1T A2 L B A FH AP 58 58 LK) I R SR e B R B R o = XA AR AT DA S B —
BE R B SRR b o AR B E YRR O A R R A I B K& B Sarsa Al
Q-learning, ‘CEAI1#l &3 Trt 5 £ 4 (temporal difference, TD) [5mfb 22 H k. FN, &
BILTIN—HME R R IRNE S S M B2 IS 2% 5 o 8 R UL, (EZRSRIE % ) ZER A 7R
AT RS T RS B IR AR AT ), — BB S8, AT AR T 7, IR AE
IKIESK N F B ROKBETs T 25 4 3R W 5 =) A8 FH 22 5 [ 80 2 1 SR AE A9 3 AR AU £R L R
WA, UG S K G ¥ DRI, B9 28 SR & 2% 2] 444 Re 8 5 i R I s 4
TFRAENRREARRIRE (REIR RS s R SR P RS E), XfEHpE
7 S
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5.2 BRERD

I P22 53 o — PP RAG T — AN SRS U IME R R 7, B85 6 T %R .
IS AR EE AR o I 22 03 D7 iR A SR R RV AR BLZ AL AE T 1T LA E ¥ E
BEABR 5], REE L AREIRE: A AR T T UM
P DUR 277 R AR, R JE 2R A B0 Al o Sk BT A iR A B (8 4l
Tho [EE— 1 SE4RF AR U 7 V200 0 L o K 1 1 1 58 7 3K
V(s )< V(s)+a[G -V(s)]
X HEIRATHE 3.5 758 UNG) B o FosaMEM TR K. 7R o BUY—AMF 4L
SN BT 7 AN PR SRR RIS VTR P A A . SRRF RIS 1B L A S B P RS TR
JEA RETHHARBNX — IR EIHR G, I 722 53 5502 R T B YR A5 o) BV T A7 v . Bk,
JF 2253 A F A RTRAS B 22BN — SRS HIAME NG TRV NE SRS 23/ 5 M a1k, B
Vis) < V(s)+alr+yV(s.a)=V(s)]
Hor, r+7V(s,,) =V (s,) BEYEFR AP £ 5% (temporal difference, TD) 2 £ (errop, B F
ENFIEBHL 5B K N FBENIREMERM R =, T UL+ 7 (s,.) KT G I JE R
V=(s)=E.[G |S, =s5]

=E,D 'R, |8 =5]
k=0

=E, IR, + 7“27th+1(+1 1S, =51
pary
=E R, +#¥/" (S, )IS, =s]

RIS AR iR R — AT VB B bR, T 22 0 ok B s — 17N
B ER. T, ERRISMIAEAZ BN, fRE—, JATHUAT LRI 5 2 40 SR HIR
AU AT NP ZE S FEIEHE TV (s, ) B THE, AT RAIE ] E s 2 U S SRR (R 0 R A
BAFEREASKS AT FR T Ui BH .

5.3 Sarsa &%

BOESR TR AT L 9 22 4 B i LR A (2 6 4, T5— R 11 2R AL
e, JRATAE T LN 1R I 77 AT BB ) o SR VY £ T L
I P 22 4 S0, T 2 A 18 5250 6 O RAR A5 88 B B Bt 26 4 El
PRI TR 25 % R T LB 43PN F 25 4 B A 2 R 18 B 40
O, .0, 06, a, Y+ A+ 706, 1,0 )~ 06, 4,)] — et )
RIETRA S SR IE SRS R AN (A AR A1, B .
argmax, O(s.a) . JFERUT CATUM T — A2 B UBRAL2E 5T B0 i SrA BT AR 20 i i
WA AR T, T AR 45 B KR P FF 22 4 B T 3 A 0 (A
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SR XA 5] A BEVEAEAE I TR B B B B e . 55—, i RE I P 20 Bkok i
R LA T SRS FRDIR SN B B K, BRAT 75 B PR R R A R AT . (E S R RATTAT LA 22
X, B R ACRIT AL s, SR 5wk il DUSE BT SRIE T o FRATTAT LUK 4 M DA S
FETH AT AE SRS PEAL R S8 AT IS OLEAT, BB—F, MHEEA (3044 1) gRxeE, &XH
S R - 4K, (generalized policy iteration [FEAR. 25—, GRS RIEIRTHH— BEARYE 0028
FAFRN—ADEVE SRR, PIRE S RECEERASTEXS (s, @) /KL AETFFIH HIL,  PAE T It
HAMEMERATfhE, HEM A CRIIE SRS SR T 5 I g L 2 B . JRATTHE 28 25 rh o A VR AR 1)
o fA R IR SRR H DA, MR — e -Tu2E5G: A1- cHEER
FENEMESKIIIBABE, FIME € BIEE MBIEZ (B F BN LRI — AN a0E, HARKRA:

e/ Alr1-¢ if a=argmaxQ(s,a)
T o s

IAE, FRATHETT LAAS B — AN SEBR A T 17 28 20 R I Ak 5 1 B0k o 2B E B
EHHB T AECRES s HETE @ o FEREE e . TSRS § A ANE R, KXt
P PHEIG SR T B4 Fr——Sarsa, Sarsa 5 () BARFAE 0 R -

#4548 O(s, a)
for9le=1->E do:

2RI IRE S

Fe RARBALE QR BFLARE STHFE a

for B EFr=1—>T do:

RV RIER AR T8
B e HAEFRMIE ORBLIRE s TohshtEa’
O(s,a) < O(s,a)+ o[ r+ y (s ,a")— O(s,a)]

s« S, a<d

end for

end for
AR R RIE DA T 24K Sarsafiid . /oG — FREE DRI, XMHHIER
TOAIZE 4 B A —FE, ORI PREEA TR 2R A2 s BOFIR S e B s B, T R B — MR
R TAZ HL R AL step (), ZBRECK B REARIZNTEIE RN, far 22 AN R — MRS AR/ se 4

import matplotlib.pyplot as plt
import numpy as np
from tqdm import tqdm # tqdm ERRERHESHIE

class CliffWalkingEnv:
def init__ (self, ncol, nrow):
self.nrow = nrow
self.ncol = ncol

self.x = 0 # ICRIAIERENRAERNELLR
self.y = self.nrow - 1 # ICRIEFIEEAMENMNLIR

def step(self, action): # ZMEPEAAXPTRECKIELERINVE
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# 4 MEE, change[0]:L, change[1]:F, change[2]:7Z, change[3]:5. #RE/E=(0,0)
# ENTEELA
change = [[0, -1], [0, 1], [-1, O], [1, O]]
self.x = min(self.ncol - 1, max(0, self.x + change[action][0]))
self.y = min(self.nrow - 1, max(0, self.y + changel[action][1]))
next_state = self.y * self.ncol + self.x
reward = -1
done = False
if self.y == self.nrow - 1 and self.x > 0: # F—MuUBHEEEREBR
done = True
if self.x != self.ncol - 1:
reward = -100
return next_state, reward, done

def reset(self): # [EIFAIBIRE, RiFMEREL LA
self.x = 0
self.y = self.nrow - 1
return self.y x self.ncol + self.x

SRJGTRATIR SN Sarsa B35, FEYEP— K& Q_table (), HIRAFME UFTHNE T AR
ABEXT IR, 724 Sarsa BIEFIRZ A B, H e -n 28 SRmE AT A%, 1558 51 Sarsa FIERT,
P2 8 S 26 5 BB RS 3 OO A A20 , R0 (822 B8 H 00
JE AN AT B

class Sarsa:

" Sa5rsa %:/2% nnn

def __init__(self, ncol, nrow, epsilon, alpha, gamma, n_action=4):
self.Q table = np.zeros([nrow * ncol, n_action]) # #JAH Q(s,a) &R
self.n action = n action # FMENEL
self.alpha = alpha # F3JX
self.gamma = gamma # IFHAF
self.epsilon = epsilon # epsilon-BAEEKRIETFISE

W

def take_action(self, state): # EEUT—3EAYRIE, BIRLINA epsilon-R%E
if np.random.random() < self.epsilon:

action = np.random.randint(self.n_action)
else:

action = np.argmax(self.Q table[state])
return action

def best action(self, state): # FATFITENSERZ
Q max = np.max(self.Q table[state])
a = [0 for _ in range(self.n_action)]
for i in range(self.n_ action): # BHFWDIMERNNE—HE,#LIER TR
if self.Q table[state, i] == Q max:
al[i] = 1
return a

def update(self, s0, a0, r, sl1, al):
td_error = r + self.gamma * self.Q table[sl, al] - self.Q table[s0, a0]
self.Q table[sO, a0] += self.alpha * td_error
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PN RIA AL B 8D I B iz AT Sarsa 513, KRB FLIRML!

ncol = 12
nrow = 4

env = CliffWalkingEnv(ncol, nrow)
np.random.seed(0)

epsilon = 0.1

alpha = 0.1

gamma = 0.9

agent = Sarsa(ncol, nrow, epsilon, alpha, gamma)
num_episodes = 500 # FHEEMEMETIZITIIFIININE

return_list = [] # ICRE—%F51IEIR
for i in range(10): # B 10 NMHESR
# tqdm RUFHESRINEE
with tgdm(total=int(num episodes/10), desc='Iteration %d' % i) as pbar:
for i_episode in range(int(num episodes/10)): # BMNHESIFSIE

episode return = 0

state = env.reset()

action = agent.take action(state)

done = False

while not done:
next_state, reward, done = env.step(action)
next_action = agent.take_action(next_state)
episode return += reward # XEEIRVTERNHTIFIRTER
agent.update(state, action, reward, next state, next action)
state = next state
action = next_action

return_list.append(episode return)

if (i_episode+l) % 10 == 0: # & 10 £FFITEI—TFIX 10 £FFIHIFIEIR
pbar.set postfix({'episode': '%d' % (num episodes / 10 * i +

i_episode+l), 'return': '%.3f' % np.mean(return list[-10:])})
pbar.update(1)

episodes_list = list(range(len(return_list)))
plt.plot(episodes _list, return list)
plt.xlabel('Episodes')

plt.ylabel('Returns')

plt.title('Sarsa on {}'.format('Cliff Walking'))
plt.show()

Iteration 0: 100%
return=-119.400]
Iteration 1: 100%
return=-63.000]
Iteration 2: 100%| ||| | s¢/50 [e0:00<00:00, 2225.144t/s, episode=150,
return=-51.200]
Iteration 3: 100%
return=-48.100]
Iteration 4: 100%
return=-35.700]

I so/50 [00:00<00:00, 1206.19it/s, episode=50,

I so/50 [00:00<00:00, 1379.84it/s, episode=100,

B so/50 [00:00<00:00, 2786.807t/s, episode=200,

I so/50 [00:00<00:00, 1705.217t/s, episode=250,



.

<52 H5F MAESHE

Iteration 5: 100%| ||| | s¢/50 [00:00<00:00, 3393.12it/s, episode=300,
return=-29.900]
Iteration 6: 100%
return=-28.300]
Iteration 7: 100%
return=-27.700]
Iteration 8: 100%
return=-28.500]
Iteration 9: 100%
return=-18.900]

I so/50 [00:00<00:00, 3694.32it/s, episode=350,

I so/50 [00:00<00:00, 3705.87it/s, episode=400,

I so/50 [00:00<00:00, 4115.617t/s, episode=450,

I co/50 [00:00<00:00, 3423.201t/s, episode=500,

Sarsa on Cliff Walking

=50 -

=100 A

Returns

—150

—200 A

—250 A

- ) : . .
0 100 200 300 400 500
Episodes

BATRIL, B UIZRIBEAT  Sarsa 5% 3RS I Il RoBORB Ry« AEREAT 500 2671 054 31 )R
R LABRAS—20 ZE A e, BRI AR BE U sng 1. SRR 3ATE T Sarsa HIALS B H05K
WS AE A AR T SR e R A FEI B A .

def print_agent(agent, env, action_meaning, disaster=[], end=[]):
for i in range(env.nrow):
for j in range(env.ncol):
if (i * env.ncol + j) 1in disaster:
print('*xxx',  end=' ')
elif (i * env.ncol + j) in end:
print('EEEE', end="' ")
else:
a = agent.best action(i * env.ncol + j)
pi_str = "!
for k in range(len(action meaning)):
pi_str += action_meaningl[k] if a[k] > 0 else 'o'
print(pi_str, end=' ')
print()

action_meaning = ['A', 'v', '<', '>']
print('Sarsa ELARZWSISEINKEE: ")
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print_agent(agent, env, action_meaning, list(range(37, 47)), [47])

Sarsa BiEREWHIEEINRIESN.
000> 000> 000> 000> 000> 000> 000> 000> 000> 000> 000> OVOO
000> 000> 000> 000> 000> 000> 000> 000> 000> 000> 000> OVOO

Noo0 000> "000O 000> 000> 000> 000> "000 "00O 000> 000> OVOO
NODOO **kk *kkkx ,kkk kkkk *kkk *kkk *kkk*x *kkk*k *xkk*x*x **xxx EEEE

A LA B Sarsa 5503 23 SR B IGO0 1 8 22 1) SR SR AL H A

5.4 %3 Sarsa &%

SRR U TR P AN IRAS 25 B S T NG PR T A9 A
o P 243 S PUR T — B S AR — /M RAS LA o 2012 P 0 3
A AWE? SHIRL, SRS TR (unbiased) I, fHZ R A AL
KT %, WAG—SHAREHBEA RTEE. 18— 5 RARIR M2
PR BN R SR A A Ik, X & AT IR A RO B (L s ot
P2 SO B AR NG 2, N ROE T B Raskets, FIEIT — 2510
S, ARREERA R, FIRET T ARSI G A TR R
OhE. WA AT ETT DG & R T BRR 5 5ot £ 01 ZIBIF 25 10818
RS n B, ARG SR 2SR M. I ARER,

G, =n, +70(s,,, a,,)

Broe

Gl :rz +7/rl+1 +”'+7/HQ(S n’ t+n)
TR, MIRAFE—F 2 5 Sarsa Hik, ‘B Sarsa Sk ISIEM(E & 2 AR (S
5379

gst’ t)<_Q(st’ t)+a [I"+}/ Q(SH|7 t+l) Q(St’a )]
B Ak

Q(St A, )<_ Q(gt £, )+ O([I’;'f' Vot t ynQGHn ﬂH,,)_ Q@ a4 ,)]
FATEE FRARMELINZEZ L (n5) Sarsa Hik. 7E Sarsa AU HIFERE TR, SIANE
AN = = AN

class nstep Sarsa:

"non 4 Sarsa &k "

def __init__(self, n, ncol, nrow, epsilon, alpha, gamma, n_action=4):
self.Q table = np.zeros([nrow * ncol, n_action])
self.n action = n_action
self.alpha = alpha
self.gamma = gamma
self.epsilon = epsilon
self.n = n # XA n# Sarsa &%
self.state list = [] # REIHHVRES
self.action list = [] # RIFZEIAIEHE
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def

def

def

self.reward list = [] # RIFZHIHVER

take action(self, state):
if np.random.random() < self.epsilon:

action = np.random.randint(self.n_action)
else:

action = np.argmax(self.Q table[state])
return action

best _action(self, state): # FATITENZERR
Q_max = np.max(self.Q table[state])
a = [0 for _ in range(self.n_action)]
for i in range(self.n action):
if self.Q table[state, i] == Q max:
a[i] = 1
return a

update(self, s0, a0, r, sl, al, done):
self.state list.append(s0)
self.action_list.append(a0)
self.reward list.append(r)
if len(self.state list) == self.n: # HREFAVEIETLUAIT n £EH
G = self.Q table[sl, al] # B&IQ(s_{t+n}, a_{t+n})
for i in reversed(range(self.n)):
G = self.gamma * G + self.reward list[i] # AW@EITES—LE/IEIR
# MREERZRIERES, RENLBAKEAR n &, LEHEHHITEN
if done and i > 0:
s = self.state list[i]
a = self.action list[i]
self.Q table[s, a] += self.alpha * (G - self.Q table[s, a])
s = self.state list.pop(0) # FHFEEMAVRENENTIRFPMER, TIRTBEF
a = self.action list.pop(0)
self.reward list.pop(0)
# n# Sarsa NEEEHLE
self.Q table[s, a] += self.alpha * (G - self.Q table[s, a])
if done: # WMRFNXZIDRE,BPEFRET—FF5, WEFIXRLES
self.state list = []
(]
self.reward_list = []

self.action list

np.random.seed(0)
n_step = 5 # 5% Sarsa&iX

alpha =
epsilon
gamma =
agent =

0.1

= 0.1

0.9

nstep_Sarsa(n_step, ncol, nrow, epsilon, alpha, gamma)

num_episodes = 500 # FHEEAEMETIZTIIFIINIH S

return_list = [] # IERE—%F5RI0EIR
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w®

for i in range(10): # E7x 10 NMAESFK
#tqdm FIHERINEE
with tgdm(total=int(num episodes/10), desc='Iteration %d' % i) as pbar:
for i_episode in range(int(num episodes/10)): # BMNHESIFESIE
episode_return = 0
state = env.reset()
action = agent.take_action(state)
done = False
while not done:
next_state, reward, done = env.step(action)
next_action = agent.take_action(next_state)
episode return += reward # XERIRIITERNHTFIRFERE
agent.update(state, action, reward, next_state, next_action, done)
state = next_state
action = next action
return_list.append(episode return)
if (i _episode+l) % 10 == 0: # 8 10 ZFFITEI—TFX 10 FFFIHIFIIEIR
pbar.set postfix({'episode': '%d' % (num episodes / 10 * i +
i _episode+l), 'return': '%.3f' % np.mean(return list[-10:])})
pbar.update(1)

episodes_list = list(range(len(return_list)))
plt.plot(episodes_list, return_list)
plt.xlabel('Episodes')

plt.ylabel('Returns')

plt.title('5-step Sarsa on {}'.format('Cliff Walking'))
plt.show()

Iteration 0: 100%
return=-26.500]
Iteration 1: 100%
return=-35.200]
Iteration 2: 100%
return=-20.100]
Iteration 3: 100%
return=-27.200]
Iteration 4: 100%
return=-19.300]
Iteration 5: 100%
return=-27.400]
Iteration 6: 100%
return=-28.000]
Iteration 7: 100%
return=-36.500]
Iteration 8: 100%
return=-27.000]
Iteration 9: 100%
return=-19.100]

B so/50 [00:00<00:00, 937.039t/s, episode=50,

I so/50 [00:00<00:00, 2955.94it/s, episode=100,

I so/50 [00:00<00:00, 2978.95it/s, episode=150,

I co/50 [00:00<00:00, 3062.617t/s, episode=200,

I so/50 [00:00<00:00, 3172.361t/s, episode=250,

I so/50 [00:00<00:00, 3123.417t/s, episode=300,

I so/50 [00:00<00:00, 2875.331it/s, episode=350,

I so/50 [00:00<00:00, 2262.18it/s, episode=400,

I co/50 [00:00<00:00, 3100.00it/s, episode=450,

B so/50 [00:00<00:00, 3107.54it/s, episode=500,
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5-step Sarsa on Cliff Walking

—50

—100 -

=150 -

—200 A

Returns

—250 A

=300 -

—350 A

~400 -

6 l(‘JO 260 3‘."}0 460 560
Episodes
I SEEG 25 RAT LK BN, 5 0 Sarsa VL ICSGH B L 508 Sarsa FVE R . JATRE — T
SN PR SR R I
action_meaning = ['A', 'v', '<', '>1]
print('5 5 Sarsa BIARZWEUSEIRVRRS A ')
print_agent(agent, env, action_meaning, list(range(37, 47)), [47])

5 4 Sarsa EiERZWSSEIRVREES .
000> 000> 000> 000> 000> 000> 000> 000> 000> 000> 000> OVOO
Aooo "ooo "ooo oo<o "ooo "ooo "ooo "000 000> 000> "0OO OVOO

000> "ooo "ooo "ooo "“ooo "0oo "000 000> 000> "OOO 000> OVOO
NOOO *kkk ,kkk kkkk kkhkkk k(khkkk khkkk kkkk *kkkxk *kkxkx *xxx EEEE

FATE DL 2 25 Sarsa 554G B 1 MG & AL Fm S & B I —144T &, RIES K%
Eoy i

5.5 Q-learning &i%

W7 Sarsa FEAT— R 44 0TI 2 0 SRE O BAL 3 21 i
Q-learning. Q-learning A Sarsa ] £ K [X Jl| 7£ T Q-learning I ¥ % 73 BE ¥ 77
B

O(s,,a,) < 0O(s,.a) +alr, +y meQ(S»l a)=06,a,)]
Q-learning FIEM BARRAE W T -
#1454 O(s, a)
for #3le=1—E do:
FR 4R E S
for it F=1->T do:
A e RAERBARYE QR FLIRE s ToishtEa
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1FEERIF AT 7, 8"
0(s.a) « O(s.a)+ [ r+y max O(s".a’) - O(s.a)]
s« s

end for

end for

FRATAT AR B AR AR SR P2 /% Q-learning, EJ) Q-learning EL#:Aki+ Q" , FINEENE

Q G.a)=ra)ty) Ps'lsa)maxQ (s'a’)
s'as

1M Sarsa il 11 241 € - TRAE UK P ZNVEMEL R . 75 22582, Q-learning ¥ H- 4 24 4
8 FH 24wl DT 2k S e argmax | O(s, @) RAEAS BN BdE, NS R (s.a, rs' EW] DUE ARG 5
MAXKEFH O, NTIRE, BATEEEH A -0 RIS K S5IREE2C H . Sarsa W Ziff H 4
il € - AR RIS RAFF RN AR, ROV EREH P HEIO @ ) o' 2 41T KIS Es" R3]
YE. FRATFR Sarsa AfE £ % & (on-policy) 7%, FRQ-learning iy & & % w (off-policy) %%,
AL SR ) PR

L RIEHIAEBERIEE L

TATTHR RRE B () S WS AT 1 K& (behavior policy), R FH X BBk o 5 37 () 5 0% B AR
Sk (target policy). FEZEHMS (on-policy) FLVEFRIRNAT N HMEF H bR FMG A [ — A RKmg 1 2
4 ong (off-policy) FFEFRIRAT A SUE AN H bR JEHE A2 [F] — S50 . Sarsa 2 R [R)7E 2 SR 5
%, 1M Q-learning A& 370 [ B 2R SRME 5k, FIWT —FH KA M — AN EEF BB HN T Z51
W B AR 2 5ok B A AT SRS, Wil 5-1 PR BT S

o XfT Sarsa, IR A X LAUE AT RIE KA TLc e, rs'a’), BlLER
FEL RS
o XT Q-learning, ‘& ST 2 U AE I VY JCZH (s, @, s ") SR BT 24 IR 2 30 4R 0 1 3 4
8 O(s,a), HHEh s Ma 4G5 & AF, r Al g B HIABERFEAR], %It
FEANTE B8 2 AT SRS R AR AT B RO K, AT DR B AT NN, R E R L
SR 5%
afilen"B b1 24 iR Wge-Gireedy (O) R AR

Sarsa s Q t . @ 2 ""i

a'F1 Y BT S max( O) b

Q-learning ° 2 n ’ ° = ﬂ

K 5-1 Sarsafll Q-learning fIX}LL
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AR Z RIS, BAILERSADFIED DR T ZPIE 2. miisepng, &
LR ms A Re e AR RS AR WISRREAS, TR BAT S /NIOREAR RO, BRI A2
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class QLearning:

o Q-learning &% """

def __init__(self, ncol, nrow, epsilon, alpha, gamma, n_action=4):
self.Q table = np.zeros([nrow * ncol, n action]) # ¥4 Q(s,a)T&
self.n action = n action # ZNENE
self.alpha = alpha # FI=E
self.gamma = gamma # ITHIEF
self.epsilon = epsilon # epsilon-RAEHRETHISH

W

def take_action(self, state): #EEUFN—SHIRIE
if np.random.random() < self.epsilon:
action = np.random.randint(self.n_action)
else:
action = np.argmax(self.Q table[state])

return action

def best action(self, state): # FAFTITENHRES
Q_max = np.max(self.Q table[state])
a = [0 for _ in range(self.n_action)]
for i in range(self.n_action):
if self.Q table[state, i] == Q _max:
ali] =1

return a

def update(self, s0, a0, r, sl):
td_error = r + self.gamma * self.Q table[sl].max() - self.Q table[s0, a@]
self.Q table[s0, a0@] += self.alpha x td_error

np.random.seed(0)
epsilon = 0.1
alpha = 0.1
gamma = 0.9

agent = QLearning(ncol, nrow, epsilon, alpha, gamma)
num episodes = 500 # FHELMEHEFIZTHIFIINEE

return_list = [] # IEEE—£F5HEIR
for i 1in range(10): # == 10 NHEZSK
# tqdm FUHERINES
with tqgdm(total=int(num_episodes/10), desc='Iteration %d' % i) as pbar:
for i_episode 1in range(int(num episodes/10)): # BMNHEEFRNIFFIE

episode return = 0
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state = env.reset()

done = False

while not done:
action = agent.take_action(state)
next_state, reward, done = env.step(action)
episode return += reward # XEEIRITERNHTFIRFERE
agent.update(state, action, reward, next state)
state = next state

return_list.append(episode return)

if (i_episode+l) % 10 == 0: # & 10 ZFHITEI— X 10 ZFFIVFHEEIR
pbar.set postfix({'episode': '%d' % (num episodes / 10 * i +

i _episode+l), 'return': '%.3f' % np.mean(return_list[-10:])})

pbar.update(1)

episodes_list = list(range(len(return_list)))
plt.plot(episodes list, return_list)
plt.xlabel('Episodes')

plt.ylabel('Returns')

plt.title('Q-learning on {}'.format('Cliff Walking'))
plt.show()

action_meaning = ['A', 'v', '<' ] '>']
print('Q-learning BEIEARELIEISEIAVRES 9. ')
print_agent(agent, env, action_meaning, list(range(37, 47)), [47])

Iteration 0: 100%
return=-105.700]
Iteration 1: 100%
return=-70.900]
Iteration 2: 100%
return=-56.500]
Iteration 3: 100%
return=-46.500]
Iteration 4: 100%

I so/50 [00:00<00:00, 1183.69it/s, episode=50,

I co/50 [00:00<00:00, 1358.131it/s, episode=100,

I co/50 [00:00<00:00, 1433.72it/s, episode=150,

I so/50 [00:00<00:00, 2607.78it/s, episode=200,

B so/50 [00:00<00:00, 3007.19it/s, episode=250,

return=-40.800]
Iteration 5: 100%
return=-20.400]
Iteration 6: 100%
return=-45.700]
Iteration 7: 100%
return=-32.800]
Iteration 8: 100%
return=-22.700]
Iteration 9: 100%
return=-61.700]

I so/50 [00:00<00:00, 2005.77it/s, episode=300,

I so/50 [00:00<00:00, 2072.147t/s, episode=350,

I so/50 [00:00<00:00, 4244.04it/s, episode=400,

I so/50 [00:00<00:00, 4670.82it/s, episode=450,

B so/50 [00:00<00:00, 4705.19it/s, episode=500,
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Q-learning on CIiff Walking

=50 1

=100 A

Returns

=150 -

—200 A

6 160 250 3CI.‘IO 460 5(‘10
Episodes
Q-learning BIARZILSUSEIAVREE /.
Aooo ovoo ovoo "ooo "ooo ovoo 000> "00O0 OO0 000> 000> OVOO
000> 000> 000> 000> 000> 000> “000 000> 000> 000> 000> OVOO
000> 000> 000> 000> 000> 000> 000> 000> 000> 000> 000> OVOO

ADOO *kkk *kkk *kkk Kkkk *kkk kkk*x *kkk *kkkx *xk k% *xxx EEEE

B R, FTED R R ARAT A RIS EA B h A BHAF 2, 1A /2 Q-learning Hi%
FE2E ST H AR HERE 1) FL Sl . FRATTHE H AR SRBE BOAT T B RIS , R I B i ) T 2B £E 2 2
4 F, X5 Sarsa H2453 EI LR S B SR BE AR LU 2 AL

{E 24740 52 Sarsa F1 Q-learning 7EVIZRILFEHRIMEIHBIZE I, FATATCAREL, 7E—FF
' SarsaZR 151 EE (142 5 T-Q-learningff] o X A& A ZE I Zhod #2 v 2 R A4 R AU T4 IO (s, @)
BRI € -DT AR RIS KPR R SFI A, Q-learning 5VE H TR R EI0E, SU—EMRRE ‘I
NEEE” X —3fE, T Sarsa iR 57 (1) B 4 A8 2 Re AR T LA T et N B2

5.6 IN\E

ARESE TR SRA S S MR B RN EE—N P ES L. WPENFIL

(1 4% o0 JBAERE PGS R R B £ I ELAG TR SEHON S AT s (R B (EAt T, XA s >
%O B — . ARFEE SIS T Sarsa Al Q-learning 1X A i HAT AR ML (I 77 2 43 BV%

LI A BURSE S REMEEGR, XWANFEEIEELGH, o UARIEES & & RV ELk
SR 5 ) SR T e A3 W — ANk

EARE RN, REEEANE Y ) DULE R e iR T 200 BUsah h MFE AR 2 2], (AFRE
PRAE R e A AE 2 2] (I R v ] USRI ER B 0T 28 B, B RAEAR B BOR M I FEA I 256
[t AT A58 42 36 Tl TSt A — 5 B R AR A AR 224 IR A SR X 57 10 0488 70 A1 ORI AR AT
MRS o AnERAS SCVFR BEARLE 22 S R P AR B AT FF A ., T2 58 R T — N4 g IREAR
ERBEFNGR— G, KRR IR % X320 5 2 (offline reinforcement learning),
518 BR A A B LAk ST A OGN
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5.7 ¥EIEE: Q-learning WEKI4IERR

FARFNS T Q-learning SIAMIUSIVEA % 4% (U BCATEY], X BLBEAT fa SR ik . BT

JekE A5

5|18
BB AN REA, B 08 A () = (- (A, ()ta, COF (), an SR 2 LT 264,

2R o

(1) D,a,(x)==;

(2) D, @i (x)< e

(3 IEFE@IL=7IA I, HFr <1,

(4) var(E () <C(+ |4 [ ) Hro cR—AKT oM.

X FZ 5 FHIE 2 WA 522 30

FELI AP 45 5 — D EE (s.a, 1.8"), Q-learning JF K 1 BT 24 AT LS AR
0,\(s,a)= 0 (s,a)t a(s.a)r+y maxQ, 6 b0, 6a)l

, AEHHK @ SRETR, A0 <a(sa <1, RIMGEES R FHR
Oui(s.@)= (1~ (s5,0))0,(s,a)+a (s, @)[r+y max O,(s',b)]

GRIR, D, a(s.@) =2 bl 2,0 (5.@) <, # TR IED] Q-learning HILLEL R
o BAVRAE ERES I ELWILRE O (s,0), RIER A(s,a)=0(s,a)-0 (s,a), TRH
A (s,a)=(1-a (s,a)A,6 a)+a 6 a)f +y ma0, ¢ b »0 §a)]

RIGE X
F(s.a)=r(s.a)ty maxQ 6'h )0 6a)
BT BRSO 04, o7 DURAS L EE N

E[F,(s.a)]= r(s,a)+7y;P(y |s,a)maxQ, (y,b)-0Q" (s.a)
5472 W8, WAMEMRE XET H:
HQ,(s.a) =r(s.a) +7§’(y |s.a)max Q,(».b)
TRA
HF(sa]=HO(s® -0 (s
TP RMMBIEREQ", RAFw X, eixt 7 EREFERRSUS (B et —0ik

RO, LIS R
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O(sa)=HJ (s a)

It A

E[F,(s,a)]= HQ,(s,a)—HQ (s,a)
BATATLAUER H 2 — MR 1 (G nr i 4.7 NS BATUERD, Bl

INELF (s, @lll.= 1 HO(s,a)- HO (s, @) |l.<yI1Q,— O .= yIIA,ll .
BERoR, ARARRENLAZ BV E S, FRATRT L — P HE
var F,(s,a)] = E[(F (s,a)—E[F (s.,a)])*]

EWT&M+7£§QA§b%Q*@a¥H@,Sa%Q*ﬁaﬁ]
E[(- (s.a)+ y maxQ (s'.b)- HO, (s.a)) ]
= varf 6 a4}y magQ, ¢ b)]

Ky 22 il ek B (s, @) 52 S, P DLEAE — DG, 15
varl £ (s,a) < C (k1A I})
Rk, RAESIE, A, fellsh® 0, XEEEQ e sFIo.
W23 ] DA ) A 55 25 2 SR 2 10 HA 1R — 1 B D 7 5 A S M B I A

5.8 SEIHE

[17] JAAKKOLA T, JORDAN M I, SINGH S P. On the convergence of stochastic iterative dynamic
programming algorithms [J]. Neural Computation, 1994, 6(6):1185-1201.

[2] MELO F S. Convergence of Q-learning: a simple proof [R].Institute of Systems and Robotics,
Tech. 2001: 1-4.

[3] RUMMERY G A, MAHESAN N. On-line g-learning using connectionist systems [J]. Technical
Report, 1994.
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6.1 &N

EsRIE I, R BRI B, RIS —————

IREHAL MR AR BT . MR R B MY, sfe2 I 5L A ——
Pifh. A& TAER 69524 3 (model-based reinforcement learning ) FIARAL i 524X E =
%3] (model-free reinforcement learning). JoARAYIRIBEAL 2 RIS R BEAR S IAEEAL "l'.
TLRPER R EL AT SRR T R B B L, 58 ST BIPRS00 £
1%, Bl Sarsa M1Q-learning 5%, {S/EPIACRAY IR A HIE, A PERsE E!.“. =
RSN I TNE R 2 R TR R s 2 ) B LB TR Rl 5 2] v,
FERRT DL SR RE R, W] DURARYE B ek 53528 FRAE S BB 27 2115 2R, AR5 FHIX MR
WA THEAT RS G A . 28 4 ERHe R MBS RGNS, RISREAMOMEIEC, )
SR TR SR ) B, ARSI R A CN A . A F RS 23 H) Dyna-Q S
R AR F FERI B TR R RRA 7 S L, AN B A S i R R R A TS 3 o

SRS 2 SEAT A S E P FE AR s — SR RIS I SRS E WA RS T IR e,
AN RMARIRE, B E RIS R HEAE H S R R AR . S TR R ) 5l
WA A T HA — SR, B REAART LA MR AR R AT A T, X SR B AR AR
R F R B 2, BIIE S & BRI SR 27 2] SR B AR AR R L. (HAZ,
PREERERY AT RE I ANHER, ABESE AU LI, RIS TR F) 5 A 27 2] SR UR B
300 2 [ 4 AT BEAN AR JE AR Y 1 iR 2 ) B

6.2 Dyna-Q

Dyna-Q L — 22 S U6 THUR HOSRIL 2 ST 500K . I 6.1 B,
Dyna-Q i H—F " /E Q-planning ()77 ¥ R 5 T A1 AL il — Be L 28, AR =
I B B A 20 SR — R0 . Q-planning REUGEI— 26057 AR
MRS 5, T B RE FIT IR | AU FIE E|"'—..
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JEHEIRAS 8" LARCE R, FEARIRIX AN (s a7, s), A Q-learning ()5 7 J5 K S 7 5 1E
I PR AL

Whefk
ST R AR Y b 2 BRI
Il: : |

( W en e S T

PSR @ B & enun

L @) . m‘z-'}:aj

AR FERRER A S
F o

B o6-1 TR A o 5] SR Je B ) s A 2 ) s

T BATKE — T Dyna-Q Sk HAKGFE:
WA O(s,a) FaBi A M (s,a)
for 73le=1—E do:
FR 4R E S
for t=1—>T do:
M e AR BARYE Qi BFELATRE s Tosh1Ea
1FE|IRBL R AT 1y 8
O(s,a) <« Q(s,a)+a[r+y max O(s',a")— O(s,a)]
M(s,a)« r,s'
for X% n=1— N do:
MALASE— N 255 i R A,
RIR—AG 2R E s, THATEH SE a,
r.§ < M(s, a,)
0s,.a,) <0 .a,) + olr, +7maxQ(s).a")~0(s .a,)]

end for

s«

end for

end for

A LA B, FE R S B AT A8 B AT — Q-learning Z /&5 » Dyna-Q& #1477 X Q-planning.
Hrt Q-planning FIREN 2 — LW LRSS, 4 HA0 I 5@ 1) Q-learning.
EREREREZ, iR Dyna-Q SFVEEHATE —ABHUF A E KM ST, FrilaE s —%K4
A (s.a, rs ) IF, 0] DUE BRSO T, BIM (s.a)«rs',

6.3 Dyna—-Q {tA3sCi%

PAE B B8 LB AT 1L Q-learning 5i%, IUAEBAERXNIAEE P LI Dyna-Q, LTS
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PR, B el R B S BRSO ARS, AN 5.3 —

import matplotlib.pyplot as plt
import numpy as np

from tqdm -dimport tqdm

import random

import time

class CliffWalkingEnv:
def __dinit__(self, ncol, nrow):
self.nrow = nrow
self.ncol = ncol
self.x = 0 # ICRIEFEEMUBIELIR
self.y = self.nrow - 1 # ICRIEEIEEEMUENIILIR

def step(self, action): # ZMBERXNRERITLRIVE
# AFENE, change[0]:L, change[1]:F, change[2]:%, change[3]:%., &R ERS(0,0)
# EXTEELER
change = [[0, -1], [0, 1], [-1, o], [1, O]]
self.x = min(self.ncol - 1, max(0, self.x + change[action][0]))
self.y = min(self.nrow - 1, max(0, self.y + changel[action][1]))
next state = self.y x self.ncol + self.x
reward = -1
done = False
if self.y == self.nrow - 1 and self.x > 0: # F—MuUBHEEENEBR
done = True
if self.x != self.ncol - 1:
reward = -100
return next state, reward, done

def reset(self): # MEFANBKRE,ESELLA
self.x = 0
self.y = self.nrow - 1
return self.y x self.ncol + self.x

XI5 FAFEQ-learning HIAUHY_EBEAT ] SAAE L, SLH Dyna-Q M E AN . i EEM B HZ
TN TR model, M — MR IR, SRRFER SR ICESIF SR, st EmAs
S AR F IR, A ZEORAR S AT IR, AT, #£ Dyna-Q
b, AT 58 Q-learning 5, 23R4T Q-planning

class DynaQ:

"o pyna-Q BLE "t

def dnit (self, ncol, nrow, epsilon, alpha, gamma, n _planning, n action=4):
self.Q table = np.zeros([nrow * ncol, n_action]) # #JAH Q(s,a) &I
self.n action = n action # ZEPEL
self.alpha = alpha # F3JX
self.gamma = gamma # ITHIEF
self.epsilon = epsilon # epsilon-REEKRIETFISE

self.n_planning = n_planning #H4T Q-planning BUXEL, XIM 1)X Q-learning
self.model = dict() # iEStEEL



e 66 o

s

% 6

% Dyna-Q Hi%

def

def

def

take action(self, state): # EEUTF—EHIRIE
if np.random.random() < self.epsilon:

action = np.random.randint(self.n_action)
else:

action = np.argmax(self.Q table[state])
return action

g_learning(self, s0, a0, r, sl):
td_error = r + self.gamma * self.Q table[sl].max() - self.Q table[s0, a@]
self.Q table[s0, a0@] += self.alpha x td error

update(self, s0O, a0, r, sl):

self.q_learning(s@, a0, r, sl1)

self.model[(s0, a0)] = r, sl # ZFHIEFNINER G

for _ 1in range(self.n_planning): # Q-planning f&¥
# FENIERBEZIBEIEAVRESNIES
(s, a), (r, s_ ) = random.choice(list(self.model.items()))
self.q learning(s, a, r, s )

T2 Dyna-Q FEAME BB P I EE R B RS, & I S 302Q-planning 54

def DynaQ CliffWalking(n_planning):

ncol
nrow

env

= 12
= 4
= CliffwalkingEnv(ncol, nrow)

epsilon = 0.01
alpha = 0.1

gamma

0.9

agent = DynaQ(ncol, nrow, epsilon, alpha, gamma, n_planning)

num_

episodes = 300 # FHEEAEHEFIZITZSILEF

return_list = [] # ICRE—£F5EIR

for

i in range(10): # B 10 MNHEXK
# tqdm FIFESRINEE
with tgdm(total=int(num episodes/10), desc='Iteration %d' % i) as pbar:
for i_episode in range(int(num episodes/10)): # EHMNHERNIFSIE
episode return = 0
state = env.reset()
done = False
while not done:
action = agent.take action(state)
next state, reward, done = env.step(action)
episode_return += reward # XEERAVTERHITIFIOEF=ER
agent.update(state, action, reward, next_state)
state = next state
return_list.append(episode return)
if (i_episode+l) % 10 == 0: # & 10 RFFIITEI—TX 10 £FFIIIFIEIHR
pbar.set postfix({'episode': '%d' % (num episodes / 10 x
i + i _episode+l), 'return': '%.3f' % np.mean
(return_list[-10:])3})
pbar.update(1)

return return list



6.3 Dyna-QX. 55 5% 3%,

°h7 o

PR S RAEAT AT, LS, AT LU £2Q-planning B Kk 45 K52 (5

np.random.seed(0)

random.seed(0)
n_planning list =

(o, 2, 20]

for n_planning in n_planning_ list:
print('Q-planning £%H: %d' % n_planning)
time.sleep(0.5)

DynaQ _CliffWalking(n_planning)

= list(range(len(return_list)))

return list =
episodes_list

plt.plot(episodes list,

plt.legend()

plt.xlabel('Episodes')
plt.ylabel('Returns')
plt.title('Dyna-Q on {}'.format('Cliff Walking'))

plt.show()

Q-planning £2(/9.: 0

Iteration 0: 100%
return=-138.400]
Iteration 1: 100%
return=-64.100]
Iteration 2: 100%
return=-46.000]
Iteration 3: 100%
return=-38.000]
Iteration 4: 100%
return=-28.600]
Iteration 5: 100%
return=-25.300]
Iteration 6: 100%
return=-23.600]
Iteration 7: 100%
return=-20.100]
Iteration 8: 100%
return=-17.100]
Iteration 9: 100%
return=-16.500]

Q-planning £%07. 2

Iteration 0: 100%
return=-53.800]
Iteration 1: 100%
return=-37.100]
Iteration 2: 100%
return=-23.600]
Iteration 3: 100%
return=-18.500]

30/30

30/30

30/30

30/30

30/30

30/30

30/30

30/30

30/30

30/30

30/30

30/30

30/30

30/30

[00:

[00:

[00:

[00:

[00:

[00:

[00:

[00:

[00:

[00:

[00:

[00:

[00:

[00:

00<00:

00<00:

00<00:

00<00:

00<00:

00<00:

00<00:

00<00:

00<00:

00<00:

00<00:

00<00:

00<00:

00<00:

00,

00,

00,

00,

00,

00,

00,

00,

00,

00,

00,

00,

00,

00,

WA 3). # Q-planning Z# N 0, Dyna-Q HiENE4L N Q-learning .

return_list, label=str(n planning) +

planning steps')

615.421it/s, episode=30,

1079.501t/s,
1303.351t/s,
1169.519t/s,
1806.961t/s,
2303.211t/s,
2473.6419t/s,
2344.374t/s,
1735.841t/s,

2827.941t/s,

425.091it/s,

655.719t/s,

799.691it/s,

915.341it/s,

episode=60,

episode=90,

episode=120,

episode=150,

episode=180,

episode=210,

episode=240,

episode=270,

episode=300,

episode=30,

episode=60,

episode=90,

episode=120,
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Iteration 4: 100%
return=-16.400]
Iteration 5: 100%
return=-16.400]
Iteration 6: 100%
return=-13.400]
Iteration 7: 100%| ||| | 3¢/30 [co:00<00:00, 1457.621it/s, episode=240,
return=-13.200]
Iteration 8: 100%
return=-13.200]
Iteration 9: 100%

return=-13.500]

I :0/30 [00:00<00:00, 1120.39it/s, episode=150,

I :0/30 [00:00<00:00, 1437.24it/s, episode=180,

I :0/30 [00:00<00:00, 1366.79it/s, episode=210,

I :0/30 [00:00<00:00, 1743.68it/s, episode=270,

I :0/30 [00:00<00:00, 1699.59it/s, episode=300,

Q-planning £33 20

Iteration 0: 100%
return=-18.500]
Iteration 1: 100%
return=-13.600]
Iteration 2: 100%
return=-13.000]
Iteration 3: 100%
return=-13.500]
Iteration 4: 100%
return=-13.500]
Iteration 5: 100%
return=-13.000]
Iteration 6: 100%
return=-22.000]
Iteration 7: 100%
return=-23.200]
Iteration 8: 100%
return=-13.000]
Iteration 9: 100%| || | 3¢/30 [co:00<00:00, 213.01it/s, episode=300,
return=-13.400]

I :0/30 [00:00<00:00, 143.919t/s, episode=30,

I :0/30 [00:00<00:00, 268.539t/s, episode=60,

I :0/30 [00:00<00:00, 274.5349t/s, episode=90,

I :0/30 [00:00<00:00, 264.25it/s, episode=120,

I :0/30 [00:00<00:00, 263.58it/s, episode=150,

I :0/30 [00:00<00:00, 245.274t/s, episode=180,

I :0/30 [00:00<00:00, 257.16t/s, episode=210,

I :0/30 [00:00<00:00, 257.084it/s, episode=240,

I :0/30 [00:00<00:00, 261.129t/s, episode=270,

Dyna-Q on CIiff Walking

_Sﬂ <
=100
w
E
o
& -150
_200 <
= 0 planning steps
—— 2 planning steps
—250 A —— 20 planning steps

0 50 100 150 200 250 300
Episodes
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MRS R AP AT DR 2 5, BiFQ-planning SBAT A %, Dyna-Q HyL Ml siik
B AR 28R, FHARIERTA KT, #52 Q-planning OB SR SRR, X
BT IR R e TR, AR BRI L . fE ik G I8 DI, RSN R 5E
SEVER, FEE PR BT Y KRS P B (K, T BAAT LUOE I 389 0 Q-planning 2P HOR BLEZ I
FAEIIFEAR R R

6.4 IN\Z5

RFEYHE T — A IE T RO B3R 0 2] L Dyna-Q, JF Halid 45 & BIg P M T
(1) Q-planning #F %1, B MHIE R | Q-planning A HO6T T WS SiCH 2 (1 g2 ma o FRAT A I T B4 (1)
s 215835 Dyna-Q fELAEIREE RS TARMFIIROR, (HIX SR BE bUB g B, ALY M DL B 4%
WA E] . R RE 2%, RS RESN, SRS BN A2 e 1t
(1, ey 27 3] — A BBCAE AR AR AR AR AR BRI PR, X EL R ) 38 i MR g i Al 22 )
SRLVERE TS B TR BE PRI I 3R AT EE TR T i sl A o 51 B AP AR .

6.5 ZSEIE

[1] SUTTON R S. Dyna, an integrated architecture for learning, planning, and reacting [J]. ACM
Sigart Bulletin, 1991 2(4): 160-163.

[2] SUTTON, R S. Integrated architectures for learning, planning, and reacting based on
approximating dynamic programming [C]// Proc of International Conference on Machine

Learning, San Francisco: Morgan Kaufmann, 1990: 16-224.
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DQN 8ix

FE55 FIHRIN Q-learning ik rh, BATUIERE A7 sV T — 5KAF RV IRES T 3tk
(K] OIS . FAg H IR — DB ENMED (s, @) FoRTEIRTSs T ks fta R)5 2k SHEME —H
WS TS BRI R [l . SR, X F RS A S VRO B A 02 R AE IR B KRS AN 3 1 42 B A
(K, I HL22 (RS LE BN DL T aE Bl T AT EAT ACRS SE AR LA AR A A bt (2 i)
RS EHE A ERCRARE KB, XM RGN 1. B, ZIRERE—5RGB BIER,
BB RN E210x160 %3, Jhif —$A2567 03 FURES, EHH AN AR B R0 (H
TAGRABER) . HEE, HREEFDEESERIE, wA TRARESERT, FATE T
il P IR RAR L AR R ARSI IO H

KT IX PGS, AT EH R A IR TTOE, BRI EEEE i
O TR, A —ANSERRHO, RIS XL . BB, X E .E
" r

RN A I ITVE AL —E RS EELR, IO T 7. BATSREN4
K] DQNSLIZAE T AR AR R ESRIRAS N B ah 1 F 11

7.2 ZEMINRE

LA 7-1 BRI & 4T (CartPole) ¥RETAMW] GE 3 —4Erg 25
BEED, ERPRSMEZIESN, ShEE L EH.

ARG, AN, BRI IIESS 2l /2 A 12 3
REFGE LA BB, AT RO R, 8 4T B iR f B
FEAT I B RE L K, B U AR I (R B5E 200 Wi, D57 Xk 4
BRMBPIRES R —MEROY 4 WA, B 4ERREIESEN, ﬁzﬂ
PERBHEL, BIEZRRAIN A2, FES IR T-1013 7-2. (L
RIS RE ol B RERREIRIG 0 BN | R, B (ARG,
W) f52 Je (1 5y Ky, MR 200 ot BT 3RS B i ) 0 K
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FT71 EFIFERNRTSEE =72 EFNFEHNERE
W RS =/ME =X{E =) hiE
0 RIS E 2.4 2.4 0 M BB EE
1 RS —Inf Inf 1 mIAB G
2 A E ~—418° ~41.8°
3 Ao ity (433 ~Inf Inf
7.3 DON

IAEBATAELE R AL A B A3 2 S ENME R BO(s,0) , B TIRESRE —
—YEFE B AR E LI, o R A IC T, BRI — AN LA A R 732 2
F #4444 (function approximation) AR, T#H£E /45 B A 58 KR IE
Ae/1, BULIRATIT DU — MMk RR RO . HfERIES: (R

), MM ZIRESS FIZhE @, REHH—MrE, RRMERES T

KIBEa GERIFIIME . BB CHRD 1, B 1A LURINE)EIES:
TEOL R I, FRATTE AT DA SLCROIRAS s B N B h 22 i 2 vhr, A FC (=] I iy o A —
ANENEMQ {H. 8% DON (LK Q-learning) N REALFEANVE B HUMIE I, PRUONTERZO (15 Hd
A max, X —#AE. BERMAEMEHRNEGREO MSEvte, R REs THA RS
& affy QE#FEE RN O(s @) o BAVEH TG REQ IS MEFRNQM %, WK 7-2 FivR.

K 7-2 TAREEFIAETR R Q%%



2 Q 2% B4 K R ER AT A We 2 FRAT 152K [m] il — TFQ-learning [ BF AL (2 W5.5 5):
Q(sn ll) <—Q(s,a) +0![}"+)/ I‘}”leaj(( Q(S,,tl’) —Q(s,a)]
iR 5 £ 4 (temporal difference, TD) 24> HFR r+ ¥ max, ., 06 'a ") K18 8 E
B O(s,a), W2l EAM O(s,a) ] TD w2 HAsr+ ymax,_ 0@ a)iEiE. T, T —4HH
W (s, a,r, s))» FATATLUR B 2R MK Q W48 45 5% bR Ay i 387 ik 22 B 3K

. 1
o' =argmin 1310, (5.4 ) ; +7 maxQ, (@ )P
) 2]\[%:1 711'&4

Zt, TATH T LA Q-learning ¥ BRI A E L ——FE Q W% (deep Q network,
DQN) Hy%. T DQN 2 BG4 sRms Hi%, PR FRATIE AR B i o] LS — A e - TR 35 3R
BRI IR R SR, RIS B B AR R, 7R R 2RI 2R H - DON Hs A AN EH
HEMBR——2Z2 @AM A ARM %, SR DON BUGRE . HErPEeE.

7.3.1 2O

FE— A B2 2, BRI SREAR R ML [F AT IR, FRATTRR RN Rt 22 I 28 P B fige A
WIZREE T BENLRAE — A 8Os TN BAE R BEATBE I T, B I AN EA T, & — D IIZRE
WA 2 K. FEJE R Q-learning Sk, &— N EulE R S HRERH — RO H. H T HEEF
i Q-learning MR I M 48 255, DQN HiLKH 743 =4 (experience replay) J77%, H
AR Y — A w3k ok K, BRI R R R VY e s GRS ZhiE. 2.
TR GBI RTREE X, YISk Q 19X 4 (1 st i T AN [ T80 2% vt X v B LR T 30 ke
TINGRe X arr LU S LT AMER

(1) AEREASH R MSLRBL. 72 MDP HrAZ HRFEAS B R Ba A S AN 2 Mo s, B9 —
ZIRPIRZSAN_E— I ZIKPIRESA 5o ARAMSL R 70 AT OBl X DI A 22 R A8 AT AR RSN, 2 e
RGBT ZRI R Lo SR Z8 [PRCT AT BREA Z T RAR G, L e S Bt

(2) REFEARR . B DEARTLA Z K, 8 G IR 2% B > .

7.3.2 BirE

DQN SVE A TH Hbr 21k 0, (s,a) @it r+ ymax, O (s'.a’), T TD %% Hix A £ it
R EA RN DE ks VS R o S SRS S LD BT S R T R o N G R B | B P B D R ik 2
ML IR AT N T ERIZX — R, DQNEAEM 1 B 47 M % (target network HJEAR:
BEARAE VI ZRL R D Q ML AT BB = S BUH AR AW A A i3e, AW 564 TD iR 2 H bnh
(¥ Q MRl (. v 1 Seilix — AR, JRATFHZEF HPIE QM.

(D FEREINGEMNZE Q6 a), Hﬂ?ﬁﬁ)ﬁﬂ%ﬁ’ﬂiﬁﬁi&i&%@w(&@ ~(r +ymax 0, (s'a))]’
Hit) O,(8 @) T, I FLAE IR B BN B 07 2ok dh A7 S8

() BARMZ O, (5:0), T H BRI 10, (5, @)— (r+ ymax, 0, (5 )T 10



74 DQNRESEE <75

(r+ymax, O (@)1, Hrh o 2R BFRRS T SH. R PR 45 10 S 5 R R — 5L
WA ERAN SRS E % . O TSR HARERE, HARM I Ao DA B BART
o HARREAE IR 25 1) — & LLBR I S5 D25 2% O, (s, @) fEUIIZR A B RE— 20 # 2 BERT
1M HAr M2 25 ER C DA 2 5IERBFRL —IK, Mo « oo XFEHES H AR
FUNGR 2% B InAe e -

25 LPrid, DQN Hkp) Bk A2 T

A T AL W) 24 B30 nds e M 24 O, (s.a)
ARG EK 0 — o RATHELBIFRLO,
B2 I w0 R
for 53e=1—>E do
KB FEATHER DS S,
for R Ft=1->T do
HELHT M Q (s,a), VA e-figkitidahtka,
WAT M a, , FIFEIR,, FBREE A 5w
¥ (s,.a,.1,,8, ) B @DHER F
ER FPHRIERB, IR PR N A, a.7.8, )}y
SN, A BARR TS =1ty maxQ . (., 4)

B AIRRE L= Y5, -0,(5,0))", AR HHABO,
BB A%

end for

end for

7.4 DQN fAUiBLi%

R, AT IE 2 ADQN SRS SEERIA ST . AR A A3 52 2 CartPole-vO0,
FORB AR, A 4 MR, UMK S MRSk WA . RHE—Z128 Mg
T AT EERIE LA ReLU fE D9 Bom s 8. 438 21 5 & % 11 i LLEVE AR N BRI, AT
PAZE R R HTR LB AR f 45

M DOQN FiETF4s, AT <R o utilsfE, A SL TR BERMRE, Wskd)
B sl P52 TSR BR A, AN [R] P SEAT DL — el X S R . SR T RERS T el utils P,
T MA ) GitHub & T #rl_utils.py 3.

import random

import gym

import numpy as np
import collections
from tqdm -dimport tqdm
import torch



import torch.nn.functional as F
import matplotlib.pyplot as plt
import rl utils

HEE XA RIS, EEAEMALIE . R R

class ReplayBuffer:
[ é%gﬁlilmﬁij’ [
def __dinit__(self, capacity):
self.buffer = collections.deque(maxlen=capacity) # BASI,5GiH5GH

def add(self, state, action, reward, next state, done): # ZEUENN buffer
self.buffer.append((state, action, reward, next state, done))

def sample(self, batch size): # M buffer PRHEHIE,#E/ batch_size
transitions = random.sample(self.buffer, batch_size)
state, action, reward, next state, done = zip(*transitions)
return np.array(state), action, reward, np.array(next_state), done

def size(self): # HAlI buffer PEUENIZE
return len(self.buffer)

RJERE LR — R EEUZE I Q M4 .

class Qnet(torch.nn.Module):
' RE—EREER QM
def init__ (self, state dim, hidden dim, action dim):
super (Qnet, self). init ()
self.fcl = torch.nn.Linear(state dim, hidden_dim)
self.fc2 = torch.nn.Linear (hidden dim, action_dim)

def forward(self, x):
x = F.relu(self.fcl(x)) # [2E(ER RelLU BIERZEL
return self.fc2(x)

A VIREEAAM G, Bk TIFIGCIDON 5k,

class DQN:
"' DQNEIE !
def __init__(self, state dim, hidden_dim, action_dim, learning rate, gamma,
epsilon, target_update, device):
self.action dim = action dim
self.q_net = Qnet(state dim, hidden dim, self.action dim).to(device) # Q /&g
# BRI
self.target g net = Qnet(state dim, hidden_dim, self.action_dim).to(device)
# fEF8 Adam {ftiL28
self.optimizer= torch.optim.Adam(self.q _net.parameters(), lr=learning rate)
self.gamma = gamma # IFHIEF
self.epsilon = epsilon # epsilon-ZRZE5HAR
self.target update = target update # BIFREEFIAE
self.count = 0 # &, ICRFFIRH

self.device = device

def take action(self, state): # epsilon-RIHREEKEENE
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if np.random.random() < self.epsilon:
action = np.random.randint(self.action dim)

else:
state = torch.tensor([state], dtype=torch.float).to(self.device)
action = self.q net(state).argmax().item()

return action

def update(self, transition dict):

states = torch.tensor(transition dict['states'], dtype=torch.float).
to(self.device)

actions = torch.tensor(transition dict['actions']).view(-1, 1).
to(self.device)

rewards = torch.tensor(transition_dict['rewards'], dtype=torch.float).
view(-1, 1).to(self.device)

next states = torch.tensor(transition dict['next states'], dtype=
torch.float).to(self.device)

dones = torch.tensor(transition dict['dones'], dtype=torch.float).
view(-1, 1).to(self.device)

q values = self.q net(states).gather (1, actions) # Q&

# TSR KQE

max_next_qg_values = self.target g net(next_states).max(1)[0].view(-1, 1)
q_targets = rewards + self.gamma * max _next q values x (1 - dones) # TDIRZEBR
dgn_loss = torch.mean(F.mse loss(q values, q targets)) # FIRERKEHEL
self.optimizer.zero grad() # PyTorch FBABESRN , XEFEEXNSHEEN O
dgn_loss.backward() # REEEEFSH

self.optimizer.step()

if self.count % self.target update == 0:
self.target q net.load state dict(self.q net.state dict()) # BEFHEIRMLE
self.count += 1

—UIER s, THRINZGHFERLIR . A5 R IX IR R 02 _utils PEA, 7
18 2 J5 B2 S SR A AR S

1r = 2e-3

num_episodes = 500

hidden dim = 128

gamma = 0.98

epsilon = 0.01

target update = 10

buffer_size = 10000

minimal_size = 500

batch size = 64

device = torch.device("cuda") if torch.cuda.is available() else torch.device("cpu")

env _name = 'CartPole-vO'

env = gym.make(env_name)

random.seed(0)

np.random.seed(0)

env.seed(0)

torch.manual_seed(0)

replay buffer = ReplayBuffer(buffer_size)
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state dim = env.observation space.shape[0]
action dim = env.action space.n
agent = DQN(state_dim, hidden dim, action_dim, lr, gamma, epsilon, target update, device)

return list = []
for i in range(10):
with tgdm(total=int(num episodes/10), desc='Iteration %d' % i) as pbar:
for i_episode 1in range(int(num_episodes/10)):
episode return = 0
state = env.reset()
done = False
while not done:
action = agent.take action(state)
next_state, reward, done, = env.step(action)
replay buffer.add(state, action, reward, next state, done)
state = next state
episode return += reward
# & buffer FIBMHEBL —EERE, 4 #H1T Q WKL
if replay buffer.size() > minimal_size:
b's, ba, br, bns, bd = replay buffer.sample(batch_size)
transition dict = {'states': b s, 'actions': b _a,
'next_states': b ns, 'rewards': b r, 'dones': b d}
agent.update(transition dict)
return_list.append(episode return)
if (i_episode+l) % 10 ==
pbar.set postfix({'episode': '%d' % (num episodes/10 * i +
i_episode+l), 'return': '%.3f' % np.mean(return_ list[-10:])})
pbar.update(1)

Iteration 0: 100%
return=9.300]
Iteration 1: 100%
return=12.300]
Iteration 2: 100%| |||l s¢/50 [00:24<00:00, 2.05it/s, episode=150,
return=123.000]
Iteration 3: 100%
return=153.600]
Iteration 4: 100%
return=180.500]
Iteration 5: 100%
return=185.000]
Iteration 6: 100%
return=193.900]
Iteration 7: 100%
return=196.600]
Iteration 8: 100%
return=193.800]
Iteration 9: 100%
return=200.000]

I so/50 [00:00<00:00, 764.869t/s, episode=50,

B so/50 [00:04<00:00, 10.661t/s, episode=100,

B so/s0 [01:25<00:00, 1.71s/it, episode=200,
B so/50 [01:30<00:00, 1.80s/it, episode=250,

B so/50 [01:24<00:00, 1.68s/it, episode=300,
B so/50 [01:32<00:00, 1.85s/it, episode=350,

B so/50 [01:31<00:00, 1.84s/it, episode=400,

B so/50 [01:33<00:00, 1.88s/it, episode=450,
B so/50 [01:34<00:00, 1.88s/it, episode=500,

episodes_list = list(range(len(return_list)))
plt.plot(episodes list,return_list)
plt.xlabel('Episodes')

plt.ylabel('Returns')

plt.title('DQN on {}'.format(env_name))
plt.show()

mv_return = rl_utils.moving average(return_list, 9)
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plt.plot(episodes_list, mv_return)
plt.xlabel('Episodes')
plt.ylabel('Returns')

plt.title('DQN on {}'.format(env_name))
plt.show()

DOQN on CartPole-v0 DQN on CartPole-v0

Returns

T T T T T ) T T T T T T
0 100 n0 : i 400 D0 o 100 0 00 400 D0

Episodes Episodes
P 1

R LA 2], DQN [F1EBEAE 10017 51 JE IR ERAG B BT TH, fie UL S 21 S ¥ R A2 1] 41 4 200
AL FTLLER], £ DON MIPERERRIIRT G, EafFatmil —ERENEE, XEZELMe
W28 it DL B 28 JRy B 56 KR )5 R arg max 38 BT R K R -

7.5 LIEGERBAR DQN Fix

FEAS A5 1 18 595 Ik B s Ak 2 ST b, JRATEAE AR BB RPIRES RN (91 a0 & 434
P R AR . TR, (EJRAE SR AR, B BRI B BRI U B RS (E S, TR RE
FLESRI R R . BRI —FEBrliExk, AT Zik W R fa 2 LB BRAIE IR
IR . FATATLAAIT 7.4 T DQN 5005, KGRZE I R 25 450 AR IR RHAE, 2%
S LA EHE A R4 22 2T o LB A IDQN SO RS 5 7.4 35 AR AN R 2 Ak 3=
BAET Q MM MEHE AN . DQN P4l 5 225 il it JLT U — &R N, ATk
IR Eh AT F T RIRATSLIL LA GO M K] DQN 5032, (H i AU i Zas AT B i I
6], FATEBAEA SRR IIZREE R

class ConvolutionalQnet(torch.nn.Module):

"COIIABIRERI Qg
def init__(self, action dim, in_channels=4):
super (ConvolutionalQnet, self). _dinit_ ()
self.convl = torch.nn.Conv2d(in_channels, 32, kernel size=8, stride=4)

self.conv2 = torch.nn.Conv2d(32, 64, kernel size=4, stride=2)
self.conv3 = torch.nn.Conv2d (64, 64, kernel size=3, stride=1)

self.fc4 = torch.nn.Linear(7 * 7 x 64, 512)
self.head = torch.nn.Linear (512, action_dim)

def forward(self, x):
X = x [/ 255
x = F.relu(self.convl(x))
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x = F.relu(self.conv2(x))
x = F.relu(self.conv3(x))
x = F.relu(self.fc4(x))
return self.head(x)

7.6 NG

AEPHE T DON Fik, HEZRBBERM ML MERE R RMHR TR 0 RIEH
1 Q-learning I SBAH AT ZHEH . AT IRIENZRm0AR € PEA = R, DON HVESI N T 45018
TBORIY H A D00 246 T RAE R, 49 SRV AE SE B 2 FH I R A8 AR BE AP AR . 762013 4R NIPSYIRFE
W2 F, DeepMind 2 7] WS BIFA &K T DON 3L, EXER 1iX— EiZET EH R
L MR B RN KIS FHEE R (Atari) JExRAOsaA 2 > 5005, I 1R BB AL 2
2% . DQN REIRBESRALE ST I JERY, B4R T iZFEA FR HIEFEA TR R 2] 4,
AAS B A 2 BRI 2 S BRI R R
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DQN Si#E

L 4

DQN SEEmoT TR EESRAEE ST IR, (B A SBIRIE I AR, A B A AR — Lk i f LA
ST DI g 77 . T2, fE DQN ZJa, EARFUAIH 7% 2 oo 5k, ARk
HAPIANAEHR 2 A 5% : Double DQN A1 Dueling DQN, IXPIAMFILHSEIARH A #, R
FAE DQN ALl ERIniE e, "ENTREE — B _EXGE DQN FIZCR . iR L H B E [T E %
FEVEAH A DON Bt ik, mTBLBE 1 Rainbow B )18 5 K& e 51 HISCHR -

8.2 Double DQN

) DQN HIEIEE 2 FH O HM L 5463 Coverestimation). 144t DQN ik 1 TD
w7 bR A

r+ymaxQ (s'a')
H, max, 0 (s".a") HHIM% (38N HEAH, BATEA OB ILS i PR
Q (s',argmax Q_(s'.a'))

W) i i, max B AESEBR AT LB AR AT Ay . BRI BUR A s R m B AR B 1F
a =argmax,0 (s,a"), BHEIEZAENRIMEC, (5,a) . MXFHLFAFE—E QM
SR ATV, AT 0 B 2 o 420 D00 4% 224 T P BT A BV B PP A B R %5 58 3 i
20 00 2% A B 1) O LA 53 7F KRS 45 7 A IE ISR f T A% 22, 76 DQN KIS 77 30 F 28 i 2%
S IEFIRZE B, B, BATER MR ERES THEasERC EiHN o, B
06'a,)= 05, B IERMKEE HARR A +0 =7, {HE g1 T2 4 L4 15 2258 5 2 L
SESEIE A E RO, WIEFE A S e A O .a')> 0 BRI FRATT S 57 H 5 30
TR BT, r+rmaxQ > r+0. B, S53ATH DON [ E B A KRBT EHN, O(s,a) e
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el m bt 7o FIE, FRATEZA OCs, ) fE 9 H 3 Hbrok 58 E— D) OER, Rt &b
Th, IXFERRZEW 280 B X T 2 MK AL S, DQN i Al v i) il 2 R 7 &,
1 DQN TiEA M TAEM G R .

T YLK — A B, Double DQN &% 42 A H W & M 57 I 2k 1) ph 28 ) 2% O il B
max, 0 (5 ,d ), FEARMTERREE KT max, O _(s"a')E Ny O (s',arg max, 0, (s".a")), RIF]
—EMA ML O, 1 oREIME B KB, (BEMEHZIERMER, 5 —EmaEm
4 O KA SZSNVE R o SRBE, B L — 25 3 25 9 4 F) AN B (R A7 48 B A ™ B 10 4
THRE, HTRA—EMEMNSEREE, XDIMERLMA AN O EBASAAER RIS &M
[P

LGN DQN 5k, AR E R EO &M% —ll 2% A H x4 (3
W, 73245, HAARmax O (s, d) it S 7 AL, BBABAE T L E R
KGN 1E N Double DQN ik HI 55 — B W48 AL IUAIE, # H ARG AE N —E
W&k O fH, X {# /£ Double DQN ) £ Z EAH . T DON Hik ¥ I M & S Hid A e ,
B HbRM I ZEE N 0™, X5 AT+ Double DQN I EMAE ML KIS HE S —1), FHIR
fiTer LLE$25 H W R 1 Double DQN AL H 5 :

ey Q. (s argmax Q 64 "))

8.3 Double DQN X3l

4%, DQN 5 Double DQN [ Jil AAE T HUIRZS 8" F 1 O Bl i B 3 1 -
e DON MRALHARATLLE Ny ry O (shargmax, O (s".a"), ZERIEEUKSE H b5 M 4

9,
e Double DQN HIfEfLHEFN 7 @ ('argmax, Q 6 a’ ), zhiie it ise MUK 52 U1 25 9 4%
9,

JITEL Double DQN AU SEELAT LA ELH/E DQN LAl Bt AT, TEAd 21204

AT KI5 25 242 (Inverted Pendulum),

TR R AT LB B9, s T
GHEFM 4N EE KD . R HOIRES 455 5042
P I IE 8% 48 sin€ . x5% i cos 0. M O ZhE N
BISCIETE N 35, S W KS-1 MR 8-2. ®—H
AR M B LR RORE TR TR R AR A [F] 1) 2
Jill, %R 2 R BN —(67 +0.16° +0.001a”) , {557
$ 7] b ORRF B SIS 22 S 0, 18] 3735 AR H A AL B B 8-1 557 IR i
Khih Rt . WEARSRA%ZIRE, 817200 £

RS ASREIE Y
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#*8-1 FINIRIFRARSZ(E

s K& =/ME =AE
0 cos 6 -1.0 1.0
1 sinf -1.0 1.0
2 0 8.0 8.0

#8-2 FIBIMEMENEEIE

=y EE =/ME mAE
0 Akl -2.0 2.0

JIFERANRA-2,2WEH A FRBESHE . 11T DQN R AL BB i F3A 5, PRt &RATEIE B
DQN RACH BN IEIALE, (EEISLAEAAETA] LALLHE5 (38 IEDQN X O fE AL it th: (81324835
T OfEMBRAG TR 0 (BIS7 A8 1] L AREF B2 RREEUR R RO (1), O (E IR T 0 s sl
VMIIIL TR . 9 TRESRI A DON, A PR EHULIEIETT. Filin, T RiERE
LRI A B O 11 A afE. ZfEL01.2, -9, 10by jifRR sE [ 2, 1.6, 4.2, -4 1.2,1.6,2],

import random

import gym

import numpy as np

import torch

import torch.nn.functional as F
import matplotlib.pyplot as plt
import rl utils

from tqdm import tqgdm

class Qnet(torch.nn.Module):
Ve RE-EREBZER Qg
def init__ (self, state dim, hidden dim, action dim):
super (Qnet, self). dinit_ ()
self.fcl = torch.nn.Linear(state dim, hidden_dim)
self.fc2 = torch.nn.Linear (hidden_dim, action_dim)

def forward(self, x):

x = F.relu(self.fcl(x))
return self.fc2(x)

FENRIATLE DON AU SR 1 A 5% 12 2 LL S 3 Double DQN,

class DQN:
"1 DQN &%, £4E Double DQN '
def __init__(self, state dim, hidden dim, action dim, learning rate, gamma,
epsilon, target update, device, dgn type='VanillaDQN'):

self.action_dim = action_dim
self.q net = Qnet(state dim, hidden_dim, self.action_dim).to(device)
self.target g net = Qnet(state dim, hidden_dim, self.action dim).to(device)
self.optimizer= torch.optim.Adam(self.q_net.parameters(), lr=learning rate)
self.gamma = gamma
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self.epsilon = epsilon
self.target update = target update
self.count = 0

self.dgn_type = dgn_type
self.device = device

def take_action(self, state):
if np.random.random() < self.epsilon:
action = np.random.randint(self.action dim)
else:
state = torch.tensor([state], dtype=torch.float).to(self.device)
action = self.q net(state).argmax().item()
return action

def max _q value(self, state):
state = torch.tensor([state], dtype=torch.float).to(self.device)
return self.q net(state).max().item()

def update(self, transition_ dict):

states = torch.tensor(transition_dict['states'], dtype=torch.float).
to(self.device)

actions = torch.tensor(transition dict['actions']).view(-1, 1).
to(self.device)

rewards = torch.tensor(transition_dict['rewards'], dtype=torch.float).
view(-1, 1).to(self.device)

next_states = torch.tensor(transition_dict['next states'], dtype=
torch.float).to(self.device)

dones = torch.tensor(transition dict['dones'], dtype=torch.float).
view(-1, 1).to(self.device)

g_values = self.q net(states).gather(l, actions)
if self.dgn_type == 'DoubleDQN': # DQN 5 Double DQN HYX 3!

max_action = self.q net(next_ states).max(1l)[1].view(-1, 1)

max_next_q values = self.target g net(next states).gather(l, max_action)
else: # DQNHIER

max_next_q values = self.target g net(next_states).max(1l)[0].view(-1, 1)
g _targets = rewards + self.gamma * max_next g values x (1 - dones)
dgn_loss = torch.mean(F.mse_loss(q_values, q_targets))
self.optimizer.zero_grad()
dgn_loss.backward()
self.optimizer.step()

if self.count % self.target update == 0:
self.target g net.load _state dict(self.q net.state dict())
self.count += 1

PN RIA TR B A SN S5, JF SR BIST AR IR P R S B /R e A 9 B sV 1 pR KL

r = le-2
num_episodes = 200
hidden dim = 128
gamma = 0.98



8.3 Double DQNAX AL 5% 85 »

epsilon = 0.01

target update = 50

buffer size = 5000

minimal size = 1000

batch size = 64

device = torch.device("cuda") if torch.cuda.is available() else torch.device("cpu")

env_name = 'Pendulum-vO'
env = gym.make(env_name)
state dim = env.observation_space.shape[0]
action dim = 11 # BEEMED 11 NEMSE

def dis_to_con(discrete_action, env, action_dim): # BEEE{EFEEIELEAIRZEL
action_lowbound = env.action space.low[0] # ELEFN{ERIR/IME
action upbound = env.action space.high[0] # ZE&EERIRAE
return action_lowbound + (discrete action / (action_dim - 1)) % (action_
upbound - action_lowbound)

$2F R EXT L DQN A Double DQN HIYIZRIEOL, N TET IS 2 A, FATE—24
DQN SN God #E e R — N R 3 IR FE 2l T RASIRES RO 8, RIS TE)E
FATTET DL &5 T A4k, WX e OfF A7 AE (13 i A T 1B O, BAERSS B DQN A Double DQN
NG

def train_DQN(agent, env, num_episodes, replay buffer, minimal_size, batch size):
return_list = []
max_qg_value_list = []
max_q_value = 0
for i in range(10):
with tgdm(total=int(num episodes/10), desc='Iteration %d' % i) as pbar:
for i_episode in range(int(num_episodes/10)):
episode return = 0
state = env.reset()
done = False
while not done:
action = agent.take_ action(state)
max_q_value = agent.max_qg value(state) * 0.005 +
max_q_value * 0.995 # FiB4biE
max_q_value_list.append(max_q value) # REFEESMATSHRAXQE
action_continuous = dis_to_con(action, env, agent.action_dim)
next_state, reward, done, _ = env.step([action_continuous])
replay buffer.add(state, action, reward, next state, done)
state = next state
episode_return += reward
if replay_buffer.size() > minimal_size:
b s, ba, br, bns, bd = replay buffer.sample(batch_size)
transition_ dict = {'states': b_s, 'actions': b_a,
'next_states': b ns, 'rewards': b_r, 'dones': b_d}
agent.update(transition_dict)
return_list.append(episode return)
if (i_episode+l) % 10 == 0:
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pbar.set postfix({'episode': '%d' % (num episodes/10 * i +
i_episode+l), 'return': '%.3f' % np.mean(return
list[-10:1)1})

pbar.update(1)
return return_list, max g value list

—PIEhgE ! BATE S VIZRDQON FAT B H7 > R o e K O (B N1 B«

random.seed(0)

np.random.seed(0)

env.seed(0)

torch.manual_seed(0)

replay buffer = rl utils.ReplayBuffer(buffer size)

agent = DQN(state dim, hidden dim, action dim, lr, gamma, epsilon, target update, device)
return_list, max_q value list = train_DQN(agent, env, num_episodes, replay buffer,
minimal_size, batch_size)

episodes_list = list(range(len(return_list)))
mv_return = rl_utils.moving average(return_list, 5)
plt.plot(episodes list, mv_return)
plt.xlabel('Episodes')

plt.ylabel('Returns')

plt.title('DQN on {}'.format(env_name))

plt.show()

frames list = list(range(len(max g value list)))
plt.plot(frames 1list, max q value list)
plt.axhline(®, c='orange', ls='--'
plt.axhline(10, c='red', ls='--")
plt.xlabel('Frames"')

plt.ylabel('Q value')

plt.title('DQN on {}'.format(env_name))
plt.show()

Iteration 0: 100%| ||| | 20/20 [e0:07<00:00, 2.199t/s, episode=20,
return=-1063.629]
Iteration 1: 100%
return=-869.863]
Iteration 2: 100%
return=-246.865]
Iteration 3: 100%
return=-226.042]
Iteration 4: 100%
return=-210.614]
Iteration 5: 100%
return=-251.662]
Iteration 6: 100%
return=-239.768]
Iteration 7: 100%
return=-174.586]
Iteration 8: 100%
return=-263.318]
Iteration 9: 100%
return=-219.349]

B 20/20 [00:09<00:00, 2.15it/s, episode=40,

B 20/20 [00:09<00:00, 2.16it/s, episode=60,

I 20/20 [00:09<00:00, 2.15it/s, episode=80,

I 20/20 [00:09<00:00, 2.17it/s, episode=100,

B 20/20 [00:09<00:00, 2.16it/s, episode=120,

B 20/20 [00:09<00:00, 2.15it/s, episode=140,

B 20/20 [00:09<00:00, 2.19it/s, episode=160,

B 20/20 [00:09<00:00, 2.14it/s, episode=180,

B 20/20 [00:09<00:00, 2.12it/s, episode=200,
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DON on Pendulum-v0 DON on Pendulum-v0
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W5 AR IZAT 45 RIATA LU I, DQN SEAE (B SR8 b e BUS ANER B a4, a5 3
G EHRAE 200 A7, ERAD O EBIE 70, A i 710, ZIRMZEDON Skt 1
O il mfliit. FATIERE — FDouble DQN J& 75 B X I 1] U AT 3%

random.seed(0)

np.random.seed(0)

env.seed(0)

torch.manual_seed(0)

replay buffer = rl utils.ReplayBuffer (buffer size)

agent = DQN(state dim, hidden dim, action dim, 1lr, gamma, epsilon, target update,
device, 'DoubleDQN')

return_list, max_q value_list = train_DQN(agent, env, num_episodes, replay buffer,

minimal_size, batch_size)

episodes_list = list(range(len(return_list)))
mv_return = rl_utils.moving average(return_list, 5)
plt.plot(episodes_list, mv_return)
plt.xlabel('Episodes')

plt.ylabel('Returns')

plt.title('Double DQN on {}'.format(env_name))
plt.show()

frames_list = list(range(len(max_qg _value_list)))
plt.plot(frames_list, max g value list)
plt.axhline(®, c='orange', ls='--")
plt.axhline(10, c='red', ls='--")
plt.xlabel('Frames"')

plt.ylabel('Q value')

plt.title('Double DQN on {}'.format(env_name))
plt.show()

Iteration 0: 100%| || Il 20/20 [00:07<00:00, 2.05it/s, episode=20,
return=-1167.778]
tteration 1: 100% [ Il 2¢/20 [eo:e9<00:00, 2.03it/s, episode=40,
return=-649.008]
Iteration 2: 100%| || Il 20/20 [00:09<00:00, 2.05it/s, episode=60,
return=-297.516]
Iteration 3: 100%| ||| | 20/20 [00:09<00:00, 2.029t/s, episode=go,
return=-262.276]
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Iteration 4: 100%| || Il 20/20 [00:09<00:00, 2.03it/s, episode=100,
return=-277.412]
tteration 5: 100%| ||l 20/20 [00:e09<00:00, 2.03it/s, episode=120,
return=-289.226]
Iteration 6: 100%| || Il 20/20 [00:09<00:00, 2.02it/s, episode=14o0,
return=-307.092]
Iteration 7: 100%| || Il 20/20 [00:09<00:00, 2.02it/s, episode=160,
return=-236.051]
Iteration 8: 100%| ||l 20/20 [00:09<00:00, 2.02it/s, episode=180,
return=-260.574]
Iteration 9: 100%| ||| | 20/20 (e0:09<00:00, 2.04it/s, episode=200,
return=-285.691]

Double DQN on Pendulum-v0 Double DQN on Pendulum-v0
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8.4 Dueling DOQN

Dueling DQNZ DON )55 —fhldt ik, BEfetes DON pdkat B R AT 7 i/ issh, H
BERIRIZTT DN IRIL. fE3RIL-ESTH, BA TSI E R RO WIS IME R By 5 R E X
NI EE A, B Asa=Asa)-V(s). F£RADIRET, PFrasitErtsiEzmm , B
AEERENMEE R B XSRS RPRESHME . 0, fEDueling DONHY, Q MIZEHEARA -

Qup(s,a)=V ()t 4,(5.a)

Hep, V() WIRESHHER AL 10 4, ,(s,a) WOIZARES T REAFRIZIE 3 R 2, KoK EL
AFREMERZRE: TS OHME R BRI A RBOLZ ML SH, —RAERH %S, H
REIBBAFILIATILZ s e MB 73 BRI E R B IL S R B S . AR T, 3K
MIARTAL R 2% B O, T2 G2 N 4 B 5 LRI AN 733, 4 il IR S
EHREFIR B %, FRAIR2I0 . Dueling DQN )M £% 2514 1% 8-2 7R .

ReIRZS B R BN 55 b0 K0 I R I I AR FE T BESEIABE T e R R R IRES M E
M FAROAFZIEFEIZS, P =35 70 T A RENS 6 5 e S 4 AR 2 5 Bl VR SR IB AR
NHPRES . FEIR] 8-3 P2 B AR iR, B R R TR AR AL R O . (G R
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%+ Dueling DQN Fi AT Q4 (8:0)= V1, )+ 4, (s.a), GA7AE T V HAA HEHA
ME—PERG IR G, 0T RRER QE, AV N AR RN RC, TR AR
% C, MARRMO EKAAE, Xt T T INGMATREM. 7T ##RIX— i 3, Dueling DQN
98 1) e B A AR D8 55 B K P S B 1 D9 0, B

Qo fs8:a) =V, (8)+ 4 4(s.a)—max 4,6 a")

BEIS V(s) =max, O(s,a) , W LAOR VBRI ME— L. e R, JATLERT L
BARAE AR, B

0, f5:@)=V, () 4 ,s.a) ﬁsz(sw

a

BERFV (8)= ﬁZdQ(s’“')o FERE ORI SE e, BATRERIBGH A7 30, BARE AP

R VUR SRR TTRE, ABSEBR BT SEINAEE -

AR FE I RES M “ N4 Dueling DQN =l DQN 45?7 #i43 JR I /£ T Dueling DQN
B R SRS M E R B — R, R AR, X B AR (1 O
fH. MifES5H DQN R A NEMO |, HAbzhER O st A5 #Hi. Kk, Dueling DQN
RERS SEIAIE . HERA L2 SRS E R 5L

8.5 Dueling DOQN {3

Dueling DQN5 DQN ()7 5 RAE M 28 250 b, ISR ARAA T LAk 829 FH o FRATT e SCIR
AOME R ER 3 bR B B S 4 I 28 VAnets
class VAnet(torch.nn.Module):
Y RE—EREER A RERV Rgg
def __init__(self, state dim, hidden_dim, action_dim):
super (VAnet, self). _init ()
self.fcl = torch.nn.Linear(state dim, hidden dim) # HEZEMEID

self.fc A = torch.nn.Linear (hidden dim, action dim)
self.fc V = torch.nn.Linear (hidden_dim, 1)

def forward(self, x):

A = self.fc A(F.relu(self.fcl(x)))
V = self.fc V(F.relu(self.fcl(x)))
Q =V + A - A.mean(1).view(-1, 1) # Q&M V& A EiI+EEZ
return Q
class DQN:

''' DQN &%, 84% Double DQN ] Dueling DQN ''!
def __init__(self, state_dim, hidden_dim, action_dim, learning rate, gamma,
epsilon, target update, device, dqn_type='VanillaDQN'):
self.action dim = action dim
if dgn_type == 'DuelingDQN': # Dueling DQN SREXA—HERYRILEIESS
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def

def

def

self.q net = VAnet(state dim, hidden dim, self.action dim).to(device)
self.target g net = VAnet(state dim, hidden_dim, self.action_dim).
to(device)
else:
self.q net = Qnet(state dim, hidden dim, self.action dim).to(device)
self.target g net = Qnet(state_dim, hidden_dim, self.action_dim).
to(device)
self.optimizer= torch.optim.Adam(self.q_net.parameters(), lr=learning rate)
self.gamma = gamma
self.epsilon = epsilon
self.target update = target update
self.count = 0
self.dgn type = dqn_type
self.device = device

take_action(self, state):

if np.random.random() < self.epsilon:
action = np.random.randint(self.action dim)

else:
state = torch.tensor([state], dtype=torch.float).to(self.device)
action = self.q net(state).argmax().item()

return action

max_qg _value(self, state):
state = torch.tensor([state], dtype=torch.float).to(self.device)
return self.q net(state).max().item()

update(self, transition_ dict):

states = torch.tensor(transition_dict['states'], dtype=torch.float).
to(self.device)

actions = torch.tensor(transition dict['actions']).view(-1, 1).
to(self.device)

rewards = torch.tensor(transition dict['rewards'], dtype=torch.float).
view(-1, 1).to(self.device)

next_states = torch.tensor(transition dict['next states'], dtype=torch.
float).to(self.device)

dones = torch.tensor(transition dict['dones'], dtype=torch.float).
view(-1, 1).to(self.device)

g_values = self.q net(states).gather(l, actions)
if self.dgn_type == 'DoubleDQN':
max_action = self.q net(next states).max(l)[1].view(-1, 1)
max_next g values = self.target q net(next states).gather(1l, max_action)
else:
max_next_g_values = self.target_g net(next_states).max(1)[0].view(-1, 1)
g_targets = rewards + self.gamma * max_next_q values * (1 - dones)
dgn_loss = torch.mean(F.mse_loss(q values, g _targets))
self.optimizer.zero grad()
dgn_loss.backward()
self.optimizer.step()

if self.count % self.target update == 0:
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self.target_g net.load_state dict(self.qg_net.state dict())
self.count += 1

random.seed(0)

np.random.seed(0)

env.seed(0)

torch.manual_seed(0)

replay_buffer = rl utils.ReplayBuffer(buffer_size)

agent = DQN(state_dim, hidden_dim, action_dim, 1lr, gamma, epsilon, target_update,
device, 'DuelingDQN')

return_list, max_q value list = train_DQN(agent, env, num episodes, replay_buffer,
minimal size, batch_size)

episodes list = list(range(len(return list)))
mv_return = rl_utils.moving_ average(return_list, 5)
plt.plot(episodes_list, mv_return)
plt.xlabel('Episodes')

plt.ylabel('Returns')

plt.title('Dueling DQN on {}'.format(env_name))
plt.show()

frames_list = list(range(len(max_qg_value_list)))
plt.plot(frames_list, max_q value list)
plt.axhline(®, c='orange', ls='--")
plt.axhline(10, c='red', ls='--")
plt.xlabel('Frames"')

plt.ylabel('Q value')

plt.title('Dueling DQN on {}'.format(env_name))
plt.show()

Iteration 0: 100%
return=-566.544]
Iteration 1: 100%
return=-305.875]
Iteration 2: 100%
return=-260.326]
Iteration 3: 100%
return=-171.342]
Iteration 4: 100%
return=-246.607]
Iteration 5: 100%
return=-340.761]
Iteration 6: 100%
return=-234.315]
Iteration 7: 100%
return=-160.320]
Iteration 8: 100%
return=-254.963]
Iteration 9: 100%
return=-192.522]

I 20/20 [00:10<00:00, 1.467t/s, episode=20,

I 20/20 [00:13<00:00, 1.461t/s, episode=40,

I 20/20 [00:13<00:00, 1.44it/s, episode=60,

B 20/20 [00:13<00:00, 1.44it/s, episode=80,

B 20/20 [00:13<00:00, 1.45it/s, episode=100,

B 20/20 [00:13<00:00, 1.44it/s, episode=120,

I 20/20 [00:13<00:00, 1.43it/s, episode=140,

B 20/20 [00:14<00:00, 1.43it/s, episode=160,

B 20/20 [00:13<00:00, 1.43it/s, episode=180,

B 20/20 [00:13<00:00, 1.44it/s, episode=200,
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8.7 VERE: 3 QEISHEITHNEEDT

FATATLARS O 03 B o AL AT o TR S F B S/ 0122 4 4
KR, WO (sa) =V (s) GLRERNT ERAMNHFMNTITY, b5 AR R 1E R0 E R
LR R): ORGSR O, (5.0)~ ¥ RM L1 B35 S 40 s ks
eI m . W4, HTEERES , A

E[maxQ (s,a)- maxQ’ (s,a')]= m-
a ¢ e’ m -+

RURAS 2 (AR, O {Hidm, Al e,

JEEH :

PR ZEIL N ¢ = O (5,a)— max, OGa'), WIS TAE I E IS 1,
WA
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©

P(maxga < x)
a

P(¢, < x) £ ¢, R AR5 A F4 (cumulative distribution function, CDF ) ,'& ] LLE A& 5 A
0 ifx <-1
1
Re, <3 = % if xe(-1,1)

1 ifx =1

B, FATIEIT max ¢ 19 2R

m
P(max €, = x): HHfa <3
a al

0 if x <-1
1+xY
=<| ——| ifxe(-11
(2] itrecn
1 ifx=1
R G AT LA 3]
E[mgx €] =J‘711x (%P(m;ax €, x)dx

BRI — BT AL T SEbRaAsE, (EE AR IERZIE T O H i sl vh i — e, o {E
Ryt At BB 2 (B m RO INTOSE I, #0552, S RIEHECE 2 T, O (Ed
r it S
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RANEREE AT DURI RSB #ems . f5 2 g, B B EEE N hRE7, . Bt AR AR
FESEFNAELL AN (on-policy) Hik, RIAZUE I 21T 50K 7 , RS BN B RAH AR E. B
RLER AR S AR XA A, AT DURBERE— R, OB TR LSRN T 2 R 2 oK
e Q MEIEHE, SE /MR SR BARC W EE, Wil 9-1 Fis.
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9.3 REINFORCE
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end for

T
x0T R AT, 0=0+a) vV logr, @,ls,)
t

X g & REINFORCE LM AR 1o 82 N oRAEFRATHARIE RSB E, B KR anfarng !

9.4 REINFORCE {{f8sLi

FATLE ZEAT 355 3547 REINFORCE 5923 1 5256

import
import
import
import
import
from tq

import

gym

torch
torch.nn.functional as F
numpy as np
matplotlib.pyplot as plt
dm import tqgdm

riLutils

B SURBE M4 PolicyNet HEINREARE, i W2 Z0RE T RshEM 2045,
X R FE B a2 (8] L softmax () BRI — Nl 23 1 % A4 A (multinomial

distribution)

class PolicyNet(torch.nn.Module):

def

def

__init__(self, state dim, hidden_dim, action_dim):
super (PolicyNet, self). _dinit ()

self.fcl = torch.nn.Linear (state dim, hidden dim)
self.fc2 = torch.nn.Linear (hidden dim, action dim)

forward(self, x):

x = F.relu(self.fcl(x))
return F.softmax(self.fc2(x),dim=1)

i€ X REINFORCE #¥:, 1F take action () ¥, A1 B0 1EME 2R 4 A % 5 B

1 2 1F it 47
JO)=-Yy,

KA. ERB IR, BT S 20R 51k B 80U O FE [ R K, B
Vdogry(a, |s,) » X6 KT Jqmt il LU B T F i ST SR

class REINFORCE:

def

def

init__(self, state dim, hidden dim, action dim, learning rate, gamma,
device):
self.policy net = PolicyNet(state dim, hidden dim, action dim).to(device)
self.optimizer= torch.optim.Adam(self.policy net.parameters(),
lr=learning rate) # f&MH Adam{fi{L38
self.gamma = gamma # IFHIRF

self.device = device

take action(self, state): # RIEMERIERDHHBYIREF



state = torch.tensor([state], dtype=torch.float).to(self.device)
probs = self.policy net(state)

action_dist = torch.distributions.Categorical(probs)

action = action_dist.sample()

return action.item()

def update(self, transition dict):
reward list = transition dict['rewards']
state list = transition_dict['states']
action list = transition dict['actions']

G =20
self.optimizer.zero_grad()
for i in reversed(range(len(reward list))): # MNEE—SEi
reward = reward_list[1i]
state = torch.tensor([state list[i]], dtype=torch.float).to(self.device)
action = torch.tensor([action list[i]]).view(-1, 1).to(self.device)
log prob = torch.log(self.policy net(state).gather(1l, action))
G = self.gamma * G + reward
loss = - log prob * G # B—HHNRKEE
loss.backward() # REEEITESE
self.optimizer.step() # BETNE

TE UF SRS, AT AT AIFARSESe T, & REINFORCE HETE AT R5E L3RI faf et !
learning rate = le-3

num_episodes = 1000

hidden dim = 128

gamma = 0.98

device = torch.device("cuda") if torch.cuda.is available() else torch.device("cpu")

env _name = "CartPole-vO"

env = gym.make(env_name)

env.seed(0)

torch.manual _seed(0)

state dim = env.observation space.shape[0]

action dim = env.action space.n

agent = REINFORCE(state_dim, hidden_dim, action_dim, learning_rate, gamma, device)

return_list = []
for i in range(10):
with tgdm(total=int(num episodes/10), desc='Iteration %d' % i) as pbar:
for i_episode 1in range(int(num_episodes/10)):
episode return = 0
transition dict = {'states': [], 'actions': [], 'next states': [],
'rewards': [], 'dones': []}
state = env.reset()
done = False
while not done:
action = agent.take_action(state)
next state, reward, done, = = env.step(action)
transition dict['states'].append(state)
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transition dict['actions'].append(action)

transition dict['next states'].append(next state)

transition_ dict['rewards'].append(reward)

transition_dict['dones'].append(done)

state = next _state

episode_return += reward
return_list.append(episode return)
agent.update(transition_dict)

if (i_episode+l) % 10 == 0:
pbar.set postfix({'episode': '%d' % (num episodes/10 * i +
i_episode+l), 'return': '%.3f' % np.mean(return_list[-10:])})

pbar.update(1)

Iteration 0: 100%| ||| | 100/100 [e0:04<00:00, 23.88it/s, episode=100,
return=55.500]
Iteration 1: 100%
return=75.300]
Iteration 2: 100%
return=178.800]
Iteration 3: 100%
return=164.600]
Iteration 4: 100%
return=156.500]
Iteration 5: 100%
return=187.400]
Iteration 6: 100%
return=194.500]
Iteration 7: 100%
return=200.000]
Iteration 8: 100%
return=200.000]
Iteration 9: 100%
return=186.100]

TE CartPole-v0 S35, W B2 2004 . FATR I REINFORCE HiESURIRG:, Al LLILE
200 43. ¥R RBEANVLHN G R b —ZHE IR . BT RRB s, S
HEAT VI A

episodes_list = list(range(len(return_list)))

I 100/100 [00:08<00:00, 10.45it/s, episode=200,

I 100/100 [00:16<00:00, 4.75it/s, episode=300,

B 100/100 [00:20<00:00, 4.90it/s, episode=400,

B 100/100 [00:21<00:00, 4.58it/s, episode=500,

I 100/100 [00:21<00:00, 4.73it/s, episode=600,

B 100/100 [00:22<00:00, 4.40it/s, episode=700,

B 00/100 [00:23<00:00, 4.24it/s, episode=800,

I 100/100 [00:23<00:00, 4.33it/s, episode=900,

B 100/100 [00:22<00:00, 4.14it/s, episode=1000,

plt.plot(episodes list,return_list)
plt.xlabel('Episodes')

plt.ylabel('Returns')

plt.title('REINFORCE on {}'.format(env_name))
plt.show()

mv_return = rl_utils.moving average(return_list, 9)
plt.plot(episodes list, mv_return)
plt.xlabel('Episodes')

plt.ylabel('Returns')

plt.title('REINFORCE on {}'.format(env_name))
plt.show()
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S B P E R Ak S o) P B S . AT RATRIE BV, J(0) o D VT(8)D 07 (s,a)
aeA

ses
Vordals) o
S ICIRZSANME BRI HE T 46
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v, Ve (S)=V9(§ﬂ9(a |s)O" (s .a))
:;(a;ﬂr[as)Q@ (5.a)+7 fa|s)V O7 s .a))
=;4(Vﬂ9(a\S)Q”" (5.a)+7 ofa \S)VH;P(S'J s a)e+yV" 6'))
:‘;{(Vgrﬂ\s)Q’@(s,a) +yr [,(a|S)SZ;}’(S§F|Saa)VJm(S))
:;(Vﬂiﬂ $)Q " (s,a) + ymy(a| S)Z:P(S 1s,@)V,V*(s))

N T kIR, BANEAS) =D V(@] $)0" (s,a), 5EXd™ (s > x,k) RHIET PR
SHR kB R BEIRAS X (A . FRA14kSE S
VF(s) = ¢(s>+72 7 a |s)2 P(s' |5,a)V )7 (')
= K(s)+ yZZ 7 (a| HP(s | 5,a)V,V 7 (s)
= K(s)+ yZd”@(se SV, V7 (s)
= @(s)+ yid (s> DS )+ 724 (s > SV (s")]
= Ks)+ yid“(sa s 1)@(s)+ 72s20d”9(sa STV, V7 (s
= Hs)+ éd”ﬂ(w $Dg(s)+ 72‘26,,,0 (s> &, 209+ 72 d™ (s> 3N ()

= S A (s - x b))

xeS k=0
EXn(S) =B [D y'd™(s,—> skl Zb, BF HREL:

VyJ (@) =V, E [V 50)]

=YE, {Z‘j/kd”"(s) - s,k)}¢(s)
s k=0
= Zn(s)¢(s)

(Z"( )jZ §( o
n(s)
z Z—¢( s)

= ZV » (S)ZQ P (s,a)V ,(als)
s aeA

2

o~

TIE B
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}



[1] SUTTONR S, MCALLESTER D A, SINGH S P, et al. Policy gradient methods for reinforcement
learning with function approximation [C] // Advances in neural information processing systems,
2000: 1057-1063.
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10.1 &7

AP Z B ER TR T ER B 1L (DQN) FIFE T 5Ems (1) 7 vk
vt . " R S E TR

(REINFORCE), #T{HEEH AERFI— M EE L, T 5Rus i
'[m]
r

PRS- AMREEERA. WA, —AMRARIIER, FRE gy [0
I B R R, X5 ) SRS BR e 7 2 &R 5 A2 Actor-Critic » Actor-Critic & ZE+5 E&
— RIS IR, E AR S B AT SO AR T Actor-Critic§iik,  h32
5 F A £ A 4 B R LB Actor-Critic $7. T E VIO AL,
Actor-Critic SEHE AR L6 T Hems M FLTE, BHMIK— R AIELEEHY H RS
fo— A BTN, PR SANE ST E R B, AT Y A0S B B M2 5]

10.2 Actor—Critic

[Fli—F, YEREINFORCE ik, H bR EHBEIE H A — SSUE R, T 159 5080
H¥i. REINFOCE iS85 R iB Ik iliihO(s,a) » REARES EILA — AN B HORTE 3 5Emg
HEAT S S8 ? 3 IF S Actor-Critic SEVERTHIT. 1SRN BERE R, AT LAEUH: B 5 A R X AN 50—
FREf I 3R

g=E[d v V,logr, a,|s,)]
Hp, oy AT PR ARE AR

(D 3 7y s B R AR

(2> X7 I @ 2 R IE R

(3) Dyt —b(s,) e HEMELRARAS I Bk

(4) O(s,a): SIMEMEREL
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(5) A"(s,.a,) : HHERE;

(6) r,+yV 7 (s5,,)-V7(s,): WIFENERE.

9.5 172 %] REINFORCE 3@ ik 52 47 R 16 KA J7 V2500 SR M A6 55 ) ik v 72 o i ), AH2 7 22 R
Ko BATTLLAHER (3) 5IANKAZ 23 (baseline function) b (s, ) Kik/NF7 % . AL, FATH
A LR A Actor-Critic SiEMGTF— N SEM RO, B FEF RIS RS 21 FH, X (82
A (Do XAEE, TATAT DIEIRSIME R B 1E 9L, W% O 22X AR 2 v A3 2
oA, RMEHF% (advantage function, XEZEX (5. BHiE—E, TATTURHO=r+V
REE (6),

AEfERERNHEA ©, BN FESERE w, =r +yV7(s,) V7 (s) RIEFHRIEHE
AT ). FS b, FHOQEBGE v EAR FAE ki T e 5, (H2 & W4 AT
HITTERT IR TG 22 fe e et Britz 4, REINFORCE Bkt T 52K KAE, HERTE
FF AN R R AT SR, X R ERAT S B A BRI E 2, 1T Actor-Critic S9N AT DAERE— 5
ZJEHERAT R, FF H AL S ()20 F PR 1

FATHE Actor-Critic/ NP7 Actor (RBEMIZE) F1 Critic (ME ML), @ 10-1 Fios.

o Actor ZA IR SIEALE, JRAE Critic M B &EHIET T HI SIS BH L 2 — NP
T o

o Critic Z M )2IEIT Actor HIEIAZ HYCE I HH > — DT EEREL XM ER s
T AW RS AT A SR LTI, AT A EAR LT 1, BEIMH B Actor #EAT SR
EHr.

Critic

10-1  Actor F1 Critic [ 2% &

Actor ¥ 5 R I SR 6 J5E (14 B0, FIR Critic i fof BEBWE ? FATTHE Critic HHEMEERRNY,
SR O . T, FATATLURIUN 7 220 22195 20 0530, X AN Bt s LU 1 e e 2 45
PN 8
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U = 47V, (5,0) =V

5 DON th—#¢, ATRBEELLASRMLE R TTE, K LB r+yV (s, ) M F 22 B
bR, AR R RN E R E BRI, O E s BB R

V, UoO)y==(r+yV (s, )=V, )V Vs,

® o

SR 5 A8 PR B R B4 32K B BT Critic /7 [B I 25 2 B

Actor-Critic L) BARRAZIN T

155 A R0k W) 24 5550 Fa A W 45 F 3k @

for 5%e=1—>E do:
A %] Rk 7, RARGE (S . 4.7, 8,45, )
HF—FREFL =1 +yV, (5,,)-V,(5)
BAMLA W= W @, 0V Y, (5)

B o gk 0= 0+, 20V Jog 7, al o)
t
end for

PA_E g2 Actor-Critic SVEHRAE, £ N RIEFRATHACRLD R e, HHBCRUfTE !

10.3 Actor—Critic {X#3sCi

FAVYIRAE ZEATFR 45 11T Actor-Critic 52315256 .

import gym

import torch

import torch.nn.functional as F
import numpy as np

import matplotlib.pyplot as plt
import rl utils

B e UG M 2% PolicyNet (5 REINFORCE #E—FE).

class PolicyNet(torch.nn.Module):
def __dinit__(self, state dim, hidden dim, action dim):
super (PolicyNet, self). _dinit ()
self.fcl = torch.nn.Linear(state _dim, hidden dim)
self.fc2 = torch.nn.Linear (hidden_dim, action_dim)

def forward(self, x):
x = F.relu(self.fcl(x))
return F.softmax(self.fc2(x),dim=1)
Actor-Critic FIEBIMIIN T — /M EM LS, T RIS E XMEM 2% valueNet , HHi
NBFEARES, ot W2 RE A -
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class ValueNet(torch.nn.Module):
def __dinit__(self, state dim, hidden dim):
super (ValueNet, self). _+dnit _()
self.fcl = torch.nn.Linear(state dim, hidden dim)
self.fc2 = torch.nn.Linear (hidden_dim, 1)

def forward(self, x):
x = F.relu(self.fcl(x))
return self.fc2(x)

BUAEE X ActorCritic ik, FEBAERKMIME (take action()) FIEEH ML
Cupdate()) PANEEL.
class ActorCritic:
def __init__(self, state dim, hidden dim, action_dim, actor_lr, critic_lr,
gamma, device):
# REEKIL
self.actor = PolicyNet(state dim, hidden_dim, action_dim).to(device)
self.critic = ValueNet(state dim, hidden dim).to(device) # NMEMNL
# REERILELILES
self.actor optimizer = torch.optim.Adam(self.actor.parameters(), lr=actor 1r)
self.critic_optimizer = torch.optim.Adam(self.critic.parameters(),
lr=critic_1lr) # INMEMNEMILES
self.gamma = gamma
self.device = device

def take action(self, state):
state = torch.tensor([state], dtype=torch.float).to(self.device)
probs = self.actor(state)
action_dist = torch.distributions.Categorical(probs)
action = action dist.sample()
return action.item()

def update(self, transition dict):

states = torch.tensor(transition dict['states'], dtype=torch.float).
to(self.device)

actions = torch.tensor(transition dict['actions']).view(-1, 1).
to(self.device)

rewards = torch.tensor(transition dict['rewards'], dtype=torch.float).
view(-1, 1).to(self.device)

next_states = torch.tensor(transition_dict['next_states'], dtype=
torch.float).to(self.device)

dones = torch.tensor(transition_dict['dones'], dtype=torch.float).
view(-1, 1).to(self.device)

# BFRED BN

td target = rewards + self.gamma * self.critic(next states) * (1 - dones)
td delta = td target - self.critic(states) # BIFEDIZE

log probs = torch.log(self.actor(states).gather (1, actions))

actor_loss = torch.mean(-log probs * td_delta.detach())

# IPIRERKERE

critic_loss = torch.mean(F.mse loss(self.critic(states), td target.detach()))
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self.actor_optimizer.zero_grad()

self.critic optimizer.zero grad()

actor loss.backward() # itEFIRMEIVEE
critic_loss.backward() # ITENERBIIEE
self.actor_optimizer.step() # FFRIEMEHISE
self.critic_optimizer.step() # EIINMEMRHIZE

€ X T Actor I Critic, FRATEEAT LAHUE5EEE T, & BActor-Critic 75 2= AT A $E_L R B anfrrng !

actor_1lr = le-3

critic lr = 1le-2

num_episodes = 1000

hidden dim = 128

gamma = 0.98

device = torch.device("cuda") if torch.cuda.is available() else torch.device("cpu")

env_name = 'CartPole-vO'

env = gym.make(env_name)

env.seed(0)

torch.manual _seed(0)

state dim = env.observation space.shape[0]

action_dim = env.action_space.n

agent = ActorCritic(state dim, hidden dim, action dim, actor lr, critic 1lr,
gamma, device)

return_list = rl utils.train on policy agent(env, agent, num episodes)

Iteration 0: 100%
return=21.100]
Iteration 1: 100%
return=72.800]
Iteration 2: 100%
return=109.300]
Iteration 3: 100%
return=163.000]
Iteration 4: 100%
return=193.600]
Iteration 5: 100%
return=195.900]
Iteration 6: 100%
return=199.100]
Iteration 7: 100%
return=186.900]
Iteration 8: 100%
return=200.000]
Iteration 9: 100%
return=200.000]

B 100/100 [00:00<00:00, 184.32it/s, episode=100,

I 100/100 [00:01<00:00, 98.31it/s, episode=200,

I 100/100 [00:01<00:00, 58.72it/s, episode=300,

I 100/100 [00:04<00:00, 23.14it/s, episode=400,

I 100/100 [00:08<00:00, 11.78it/s, episode=500,

I 100/100 [00:08<00:00, 11.23it/s, episode=600,

I 100/100 [00:08<00:00, 11.55it/s, episode=700,

I 100/100 [00:09<00:00, 10.75it/s, episode=800,

I 100/100 [00:08<00:00, 11.73it/s, episode=900,

I :00/100 [00:08<00:00, 12.05it/s, episode=1000,

fECartPole-v0 ¥IEH, /st /2 2004 A1 REINFORCE FHfLL, 32 T R IRATL 82
TR A — 2 O A [ R A A P DA R L 8 5 P i Ah B PR AR o
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episodes_list = list(range(len(return_list)))
plt.plot(episodes list,return_list)
plt.xlabel('Episodes"')

plt.ylabel('Returns')

plt.title('Actor-Critic on {}'.format(env_name))
plt.show()

mv_return = rl_utils.moving average(return_list, 9)
plt.plot(episodes list, mv_return)
plt.xlabel('Episodes')

plt.ylabel('Returns')

plt.title('Actor-Critic on {}'.format(env_name))
plt.show()

Actor-Critic on CartPole-v0 Actor-Critic on CartPole-v0

200 200

175 175 4
150 1504

125 A

0 200 400 600 800 1000 0 200 400 600 800 1000
Episodes Episodes

MR SR 2RI TAT LUK B, Actor-Critic SLIEIRR(E RSB iR L ems,  JF HllZkid fE R
WASE, PHaifEOUA . REINFORCE 53047 1 B g eicidt, 3K 15 W47 {8 B B0 SN/ 107 22

10.4 INZ5

AT PHE T Actor-Critic 5%, B2 FE TH bR W J7 VA AN T 5006 1) 7 iR & 0 A E R
Critic 7RSI Actor SRAF IS 1 2% 21 40 HiA T4 RIS, AN IFmshfE, #ims s
Actor AT SRBE HBT . BEAE Actor [IUIZRIGIEAT, HA5IREEAE B I AL 20408 70 A7 R AR g,
X T Critic PRI REHT BECHE 23 A0 3745 H LF A o

Actor-Critic FVEAEH I, JFLEET ¥ TRPO. PPO. DDPG. SAC Z5URFEGRIL 25
EHBARTE Actor-Critic HEAE N AT KB PR T f# Actor-Critic FiZEXH3 1 H miriR B il 5% 2
FRVBIE 5 R KA A 2

10.5 Z2FIER

[1] KONDA, V R, TSITSIKLIS J N. Actor-critic algorithms [C]// Advances in neural information

processing systems, 2000.
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AT 2 WA A BT SR 735 A SR B S FlA ctor-Crritic 57
XL BARTT L, B, (R SEBR R A R h 2@ B ZRA R 8 B Bl (Bl .IE
i — T B TSR EE T SRR AR SRS, RO E SRR IR H bR eR
A, EIEEREE BRI TR KA IX A B AR R, SRS . HARSR L, T
TR OF R HNg 7, ISHL, € LJ(0) =E [V ()] :E@[Z,:?/ r(s,a)],
TG 07 R H AR R B 07 =arg max ,J(0) , UK BE R EE RIS
V ,J©@) T AT H R S H0 o R R IXFEEA — AR B 2 SR X 2 SR IR FE AR
BRI S ZSA, IRA AT RE TR, SRIR TR E AR 2, B I ZRUR .

BEXFUA bR, FRATT25 R AE BRI 4R B — PUS A2 X 3 Grust region), FEIXANIX 48 b B o
W H5 RE % 15 21) 55 b 55 0 P B8 10 22 MR AR AE, X Bk 23 4R R 3% K -4k 4L (trust region policy
optimization, TRPO) HiEMFE A, TRPO HiATE 2015 FEHi e, ErEHIE FREW RIETR
W2 Y I REEA R, AR SERR B TP S T B SR AR SRR A O RAOR

1.2 REEB#R

B AT KNS N 7, , ZHON 0. FATH T AEI AT O K2 — DRI SH 0, i1
J(O)ZJ(0) . BARKYL, BIFRIUIRA s KA RIS TCOC, Hk Bk sens 7, IR A6 E AR
J(0) WT LS BUHT HEE 7, R I A

JO) =E V7 (5,)]
=E, {iy’V”" (s) —i‘/V”" (st)}

= _Ezr,, |:Dt( 7/V”9 (st+1) _V”H (S t)) :|



ST VA ERES, FRATAT LA T BT IH SR (1 H AR pR A 18] 1) 22 5
J(O)—J(O=E, [V (s)I-E, [V7(s,)]

=E,, [Zw(s a)} {Zy(W’”(m —V (s, »}
Kri 22 4R 2 SO AR 34 B 8 A

- E;@ |: i}/tA”g( Sp at)j|

Z §~E 0 aNng({s)[A%(s,sa,)]
(=0
1

M8

r(st t)+7V (S41) — v (st)]:|

E - Ein 47 (s.0)]
—, 2 ()

LR B RS TRAST LA 05 e v (9 =( -0 " (A-NPB(s) B
HERATREARE] A B, (E15E_JE, [A7 (5@)]> 0, Wit il Ems kit 6 L,
B J(0)=©) .

B HER M ZAGE IR AR, T, 2 3RATRE BR M A Smg, (HRAT SR ek
FEAS . HEFTA AT BE BT SEE T SR WS B, SR BT AN SREmE 9 2 E3d S A A 0k S AR e AN I
SEH). T2 TRPOM 7 — LIl gdE, XPIRZAS Vs il /- A BEAT 1AL B . AT &, ZIgH 3R
W 2 B FRPIRAS Vg ) 73 A A, EHER I IR B SEngT ) BPIRES 70 A, € S~ B AL B Ax-

1
L,@)=J0)+—E ,E  H"6.a)
1— y s~y %

BT IH SN AR B By, RS TT ) 2 A AR /DS, KRR AL & B .

Horr, ZEIR AR SEIG 7 SRAEAS B, FRAT AT DLA 25 SR A X B0 7R 2 A

r
AT T Eliﬁk
ull |
e L d
3

L,@")=J©@)+JE_ {ﬂ‘q(a's)/l””(s,a)}

s~ V70~ ()

—_—

(@ |s)
XA, FRATHIAT DA T IH SR g, 48 RAE H I 3000 SR Al o IR D00 BT 3R
W 7, 7o N T PRUEHTIH SRS R 9582, TRPOMEH T & R W st- %A $) ( Kullback-Leibler, KL)
HIURE R M B s 2 (A R RS, JRaR TR AL 2 5K
max L6
st. B [Da(%, (] 9).7¢ | 9)]S 6
X B AR L E T g A3 E] ) — AR R NS 34 #) (Kullback-Leibler, KL ) R,
FRAEAE I, AEIXA XA, 1] PLA g 24l 5 ) S R B A8 BLRPIRAS 70 A 5 b — %0 S 5
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Ja SRR A — B B AT PAFE T — 5 3h 4/ 1Y 25 MR R T v 030 24 1T 2 ) SRS R2 e e 7t
TRPO WJEE A 11-1 Fios.

K 11-1 TRPO JRERERE . AR 258 A AU B AR DN, SRS (456 P2 508 AT e T ZURI
PERESRFE; A EIFROR B UCE T BRI, AT DAORIERE VRIS 1B 2 50T #R RE Rk RE (4 T

1.3 IE{SKAR

BRI 2 AL ) R LLBURR AT, TRPO 72 L BARSEIL P T — 2B I AU A SRtk
MR AT, BATER TRE AP G B ZRTH0 . TR k DS 5 I HN .
SRR H AR R BN RAE O AT RERETT, I L 2 B AT IE L

7y (als) - Ty
E LB, .l =" A" (s,a) |~ g'(0'-6,)
s~ Pk o, (Is) |:ﬂ9k(a |S) :| k

1
E_ o [Py (19).70 | )= =0 =0, H(0'~0,)

| 1
s, g=vgrEs~mEa~%m{ww(s,ﬂl, Sr H AR H R, H=HIE, (D

7o (@]s)
(T, C|8),70 € [$ )1 7R oM 2 18] 715 KL FH 25 % 46 % (Hessian matrix)

TR H bR R 1
0., = argrr;a}ng 0'-0,) st %(9’— 0,)HO'-0,)< 6
LI, FRATAT AR ¥ % -% B-3% %, (Karush-Kuhn-Tucker, KKT) 4&f B4 5 b3k il S

20
6., =0+ |———H"
k1 k gTH—lg g
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1.4 HipHEE

—RROR UL, FIRRA N 25 IR SIS R B SRR AR R BT I, T RORIAE A R R AR
H ISR 37 KR I W AE R AT A] . TRPO BT 2 %e4% & % (conjugate gradient method )
[l T OX AN WS, ERZOBEEERETE x=H"g, xMISHEEH 7M. B L KL B

LRINZHEEFN MRS KNS, T2, e KL BB A5, ﬁ%(ﬂx)TH(ﬁx)= 5. K

WA, @sige |20 . Eik, WM BHEH RN

xT Hx
6., =06 + —xw
IR

Rk, WEwLLESE x=H g, ol UURISZAE IS8, W@ Hx =g,
SR AR IESE AR B LAY AT B B FRE KR . SRS REE 0 B AR
wndster,=g—Hx |, p,=r, x =0
for k=0—> N do:

wr
ak TH
p.Hp,
Xn= Xt O py
Fp,=r,—aHp,

o Rr” p 3BT, MR AR
T
ﬂ :rk+1rk+1
( T
For
Pia=Tiat B,
end for

éﬁ ﬁ xN+1

FEILPORR s St R, EaRH e A vy T B SR A R SR H O 1B S iX R
FEFER BB, BATRUAE Hx [f&, A BRI HAERE . KPR 5, BRONR T
fERMBIA Ry, & HRAE:

Hv =V{ (V H(Dﬁk (ﬁgk,ﬂg))) ij =Vg( (V Q(Dl‘gj (g 7y ))) Tv]

Bl B EE AN P By i 3R A T SRR L

1.5 ZMER

H1F TRPO SR E 1 =B ReTT (0 1B AN 2 friicfoh, IXIFARMEHER AR, (Kb, 0 ATRER
PO BF, EUARALRETE AL KL BUE IR . TRPO FERRGEIBRFHEAT — R AL & (line search),
PR DR IR 2 L 26 1o BRI, w4 — /M AE 7B S, 1%
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26

o, X
xT Hx

k+

_ i
=0 +a

SR O AR SR 2 BT KLEBUZ RS, HASCREIRTE H bk Ly, Hrp ae (0,D)2—
AP E L R K E B S
Zt, BATEGHA LiER T TRPOFIERSGIRE, ©RAMEIRREN T
AR ) 25 5O Fa I AE W 2k S @
for %) e=1—>E do:
A %A R ek, RAFRIE {s,, @y, 7, §0, @012,
AR AR B) 04 HOHE o I R B RN IR S S AT 09 R A(s La )
ARk B AR R g
RS E R x=H g

MR R BRI A, F RIS IS g, = 0+ d |—2—x, Fbicl2, K]
x' Hx

A A3 AE ok S T KL BB 3 FR4) 69 /s B3
FINALM 5% (5 Actor-Critic 7 89 Z.#7 77 x40 R )

end for

1.6 T~ XIUBET

MILS i, AR F TG TR R E A o BT H RS B — o SR A
it (generalized advantage estimation GAE), # T RILATH AN — T GAEME. H%, H
g =1 +yV(s,) V(s) FRMFESREE, KdV 2 —ANCf&ZARREMERE. T2,
W2 B 2 AR, A

M _ =
At —é‘t _—V(St)+l;+}/V(SH1)
At(z) — ét‘ +7/ét‘+l :_V(st) +r, +7rt+l +}/2V(sz+2)
AV =8, +15,,+7%6,, =V )+ rryn i,y (s,,)
. k-1 J—1 K
A0 =%yls =V(s)+r+yr,++ye vy V(s )
10

SRJE . GAE KX LA [0 B p) O Al v HEAT R BOm AT -
AP = (1= WAV + 247 + AP +--)
= (1= A8+ UG+ 18 )+ X (S, 1O + 7 82 )+ )
= (1= ASA+ A+ A2+ + 73, (A+ P+ X+ + 25, (A+ 2+ A +-)

1 2 V5
=(1- /1)[5;1 /1+7’5t+1 1_/1+7’25t+z 1_—+)

- A

DXALH
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Horfr, A€[01] 248 GAE gishsI A— MBS H. M4 =08, A= =r+/(5,) -
V(s), BIRE - HEMERMRS; MA=10, 4=y, =2 " r'r,-Ve,), WE
G — 25 2 SR B 3 10 58 4 T

N B GAE RIS, 255 pv A LA TR 6,2 5, AT DARYE A X E
(R
def compute advantage(gamma, lmbda, td delta):
td delta = td delta.detach() .numpy()
advantage_list = []
advantage = 0.0
for delta in td deltal[::-1]:
advantage = gamma * lmbda * advantage + delta
advantage_list.append(advantage)
advantage list.reverse()
return torch.tensor(advantage list, dtype=torch.float)

11.7 TRPO 8Lk

AR AE F S Ir 5 2 HORN 32 22 P Fh 304 22 B A R A TTRPO £56 . FRAMEH FIZE—A
IR (CartPole), 5 AN EE|57#E (Inverted Pendulum) .

HE RN B E

import torch

import numpy as np

import gym

import matplotlib.pyplot as plt
import torch.nn.functional as F
import rl utils

import copy

IRJE TE SRS [ 2% A P 2% (5 Actor-Critic 5% —F ).

class PolicyNet(torch.nn.Module):
def __dinit _(self, state dim, hidden dim, action dim):
super (PolicyNet, self). _dinit ()
self.fcl = torch.nn.Linear(state dim, hidden_dim)
self.fc2 = torch.nn.Linear (hidden_dim, action_dim)

def forward(self, x):
x = F.relu(self.fcl(x))
return F.softmax(self.fc2(x),dim=1)

class ValueNet(torch.nn.Module):
def __dinit__(self, state dim, hidden_dim):
super (ValueNet, self). _dinit ()
self.fcl = torch.nn.Linear(state dim, hidden dim)
self.fc2 = torch.nn.Linear(hidden dim, 1)
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def forward(self, x):
x = F.relu(self.fcl(x))
return self.fc2(x)

class TRPO:
" TRPO Eik e
def _1dnit_ (self, hidden_dim, state space, action space, lmbda, kl _constraint,
alpha, critic_1lr, gamma, device):
state dim = state_space.shape[0]
action_dim = action_space.n
# RESME S AFEM ST
self.actor = PolicyNet(state dim, hidden dim, action_dim).to(device)
self.critic = ValueNet(state dim, hidden_dim).to(device)
self.critic optimizer = torch.optim.Adam(self.critic.parameters(), lr=critic_ 1lr)
self.gamma = gamma
self.lmbda = lmbda # GAE £%f
self.kl constraint = kl constraint # KL IEEsmAPRS
self.alpha = alpha # Z&MIERS
self.device = device

def take action(self, state):
state = torch.tensor([state], dtype=torch.float).to(self.device)
probs = self.actor(state)
action_dist = torch.distributions.Categorical(probs)
action = action_dist.sample()
return action.item()

def hessian_matrix vector product(self, states, old action dists, vector):
# THEEREBMEN— 1 E2A95EIR
new action dists = torch.distributions.Categorical(self.actor(states))
k1l = torch.mean(torch.distributions.kl.kl divergence(old action dists,
new action dists)) # iITEFIKLIES
k1l grad = torch.autograd.grad(kl, self.actor.parameters(), create graph=True)
k1l grad vector = torch.cat([grad.view(-1) for grad in kl _grad])
# KL IEBAVBE SRS HTRIREE
kl_grad_vector_product = torch.dot(kl_grad_vector, vector)
grad2 = torch.autograd.grad(kl _grad vector_product, self.actor.parameters())
grad2_vector = torch.cat([grad.view(-1) for grad in grad2])
return grad2 vector

def conjugate gradient(self, grad, states, old action dists): # ILIEREELKREARE

x = torch.zeros like(grad)

r = grad.clone()

p = grad.clone()

rdotr = torch.dot(r, r)

for i in range(10): # HIEBEERER
Hp = self.hessian_matrix vector_product(states, old action_dists, p)
alpha = rdotr / torch.dot(p, Hp)
x += alpha * p

r -= alpha * Hp
new_rdotr = torch.dot(r, r)
if new rdotr < le-10:

break
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beta = new rdotr / rdotr
p =r + beta * p
rdotr = new rdotr
return x
def compute_surrogate obj(self, states, actions, advantage, old_log probs,
actor): # ITESREEBER
log probs = torch.log(actor(states).gather (1, actions))
ratio = torch.exp(log probs - old log probs)
return torch.mean(ratio * advantage)
def line_search(self, states, actions, advantage, old_log probs,
old action dists, max vec): # ZM¥ER
old para = torch.nn.utils.convert parameters.parameters _to vector(self.actor.
parameters())
old_obj = self.compute_surrogate_obj(states, actions, advantage,
old_log probs, self.actor)
for i in range(15): # ZMIERFFER
coef = self.alpha *x* i
new_para = old _para + coef * max_vec
new_actor = copy.deepcopy(self.actor)
torch.nn.utils.convert _parameters.vector_to parameters(new_para,
new_actor.parameters())
new action dists = torch.distributions.Categorical(new actor(states))
k1l div = torch.mean(torch.distributions.kl.kl divergence(old action_dists,
new action dists))
new obj = self.compute_surrogate obj(states, actions, advantage,
old_log probs, new_actor)
if new_obj > old_obj and kl div < self.kl constraint:
return new_para
return old_para
def policy learn(self, states, actions, old_action_dists, old_log probs,
advantage): # FIRESEHEL
surrogate obj = self.compute surrogate obj(states, actions, advantage,
old_log probs, self.actor)
grads = torch.autograd.grad(surrogate_obj, self.actor.parameters())
obj_grad = torch.cat([grad.view(-1) for grad in grads]).detach()
# FAHIEBEIRTE x = HA(-1)g
descent_direction = self.conjugate _gradient(obj _grad, states, old action_dists)
Hd = self.hessian matrix vector product(states, oldaction dists,
descent direction)
max_coef = torch.sqrt(2 * self.kl constraint / (torch.dot(descent direction,
Hd) + 1e-8))
new_para = self.line_search(states, actions, advantage, old_log probs,
old action dists, descent direction x max_coef) # ZMER
torch.nn.utils.convert parameters.vector to parameters(new para, self.actor.
parameters()) # FALMERENSHENHRE
def update(self, transition dict):

states = torch.tensor(transition_ dict['states'], dtype=torch.float).
to(self.device)
actions = torch.tensor (transition dict['actions']).view(-1, 1).to(self.device)
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rewards = torch.tensor(transition dict['rewards'], dtype=torch.float).
view(-1, 1).to(self.device)

next states = torch.tensor(transition dict['next states'], dtype=torch.float).
to(self.device)

dones = torch.tensor(transition dict['dones'], dtype=torch.float).
view(-1, 1).to(self.device)

td_target = rewards + self.gamma * self.critic(next_states) * (1 - dones)

td_delta = td_target - self.critic(states)

advantage = compute_advantage(self.gamma, self.lmbda, td delta.cpu()).
to(self.device)

old_log probs = torch.log(self.actor(states).gather(1l, actions)).detach()

old action dists = torch.distributions.Categorical(self.actor(states).detach())

critic_loss = torch.mean(F.mse loss(self.critic(states), td target.detach()))

self.critic optimizer.zero grad()

critic loss.backward()

self.critic optimizer.step() # BEHFHINERH

# BEITRESEAEL

self.policy learn(states, actions, old action dists, old log probs, advantage)
R RAE AT I TRPO, FRHG S5 R4k

num_episodes = 500

hidden dim = 128

gamma = 0.98

lmbda = 0.95

critic lr = 1le-2

kl_constraint = 0.0005

alpha = 0.5

device = torch.device("cuda") if torch.cuda.is_available() else torch.device("cpu")

env name = 'CartPole-vO'

env = gym.make(env_name)

env.seed(0)

torch.manual_seed(0)

agent = TRPO(hidden_dim, env.observation_space, env.action_space, lmbda,
k1l constraint, alpha, critic_lr, gamma, device)

return_list = rl_utils.train_on_policy_agent(env, agent, num_episodes)

episodes_list = list(range(len(return_list)))
plt.plot(episodes list,return_ list)
plt.xlabel('Episodes')

plt.ylabel('Returns')

plt.title('TRPO on {}'.format(env_name))
plt.show()

mv_return = rl utils.moving average(return_ list, 9)
plt.plot(episodes list, mv_return)
plt.xlabel('Episodes')

plt.ylabel('Returns')

plt.title('TRPO on {}'.format(env_name))

plt.show()

Iteration 0: 100% ||l s¢/50 [00:02<00:00, 16.85it/s, episode=50,
return=139.200]
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Iteration 1: 100%
return=150.500]
Iteration 2: 10 %|_| 50/50 [00:03<00:00, 14.211it/s, episode=150,
return=184.000]
Iteration 3: 100%
return=183.600]
Iteration 4: 100%
return=183.500]
Iteration 5: 100%
return=193.700]
Iteration 6: 100%
return=199.500]
Iteration 7: 100%
return=200.000]
Iteration 8: 100%
return=200.000]
Iteration 9: 100%
return=200.000]

B so/50 [00:03<00:00, 16.55it/s, episode=100,

B so/50 [00:03<00:00, 14.15it/s, episode=200,

B so/50 [00:03<00:00, 13.96it/s, episode=250,

B so/50 [00:03<00:00, 13.29it/s, episode=300,

B so/50 [00:03<00:00, 14.081it/s, episode=350,

B so/50 [00:03<00:00, 13.361t/s, episode=400,

B so/50 [00:03<00:00, 13.33it/s, episode=450,

B so/50 [00:03<00:00, 13.081it/s, episode=500,

TRPO on CartPole-v0 TRPO on CartPole-v0
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class PolicyNetContinuous(torch.nn.Module):
def __dinit _(self, state dim, hidden dim, action dim):
super (PolicyNetContinuous, self). 1init ()
self.fcl = torch.nn.Linear(state _dim, hidden dim)
self.fc mu = torch.nn.Linear (hidden dim, action dim)
self.fc_std = torch.nn.Linear(hidden dim, action _dim)

def forward(self, x):
x = F.relu(self.fcl(x))
mu = 2.0 * torch.tanh(self.fc mu(x))
std = F.softplus(self.fc std(x))
return mu, std # SEIDHIIEINIREE
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class TRPOContinuous:

def

def

def

def

RLEBELEENERY TRPO &% v

__init__(self, hidden dim, state space, action space, lmbda, kl constraint,

alpha, critic_lr, gamma, device):
state_dim = state_space.shape[0]
action_dim = action_space.shape[0]
self.actor = PolicyNetContinuous(state dim, hidden dim, action_dim).to(device)
self.critic = ValueNet(state dim, hidden dim).to(device)
self.critic optimizer = torch.optim.Adam(self.critic.parameters(), lr=critic 1lr)
self.gamma = gamma
self.lmbda = lmbda
self.kl constraint = kl constraint

self.alpha = alpha
self.device = device

take_action(self, state):

state = torch.tensor([state], dtype=torch.float).to(self.device)
mu, std = self.actor(state)

action_dist = torch.distributions.Normal(mu, std)

action = action_dist.sample()

return [action.item()]

hessian_matrix_vector product(self, states, old action dists, vector,
damping=0.1):

mu, std = self.actor(states)

new_action_dists = torch.distributions.Normal(mu, std)

kl = torch.mean(torch.distributions.kl.kl divergence(old action dists,

new _action dists))

kl_grad = torch.autograd.grad(kl, self.actor.parameters(), create_graph=True)

k1l grad vector = torch.cat([grad.view(-1) for grad in kl grad])

kl_grad_vector_product = torch.dot(kl_grad_vector, vector)

grad2 = torch.autograd.grad(kl grad vector_product, self.actor.parameters())

grad2_vector = torch.cat([grad.contiguous().view(-1) for grad 1in grad2])

return grad2_vector + damping * vector

conjugate gradient(self, grad, states, old action dists):
X = torch.zeros_like(grad)
r = grad.clone()
p = grad.clone()
rdotr = torch.dot(r, r)
for i in range(10):
Hp = self.hessian matrix vector product(states, old action dists, p)
alpha = rdotr / torch.dot(p, Hp)
x += alpha x p
r -= alpha * Hp
new_rdotr = torch.dot(r, r)
if new rdotr < 1le-10:
break
beta = new rdotr / rdotr
p =r + beta *x p
rdotr = new rdotr
return x
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def compute_surrogate obj(self, states, actions, advantage, old log probs, actor):
mu, std = actor(states)
action dists = torch.distributions.Normal(mu, std)
log probs = action dists.log prob(actions)
ratio = torch.exp(log probs - old_log probs)
return torch.mean(ratio * advantage)

def 1line_search(self, states, actions, advantage, old_log probs, old_action dists,
max_vec):
old para = torch.nn.utils.convert parameters.parameters_to vector(self.
actor.parameters())
old obj = self.compute surrogate obj(states, actions, advantage,
old log probs, self.actor)
for i in range(15):
coef = self.alpha ** i
new para = old para + coef * max_ vec
new_actor = copy.deepcopy(self.actor)
torch.nn.utils.convert _parameters.vector_to parameters(new_para,
new_actor.parameters())
mu, std = new_actor(states)
new_action_dists = torch.distributions.Normal(mu, std)
kl div = torch.mean(torch.distributions.kl.kl divergence(old action
dists, new action_dists))
new_obj = self.compute_surrogate obj(states, actions, advantage,
old_log probs, new_actor)
if new obj > old obj and kl div < self.kl constraint:
return new_para
return old_para

def policy learn(self, states, actions, old action dists, old log probs,
advantage):

surrogate_obj = self.compute_surrogate obj(states, actions, advantage,
old log probs, self.actor)

grads = torch.autograd.grad(surrogate obj, self.actor.parameters())

obj_grad = torch.cat([grad.view(-1) for grad in grads]).detach()

descent_direction = self.conjugate gradient(obj_grad, states,
old action_dists)

Hd = self.hessian matrix vector product(states, old action dists,
descent _direction)

max_coef = torch.sqrt(2 * self.ktonstraint / (torch.dot(descent direction,
Hd) + 1le-8))

new _para = self.line_search(states, actions, advantage, old_log probs,
old action_dists, descent_direction * max_coef)

torch.nn.utils.convert parameters.vector to parameters(new para,
self.actor.parameters())

def update(self, transition_dict):
states = torch.tensor(transition_dict['states'], dtype=torch.float).
to(self.device)
actions = torch.tensor(transition dict['actions'], dtype=torch.float).
view(-1, 1).to(self.device)
rewards = torch.tensor(transition dict['rewards'], dtype=torch.float).
view(-1, 1).to(self.device)
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next_states = torch.tensor(transition dict['next states'], dtype=torch.
float).to(self.device)

dones = torch.tensor(transition dict['dones'], dtype=torch.float).
view(-1, 1).to(self.device)

rewards = (rewards + 8.0) / 8.0 # XXERMHEHITIEX, H@I%

td_target = rewards + self.gamma * self.critic(next_states) * (1 - dones)

td_delta = td_target - self.critic(states)

advantage = compute advantage(self.gamma, self.lmbda, td delta.cpu()).
to(self.device)

mu, std = self.actor(states)

old action dists = torch.distributions.Normal(mu.detach(), std.detach())

old_log probs = old _action dists.log prob(actions)

critic_loss = torch.mean(F.mse_loss(self.critic(states), td_target.detach()))

self.critic optimizer.zero grad()

critic_loss.backward()

self.critic_optimizer.step()

self.policy learn(states, actions, old action dists, old log probs, advantage)

BN REAMEBNL AL T INGRES N E AR TRPO 5ik, FALIE Bl 2Rt fE il 2k .
A B 1 58 B AT F 2 e A A] .

num episodes = 2000

hidden dim = 128

gamma = 0.9

lmbda = 0.9

critic 1r = 1le-2

k1l constraint = 0.00005

alpha = 0.5

device = torch.device("cuda") if torch.cuda.is_available() else torch.device("cpu")

env _name = 'Pendulum-vO'

env = gym.make(env_name)

env.seed(0)

torch.manual_seed(0)

agent = TRPOContinuous(hidden dim, env.observation space, env.action_space, lmbda,
kl_constraint, alpha, critic_lr, gamma, device)

return_list = rl utils.train_on_policy agent(env, agent, num_episodes)

episodes list = list(range(len(return_list)))
plt.plot(episodes_list,return_list)
plt.xlabel('Episodes')

plt.ylabel('Returns')

plt.title('TRPO on {}'.format(env_name))
plt.show()

mv_return = rl utils.moving average(return_list, 9)
plt.plot(episodes_list, mv_return)
plt.xlabel('Episodes')

plt.ylabel('Returns')

plt.title('TRPO on {}'.format(env_name))

plt.show()
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Iteration 0: 100%| [ Il 200/200 [00:19<00:00, 10.00it/s, episode=200,
return=-1181.390]
Iteration 1: 100%| [l 200/200 [00:20<00:00, 9.98it/s, episode=400,
return=-994.876]
Iteration 2: 100%| [ Il 200/200 [00:20<00:00, 9.86it/s, episode=600,
return=-888.498]
Iteration 3: 100%| [l 200/200 [(00:20<00:00, 9.94it/s, episode=800,
return=-848.329]
Iteration 4: 100%| || | 200/200 [00:20<00:00, 9.87it/s, episode=1000,
return=-772.392]
Iteration 5: 100%| || Il 200/200 [00:20<00:00, 9.91it/s, episode=1200,
return=-611.870]
Iteration 6: 100%| [l 200/200 [00:20<00:00, 9.89it/s, episode=1400,
return=-397.705]
Iteration 7: 100%| |||l 200/200 [00:20<00:00, 9.95it/s, episode=1600,
return=-268.498]
Iteration 8: 100%| || Il 200/200 [00:20<00:00, 9.87it/s, episode=1800,
return=-408.976]
Iteration 9: 100%| || Il 200/200 [00:19<00:00, 10.08it/s, episode=2000,
return=-296.363]
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import gym
import torch
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import
import
import
import

class P
def

def

class V
def

def

class P
T

def

def

def

torch.nn.functional as F
numpy as np
matplotlib.pyplot as plt
rl utils

olicyNet(torch.nn.Module):

__init__(self, state dim, hidden_dim, action_dim):
super (PolicyNet, self). _dinit__()

self.fcl = torch.nn.Linear(state dim, hidden_dim)
self.fc2 = torch.nn.Linear (hidden dim, action_dim)

forward(self, x):
x = F.relu(self.fcl(x))
return F.softmax(self.fc2(x),dim=1)

alueNet(torch.nn.Module):

__init__(self, state dim, hidden dim):

super (ValueNet, self). 1init ()

self.fcl = torch.nn.Linear(state dim, hidden_dim)

self.fc2 = torch.nn.Linear (hidden_dim, 1)

forward(self, x):

x = F.relu(self.fcl(x))

return self.fc2(x)
PO:

PPO &%, RAF&EMT AT '

__init__(self, state dim, hidden_dim, action_dim, actor_1lr, critic_lr,

lmbda, epochs, eps, gamma, device):

self.actor = PolicyNet(state dim, hidden_dim, action_dim).to(device)
self.critic = ValueNet(state dim, hidden_dim).to(device)

self.actor optimizer =torch.optim.Adam(self.actor.parameters(), lr=actor 1lr)
self.critic optimizer =torch.optim.Adam(self.critic.parameters(), lr=critic_ 1lr)
self.gamma = gamma

self.lmbda = lmbda

self.epochs = epochs # —HRFFINHIEAFRIIIZGHEL

self.eps = eps # PPO HFEBTFTERSH

self.device = device

take action(self, state):

state = torch.tensor([state], dtype=torch.float).to(self.device)
probs = self.actor(state)

action_dist = torch.distributions.Categorical(probs)

action = action_ dist.sample()

return action.item()

update(self, transition dict):

states = torch.tensor(transition_ dict['states'], dtype=torch.float).
to(self.device)

actions = torch.tensor(transition dict['actions']).view(-1, 1).to(self.device)

rewards = torch.tensor(transition_dict['rewards'], dtype=torch.float).
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view(-1, 1).to(self.device)

next_states = torch.tensor(transition_dict['next states'], dtype=torch.
float).to(self.device)

dones = torch.tensor(transition_dict['dones'], dtype=torch.float).
view(-1, 1).to(self.device)

td_target = rewards + self.gamma * self.critic(next_states) * (1 - dones)

td_delta = td_target - self.critic(states)

advantage = rl utils.compute advantage(self.gamma, self.lmbda, td delta.
cpu()).to(self.device)

old_log probs = torch.log(self.actor(states).gather(1l, actions)).detach()

for _ 1in range(self.epochs):
log probs = torch.log(self.actor(states).gather(1, actions))
ratio = torch.exp(log probs - old log probs)
surrl = ratio * advantage
surr2 = torch.clamp(ratio, l-self.eps, l+self.eps) x advantage # &Uf
actor_loss = torch.mean(-torch.min(surrl, surr2)) # PPOIRZKEAE]
critic_loss = torch.mean(F.mse_loss(self.critic(states), td_target.
detach()))
self.actor_optimizer.zero grad()
self.critic_optimizer.zero_grad()
actor_ loss.backward()
critic_loss.backward()
self.actor_optimizer.step()
self.critic_optimizer.step()

P RAEEF AT HIIZRPPO B

actor_lr = le-3
critic lr = 1le-2
num_episodes = 500
hidden dim = 128
gamma = 0.98

lmbda = 0.95
epochs = 10

eps = 0.2

device = torch.device("cuda") if torch.cuda.is available() else torch.device("cpu")

env _name = 'CartPole-vO'

env = gym.make(env_name)

env.seed(0)

torch.manual_seed(0)

state dim = env.observation_space.shape[0]

action_dim = env.action_space.n

agent = PPO(state_dim, hidden_dim, action_dim, actor_lr, critic_lr, lmbda, epochs,
eps, gamma, device)

return_list = rl_utils.train_on_policy agent(env, agent, num_episodes)

Iteration 0: 100%
return=183.200]

I co/50 [00:10<00:00, 4.81it/s, episode=50,
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Iteration 1: 100%| |||l s¢/50 [e0:22<00:00, 2.241it/s, episode=100,
return=191.400]
Iteration 2: 100%
return=199.900]
Iteration 3: 100%
return=200.000]
Iteration 4: 100%
return=200.000]
Iteration 5: 100%
return=200.000]
Iteration 6: 100%
return=200.000]
Iteration 7: 100%| || Il s0/50 [00:23<00:00, 2.16it/s, episode=400,
return=200.000]

Iteration 8: 100%| ||l s0/50 r[00:22<00:00, 2.23it/s, episode=450,
return=200.000]
Iteration 9: 100%
return=200.000]

B so/50 [00:22<00:00, 2.24it/s, episode=150,

B so/50 [00:21<00:00, 2.33it/s, episode=200,

B so/50 [00:21<00:00, 2.29it/s, episode=250,

B so/50 [00:22<00:00, 2.221it/s, episode=300,

B so/50 [00:23<00:00, 2.14it/s, episode=350,

B so/50 [00:22<00:00, 2.25it/s, episode=500,

episodes_list = list(range(len(return_list)))
plt.plot(episodes list,return_ list)
plt.xlabel('Episodes')

plt.ylabel('Returns')

plt.title('PPO on {}'.format(env_name))
plt.show()

mv_return = rl _utils.moving average(return_list, 9)
plt.plot(episodes_list, mv_return)
plt.xlabel('Episodes')

plt.ylabel('Returns')

plt.title('PPO on {}'.format(env_name))

plt.show()

PPO on CartPole-v0 PPO on CartPole-v0
200 0
175 ‘ | 175
150 150
125 125

0 100 0 N0 400 500 0 100 X0 00 $00 500

Returns

Episodes Episodes

BB R SESERZ ISR, FTRPO Hik—FE, AMS—EE0, 1L 5HE M 2% 4 H
HELLENE A5 A (Gaussian distribution ) FYI(EAIFRUEZS . J5 SERE LS E T AE 1% = 40 A6
KEE1R R,
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class PolicyNetContinuous(torch.nn.Module):
def init__ (self, state dim, hidden dim, action_dim):
super (PolicyNetContinuous, self). _init__()
self.fcl = torch.nn.Linear(state_dim, hidden_dim)
self.fc mu = torch.nn.Linear (hidden dim, action_dim)
self.fc_std = torch.nn.Linear (hidden dim, action_dim)

def forward(self, x):
x = F.relu(self.fcl(x))
mu = 2.0 * torch.tanh(self.fc mu(x))
std = F.softplus(self.fc_std(x))
return mu, std

class PPOContinuous:
T AMERELEENERY PPO X '
def __dinit__(self, state dim, hidden_dim, action_dim, actor_1lr, critic_lr,
lmbda, epochs, eps, gamma, device):
self.actor = PolicyNetContinuous (state dim, hidden_dim, action_dim).
to(device)

self.critic = ValueNet(state dim, hidden_dim).to(device)
self.actor optimizer =torch.optim.Adam(self.actor.parameters(), lr=actor 1lr)
self.critic_optimizer=torch.optim.Adam(self.critic.parameters(), lr=critic_lr)
self.gamma = gamma
self.lmbda = lmbda
self.epochs = epochs
self.eps = eps
self.device = device

def take_action(self, state):
state = torch.tensor([state], dtype=torch.float).to(self.device)
mu, sigma = self.actor(state)
action_dist = torch.distributions.Normal(mu, sigma)
action = action dist.sample()
return [action.item()]

def update(self, transition dict):

states = torch.tensor(transition_dict['states'], dtype=torch.float).
to(self.device)

actions = torch.tensor(transition dict['actions'], dtype=torch.float).
view(-1, 1).to(self.device)

rewards = torch.tensor(transition dict['rewards'], dtype=torch.float).
view(-1, 1).to(self.device)

next_states = torch.tensor(transition_dict['next states'], dtype=torch.
float).to(self.device)

dones = torch.tensor(transition_dict['dones'], dtype=torch.float).
view(-1, 1).to(self.device)

rewards = (rewards + 8.0) / 8.0 # F1TRPO —#f, \I¥mFHITIEH, H &%

td_target = rewards + self.gamma * self.critic(next_states) * (1 - dones)

td _delta = td target - self.critic(states)

advantage = rl_utils.compute_advantage(self.gamma, self.lmbda, td_delta.
cpu()).to(self.device)



+ 130 % 12%F PPO i

mu, std = self.actor(states)
action_dists = torch.distributions.Normal(mu.detach(), std.detach())
# MERIESDH

old_log probs = action dists.log prob(actions)

for _ 1in range(self.epochs):
mu, std = self.actor(states)
action_dists = torch.distributions.Normal(mu, std)
log probs = action dists.log prob(actions)
ratio = torch.exp(log _probs - old_log probs)
surrl = ratio * advantage
surr2 = torch.clamp(ratio, 1-self.eps, 1l+self.eps) * advantage
actor_loss = torch.mean(-torch.min(surrl, surr2))
critic_loss = torch.mean(F.mse_loss(self.critic(states), td_target.
detach()))
self.actor_optimizer.zero_grad()
self.critic_optimizer.zero_grad()
actor_loss.backward()
critic_loss.backward()
self.actor_optimizer.step()
self.critic_optimizer.step()

BIEIAEE Pendulum-v0, Fi @ EALERN T DAMEE R L. 8 N RN FEF L EEIA S )l
45 PPOHIEL.

actor_lr = le-4
critic 1lr = 5e-3
num episodes = 2000
hidden_dim = 128

gamma = 0.9
lmbda = 0.9
epochs = 10
eps = 0.2

device = torch.device("cuda") if torch.cuda.is available() else torch.device("cpu")

env_name = 'Pendulum-vO'

env = gym.make(env_name)

env.seed(0)

torch.manual_seed(0)

state dim = env.observation_space.shape[0]

action_dim = env.action_space.shape[0] # ELEIEZEIE)

agent = PPOContinuous(state_dim, hidden_dim, action_dim, actor_lr, critic_lr, 1lmbda,
epochs, eps, gamma, device)

return_list = rl utils.train_on_policy agent(env, agent, num_episodes)

tteration 0: 100% |||l 200/200 [02:15<00:00, 1.47it/s, episode=200,
return=-984.137]
Iteration 1: 100%| ||| | 200/200 [02:17<00:00, 1.45it/s, episode=400,
return=-895.332]
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Iteration 2: 100%
return=-518.916]
Iteration 3: 100%
return=-602.183]
Iteration 4: 100%
return=-392.104]
Iteration 5: 100%
return=-259.206]
Iteration 6: 100%
return=-221.772]
Iteration 7: 100%| ||| | 200/200 [02:17<00:00, 1.45it/s, episode=1600,
return=-293.515]
Iteration 8: 100%
return=-371.194]
Iteration 9: 100%
return=-248.958]

I 200/200 [02:14<00:00, 1.48it/s, episode=600,

I 200/200 [02:19<00:00, 1.44it/s, episode=800,

B 200/200 [02:17<00:00, 1.45it/s, episode=1000,

B 200/200 [02:17<00:00, 1.45it/s, episode=1200,

B 200/200 [02:17<00:00, 1.45it/s, episode=1400,

B 200/200 [02:17<00:00, 1.45it/s, episode=1800,

B 200/200 [02:17<00:00, 1.45it/s, episode=2000,

episodes_list = list(range(len(return_list)))
plt.plot(episodes_list,return_list)
plt.xlabel('Episodes')

plt.ylabel('Returns')

plt.title('PPO on {}'.format(env_name))
plt.show()

mv_return = rl_utils.moving average(return_list, 21)
plt.plot(episodes list, mv_return)
plt.xlabel('Episodes')

plt.ylabel('Returns')

plt.title('PPO on {}'.format(env_name))

plt.show()

PPO on Pendulum-v0 PPO on Pendulum-vo
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400
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Returns
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o 50 500 50 1000 1250 1500 1750 2000 0 =0 300 730 1000 1250 1500 1750 2000
Episodes Episodes

12.5 NG

PPO & TRPO HI—Meftit 5vk, ©ESLH L T TRPOPRIE 4115, F+H emseih
FIPERE R Z HUE L T 2tk TRPO S 4T, Ktk B mi i AE — Rl B 3SR . B RN 2,
TRPO #1 PPO #[\J& T-7E 28 S ms Sy, Bt Ab B brh 5 S8 RAE R A2, EHAAR T -
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RIS R, 1AL AT S 1

PPO & TRPO )55 —{E# John Schulman MBI K224 5o ) 4 B td 4 Be ol J5 78 OpenAl A H
W R A . 6 TRPO HITHHE 7 A, PPO BN e 2 L R FE sk 2= S vk 2 —,
H ey 5 HEWEE 7 TRPO.

12.6 ZSEw

[1] SCHULMAN J, FILIP W, DHARIWAL P, et al. Proximal policy optimization algorithms [J].
Machine Learning, 2017.



DDPG &

13.1 @&

2 I f T A48 T 3 T SR B STEREINFORCE . Actor-Critic B &
PN gk 57——TRPO Al PPO. X RE LA — AN ILFEIRE 8 EATRRLE E e E
LREMGEE, XEWE T AZE (sample efficiency) &K, A1 -
12— "5 DQN 5i%: DQN S EEAM TR £ 0, W LUMMEBIESLRIE 2],
AT AR BEBNE M AA RIS, X2 E R EMNTA s e it — I
A OfE s KIENE. WRIMENEORTCRRE, BIRFRATATLAME 8.3 41 —FF, E i O
FAE 2 T B Hh, (HIX Lo RS, Toikaganial. A0A BA JrEmT DU 2 AR R Ab 1 2))
1 23 8] T PR 0 24 355 91 L A 2 20 2R SR M SRV e 2 AN 3 LT A PR A 2k SR ek . (deep
deterministic policy gradientt DDPG) HiZEHUZ Wk, EMiE— e tEsRms, B LA
kA O1H. DDPG & T —H Actor-Critici%. FKA1Z 1% > 1) REINFORCE. TRPO
F PPO - S BEAL L SR BE, 171 A 55 (1) DDPG T 2% 2] —Nff 7 14 SR o

13.2 DDPG
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PLid N a=p,(s) o 5ERBEHAEE FEAAL, FRATAT LAHE T Hiah 2 b SR wk A 2 2 22 ( deterministic
policy gradient theorem:
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f& Critic, u #tA Actor, XZ&—A Actor-Critic FUHEZE, IE13-1 Fis.
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SHEANTA, A BARMSTEY =5 +70 (80, 4, (8)
p=4 = = 1 ~ 3 , e .o .
ﬁ+%aﬁm%L=ﬁzgm—Q@Mmf,u%i%gmcmmm%
TR ARG SRR AR, A FHT 5 AT Actor 4
1 N
Vﬁjzﬁgvaluﬁ(si) VaQo(si:a)|a;ug(s,-)

A7 B AT 2
o 1o+l -1
0 «—10+(1-1)0"
end for

end for

13.3 DDPG {Uf8sLik

AP ALIEIA TN, 25 GRS EAIHEDDPG 1R AR SLHL

import random

import gym

import numpy as np

from tqdm +dimport tqdm

import torch

from torch import nn

import torch.nn.functional as F
import matplotlib.pyplot as plt
import rl utils

Xt SR 2 RN E X 25, BATTHR ) A — J2 BRORR= A 2R 45 o SR I 245 1) i 14 )=
LV E (r=tanhx) FUGH REL, 302 KOV IE D) BR BRI 1,10, 5 (B 4% LL 5] 4 48 Bl A
Binr 2 Eh el /£ DDPG AL B2 SIES A E R LI EE, QML I A\ 2R A
EEPHE A A&, Q MZ IR —ME, FomiREE X I E.

class PolicyNet(torch.nn.Module):
def __init__(self, state dim, hidden_dim, action_dim, action_bound):
super (PolicyNet, self). _dinit_ ()
self.fcl = torch.nn.Linear(state dim, hidden_dim)

self.fc2 = torch.nn.Linear(hidden dim, action dim)
self.action bound = action bound # action bound ENETLIESHMERAE

def forward(self, x):
x = F.relu(self.fcl(x))
return torch.tanh(self.fc2(x)) * self.action_bound

class QValueNet(torch.nn.Module):
def __init__(self, state dim, hidden dim, action dim):
super (QValueNet, self). _dinit ()
self.fcl = torch.nn.Linear(state dim + action_dim, hidden_dim)
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def

self.fc2 = torch.nn.Linear (hidden dim, 1)

forward(self, x, a):

cat = torch.cat([x, al, dim=1) # HHEIRZTZNE
x = F.relu(self.fcl(cat))

return self.fc2(x)

class TwolLayerFC(torch.nn.Module):
# XE— N BRIV ERE KL

def

def

__init__(self, num_in, num out, hidden dim, activation=F.relu, out fn=
lambda x:x):

super().__init ()

self.fcl = nn.Linear(num_in, hidden dim)

self.fc2 = nn.Linear (hidden dim, hidden_dim)

self.fc3 = nn.Linear (hidden dim, num out)

self.activation = activation
self.out _fn = out fn

forward(self, x):

x = self.activation(self.fcl(x))
x = self.activation(self.fc2(x))
x = self.out fn(self.fc3(x))

return x

¥ T ok/EDDPG Fyk M) AR 7o 78 F SRS W 2 REUEE I, SN T G R &, AT
MZEF ISR, £ DDPG MR, DMK ESF SR E = -4 0 %
(Ornstein-Uhlenbeck, OU) BEHLILFE:

A); = 9(#— );_1)+ oW,

Hep, A REME, W RSSO, 0 oG ZH. TUEH, 25X W&
PMEI,  x, (EZFBSMESER. OU FENLEFE AR RS EBME M ek U B, A B4k
K0l OU BEHLILAR & S AR, &M T AL RS, /£DDPG MLt , A
T IEZS A e 7S o SX BN T BRI, [FIREAE RS 0 A BRSSO R AR 523 W B
HATECN OU BENL A2 IF M SRR

class DDPG:

def

DDPG &L '

_dndt (

self, num_in_actor, num out actor, num in critic, hidden dim,
discrete, action bound, sigma, actor lr, critic_ lr,

tau, gamma, device

# self.actor = PolicyNet(state dim, hidden_dim, action_dim, action_bound).
to(device)

# self.critic = QValueNet(state dim, hidden dim, action dim).to(device)

# self.target actor = PolicyNet(state dim, hidden_dim, action_dim,
action_bound).to(device)

# self.target critic = QValueNet(state dim, hidden_dim, action_dim).to(device)
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def

def

def

out fn = (lambda x: x) if discrete else (lambda x: torch.tanh(x) x*
action_bound)

self.actor = TwolLayerFC(num_in_actor, num_ out_actor, hidden_dim,
activation=F.relu, out fn=out fn).to(device)

self.target_actor = TwolLayerFC(num_in_actor, num out actor, hidden_dim,
activation=F.relu, out_fn=out_fn).to(device)

self.critic = TwoLayerFC(num_ in_critic, 1, hidden _dim).to(device)

self.target critic = TwoLayerFC(num_in_critic, 1, hidden_dim).to(device)

# R BN EMETHREINENSBERNS

self.target critic.load state dict(self.critic.state dict())

# A BARSREE S TR BFIRIEERERNSH

self.target actor.load state dict(self.actor.state dict())

self.actor_optimizer = torch.optim.Adam(self.actor.parameters(), lr=actor_1r)

self.critic optimizer = torch.optim.Adam(self.critic.parameters(),lr=critic_lr)

self.gamma = gamma

self.sigma = sigma # SHIRFIIREE,I9EERERNO

self.action bound = action bound # action bound ERETLIESNEERANE

self.tau = tau # BIrNEIREFSE

self.action_dim = num_out_actor

self.device = device

take_action(self, state):

state = torch.tensor([state], dtype=torch.float).to(self.device)
action = self.actor(state).item()

# AIVERINER, 1EINRER

action = action + self.sigma * np.random.randn(self.action_dim)

return action

soft_update(self, net, target net):
for param target, param in zip(target net.parameters(), net.parameters()):
param_target.data.copy_(param_target.data * (1.0 - self.tau) +
param.data x self.tau)

update(self, transition dict):

states = torch.tensor(transition_dict['states'], dtype=torch.float).
to(self.device)

actions = torch.tensor(transition dict['actions'], dtype=torch.float).
view(-1, 1).to(self.device)

rewards = torch.tensor(transition dict['rewards'], dtype=torch.float).
view(-1, 1).to(self.device)

next_states = torch.tensor(transition dict['next states'], dtype=torch.
float).to(self.device)

dones = torch.tensor(transition dict['dones'], dtype=torch.float).
view(-1, 1).to(self.device)

next_q values = self.target _critic(torch.cat([next_states,
self.target actor(next_states)], dim=1))
g_targets = rewards + self.gamma * next_gvalues * (1 - dones)
critic_loss = torch.mean(

F.mse loss(
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# MSE IRKEE]

self.critic(torch.cat([states, actions], dim=1)), q_targets))
self.critic_optimizer.zero_grad()
critic_loss.backward()
self.critic optimizer.step()

actor_loss = - torch.mean(self.critic(

# RESMEFEN T HS Q BRAKL

torch.cat([states, self.actor(states)], dim=1)))
self.actor_optimizer.zero_grad()
actor_loss.backward()
self.actor optimizer.step()

self.soft update(self.actor, self.target actor) # FXEFTIRAZMLE
self.soft _update(self.critic, self.target critic) # IXREFMEMLR

PR RBAERLAEA I P ZRDDPG 4 L RE 28

actor 1lr = 5e-4

critic 1lr = 5e-3
num_episodes = 200

hidden dim = 64

gamma = 0.98

tau = 0.005 # KEHESH
buffer size = 10000

minimal size = 1000
batch_size = 64

sigma = 0.01 # SEfIREINEE
device = torch.device("cuda") if torch.cuda.is available() else torch.device("cpu")

env _name = 'Pendulum-vO'

env = gym.make(env_name)

random.seed(0)

np.random.seed(0)

env.seed(0)

torch.manual seed(0)

replay buffer = rl utils.ReplayBuffer(buffer size)

state dim = env.observation space.shape[0]

action_dim = env.action_space.shape[0]

action_bound = env.action_space.high[0] # FNWERKE

agent = DDPG(state dim, action_dim, state dim+action_dim, hidden dim, False,
action_bound, sigma, actor_lr, critic_lr, tau, gamma, device)

return_list = rl utils.train off policy agent(env, agent, num episodes,
replay buffer, minimal_size, batch_size)

Iteration 0: 100%
return=-1269.365]
Iteration 1: 100%

return=-916.439]

B 20/20 [02:42<00:00, 8.11s/it, episode=20,

I 20/20 [03:38<00:00, 10.94s/it, episode=40,
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Iteration 2: 100% 20/20 [03:38<00:00, 10.93s/1it, episode=60,

return=-450.922]

Iteration 3: 20/20 [03:36<00:00, 10.81s/1it, episode=80,
return=-239.596]

Iteration 4: 100%| ||| | 20/20 [(03:37<00:00, 10.86s/it, episode=100,
return=-173.360]
Iteration 5: 100%
return=-239.450]
Iteration 6: 100%| |||l 20/20 [(03:38<00:00, 10.91s/it, episode=140,
return=-184.360]
Iteration 7: 100%
return=-172.832]
Iteration 8: 100%
return=-178.041]
Iteration 9: 100%

return=-190.356]

20/20 [03:38<00:00, 10.91s/it, episode=120,

20/20 [03:37<00:00, 10.88s/it, episode=160,

20/20 [03:38<00:00, 10.90s/1it, episode=180,

20/20 [03:38<00:00, 10.91s/it, episode=200,

episodes_list = list(range(len(return_list)))
plt.plot(episodes list, return_ list)
plt.xlabel('Episodes')

plt.ylabel('Returns')

plt.title('DDPG on {}'.format(env_name))
plt.show()

mv_return = rl utils.moving average(return_list, 9)
plt.plot(episodes list, mv_return)
plt.xlabel('Episodes')

plt.ylabel('Returns')

plt.title('DDPG on {}'.format(env_name))

plt.show()
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B £ /& Soft Q-learning, ‘EATHRJ&E T~ Kok 2 > 7E% . Soft Q-learning
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¥ Centropy) F/nbf —/NRENLAL & I BENREE L & . BART S, R X — MBS,
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end for

end for

14.5 SAC U5t

ARG — T SAC PRSI, FSBAEBISLERMEE FREATSE5, AR5 221X SAC B HI 3
5B S B AR
HETA T EMBIKPE,

import random

import gym

import numpy as np

from tqdm dimport tqdm

import torch

import torch.nn.functional as F

from torch.distributions import Normal
import matplotlib.pyplot as plt

import rl utils
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PN ORGE SCRME W28 AL R 45 . bl T AR ER N/ 5 I S s S T, S R 4 it —
A i e A R A BRE ZE R B R BE A s 10 UHEL IR 28 (R B A RS REh R R &, 4
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class PolicyNetContinuous(torch.nn.Module):
def __dinit__(self, state dim, hidden dim, action dim, action_bound):
super (PolicyNetContinuous, self). 1init ()
self.fcl = torch.nn.Linear (state dim, hidden dim)
self.fc_mu = torch.nn.Linear (hidden_dim, action_dim)
self.fc_std = torch.nn.Linear(hidden dim, action_dim)
self.action bound = action bound

def forward(self, x):
x = F.relu(self.fcl(x))
mu = self.fc mu(x)
std = F.softplus(self.fc_std(x))
dist = Normal(mu, std)
normal_sample = dist.rsample() # rsample()RESHILERE
log prob = dist.log prob(normal_sample)
action = torch.tanh(normal_sample)
# 118 tanh_normal 2 HAITEBREE
log prob = log prob - torch.log(l-torch.tanh(action).pow(2) + le-7)
action = action * self.action bound

return action, log prob

class QValueNetContinuous(torch.nn.Module):
def __init__(self, state dim, hidden_dim, action_dim):
super (QValueNetContinuous, self). _1init ()
self.fcl = torch.nn.Linear(state dim + action_dim, hidden_dim)
self.fc2 = torch.nn.Linear (hidden dim, hidden_dim)

self.fc out = torch.nn.Linear (hidden_dim, 1)

def forward(self, x, a):
cat = torch.cat([x, a], dim=1)
x = F.relu(self.fcl(cat))
x = F.relu(self.fc2(x))
return self.fc out(x)

SRIGTRATHRTE — T SAC Bk EBACRD . 40 14.4 5 rik, SAC i WA Critic p#5 <.,
O, KAt Actor (UL REE, TIX P Critic P28 78 I 2RI ) & B 75 5 — A H AR 12 1
%, R, SAC HE—ILHEB] 5 MWL, 45l — RIS . A E N 2 AT A B bR
U

class SACContinuous:

T OAMRIESANERY SACEIE 1!
def __dinit _(self, state dim, hidden dim, action dim, action bound, actor 1lr,
critic_lr, alpha_lr, target entropy, tau, gamma, device):
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def

def

def

def

self.actor = PolicyNetContinuous(state dim, hidden dim, action dim,
action bound) .to(device) # SHREEMILE

self.critic_ 1 = QValueNetContinuous(state dim, hidden dim, action_dim).
to(device) # H— QW&

self.critic_2 = QValueNetContinuous(state dim, hidden_dim, action dim).
to(device) # B Q MLE

self.target critic_1 = QValueNetContinuous(state dim, hidden_dim, action_dim).
to(device) # F—/H¥xRQ ML

self.target critic 2 = QValueNetContinuous(state dim, hidden dim, action_dim).
to(device) # HBZNB#iRQ ML

# HEIR Q MBAIIIRSEFN Q ME—H

self.target critic 1.load state dict(self.critic_1l.state dict())

self.target critic_2.load _state dict(self.critic 2.state dict())

self.actor optimizer = torch.optim.Adam(self.actor.parameters(), lr=actor 1r)

self.critic 1 optimizer = torch.optim.Adam(self.critic l.parameters(),
lr=critic_1lr)

self.critic_2 optimizer = torch.optim.Adam(self.critic_2.parameters(),
lr=critic_1lr)

# {5 alpha Y log &, ST LA E R LR IS E

self.log alpha = torch.tensor(np.log(0.01), dtype=torch.float)

self.log alpha.requires_grad = True # TILI¥ alpha KiBE

self.log alpha optimizer = torch.optim.Adam([self.log alpha], lr=alpha_1lr)

self.target_entropy = target entropy # B#RERIA/N

self.gamma = gamma

self.tau = tau

self.device = device

take action(self, state):

state = torch.tensor([state], dtype=torch.float).to(self.device)
action = self.actor(state)[0]

return [action.item()]

calc_target(self, rewards, next states, dones): # IH+EH#RQE

next_actions, log prob = self.actor(next_states)

entropy = -log prob

gl_value = self.targetcritic_1l(next_states, next_actions)

g2 value = self.target critic 2(next states, next actions)

next value = torch.min(ql _value, g2 value) + self.log alpha.exp() * entropy
td_target = rewards + self.gamma * next_value * (1 - dones)

return td_target

soft_update(self, net, target net):
for param_target, param in zip(target net.parameters(), net.parameters()):
param_target.data.copy (param target.data * (1.0 - self.tau) + param.
data * self.tau)

update(self, transition_dict):
states = torch.tensor(transition dict['states'], dtype=torch.float).
to(self.device)
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actions = torch.tensor(transition dict['actions'], dtype=torch.float).
view(-1, 1).to(self.device)

rewards = torch.tensor(transition_dict['rewards'], dtype=torch.float).
view(-1, 1).to(self.device)

next states = torch.tensor(transition dict['next states'], dtype=torch.
float).to(self.device)

dones = torch.tensor (transition dict['dones'], dtype=torch.float).view(-1, 1).
to(self.device)

# MZBIET—8, SRR BRI 1T E 2 LUE %

rewards = (rewards + 8.0) / 8.0

# BT Q ML

td_target = self.calc_target(rewards, next states, dones)

critic 1 loss = torch.mean(F.mse loss(self.critic 1(states, actions),
td_target.detach()))

critic 2 loss = torch.mean(F.mse loss(self.critic 2(states, actions),
td_target.detach()))

self.critic_1 optimizer.zero_grad()

critic_1 loss.backward()

self.critic_1 optimizer.step()

self.critic 2 optimizer.zero_ grad()

critic_2 loss.backward()

self.critic_2 optimizer.step()

# BEITREEILS

new_actions, log prob = self.actor(states)

entropy = -log prob

gl value = self.critic_1l(states, new_actions)

g2 value = self.critic 2(states, new actions)

actor_loss = torch.mean(-self.log alpha.exp() * entropy - torch.min(ql_value,
g2 _value))

self.actor optimizer.zero grad()

actor_loss.backward()

self.actor optimizer.step()

# BEFfalpha B

alpha_loss = torch.mean((entropy - self.target entropy).detach() * self.
log alpha.exp())

self.log alpha_optimizer.zero_grad()

alpha_loss.backward()

self.log alpha_optimizer.step()

self.soft update(self.critic 1, self.target critic 1)
self.soft _update(self.critic_2, self.target critic_2)

PN RBATHAE R LRI E 2l T SAC Frikng !

env_name = 'Pendulum-vO'

env

gym.make (env_name)

state dim = env.observation space.shape[0]
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action_dim = env.action_space.shape[0]

action_bound = env.action_space.high[0] # MEREKE
random.seed(0)

np.random.seed(0)

env.seed(0)
torch.manual_seed(0)

actor_1lr = 3e-4

critic 1lr = 3e-3

alpha_lr = 3e-4

num_episodes = 100

hidden dim = 128

gamma = 0.99

tau = 0.005 # KEHESH

buffer size = 100000

minimal _size = 1000

batch size = 64

target _entropy = -env.action_space.shape[0]
device = torch.device("cuda") if torch.cuda.is available() else torch.device("cpu")

replay buffer = rl utils.ReplayBuffer(buffer size)
agent = SACContinuous(state_dim, hidden_dim, action_dim, action_bound, actor_lr,
critic_1lr, alpha_lr, target entropy, tau, gamma, device)

return_list = rl_utils.train_off_policy agent(env, agent, num_episodes, replay_
buffer, minimal size, batchsize)

Iteration 0: 100%
return=-1534.655]
Iteration 1: 100%
return=-1085.715]
Iteration 2: 100%
return=-377.923]
Iteration 3: 100%| || | 10/10 [00:13<00:00, 1.37s/it, episode=40,
return=-284.440]
Iteration 4: 100%
return=-183.556]
Iteration 5: 100%
return=-202.841]
Iteration 6: 100%
return=-193.436]
Iteration 7: 100%
return=-131.132]
Iteration 8: 100%
return=-181.888]
Iteration 9: 100%
return=-139.574]

I 0/10 [00:07<00:00, 1.35it/s, episode=10,

I 10/10 [00:13<00:00, 1.32s/it, episode=20,

I 1o/10 [00:13<00:00, 1.38s/it, episode=30,

I 10/10 [00:13<00:00, 1.36s/it, episode=50,

B io0/10 [00:14<00:00, 1.43s/it, episode=60,

I :0/10 [00:14<00:00, 1.41s/it, episode=70,

I 10/10 [00:14<00:00, 1.42s/it, episode=80,

I 1o/10 [00:14<00:00, 1.41s/it, episode=90,

B 0/10 [00:14<00:00, 1.42s/it, episode=100,

episodes_list = list(range(len(return_list)))
plt.plot(episodes_list, return_list)
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plt.xlabel('Episodes"')
plt.ylabel('Returns')
plt.title('SAC on {}'.format(env_name))

plt.show()

mv_return = rl_utils.moving average(return_list, 9)
plt.plot(episodes list, mv_return)
plt.xlabel('Episodes')

plt.ylabel('Returns')

plt.title('SAC on {}'.format(env_name))

plt.show()

SAC on Pendulum-v0

SAC on Pendulum-v0
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class PolicyNet(torch.nn.Module):

def __init__(self, state dim, hidden_dim, action_dim):

super (PolicyNet, self). _dinit__()

self.fcl = torch.nn.Linear (state dim, hidden_dim)

self.fc2 = torch.nn.Linear (hidden dim, action dim)

def forward(self, x):
x = F.relu(self.fcl(x))
return F.softmax(self.fc2(x),dim=1)

class QValueNet(torch.nn.Module):
v DE—EREEN QMg

def init__ (self, state dim, hidden dim, action_dim):

super (QValueNet, self). _init__()

self.fcl = torch.nn.Linear(state dim, hidden_dim)
self.fc2 = torch.nn.Linear(hidden_dim, action_dim)
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def forward(self, x):
x = F.relu(self.fcl(x))
return self.fc2(x)

TR X 2% A A LB E A, B AR E R 2% 22 Sl Re . AR EES T4
EAE @, BEATRAE, T EARIE R R BT — /IR [RIEE, R (4 2k a4k
RIS, AT R ST RAE

class SAC:
T ANIEESEENIERY SACEIE 1
def init__(self, state dim, hidden dim, action dim, actor_ lr, critic lr,
alpha_lr, target_entropy, tau, gamma, device):

# SREERILE

self.actor = PolicyNet(state dim, hidden dim, action dim).to(device)

# B QWK

self.critic_1 = QValueNet(state dim, hidden dim, action dim).to(device)

# B QMK

self.critic_2 = QValueNet(state dim, hidden dim, action dim).to(device)

self.target critic 1 = QValueNet(state dim, hidden dim, action dim).
to(device) # HF—1EIRQ ML

self.target critic_2 = QValueNet(state dim, hidden_dim, action_dim).
to(device) # FEZNHEIRQ MWK

# SHEIR Q MEBAIIRS I Q ME—H

self.target critic_1l.load state dict(self.critic_1l.state dict())

self.target_critic_2.load_state dict(self.critic_2.state_dict())

self.actor optimizer = torch.optim.Adam(self.actor.parameters(), lr=actor_1r)

self.critic_1 optimizer = torch.optim.Adam(self.critic 1l.parameters(),
lr=critic_1r)

self.critic_2 optimizer = torch.optim.Adam(self.critic_2.parameters(),
lr=critic_1r)

# {5 alpha Y log 18, STLABIIZERILRASE

self.log alpha = torch.tensor(np.log(0.01), dtype=torch.float)

self.log alpha.requires grad = True # TILAXS alpha KiFE

self.log alpha_optimizer = torch.optim.Adam([self.log alpha], lr=alpha_lr)

self.target _entropy = target entropy # B#R@HIA/N

self.gamma = gamma

self.tau = tau

self.device = device

def take action(self, state):
state = torch.tensor([state], dtype=torch.float).to(self.device)
probs = self.actor(state)
action_dist = torch.distributions.Categorical(probs)
action = action_dist.sample()

return action.item()

# ITEBIR Q B, BEAREMENE BRHTIEITE

def calc_target(self, rewards, next states, dones):
next_probs = self.actor(next states)
next_log probs = torch.log(next_probs + 1le-8)
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def

def

entropy = -torch.sum(next probs x next log probs, dim=1, keepdim=True)

gl value = self.target critic_l(next_states)

g2 _value = self.target critic 2(next states)

min_gvalue = torch.sum(next probs * torch.min(ql value, g2 value), dim=1,
keepdim=True)

next_value = min_qvalue + self.log alpha.exp() * entropy

td_target = rewards + self.gamma * next_value * (1 - dones)

return td_target

soft_update(self, net, target_net):
for param_target, param in zip(target net.parameters(), net.parameters()):
param_target.data.copy_ (param_target.data * (1.0 - self.tau) + param.
data * self.tau)

update(self, transition dict):

states = torch.tensor(transition dict['states'], dtype=torch.float).
to(self.device)

actions = torch.tensor(transition dict['actions']).view(-1, 1).to(self.
device) # EARBE float A

rewards = torch.tensor(transition dict['rewards'], dtype=torch.float).
view(-1, 1).to(self.device)

next_states = torch.tensor(transition_dict['next states'], dtype=torch.
float).to(self.device)

dones = torch.tensor(transition dict['dones'], dtype=torch.float).

view(-1, 1).to(self.device)

# B Q KL

td_target = self.calc target(rewards, next states, dones)

critic 1 g values = self.critic_l(states).gather (1, actions)

critic_1 loss = torch.mean(F.mse_loss(critic_1 q values, td_target.detach()))
critic 2 q values = self.critic 2(states).gather(1, actions)

critic_2 _loss = torch.mean(F.mse_loss(critic_2 q values, td_target.detach()))
self.critic_1 optimizer.zero_grad()

critic_1 loss.backward()

self.critic_1 optimizer.step()

self.critic_2 optimizer.zero_grad()

critic 2 loss.backward()

self.critic_2 optimizer.step()

# TR MLE

probs = self.actor(states)

log probs = torch.log(probs + 1e-8)

# EERREGETER

entropy = -torch.sum(probs * log probs, dim=1, keepdim=True) #

gl value = self.critic 1l(states)

g2_value = self.critic_2(states)

min_gvalue = torch.sum(probs * torch.min(ql_value, g2 _value), dim=1,
keepdim=True) # EIZIRIEHIRITEHIE

actor_loss = torch.mean(-self.log alpha.exp() * entropy - min_gvalue)
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self.actor optimizer.zero grad()
actor_loss.backward()
self.actor optimizer.step()

# i alpha B

alpha_loss = torch.mean((entropy - target_entropy).detach() * self.
log _alpha.exp())

self.log alpha_optimizer.zero_grad()

alpha_loss.backward()

self.log alpha_optimizer.step()

self.soft_update(self.critic_ 1, self.target critic 1)
self.soft _update(self.critic 2, self.target critic 2)

actor 1r = le-3
critic_lr = 1le-2
alpha 1lr = le-2
num_episodes = 200
hidden_dim = 128

gamma = 0.98

tau = 0.005 # KBEFHESH
buffer size = 10000
minimal size = 500
batch size = 64

target entropy = -1
device = torch.device("cuda") if torch.cuda.is available() else torch.device("cpu")

env name = 'CartPole-vO'

env = gym.make (env name)

random.seed(0)

np.random.seed(0)

env.seed(0)

torch.manual_seed(0)

replay_buffer = rl utils.ReplayBuffer (buffer size)

state dim = env.observation_space.shape[0]

action_dim = env.action_space.n

agent = SAC(state_dim, hidden_dim, action_dim, actor_lr, critic_lr, alpha_lr,

target_entropy, tau, gamma, device)

return_list = rl utils.train_off policy agent(env, agent, num episodes, replay buffer,

minimal size, batch size)

Iteration 0: 100%
return=19.700]
Iteration 1: 100%
return=10.600]
Iteration 2: 100%
return=10.000]

B 20/20 [00:00<00:00, 193.829t/s, episode=20,

I 20/20 [00:00<00:00, 29.39it/s, episode=40,

I 20/20 [00:00<00:00, 26.38it/s, episode=60,
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Iteration 3: 100%| || Il 20/20 [00:00<00:00, 24.32it/s, episode=80,
return=9.800]

Iteration 4: 100%| [l 20/20 [00:00<00:00, 26.861t/s, episode=100,
return=9.100]

Iteration 5: 100%| || Il 20/20 [00:00<00:00, 26.87it/s, episode=120,
return=9.500]

Iteration 6: 100%| || Il 20/20 [00:07<00:00, 2.64it/s, episode=14o0,
return=178.400]

Iteration 7: 100%| || Il 20/20 r[00:15<00:00, 1.33it/s, episode=160,
return=200.000]

Iteration 8: 100%| [ Il 20/20 [00:15<00:00, 1.31it/s, episode=1go,
return=200.000]

Iteration 9: 100%| [ Il 20/20 [00:15<00:00, 1.32it/s, episode=200,
return=197.600]

episodes_list = list(range(len(return_list)))
plt.plot(episodes list, return_list)
plt.xlabel('Episodes')

plt.ylabel('Returns')

plt.title('SAC on {}'.format(env_name))
plt.show()

mv_return = rl utils.moving average(return list, 9)
plt.plot(episodes list, mv_return)
plt.xlabel('Episodes')

plt.ylabel('Returns')

plt.title('SAC on {}'.format(env_name))

plt.show()
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15.4.1 EREREE

B, WANHE ERBNLT A, ik, HEEEEPPOSFINZ R BT 105 5
M, R S A R U . AR SE B A5 & artPole-v0, DL 2 PPO AL 4 7

import gym

import torch

import torch.nn.functional as F
import torch.nn as nn

import numpy as np

import matplotlib.pyplot as plt
from tgdm import tqdm
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import random

import rl utils

class PolicyNet(torch.nn.Module):

def

def

__init__(self, state dim, hidden_dim, action_dim):

super (PolicyNet, self)._ _dinit__()
self.fcl = torch.nn.Linear(state dim, hidden_dim)
self.fc2 = torch.nn.Linear (hidden dim, action_dim)

forward(self, x):
x = F.relu(self.fcl(x))
return F.softmax(self.fc2(x), dim=1)

class ValueNet(torch.nn.Module):

def __dinit (self, state dim, hidden dim):
super (ValueNet, self). 1init ()
self.fcl = torch.nn.Linear (state dim, hidden dim)
self.fc2 = torch.nn.Linear (hidden dim, 1)

def forward(self, x):
x = F.relu(self.fcl(x))
return self.fc2(x)

class PPO:
"' PPO BIE, RAIEMAAAE
def __init__(self, state dim, hidden dim, action_dim, actor_lr, critic_lr,
lmbda, epochs, eps, gamma, device):
self.actor = PolicyNet(state dim, hidden dim, action dim).to(device)
self.critic = ValueNet(state dim, hidden_dim).to(device)
self.actor optimizer = torch.optim.Adam(self.actor.parameters(),
lr=actor_1r)
self.critic_optimizer = torch.optim.Adam(self.critic.parameters(),
lr=critic_1r)

self.gamma = gamma
self.lmbda = lmbda
self.epochs = epochs # —ZREFIRVEIERTIIEGEEL
self.eps = eps # PPO H&EUTTEINSE
self.device = device

def take_action(self, state):
state = torch.tensor([state], dtype=torch.float).to(self.device)
probs = self.actor(state)
action_dist = torch.distributions.Categorical(probs)
action = action_ dist.sample()
return action.item()

def update(self, transition dict):

states = torch.tensor(transition dict['states'], dtype=torch.float).
to(self.device)

actions = torch.tensor(transition dict['actions']).view(-1, 1).to(self.
device)
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rewards = torch.tensor(transition dict['rewards'], dtype=torch.float).
view(-1, 1).to(self.device)

next_states = torch.tensor(transition_dict['next states'], dtype=torch.
float).to(self.device)

dones = torch.tensor(transition dict['dones'], dtype=torch.float).view(-1,
1) .to(self.device)

td_target = rewards + self.gamma * self.critic(next_states) * (1 - dones)

td_delta = td target - self.critic(states)

advantage = rl_utils.compute_advantage(self.gamma, self.lmbda, td_delta.
cpu()).to(self.device)

old log probs = torch.log(self.actor(states).gather(l, actions)).detach()

for _ in range(self.epochs):
log probs = torch.log(self.actor(states).gather(l, actions))
ratio = torch.exp(log_probs - old_log probs)
surrl = ratio * advantage
surr2 = torch.clamp(ratio, l-self.eps, l+self.eps) x advantage # Bif
actor_loss = torch.mean(-torch.min(surrl, surr2)) # PPOIRKEREL
critic_loss = torch.mean(F.mse loss(self.critic(states), td target.
detach()))
self.actor_optimizer.zero_grad()
self.critic_optimizer.zero_grad()
actor_loss.backward()
critic_loss.backward()
self.actor optimizer.step()
self.critic_optimizer.step()

actor 1r = le-3

critic

1r = 1le-2

num_episodes = 250

hidden
gamma
Tmbda
epochs
eps =
device

_dim = 128
= 0.98
= 0.95
= 10
0.2
= torch.device("cuda") if torch.cuda.is_available() else torch.device("cpu")

env_name = 'CartPole-vo'

env =
env.se
torch.

gym.make (env_name)
ed(0)
manual_seed(0)

state dim = env.observation_space.shape[0]

action_dim = env.action_space.n

ppo_agent = PPO(state_dim, hidden_dim, action_dim, actor_lr, critic_lr, lmbda,

epochs

, eps, gamma, device)

return_list = rl_utils.train_on_policy _agent(env, ppo_agent, num_ episodes)

Iterat

return
Iterat

ion 0: 100%
=40.700]
ion 1: 100%

B 25/25 [00:00<00:00, 32.561t/s, episode=20,

I 25/25 [00:09<00:00, 2.75it/s, episode=45,
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return=182.800]
Iteration 2: 100%
return=176.100]
Iteration 3: 100%
return=194.500]
Iteration 4: 100%
return=180.600]
Iteration 5: 100%
return=200.000]
Iteration 6: 100%
return=185.700]
Iteration 7: 100%
return=200.000]
Iteration 8: 100%
return=200.000]
Iteration 9: 100%
return=196.900]

I 25/25 [00:11<00:00, 2.27it/s, episode=70,
I 25/25 [00:11<00:00, 2.167t/s, episode=95,
B 25/25 [00:11<00:00, 2.08it/s, episode=120,
B 25/25 [00:12<00:00, 2.03it/s, episode=145,
B 25/25 [00:11<00:00, 2.08it/s, episode=170,
B 25/25 [00:11<00:00, 2.14it/s, episode=195,
B 25/25 [00:12<00:00, 2.05it/s, episode=220,

B 25/25 [00:11<00:00, 2.27it/s, episode=245,

BN RIFIE R Xl . PR LU 8, AT B — 20, FF A RA30

MIRESHEXSFEA (s, @) o FATR X 30 4> B AR ZRBLAT S0

def sample_expert data(n_episode):
states = []
actions = []
for episode in range(n_episode):
state = env.reset()
done = False
while not done:
action = ppo_agent.take action(state)
states.append(state)
actions.append(action)
next _state, reward, done, = env.step(action)
state = next_state

return np.array(states), np.array(actions)

env.seed(0)
torch.manual_seed(0)

random.seed(0)
n_episode = 1
expert_ s, expert_a = sample_expert_data(n_episode)

n_samples = 30 # 3XFf 30 NEUE

random_index = random.sample(range(expert_s.shape[0]), n_samples)
expert s = expert_s[random_index]

expert_a = expert_al[random_index]

15.4.2 TR UIESERE

FEBC 1, JRAH & 5HUR o (5,0, ) 9 @ YIRS, BC IR (LA % 2T o
+ SREFIECA S 1 00 V5677 T (92053 et
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class BehaviorClone:
def __dinit__(self, state dim, hidden_dim, action_dim, 1lr):
self.policy = PolicyNet(state dim, hidden dim, action dim).to(device)
self.optimizer = torch.optim.Adam(self.policy.parameters(), lr=1r)

def learn(self, states, actions):
states = torch.tensor(states, dtype=torch.float).to(device)
actions = torch.tensor(actions).view(-1, 1).to(device)
log _probs = torch.log(self.policy(states).gather(1l, actions))
bc_loss = torch.mean(-log probs) # ALt

self.optimizer.zero_grad()
bc_loss.backward()
self.optimizer.step()

def take_ action(self, state):
state = torch.tensor([state], dtype=torch.float).to(device)
probs = self.policy(state)
action_dist = torch.distributions.Categorical(probs)
action = action_dist.sample()
return action.item()

def test agent(agent, env, n_episode):
return_list = []
for episode in range(n_episode):
episode _return = 0
state = env.reset()
done = False
while not done:
action = agent.take_action(state)
next_state, reward, done, _ = env.step(action)
state = next_state
episode_return += reward
return_list.append(episode return)
return np.mean(return_list)

env.seed(0)
torch.manual_seed(0)
np.random.seed(0)

1r = le-3

bc_agent = BehaviorClone(state dim, hidden_dim, action_dim, 1r)
n_iterations = 1000

batch size = 64

test returns = []

with tqdm(total=n_iterations, desc="iHE%") as pbar:
for i 1in range(n_iterations):
sample_indices = np.random.randint(low=0, high=expert_s.shape[0],
size=batch size)
bc_agent.learn(expert_s[sample_indices], expert_a[sample_indices])
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5.

wEst: 100%| | | 1000/1000 [00:50<00:00, 19.82it/s, return=42.000]

current_return = test_agent(bc_agent, env, 5)
test _returns.append(current_return)
if (i+1) % 10 == 0:

pbar.set _postfix({'return': '%.3f' % np.mean(test returns[-10:])3})

pbar.update(1)

iteration_list = list(range(len(test_returns)))
plt.plot(iteration_ list, test returns)
plt.xlabel('Iterations')

plt.ylabel('Returns')

plt.title('BC on {}'.format(env_name))
plt.show()

BC on CartPole-v0
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class Discriminator(nn.Module):

def

def

FTRIEAX LB GAIL (RS . fERE—FEI5AH, GAIL o f SEms AT 52 1

__init__(self, state dim, hidden dim, action dim):

super (Discriminator, self). _init_ ()

self.fcl = torch.nn.Linear(state_dim + action_dim, hidden_dim)
self.fc2 = torch.nn.Linear(hidden_dim, 1)

forward(self, x, a):

cat = torch.cat([x, a], dim=1)

x = F.relu(self.fcl(cat))

return torch.sigmoid(self.fc2(x))

’

/.

K

FEBr
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class GAIL:
def __init__(self, agent, state dim, action_dim, hidden_dim, 1lr_d):
self.discriminator = Discriminator(state dim, hidden dim, action_dim).
to(device)
self.discriminator_optimizer = torch.optim.Adam(self.discriminator.
parameters(), lr=1r_d)
self.agent = agent

def learn(self, expert s, expert a, agent s, agent a, next s, dones):
expert_states = torch.tensor(expert s, dtype=torch.float).to(device)
expert _actions = torch.tensor(expert _a).to(device)
agent_states = torch.tensor(agent s, dtype=torch.float).to(device)
agent_actions = torch.tensor (agent_a).to(device)
expert_actions = F.one hot(expert actions, num classes=2).float()
agent_actions = F.one_hot(agent actions, num classes=2).float()

expert_prob = self.discriminator(expert states, expert_actions)

agent_prob = self.discriminator(agent states, agent actions)

discriminator_loss = nn.BCELoss() (agent_prob, torch.ones_like(agegmtob)) +
nn.BCELoss () (expert_prob, torch.zeros_like(expert_prob))

self.discriminator_optimizer.zero_grad()

discriminator_loss.backward()

self.discriminator_optimizer.step()

rewards = -torch.log(agent_prob).detach().cpu().numpy()

transition_dict = {'states': agent_s, 'actions': agent_a, 'rewards':
rewards, 'next_states': next s, 'dones': dones}

self.agent.update(transition_dict)

env.seed(0)

torch.manual_seed(0)

lr d = le-3

agent = PPO(state dim, hidden dim, action dim, actor 1lr, critic_lr, lmbda, epochs,
eps, gamma, device)

gail = GAIL(agent, state_dim, action_dim, hidden_dim, 1r_d)

n_episode = 500

return list = []

with tqdm(total=n_ episode, desc="#HE%") as pbar:
for i in range(n_episode):
episode return = 0
state = env.reset()
done = False
state list = []
action list = []
next state list = []
done list = []
while not done:
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action = agent.take_action(state)
next_state, reward, done, _ = env.step(action)
state list.append(state)
action_list.append(action)
next_state list.append(next state)
done_list.append(done)
state = next state
episode return += reward
return_list.append(episode_return)
gail.learn(expert_s, expert_a, state list, action_list, next_state list,
done_list)
if (i+1) % 10 == 0:
pbar.set postfix({'return': '%.3f' % np.mean(return_list[-10:])})
pbar.update(1)

wEst: 100%| | NN soc/s00 [04:08<00:00, 2.01it/s, return=200.000]

iteration_list = list(range(len(return_list)))
plt.plot(iteration list, return_list)
plt.xlabel('Episodes"')

plt.ylabel('Returns')

plt.title('GAIL on {}'.format(env_name))
plt.show()

GAIL on CartPole-v0

= “ IR

Returns

(1] 100 00 00 400 500
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WRIR B AR 750 B 1 38 — AN E0E @ SR 535538 H. o MPC 5 v 11— N S 5 2 i e] A2 ol — L ik
SEFRA, (EESIEA IR B 3] MPC A RIRIEIE. A i shAE 7 51 1 it
FEFR R 4T¥ (shooting) .,

16.2.1 BEHLFTEEX

A ALiT¥e% (random shooting method) FIMMGZZRENIA R N %ZMERFH, RIFEAEE%NET
FIREE—DEIERE, HR MNP REE— DB, BAHEN FKEy H K EF5.

Xf T LEfR BRI, XA TEAMEA R, T HBCRIEAR . WA, BEAREERPLIRFER
Fefili b, MRS O RIS SRR g ? Bk, AR A A —MTHEE: X TT

16.2.2 RXX@EHIE

XX J# 7 % (cross entropy method, CEM) J&—Milifbskmg /7%, ©RIZ .0 EARZ4Ed —
N SE AT, RIERFUCREER S5 R Fr A b S8, A b BE AT B = BRI
ENEFPHI ML LB o AHEL T RENLFT#EI, A2 SURS TV RERS A Y Z iR 3 1 LB B 45 21
FE—ERE L F I REE BB AN S, TSR & 3. 0 T — A s an 52 i)
I, ARSI A SR T IR R
for k¥ e=1—>E do

KA P(A) PR N ZHERFI A, A,

AT HFHIEFTN A, Ay, AIRBEA R4 R AL

ARAEIFAELERIRE M Loy tE 514, A4

AR5 A, - A, EH 5T P(A)

end for

IR ARSI AE 5 6 5 — SRR A, AR A AT R 2R IR A B AF
FRATTAT LA S ARG SR SEBLAE U TT i, e rboe R P BT IS 20 A

import numpy as np

ir

from scipy.stats import truncnorm
import gym

import itertools

import torch

import torch.nn as nn

import torch.nn.functional as F
import collections

import matplotlib.pyplot as plt

class CEM:
def _1init (self, n_sequence, elite ratio, fake env, upper_bound, lower bound):
self.n_sequence = n_sequence
self.elite ratio elite ratio

self.upper_bound = upper_bound
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self.lower bound = lower bound
self.fake env = fake env

def optimize(self, state, init_mean, init var):
mean, var = init_mean, init_var
X = truncnorm(-2, 2, loc=np.zeros_like(mean), scale=np.ones_like(var))
state = np.tile(state, (self.n_sequence, 1))

for _ 1in range(5):

1b_dist, ub dist = mean - self.lower bound, self.upper_bound - mean

constrained _var = np.minimum(np.minimum(np.square(lb dist / 2),
np.square(ub_dist / 2)), var)

# HERENERRS

action_sequences = [X.rvs() for _ in range(self.n _sequence)] * np.
sqrt(constrained_var) + mean

# THEEBENERFIRI RGN

returns = self.fake env.propagate(state, action sequences)[:, 0]

# ENRIREMESNETERNEFRS

elites = action sequences[np.argsort(returns)][-int(self.elite ratio *

self.n_sequence):]

new _mean = np.mean(elites, axis=0)

new var = np.var(elites, axis=0)

# BEHMERIDT

mean = 0.1 *x mean + 0.9 * new mean

var = 0.1 x var + 0.9 * new var

return mean

16.3 PETS &%

i A B R AR 69 HEF S AR (probabilistic ensembles with trajectory sampling PETS) J&—fi
i MPC FJJE TR 5k 22 21 5k . 76 PETS 1, MR AR AR R ST v, Bl ket
ZAMERA, R EHIX Z AR T I, &5 CEM #HATAA . K
K, BRATRVEGH S AE AR 5 AR P 1 7 v

TESRAG ST, 5 AR SE B 2 S
— NI RS, FrU G E R A A . . A
RS, BATEE N —A B At e
REPAWMATENE, 75218 K R
M (aleatoric uncertainty) HIA%n R # 52
. (epistemic uncertainty) . IR AN E 14 /2
H ARG A S AFAERIBENLIE S B, T A%
AN E T WL 3 A D B R BUR
H ENRIA 5 &, ikl 16-1 B, R

7E PET Hykrh, AR 2 H B 16-1  BSRANHA 2 MEAA R AN E 1
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16.4 PETS &i&XH

B, T HEEEN MOV R RO, AT SRR i R IME . AR S b
A% e A — R — DN

device = torch.device("cuda") if torch.cuda.is available() else torch.device("cpu")

class Swish(nn.Module):
"' Swish BUEREL '
def __dinit__(self):
super (Swish, self). 1init ()

def forward(self, x):
return x * torch.sigmoid(x)
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def init_weights(m):
T R REE
def truncated normal +init(t, mean=0.0, std=0.01):
torch.nn.init.normal_(t, mean=mean, std=std)

while True:
cond = (t < mean - 2 % std) | (t > mean + 2 * std)

if not torch.sum(cond):

break
t = torch.where(cond, torch.nn.init.normal (torch.ones(t.shape,

device=device), mean=mean, std=std), t)

return t

if type(m) == nn.Linear or isinstance(m, FCLayer):
truncated_normal_init(m.weight, std=1/(2 * np.sqrt(m._input_dim)))
m.bias.data.fill (0.0)

class FCLayer (nn.Module):
T ERZIENEERE

def
super (FCLayer, self). __init ()
self. input dim, self. output dim = dnput_dim, output dim

self.weight =

_init__(self, dinput_dim, output dim, ensemble size, activation):

nn.Parameter (torch.Tensor (ensemble size, input dim,

output dim).to(device))

self. activation = activation
self.bias =

nn.Parameter (torch.Tensor (ensemble_size, output_dim).

to(device))

def forward(self, x):

return self. activation(torch.add(torch.bmm(x, self.weight), self.bias

[, None, :1))

B, A A O BE SRR E S MR B

class EnsembleModel(nn.Module):
' SREEERLER

def

_init__(self, state dim, action_dim, ensemble size=5, learning rate=le-3):

super (EnsembleModel, self)._ _init_ ()
# WMEEENENLE, At2IRE SR 2 FgIm S
self. output dim = (state dim + 1) % 2

self._max_logvar = nn.Parameter((torch.ones((1, self. output dim // 2)).
float() / 2).to(device), requires grad=False)
self._min_logvar = nn.Parameter ((-torch.ones((1, self. output_dim // 2)).

float() * 10).to(device), requires_grad=False)

self.layerl = FCLayer(state dim + action_dim, 200, ensemble size, Swish())
self.layer2 = FCLayer (200, 200, ensemble size, Swish())

self.layer3 = FCLayer (200, 200, ensemble size, Swish())

self.layer4 = FCLayer (200, 200, ensemble_size, Swish())

self.layer5 = FCLayer (200, self. output dim, ensemble size, nn.Identity())
self.apply(init weights) # #IIACIMEERIhRYSE]

self.optimizer = torch.optim.Adam(self.parameters(), lr=learning rate)
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def forward(self, x, return_log var=False):
ret = self.layer5(self.layer4(self.layer3(self.layer2(self.layerl(x)))))
mean = ret[:, :, :self. output dim // 2]
# TE PETS BiEH , BAERSIER/MENISKEZ(E
logvar = self._max_logvar - F.softplus(self._max_logvar - ret[:, :,
self. output dim // 2:])
logvar = self. min logvar + F.softplus(logvar - self. min_logvar)
return mean, logvar if return_log _var else torch.exp(logvar)

def loss(self, mean, logvar, labels, use var loss=True):

inverse_var = torch.exp(-logvar)

if use var loss:
mse_loss = torch.mean(torch.mean(torch.pow(mean - labels, 2) *

inverse_var, dim=-1), dim=-1)

var_loss = torch.mean(torch.mean(logvar, dim=-1), dim=-1)
total loss = torch.sum(mse loss) + torch.sum(var_loss)

else:
mse_loss = torch.mean(torch.pow(mean - labels, 2), dim=(1, 2))
total loss = torch.sum(mse loss)

return total loss, mse loss

def train(self, loss):
self.optimizer.zero grad()
loss += 0.01 * torch.sum(self. max_logvar) - 0.01 x torch.sum(selfin_logvar)
loss.backward()
self.optimizer.step()

TR R, BATE XL — EnsembleDynamicsModel 28, BTG i) ISR TH15 S0 Mg 4n
the BRI S, FRATHASIRBERIVIZRFCE, T RO 2 IR B 5 — 35043 B8 B e
Hok, HFIIEAETIRRI, 765 WRIKA PRI F 5L 145,

class EnsembleDynamicsModel:
T IRISIRBUER AL, IMNARARILATIIZR
def __dinit__(self, state dim, action_dim, num_network=5):
self. num network = num network
self. state dim, self. action dim = state dim, action dim
self.model = EnsembleModel(state dim, action_dim, ensemble_size=num_network)
self. epoch_since last update = 0

def train(self, 1inputs, labels, batch_size=64, holdout_ratio=0.1, max_iter=20):
# RBIGESKIFE
permutation = np.random.permutation(inputs.shape[0])
inputs, labels = -dinputs[permutation], labels[permutation]
num_holdout = int(inputs.shape[0] * holdout ratio)
train_inputs, train_labels = -dnputs[num holdout:], labels[num_holdout:]
holdout_inputs, holdout_labels = dinputs[:num_holdout], labels[:num_holdout]
holdout inputs = torch.from numpy(holdout inputs).float().to(device)
holdout labels = torch.from_numpy(holdout labels).float().to(device)
holdout_inputs = holdout inputs[None, :, :].repeat([self._num network, 1, 1])
holdout_labels = holdout labels[None, :, :].repeat([self._num network, 1, 1])
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# (REBRIFAVE
self._snapshots = {i: (None, 1el0) for i 1in range(self._num_network)}

for epoch 1in itertools.count():
# EXB—RIERNIEEE
train_index = np.vstack([np.random.permutation(train_inputs.shape[0])
for _ 1in range(self._num_network)])
# FRBESLEIEEBARIIE
for batch_start_pos 1in range(0, train_inputs.shape[0], batch_size):
batch index = train_index[:, batch start pos: batch start pos +
batch_size]
train_input = torch.from numpy(train_inputs[batch index]).float().
to(device)
train_label = torch.from numpy(train labels[batch -index]).float().

to(device)

mean, logvar = self.model(train_input, return_log var=True)
loss, _ = self.model.loss(mean, logvar, train_label)
self.model.train(loss)

with torch.no grad():
mean, logvar = self.model(holdout inputs, return log var=True)
_, holdout_losses = self.model.loss(mean, logvar, holdout_labels,
use_var_loss=False)
holdout_losses = holdout losses.cpu()
break condition = self. save best(epoch, holdout losses)
if break_condition or epoch > max_iter: # ZERi/llZk

break

def _save best(self, epoch, losses, threshold=0.1):
updated = False
for i in range(len(losses)):
current = losses[i]
_, best = self. snapshots[i]
improvement = (best - current) / best
if improvement > threshold:
self. snapshots[i] = (epoch, current)
updated = True
self. epoch_since last update = 0 if updated else self. epoch_since last_
update + 1
return self. epoch_since last update > 5

def predict(self, inputs, batch size=64):
mean, var = [], []
for i in range(0, inputs.shape[0], batch_size):
input = torch.from numpy(inputs[i:min(i + batch size, inputs.shape[0])]).
float().to(device)
cur_mean, cur_var = self.model(input[None, :, :].repeat([self._numetwork,
1, 1]), return_log var=False)
mean.append(cur_mean.detach().cpu().numpy())
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var.append(cur_var.detach().cpu().numpy())
return np.hstack(mean), np.hstack(var)

A TR 5, AT LLE LM FakeEnv, TEM T L4 e REMENE, HI
MR BORIEAT T - %R = HIAE MPC Bk

class FakeEnv:
def __dinit__(self, model):
self.model = model

def step(self, obs, act):
inputs = np.concatenate((obs, act), axis=-1)
ensemble_model_means, ensemble_model vars = self.model.predict(inputs)
ensemble _model means[:, :, 1:] += obs.numpy()
ensemble model stds = np.sqrt(ensemble model vars)
ensemble _samples = ensemble model means + np.random.normal(size=ensemble_
model _means.shape) * ensemble model stds

num_models, batch_size, _ = ensemble_model _means.shape

models _to use = np.random.choice([i for i in range(self.model. num network)],
size=batch size)

batch_inds = np.arange(0, batch_size)

samples = ensemble samples[models to use, batch inds]

rewards, next obs = samples[:, :1], samples[:, 1:]

return rewards, next obs

def propagate(self, obs, actions):
with torch.no_grad():
obs = np.copy(obs)
total reward = np.expand dims(np.zeros(obs.shape[0]), axis=-1)
obs, actions = torch.as _tensor(obs), torch.as_tensor(actions)
for i in range(actions.shape[1l]):
action = torch.unsqueeze(actions[:, i], 1)
rewards, next obs = self.step(obs, action)
total reward += rewards

obs = torch.as tensor(next_obs)
return total reward

R ok E X4 K Atk 28 Replay Buffer, 52 ARz Tixtth, BhAabZ5 BB X
STEASEIL— A3 0] T A B0 ) R

class ReplayBuffer:
def __dinit__(self, capacity):

self.buffer = collections.deque(maxlen=capacity)

def add(self, state, action, reward, next_state, done):
self.buffer.append((state, action, reward, next state, done))

def size(self):
return len(self.buffer)

def return_all samples(self):
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all transitions = list(self.buffer)

stat
retu

e, action, reward, next_state, done = zip(xall_transitions)
rn np.array(state), action, reward, np.array(next_state), done

BN R RPETS B EAKE 5.

class PETS:
TOPETSEIE '
def __init__(self, env, replay buffer, n_sequence, elite ratio, plan_horizon,
num_episodes):
self. env = env
self. env_pool = ReplayBuffer(buffer_size)

def

def

obs dim = env.observation space.shape[0]

self.
self.

self.

self
self

self.

self
self

trai

_action_dim = env.action_space.shape[0]

_model = EnsembleDynamicsModel(obs_dim, self._ action_dim)
_fake_env = FakeEnv(self. model)

.upper_bound = env.action_space.high[0]

. lower_bound = env.action_space.low[0]

_cem = CEM(n_sequence, elite ratio, self. fake env, self.upper_bound,
self.lower_bound)

.plan_horizon = plan_horizon

.num_episodes = num_episodes

n_model(self):

env samples = self. env_pool.return_all_samples()

obs

acti
rewa
next
inpu
labe
self

mpc (
mean

var

obs,
whil

retu

= env_samples[0]
ons = np.array(env_samples[1])
rds = np.array(env_samples[2]).reshape(-1, 1)

_obs = env_samples[3]

ts = np.concatenate((obs, actions), axis=-1)

1s = np.concatenate((rewards, next_obs - obs), axis=-1)

._model.train(inputs, labels)

self):

= np.tile((self.upper bound + self.lower bound) / 2.0, self.plan_
horizon)

= np.tile(np.square(self.upper_bound - self.lower_bound) / 16, self.
plan_horizon)

done, episode return = self. env.reset(), False, 0

e not done:

actions = self. cem.optimize(obs, mean, var)

action = actions[:self. action dim] # I&ENE—NE

next obs, reward, done, = = self. env.step(action)

self. env_pool.add(obs, action, reward, next obs, done)

obs = next obs

episode _return += reward

mean = np.concatenate([np.copy(actions)[self. action dim:], np.zeros
(self. action dim)])

rn episode_return
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def explore(self):

obs, done, episode return = self. env.reset(), False, 0

while not done:
action = self. env.action space.sample()
next_obs, reward, done, _ = self. _env.step(action)
self. env _pool.add(obs, action, reward, next obs, done)
obs = next obs
episode_return += reward

return episode_return

def train(self):
return_list = []
explore_return = self.explore() # SCiH1TRENIREEAVIRESRINE—SFFIRISIRE
print('episode: 1, return: %d' % explore return)
return_list.append(explore return)

for i_episode 1in range(self.num episodes-1):
self.train _model()
episode return = self.mpc()
return_list.append(episode return)
print('episode: %d, return: %d' % (i_episode+2, episode return))
return return list
RIS AEFRATE B SR El— T, PAN AU 5 2 — € i AT I Al
buffer_size = 100000
n_sequence = 50
elite ratio = 0.2
plan_horizon = 25
num_episodes = 10

env_name = 'Pendulum-vO'
env = gym.make(env_name)

replay buffer = ReplayBuffer(buffer_size)
pets = PETS(env, replay buffer, n_sequence, elite ratio, plan_horizon, num episodes)
return_list = pets.train()

episodes_list = list(range(len(return_list)))
plt.plot(episodes_list, return_list)
plt.xlabel('Episodes')

plt.ylabel('Returns')

plt.title('PETS on {}'.format(env_name))

plt.show()

episode: 1, return: -1062
episode: 2, return: -1257
episode: 3, return: -1792
episode: 4, return: -1225
episode: 5, return: -248
episode: 6, return: -124
episode: 7, return: -249
episode: 8, return: -269
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episode: 9, return: -245
episode: 10, return: -119

PETS on Pendulum-v0

1000

Returns

4 - 8

Episodes

T ULE 1, PETS SUARIBCRARH U, (H2 1 TR IR B fF #0 5 B F AT K&
RIdEl, PIIs Tl AR 18, 5 SAC FIEM 4 Rt Tx LAl A& i, PETS HiE K KR
FEARZA, {EE SAC SRR B L IR BUM I Z I IL T LIS T A2 R .

16.5 /©\g5

W RS S, BATH LA R R MPC) D5 H AL, BlineE A
it SR AN ZR s, w] DASE S ORI I3RS, ] DUEAT D B ). (HA2 MPC AT 1R
BRAE, Bl Gp S R AE 22 S0 I 2 T IAE R 2 KR BRAIR, T R A 42 ) SR o T 2% R GE T REANG o
MPC i&A7 — AN ™ B R R, BIARE T SR R A AR, I A — S SR 2 I {2k 5K
B ) 2R 48 TR N AR A AN KBS
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T, BATRA LB ENE.

import gym

from collections import namedtuple
import itertools

from itertools +import count

import torch
import torch.nn as nn
import torch.nn.functional as F
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from torch.distributions.normal import Normal
import numpy as np

import collections

import random

import matplotlib.pyplot as plt

MBPO S ZFAH 1 SAC H ikl Zhoing . fl SACH LM, MBPO £ [ T —Sefi A HE i3
BREAE AR SRS . 2R T SAC J5ik i EANE AR, B AT LAB 58 14 BTN AR . 3K
TR SAC AR B4 = i 2] b Ak

class PolicyNet(torch.nn.Module):
def __dinit__(self, state dim, hidden_dim, action_dim, action_bound):
super (PolicyNet, self). dinit ()
self.fcl = torch.nn.Linear(state dim, hidden_dim)
self.fc_mu = torch.nn.Linear (hidden_dim, action_dim)
self.fc std = torch.nn.Linear (hidden dim, action dim)
self.action bound = action bound

def forward(self, x):
x = F.relu(self.fcl(x))
mu = self.fc mu(x)
std = F.softplus(self.fc_std(x))

dist = Normal(mu, std)
normal_sample = dist.rsample() # rsample() 2EESELFHERI

log prob = dist.log prob(normal_sample)
action = torch.tanh(normal_sample)
# itE tanh_normal DRI RZE

log prob = log prob - torch.log(l-torch.tanh(action).pow(2) + le-7)
action = action * self.action bound

return action, log prob

class QValueNet(torch.nn.Module):
def __dinit _(self, state dim, hidden dim, action dim):
super (QValueNet, self). _dinit ()
self.fcl = torch.nn.Linear(state dim + action_dim, hidden_dim)
self.fc2 = torch.nn.Linear (hidden dim, 1)

def forward(self, x, a):
cat = torch.cat([x, a], dim=1) # FHEIREMENE
x = F.relu(self.fcl(cat))
return self.fc2(x)
device = torch.device("cuda") if torch.cuda.is available() else torch.device("cpu")

class SAC:
T ANEEELEE(FR SACEIE 1!
def__init_ _(self, state dim, hidden dim, action_dim, action _bound, actor_lr,
critic_lr, alpha_lr, target _entropy, tau, gamma):
self.actor = PolicyNet(state dim, hidden dim, action dim, action_bound).
to(device) # REZRILE

# B QL
self.critic_1 = QValueNet(state dim, hidden_dim, action_dim).to(device)
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# BT QWK

self.critic_2 = QValueNet(state dim, hidden_dim, action_dim).to(device)

self.target _critic_1 = QValueNet(state_dim, hidden_dim, action_dim).to
(device) # F—1B#RQ ML

self.target critic 2 = QValueNet(state dim, hidden dim, action dim).to
(device) # EZANB#RQ MK

# SHEIR Q MBAIIIESHFN Q ME—H

self.target critic 1.load state dict(self.critic_1l.state dict())

self.target_critic_2.load_state dict(self.critic_2.state_dict())

self.actor optimizer = torch.optim.Adam(self.actor.parameters(),
lr=actor_1r)

self.critic_1 optimizer = torch.optim.Adam(self.critic_1.parameters(),
lr=critic_1r)

self.critic 2 optimizer = torch.optim.Adam(self.critic 2.parameters(),
lr=critic_1r)

# {5 alpha Y log &, ST LAFIIZE R LR ISE

self.log alpha = torch.tensor(np.log(0.01), dtype=torch.float)

self.log alpha.requires grad = True # TILI¥ alpha kiBE

self.log alpha optimizer = torch.optim.Adam([self.log alpha]l, lr=alpha_1r)

self.target entropy = target_entropy # B#REHIX/N

self.gamma = gamma

self.tau = tau

def take action(self, state):
state = torch.tensor([state], dtype=torch.float).to(device)
action = self.actor(state)[0]
return [action.item()]

def calc target(self, rewards, next states, dones): # It&EHIRQE
next_actions, log prob = self.actor(next_states)
entropy = -log prob
gl_value = self.target critic_l(next_states, next_actions)
g2_value = self.target critic_2(next_states, next_actions)
next _value = torch.min(gql value, g2 value) + self.log alpha.exp() * entropy
td_target = rewards + self.gamma * next_value x* (1 - dones)
return td_target

def soft_update(self, net, target net):
for param target, param in zip(target net.parameters(), net.parameters()):

param_target.data.copy (param_target.data * (1.0 - self.tau) + param.
data * self.tau)

def update(self, transition dict):
states = torch.tensor(transition dict['states'], dtype=torch.float).to(device)

actions = torch.tensor(transition dict['actions'], dtype=torch.float).
view(-1, 1).to(device)

rewards = torch.tensor(transition dict['rewards'], dtype=torch.float).
view(-1, 1).to(device)

next_states = torch.tensor(transition dict['next states'], dtype=torch.
float) .to(device)

dones = torch.tensor(transition_dict['dones'], dtype=torch.float).
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view(-1, 1).to(device)
rewards = (rewards + 8.0) / 8.0 # XIESIEINESHIREFIFHITELE

# B Q ML

td_target = self.calc_target(rewards, next states, dones)

critic 1 loss = torch.mean(F.mse loss(self.critic_l(states, actions),
td_target.detach()))

critic 2 _loss = torch.mean(F.mse_loss(self.critic_2(states, actions),
td_target.detach()))

self.critic_1 optimizer.zero_grad()

critic 1 loss.backward()

self.critic_1 optimizer.step()

self.critic_2 optimizer.zero_grad()

critic 2 loss.backward()

self.critic 2 optimizer.step()

# EFTRASMILS

new_actions, log prob = self.actor(states)

entropy = -log prob

gl value = self.critic 1l(states, new actions)

g2 value = self.critic 2(states, new actions)

actor_loss = torch.mean(-self.log alpha.exp() * entropy - torch.min
(gl value, g2 value))

self.actor_optimizer.zero_grad()

actor_loss.backward()

self.actor _optimizer.step()

# B3 alpha &

alpha_loss = torch.mean((entropy - target entropy).detach() x self.
log alpha.exp())

self.log alpha_optimizer.zero_grad()

alpha_loss.backward()

self.log alpha_optimizer.step()

self.soft update(self.critic_1, self.target critic_1)
self.soft_update(self.critic_2, self.target_critic_2)

PR ok UOAETAY, 3 R B BRI PETS Sk RS & —FE, B4
BT A RS TS R A . FRATT AT PETS B3 Hb i Ass 204 1) AR o
class Swish(nn.Module):
"YU Swish BUEREL
def __dinit__ (self):
super (Swish, self). _1dinit_ ()

def forward(self, x):
return x * torch.sigmoid(x)

def init weights(m):
' IRIEBINE
def truncated_normal_+init(t, mean=0.0, std=0.01):
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torch.nn.init.normal_(t, mean=mean, std=std)

while True:
cond = (t < mean - 2 % std) | (t > mean + 2 * std)
if not torch.sum(cond):

break
t = torch.where(cond, torch.nn.init.normal_(torch.ones(t.shape,
device=device), mean=mean, std=std), t)

return t

if type(m) == nn.Linear or disinstance(m, FCLayer):
truncated normal init(m.weight, std=1/(2 * np.sqrt(m._input dim)))
m.bias.data.fill (0.0)

class FCLayer(nn.Module):
Y ERZENEIEER '
def __dinit__(self, dinput dim, output dim, ensemble size, activation):
super (FCLayer, self). dinit ()
self. input_dim, self. output dim = input_dim, output dim
self.weight = nn.Parameter(torch.Tensor(ensemble _size, input dim,
output_dim).to(device))
self. activation = activation
self.bias = nn.Parameter(torch.Tensor (ensemble _size, output dim).to(device))

def forward(self, x):
return self._ activation(torch.add(torch.bmm(x, self.weight), self.bias

[:, None, :]))
g, AT Do CEERURE R T, Hodgi s F 2NN E R 4E 2

class EnsembleModel(nn.Module):
T ORSIREUERRE
def__init_ _(self, state dim, action dim, model alpha, ensemble size=5,
learning_rate=1le-3):
super (EnsembleModel, self). _init_ ()
# BWHEENENSE, AL 2RESEMERE 2N
self. output dim = (state dim + 1) * 2
self. model alpha = model alpha # FEEURKLHEFINATAIINE
self. max_logvar = nn.Parameter((torch.ones((1, self. output dim // 2)).
float() / 2).to(device), requires grad=False)
self. min_logvar = nn.Parameter((-torch.ones((1, self. output dim // 2)).
float() * 10).to(device), requires_grad=False)

self.layerl = FCLayer(state dim + action_dim, 200, ensemble_size, Swish())
self.layer2 = FCLayer (200, 200, ensemble size, Swish())

self.layer3 = FCLayer (200, 200, ensemble size, Swish())

self.layer4 = FCLayer (200, 200, ensemble size, Swish())

self.layer5 = FCLayer (200, self. output dim, ensemble size, nn.Identity())
self.apply(init weights) # #ALIREIERINHISE

self.optimizer = torch.optim.Adam(self.parameters(), lr=learningrate)

def forward(self, x, return_log var=False):
ret = self.layer5(self.layer4(self.layer3(self.layer2(self.layerl(x)))))
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mean = ret[:, :, :self. output dim // 2]

# TE PETS B, BAZERFIER/IMEIRKEZ(E

logvar = self._max_logvar - F.softplus(self._max_logvar - ret[:,
self. output dim // 2:])

logvar = self._min_logvar + F.softplus(logvar - self. _min_logvar)

return mean, logvar if return_log var else torch.exp(logvar)

*

def loss(self, mean, logvar, labels, use_var loss=True):

inverse_var = torch.exp(-logvar)

if use var loss:
mse_loss = torch.mean(torch.mean(torch.pow(mean - labels, 2) * inverse_var,

dim=-1), dim=-1)

var_loss = torch.mean(torch.mean(logvar, dim=-1), dim=-1)
total loss = torch.sum(mse loss) + torch.sum(var_loss)

else:
mse_loss = torch.mean(torch.pow(mean - labels, 2), dim=(1, 2))
total loss = torch.sum(mse loss)

return total loss, mse loss

def train(self, loss):
self.optimizer.zero grad()
loss += self. model alpha * torch.sum(self. max_logvar) - self.model alpha *
torch.sum(self. _min_logvar)
loss.backward()
self.optimizer.step()
class EnsembleDynamicsModel:
T RSIRBUER AL, IMNKRERILRTIIZ:
def __dinit__(self, state dim, action_dim, model alpha=0.01, num network=5):
self. num network = num network
self. state dim, self. action dim = state dim, action_dim
self.model = EnsembleModel(state dim, action_dim, model alpha,
ensemble size=num network)
self. epoch_since last update = 0

def train(self, inputs, labels, batch size=64, holdout _ratio=0.1, max_iter=20):
# REIIGESKIFSE
permutation = np.random.permutation(inputs.shape[0])

inputs, labels = inputs[permutation], labels[permutation]

num_holdout = dint(inputs.shape[0] * holdout ratio)

train_inputs, train_labels = -dnputs[num holdout:], labels[num_holdout:]
holdout inputs, holdoutlabels = [dinputs[:num holdout], labels[:num holdout]
holdout_inputs = torch.from_numpy (holdout inputs).float().to(device)

holdout labels = torch.from numpy(holdout labels).float().to(device)
holdout_inputs = holdout inputs[None, :, :].repeat([self. num network, 1, 1])
holdout _labels = holdout labels[None, :, :].repeat([self. num network, 1, 1])

# (REBRIFRIG

self._snapshots = {i: (None, 1el0) for i in range(self._num_network)}

for epoch 1in itertools.count():
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# EXEF—NREHNIGEIE
train_index = np.vstack([np.random.permutation(train_inputs.shape[0])
for in range(self._num_network)])

# FRBESLEIEEBANRIIZ
for batch_start pos in range(0, train_inputs.shape[0], batch_size):
batch index = train_index[:, batch start pos: batch start pos +
batch size]
train_input = torch.from_numpy(train_inputs[batch index]).float().
to(device)
train_label = torch.from numpy(train labels[batch index]).float().

to(device)

mean, logvar = self.model(train_input, return_log var=True)
loss, = self.model.loss(mean, logvar, train_label)
self.model.train(loss)

with torch.no grad():
mean, logvar = self.model(holdout_inputs, return_log var=True)
holdout losses = self.model.loss(mean, logvar, holdout labels,
use var loss=False)
holdout losses = holdout losses.cpu()

break condition = self. save best(epoch, holdout losses)
if break_condition or epoch > max_iter: # ZERi/llZ

—

break

def _save best(self, epoch, losses, threshold=0.1):
updated = False
for i in range(len(losses)):
current = losses[i]
_, best = self. snapshots[i]
improvement = (best - current) / best
if dimprovement > threshold:
self. snapshots[i] = (epoch, current)
updated = True
self. epoch_since last update = 0 if updated else self. epoch since_
last update + 1
return self. epoch since last update > 5

def predict(self, inputs, batch size=64):
inputs = np.tile(inputs, (self. num network, 1, 1))
inputs = torch.tensor (inputs, dtype=torch.float).to(device)
mean, var = self.model(inputs, return_log var=False)

return mean.detach().cpu().numpy(), var.detach().cpu().numpy()

class FakeEnv:
def __init__(self, model):
self.model = model

def step(self, obs, act):
inputs = np.concatenate((obs, act), axis=-1)
ensemble _model means, ensemble model vars = self.model.predict(inputs)
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ensemble _model means[:, :, 1:] += obs

ensemble model _stds = np.sqrt(ensemble model vars)

ensemble _samples = ensemble model means + np.random.normal(size=ensemble_
model means.shape) * ensemble model stds

num_models, batch_size, _ = ensemble_model _means.shape

models_to _use = np.random.choice([i for i 1in range(self.model. num_network)],
size=batch size)

batch_inds = np.arange(0, batch_size)

samples = ensemble_samples[models to use, batch_inds]

rewards, next obs = samples[:, :1][0][0], samples[:, 1:][0]

return rewards, next_obs

a, ARSI MBPO BLIE 1 B AR o

class MBPO:
def __init__(self, env, agent, fake env, env_pool, model pool, rollout length,
rollout_batch_size, real ratio, num episode):

self.env = env

self.agent = agent

self.fake env = fake env

self.env_pool = env_pool

self.model pool = model pool

self.rollout length = rollout length
self.rollout_batch_size = rollout_batch_size
self.real ratio = real ratio

self.num episode = num episode

def rollout model(self):
observations, _, _, _, _ = self.env_pool.sample(self.rollout batch_size)
for obs in observations:
for i in range(self.rollout_length):
action = self.agent.take_action(obs)
reward, next obs = self.fake env.step(obs, action)
self.model pool.add(obs, action, reward, next obs, False)
obs = next obs

def update_agent(self, policy_train_batch_size = 64):
env_batch_size = 1int(policy train_batch size x self.real ratio)
model_batch_size = policy train_batch _size - env_batch_size
for epoch in range(10):
env_obs, env_action, env_reward, env_next obs, env_done = self.
env_pool.sample(env_batch size)
if self.model pool.size() > O:
model obs, model action, model reward, model next obs,
model done = self.model pool.sample(model batch size)
obs = np.concatenate((env_obs, model obs), axis=0)
action = np.concatenate((env_action, model action), axis=0)
next_obs = np.concatenate((env_next obs, model next obs), axis=0)
reward = np.concatenate((env_reward, model reward), axis=0)
done = np.concatenate((env_done, model done), axis=0)
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def

def

def

else:
obs, action, next obs, reward, done = env_obs, env_action,
env_next_obs, env_reward, env_done
transition dict = {'states': obs, 'actions': action, 'next states':
next_obs, 'rewards': reward, 'dones': done}
self.agent.update(transition_dict)

train_model(self):

obs, action, reward, next obs, done = self.env_pool.return_all samples()

inputs = np.concatenate((obs, action), axis=-1)

reward = np.array(reward)

labels = np.concatenate((np.reshape(reward, (reward.shape[0], -1)),
next_obs - obs), axis=-1)

self.fake _env.model.train(inputs, labels)

explore(self):
obs, done, episode return = self.env.reset(), False, 0
while not done:
action = self.agent.take action(obs)
next_obs, reward, done, _ = self.env.step(action)
self.env _pool.add(obs, action, reward, next obs, done)
obs = next obs
episode return += reward
return episode return

train(self):

return_list = []

explore_return = self.explore() # MEHUIRZEFXEHIE
print('episode: 1, return: %d' % explore return)

return_list.append(explore_return)

for i_episode 1in range(self.num episode-1):
obs, done, episode return = self.env.reset(), False, 0
step = 0
while not done:
if step % 50 ==
self.train_model()
self.rollout _model()
action = self.agent.take_action(obs)
next_obs, reward, done, = self.env.step(action)
self.env _pool.add(obs, action, reward, next obs, done)
obs = next_obs

episode return += reward

self.update_agent()
step += 1
return_list.append(episode return)
print('episode: %d, return: %d' % (i_episode+2, episode return))
return return list
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class ReplayBuffer:
def __dinit__(self, capacity):
self.buffer = collections.deque(maxlen=capacity)

def add(self, state, action, reward, next state, done):
self.buffer.append((state, action, reward, next state, done))

def size(self):
return len(self.buffer)

def sample(self, batch size):
if batch size > len(self.buffer):
return self.return all samples()
else:
transitions = random.sample(self.buffer, batch size)
state, action, reward, next state, done = zip(*transitions)
return np.array(state), action, reward, np.array(next state), done

def return_all samples(self):
all transitions = list(self.buffer)
state, action, reward, next state, done = zip(*all transitions)
return np.array(state), action, reward, np.array(next state), done

STARBSRE, BRIMFEREAFANSE. XHELLOpenAl Gym FH) Pendulum-vOIf 3%
R, g — HACR BN S S T LLRE B SRS AL WA SRR .

real ratio = 0.5

env_name = 'Pendulum-vO'

env = gym.make(env_name)

num _episodes = 20

actor 1r = 5e-4

critic 1r = 5e-3

alpha 1lr = le-3

hidden dim = 128

gamma = 0.98

tau = 0.005 # KEHSH

buffer size = 10000

target entropy = -1

model alpha = 0.01 # BWEURKREFAINININE
state dim = env.observation_space.shape[0]
action dim = env.action space.shape[0]
action bound = env.action space.high[0] # ZNERKE

rollout batch size = 1000
rollout length = 1 # HEKE K, HEFESER
model_pool_size = rollout_batch_size * rollout_length

agent = SAC(state_dim, hidden_dim, action_dim, action_bound, actor_lr, critic_lr,
alpha_lr, target entropy, tau, gamma)

model = EnsembleDynamicsModel(state_dim, action_dim, model_alpha)

fake env = FakeEnv(model)

env_pool = ReplayBuffer(buffer_size)
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model pool = ReplayBuffer(model pool size)
mbpo = MBPO(env, agent, fake_env, env_pool, model pool, rollout length,
rollout batch size, real ratio, num_episodes)

return_list = mbpo.train()

episodes_list = list(range(len(return_list)))
plt.plot(episodes list, return_list)
plt.xlabel('Episodes')

plt.ylabel('Returns')

plt.title('MBPO on {}'.format(env_name))

plt.show()

episode: 1, return: -1083
episode: 2, return: -1324
episode: 3, return: -979
episode: 4, return: -130
episode: 5, return: -246
episode: 6, return: -2
episode: 7, return: -239
episode: 8, return: -2
episode: 9, return: -122

episode: 10, return: -236
episode: 11, return: -238
episode: 12, return: -2

episode: 13, return: -127
episode: 14, return: -128
episode: 15, return: -125
episode: 16, return: -124
episode: 17, return: -125
episode: 18, return: -247
episode: 19, return: -127
episode: 20, return: -129

MBPO on Pendulum-v0

-200 1
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—800

-1000 1

-1200 A

T T T T
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ATULVE R, MR R sR i S 5%, SR TR T AMBPO fEREARR FE R Z
BRK AR ATREA I 16.3 F54R 2 PETS FIAILTS, (HRAEVFZ EIME RIS (I
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Hopper #l1 HalfCheetah), MBPO )£ Iz iz iF T PETS &y,

17.4 NG

MBPO Sidi it — R A TR i 22 S 0%, el 17— A EE S — 7 S
o RIS, 1EFHIIE T MBPO IR 2 fi % TR 177 % . MBPO X1
SRR SR SR R AR, AN JE K TARE AR AR BT

B 7 SR e, MBPO B ZSTE Wl 45 1 1 ok T SO P B SR R %
SR i B2 R R 2 ) ) E B G A, BET R B T A A I AT AT UM A5 0F 8 A BB A, A4
BB IR 3 1R B D8 0 SCHE T8 2D B o0, 38 T BSOS {68 Y A S A Y A I 1 B8 7 B 4E17.5
T

17.5 #EEE: MBP O Bigor

17.5.1 MEBERFTRIREIERE
R 7 A R BRBR B AR T NS OB, (LA B RAIE 8 ZLSRBA B o SR
PEREAT IR T, [RIBL, FRA 1A SRR A BUSERRIE o (0 45 SR 0 22 BT — 52 IR PR, FLA T
-
1 =4lr]-C,

Horp, o 7)) R S AE FCSEIA T AR [T, 1077 [ ] 3RS SRS AR AR P o A S0 B2 [ 4
Ry ARIE T AERE R PR 58 v i ve SRR R eI € I, ol vl DAAE S SR 5 mh A SRS E 1Y
=Tt

FEMBPO 1, MRAEZ AR ZZAN AT A2 il T H XA — AT 5

r27r (e +2¢) 4r_ ¢ 1
2" _ max * m A, max ¥ ,
nlz]=nlr] L (=) -, J

Hop, 6, =maxE [ D (A, r|sa)ll B(S,rls @)l 2@ 7 B8z 4k %, ffije, =max,

Dy (7| 7 p) % T 241 S 7 5 R IS B S 7, 2 [ (f) R o646 45 (policy shift ).,

17.5.2 REHEERKE

E AR, WRBRZ AR ZIRK, BRI REAAFAE — MEFIRZEC SN IESHEE
SRk, ST EAE AR, RIAEE R T4 2 3% (branched rollout) 732, B Z AV
i) I RPRAS T G 34T B BRI O, T ARIERE TS TAER Rz AR ZE AR K .
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MBPO & 7R 1 £ i FIFLES N2 3358 Mojoco IS 5,

REEAE 107,102 TX 18], 1 HL 7T LA 8 B I 258000 () 18 2 AN 0 T B, 10 WA AL 1032 AL g
JIIZHIG R, TBEAT TS KOV IR RSt S E . (HERIE, JEARPITA IR
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17.6  ZE3EK

[1] JANNER M, FU J, ZHANG M, et al. When to trust your model: model-based policy

optimization [J]. Advances in neural information processing systems 2019, 32: 12519-12530.
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FERTTH )22 20, ATC X B IH 7TAD 7. G & K% (on-policy)
HVEIE S B & K vk (off-policy) Bk, #BAE —ANILE A B BRI 25 A2 b nl UAS Wy #0
WEE AL B, 13 20587 1 R B o 3 1 DX ) = A T AE 2 SR Sk o B X IR A
P, T B £ SR M R o e i X e I A AE N s b, T B R AR . AR, FE IR
SEAEFTMAZRT, MR FNERAENTEZ R FEER KA, 8 iE
RCECR R . B, 7RI 25 B 272 Gk s R Be A Iy, o R Ak BE A AN F T A0 R L S8R
ALH, MAENGH Y E, ERERRELE M B, &S M. Hela,
f?ﬁf%%qj F P B B AR AT EE B JS 8 vk B e AR SR 10 e i 75 EEAR A IS [A) o R

FUEAEAE R B, BIAMAH PR AE, MaSBHPRESERR. Hib, BXiEks
(offline reinforcement learning) ) H brA2, ERBEEAMMHELZLREL T, NN CTEIL
LU I E I B AR b, R I R Ak 2 ) BVE A B LU U ) SR . B 2R B AL A o) FNAE £ SR g
HE . BN EAE R X A E18-1 R .

£ Hﬂt_l”]_ﬁ'i ith
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IRASs, Wl s, war o) @
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£6 4P il
22 H
ks, By (s.a.r.s") R
: 2
|
@ - =N
.
hffa -t mﬁ Mg
B e
FRAE e
(3) BRI

Bl 18-1  ESAksim b S MIPEL SRS Sik . BRI AR ) (40)

18.2 #E[R#I Q-lear ning &i%

18-1 AR 8 £ A 2 o A1 B 4 SRS o AL 22 SO ARMR AR I6 [m Tt h R AR REAT I 25,
I BB LR SEE FE K SR VAL T L 2R 2R DRIl AR FU TR o0 2 ks 7 42 SR BV L
BB LM T, U S EE TP AR B . AR, XM ERE R T . o
FOEHAT T 3 MRISESR . 5k, BHCE R DDPG Hikilg— M REMR, JFR R e
TR 5 IR AE HL ) A B ARG R R ok, PR HTX Se B I 2R 2 ZEDDPG & Re k. 35 —Askis, 78
2k DDPGHIEAE I ZRIN 43 A58 [ T80 o SR, I PR R ) B8l (7] 20 I 2R B 2k DDPG % RE A4,
RFEPIA B BE AL SNSRI 2 B WU # se AR ] 25 =S8, fEZKDDPG HiEAET
e RE RN LR, EMEHRERNELTE, HELDDPG FHelthy ], X3 5k, Bl
BB AR BT UIZRIEE RAK B 18-2 s (o3 WRARE 5D

3500 3500 3500
3000 3000 3000
E 2500 2500 2500
2 2000 2000 2000
é 1500 1500 1500
2 1000 : 1000 1000
500 500 . 500
0 0 ]

00 02 04 06 08 10 00 02 04 06 08 1.0 0.0 0.1 0.2 0.3
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K182 fEZRFIL (B t) RO R Lsid CEM) MRS, MERH Ry 5E 4 Bl
FAE SR B2k

BN, 3 Nsedad, B4 DDPG B Re A )R I ARzt 2 T /£ 4 DDPG & ek, B
R A S FRE IR A TR m B R R AR R I . 25 =AM B0 ZRs g b, EA%
RE A T 0T AR 75 B BOHE FE AR A A 4 O B D BRI G, BT E R kAR £
(extrapolation erron s B§ 4k H g FIE AN e ELHT A 21 59 AP 5 T 1 B AT o
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AMERZE, SR dR BT AT SRS UF 1) B BPIRAS SR XS 5 N E i A R AT B RS BT
SAATANILECT P2 A R 22 o A AR LR A S ST SRR 2 B AR Z s W 2 R 178
gomb s 2], BEUIZRoRmE 2 B 2RI, R Re KON Ml 2l i 5 A B A8 B R I SRAE 380 3T (1 500
MITEIEIX iR % . (RSt % 0, R a5, Bk, —Boki, B
S A 5 o) BE AR SRR ] Bt R A A HE R ZE RN, AT 15 B A 1 SRS

RN T IR AMEER 2, 2ET SRS T R U S B R R AR, @) $ i o i R I —
SR 1) S B A E IR A SR % (batch-constrained policy). HAKNRDE, IXRE I 5B £ 1L 3N 1E
A3 A Hbx:

o F/MEIEFR AR H R A b B KO I ER 5

o RMANEJERERNE S B & ¥E 5 IR A LIRS 5

o I ARALKEL 0.

X AR UE £ A (tabular) BUEREE, CIRES 25 (B N30 1E 25 (R #2 B ek A IR 1K1 . AR E 1
Q-learning H  2\AT L5 Ny

@.a) (-a) Gaya (ry @ ,argmay & ¢ )

X, R R E B A ERTIERIEE D N, BtRei 2 Bk 3 S HARKPA,

XA R 1R AW E T 2 FR%) Q-learning (batch-constrained Q-learning BCQ) 5 i%:
O(s,a)«< (1- a)(s,a)+a(r+yQO(s',arg maxa,s.tl(s,ﬂ,)eDQ(s',a’)))

AP LLIERH, o S vh B B B AT REIRICs, @) X, 3% B SR AT IR AT AU Sk 31 AR A 0L e
¥ 0.

HEGDRASFIBNAE IO e — 28, DR At 2 PR 1) SR B 1 B A 7 2240 S VR At e o il
ZUHAT E SCPIANRZAS SIVEXS I EE B5WE 2 BCQ SR A 1 — B I b i) 75 % R — M E R ALG s) -
YT E D FH A FPRE s, BB G, (s) Bea H 5 D P EUREIE N — RV IshEa,, - a, F
T QWM& NGR. HiE—1, N T HMAERSER Z R, b4 ik, BCQ b5l N T #13)
BRI S (s, a,@) . KN (s,a)if, B H—DNERMER K NO B NESIE L. XPAp
R R E R RAE Y T4A H T — ML E IR SR e -

7(s) =arg max, .., Q5@ +¢ (8,a,@)),  {a; ~G (9},
Hor, ARET G, (s) HE % 8342 % (variational auto-encoder, VAE) SZEL; PLalET B2
JE A A S T SRR B IR, B AR RO Rk

g argmax, » O,(s.a+ &(s.a,P)

(s a@eD
SRk, BCQ HIEIMARL T :
AL 4510Q M O, . AR, | AR G,={E,.D,}
ROt AR QW& O, | A Pinisie B ks Mk S,
for )4 k4 e=1—> Edo
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MEHELE D RF—RHBEFH 6a,rs")

Y rh B R A AT £H,0 =B, (s.4)

R AERHEa=D, (52, ¥ z~Np,o)

BAARAE . o<argmin, Y @ —-a) +Dy, (N (u,0)| N (0,1)

N BAET P R AR {a,~ G (s)}]

SR F . {a, < a,+ & (s"a,0))

W Q M B ARy =r+ymax, 0, (s',a,)

FAHQ M%: O <«argmin,y (y—0,(s a)

FHWHER . Parg max(ﬁZQg (s,a+ &(s,a,D)),a~ G, (s)

FHBAARQML: 0 « 0+(1-1)0"

EAAARRAEA: ¢ —p+(1-1)¢'
end for
Fribz 4h, BCQ A A 7 —HestBl B/ TS, (HIXAE BCQ BERIH al,  BLALA F B
®. ZEF VAE AR TABMITRIER, JFHBCQ MR HRZH I, HIEIEEE T L
Z: BCQ J53C, BATSRHAC . B4 BCQ &k, — &N E X B il 5 ST IR 22 0 A
MSZIARA 5 R, RPN E R IR S A gl o > h R B S 4R & kb g oy ik, T
T FAT R 5y — R E LR B & O MR fR5F Q-learning.

18.3 {&F Q-learning &i%

182 T & dF 3, B2 > N ER P2 T el AR 22 . SEERAIERH,  AMER
Ze FE S FEUE I B AR RN S LR O Ml sk, BEREE R0 EE EARUE L.
b, G SR e Rk O R SR e S R AR I s B BR O ORFFAEARMRBME, BT REH BRI 4
ANHER ZE IR, IX ek F Q-learning ( conservative Q-learning CQL) HLy% [ FE A AE . CQL
i I 7R ) DUR & 07 B SIS AN BRI, 1A 3] X — Hbr. T RSN HCQL
AP AP

E U@ ) Q-learning v, O f S Hi 7 L AT LSy
0! «argmin B, [(Q6.a)-B 0 6 a))’]

Hrr, pr & sebritkHn g ) VURSH T AT BEQ SRS B LR RAERIE
EPPRE B i mfhitt, BATEXEEER S BRI QOE#ATEN . BRI, &A1l
T BB QAR E A p(s o) LRI RN . £ LU, FRUHEFENS s a0 5. a,
BRA ' ZAERK, WREAERIEE . KL, IRAT IR E RS st ding 41531301k
BEAT R -

kA . 1 AP 2
0" «argmin ofE . pouay[OCs, @]+ 2—E<w A(O(s, @) - B"0'(s, a))’]
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o, BURTEERT . ATLAER, RIS th R HQ FEATAT (s, @) b A (B H b 2 S 3
Ao A, BRBAVRGE %A, FUBRO TE A al 9 BRI V7 LEESHEANIE, #AT LA
kA Xt BRI — A BRI, TR T A2 B B HAT 9 SR, 80 R
FATAT ANy @ K IR 86 i (R B AR, 751X 2 2 AR A PRI B RN o R Rt 85— T3
Az, K B0

A 1 . 5
0" —argming A(E,pmar ] AS D=Eopos, ] AS DI JE 00l( @5 9= B O(s.a)']

AT R AN 7, By 74 SRR IR TR A0 B AT Sems , R At il Bl 4 v O 1 80
R, ATRAER, A4 =1k, B FGAAS S B R O BARA RS A R BN T
PSR, ABILHIRARN T ISR, BE, [0 6.a)]<V ().

ZM, CQLEZRCAA 7 HE ERIE, B0 D ukiE: THERNEDFHEART . B4
H=mwt, 76O BRI —5, SRS SEuk 2 * (i o0 B 00 B Lk SR P At SR T B i
arg min i, FREEAT—UORMGIEAR, TSR PFA R AEHFER (1. BESA 7 RS Ohsr, T
I O E R MBI EAT A R, B ATAT5E 2T U OBUR KA/ # Kiml7, Bl

7 EmaxE,, (06 4)]
NT B, TR R o 25 AR B 52 M A% o 2.

Qk+1 <« arg min, m:‘X s (EsND,my(am[Q(saa)] -Eop a4 (a\s)[Q(sa a)])+
1

TEarol(Q0.) ~B 0 (5,0))"] +R(4)

TR AN S50 5Kt A al 9 FIKL BEE, R RW )= — Dy, (1,p) o — KL, HP(al s)
NEIE) AT Ua) BIVRT, IXARERT DOREEATT RRAL T :

0" « arg min,, ﬂEM{ log Y exp@ (s.a))- E, ;. ,, [0 a )1} - ;— E, .00 6.a)B°0" 6 a)f]

ALEER, MERFPEEAN G, NITHERME TR K. 1% 75 BT — 242
S, VAN FEMAE 18.6 T, OGBS E T e B ATHES .

FHEAH T RO KRRk CQL B T EEE MBI O L MIRHI 1 — K59k, X g 7
WA RRESR, Rk Tk ml 25 B 72T DQN A1 SAC BFIMESL I CQL &k, 5 EH|
Ja B R E iz, HZ % S0k R o e it g WA R TR E A, X HANHETSAC
PIRA . X SAC HISERGIEAAT B 2 U 5008 15 ) R B AR B33, n) DL 12 26 14 T AR
KNI
BEERRSR, CQL BEMARL T
I Q ML O, BAF Q MK O, Fn Rk 7, | JHIEN 24 X
forM%x#t=1->T do

FHBEN R, G a_— navaE‘v~Da~7@ @4 )Pat—llogz.ﬁﬁ @als)ro f]
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end for

FH RO .
0«6 - UQVH[a.EPD[logZeXp(Qg(s,a))—EW% ([ Qy (8, a)]} + ;—E(s‘a)wD[(Q(s,a)_ i;erH (s,a)y ]J
EHEAE: PG 1Y By 0 1B (al )= Oy(s, @)]

18.4 CQL 5L

N HE B SLABIA G P SEIUIERI) CQLELE . ZMIRAERT I & b L2 R, X EAH
HENH. HESALERE,

import numpy as np
import gym

from tqdm -import tqdm
import random

import rl utils

import torch

import torch.nn as nn

import torch.nn.functional as F
from torch.distributions import Normal

import matplotlib.pyplot as plt

N T AN, AEESLEAE T NETHR IS —MEL SAC R REMR, BERIFEIL TS
ROR, AEINZRIE R B RER R AR I T JUL RAT TORIE N B SE . XFE, Bt SR Bt 5 I 25
W22 SRS KR, SRS I i B SRS SRR, 2 — MRS R R . T s 2R s

PRI,

SAC &7y ELAEAE AT 14,575 (ACRS, DRI B AN FE R RS

class PolicyNetContinuous(torch.nn.Module):

def

def

init__ (self, state dim, hidden dim, action dim, action bound):
super (PolicyNetContinuous, self). _init ()
self.fcl = torch.nn.Linear (state dim, hidden dim)
self.fc._mu = torch.nn.Linear (hidden dim, action_dim)
self.fc_std = torch.nn.Linear(hidden dim, action_dim)
self.action bound = action bound

forward(self, x):

x = F.relu(self.fcl(x))

mu = self.fc_mu(x)

std = F.softplus(self.fc_std(x))

dist = Normal(mu, std)

normal_sample = dist.rsample() # rsample() 2EESELFME
log prob = dist.log prob(normal sample)

action = torch.tanh(normal sample)

# 1tE tanh_normal DA HIERZE

log prob = log prob - torch.log(l-torch.tanh(action).pow(2) + le-7)
action = action * self.action bound

return action, log prob
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class QValueNetContinuous(torch.nn.Module):
def __init__(self, state dim, hidden_dim, action_dim):
super (QValueNetContinuous, self). _1init ()
self.fcl = torch.nn.Linear(state dim + action_dim, hidden dim)
self.fc2 = torch.nn.Linear (hidden_dim, hidden_dim)
self.fc_out = torch.nn.Linear (hidden_dim, 1)

def forward(self, x, a):
cat = torch.cat([x, a], dim=1)
x = F.relu(self.fcl(cat))
x = F.relu(self.fc2(x))
return self.fc_out(x)

class SACContinuous:
YU AREEELEE(FRY SACEIE 1!
def __dinit__(self, state dim, hidden dim, action dim, action bound, actor 1lr,
critic_lr, alpha lr, target entropy, tau, gamma, device):

self.actor = PolicyNetContinuous(state dim, hidden dim, action_dim,
action_bound) .to(device) # ZREEMILE

self.critic_1 = QValueNetContinuous(state dim, hidden dim, action_dim).
to(device) # HF— QML

self.critic 2 = QValueNetContinuous(state dim, hidden dim, actiondim).
to(device) # F QML

self.target critic_1 = QValueNetContinuous(state dim, hidden dim, action dim).
to(device) # F—/H¥R QML

self.target critic_2 = QValueNetContinuous(state dim, hidden dim, action dim).
to(device) # F_/NHE¥R QML

# CHEIR Q MBAIIIRSEFN Q ME—H

self.target critic 1.load state dict(self.critic_l.state dict())

self.target critic_2.load _state dict(self.critic_2.state dict())

self.actor optimizer = torch.optim.Adam(self.actor.parameters(), lr=actor_ 1lr)

self.critic_1 optimizer = torch.optim.Adam(self.critic_l.parameters(),
lr=critic_1r)

self.critic 2 optimizer = torch.optim.Adam(self.critic_2.parameters(),
lr=critic_1r)

# {5 alpha fY log {8, TLUEIIGERILRIEE

self.log alpha = torch.tensor(np.log(0.01), dtype=torch.float)

self.log alpha.requires_grad = True #XI alpha KiBE

self.log alpha optimizer = torch.optim.Adam([self.log alpha], lr=alpha_lr)

self.target entropy = target entropy # B#R@HIA/N

self.gamma = gamma

self.tau = tau

self.device = device

def take action(self, state):
state = torch.tensor([state], dtype=torch.float).to(self.device)
action = self.actor(state)[0]
return [action.item()]

def calc_target(self, rewards, next states, dones): # itEHIRQE
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def

def

next_actions, log prob = self.actor(next_states)

entropy = -log prob

gl_value = self.target critic_l(next_states, next_actions)

g2 _value = self.target critic _2(next _states, next actions)

next_value = torch.min(ql_value, g2 value) + self.log alpha.exp() * entropy
td_target = rewards + self.gamma * next_value * (1 - dones)

return td_target

soft_update(self, net, target net):
for param_target, param 1in zip(target_net.parameters(), net.parameters()):
param_target.data.copy (param_target.data * (1.0 - self.tau) + param.
data * self.tau)

update(self, transition dict):

states = torch.tensor(transition_dict['states'], dtype=torch.float).
to(self.device)

actions = torch.tensor(transition dict['actions'], dtype=torch.float).
view(-1, 1).to(self.device)

rewards = torch.tensor(transition dict['rewards'], dtype=torch.float).
view(-1, 1).to(self.device)

next _states = torch.tensor(transition dict['next states'], dtype=torch.
float).to(self.device)

dones = torch.tensor(transition dict['dones'], dtype=torch.float).view(-1, 1).

to(self.device)
rewards = (rewards + 8.0) / 8.0 # XIBISZIERIZHIIZRIHITEE

# BEIEA Q ML

td_target = self.calc_target(rewards, next states, dones)

critic 1 loss = torch.mean(F.mse loss(self.critic_l(states, actions),
td_target.detach()))

critic 2 loss = torch.mean(F.mse loss(self.critic 2(states, actions),
td_target.detach()))

self.critic_1_optimizer.zero_grad()

critic 1 loss.backward()

self.critic_1 optimizer.step()

self.critic_2_optimizer.zero_grad()

critic 2 loss.backward()

self.critic 2 optimizer.step()

# BEITRIEWLE

new_actions, log prob = self.actor(states)

entropy = -log prob

gl value = self.critic 1(states, new actions)

g2 value = self.critic 2(states, new actions)

actor loss = torch.mean(-self.logalpha.exp() * entropy - torch.min(ql value,
g2 _value))

self.actor _optimizer.zero_grad()

actor_loss.backward()

self.actor optimizer.step()
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# B3 alpha &

alpha_loss = torch.mean((entropy - self.target_entropy).detach() * self.
log alpha.exp())

self.log alpha_optimizer.zero_grad()

alpha_loss.backward()

self.log alpha optimizer.step()

self.soft _update(self.critic_1, self.target critic_1)
self.soft update(self.critic 2, self.target critic_2)

env_name = 'Pendulum-vO'

env = gym.make(env_name)

state dim = env.observation space.shape[0]
action_dim = env.action_space.shape[0]

action bound = env.action_space.high[0] # FFRKE
random.seed(0)

np.random.seed(0)

env.seed(0)

torch.manual_seed(0)

actor_lr = 3e-4

critic_lr = 3e-3

alpha 1lr = 3e-4

num_episodes = 100

hidden dim = 128

gamma = 0.99

tau = 0.005 # BB

buffer size = 100000

minimal_size = 1000

batch_size = 64

target_entropy = -env.action_space.shape[0]
device = torch.device("cuda") if torch.cuda.is available() else torch.device("cpu")

replay_buffer = rl utils.ReplayBuffer(buffer size)
agent = SACContinuous(state dim, hidden dim, action dim, action bound, actor_ lr,
critic_lr, alpha_lr, target entropy, tau, gamma, device)

return_list = rl utils.train_off_policy agent(env, agent, num_episodes,
replay_buffer, minimal_size, batch_size)

Iteration 0: 100%
return=-1534.655]
Iteration 1: 100%
return=-1085.715]
Iteration 2: 100%
return=-377.923]

Iteration 3: 100%
return=-284.440]

Iteration 4: 100%
return=-183.556]
Iteration 5: 100%
return=-202.841]

I 10/10 [00:08<00:00, 1.19it/s, episode=10,

I 0/10 [00:16<00:00, 1.62s/it, episode=20,

I 10/10 [00:16<00:00, 1.66s/it, episode=30,

B 0/10 [00:16<00:00, 1.66s/it, episode=40,

I :0/10 [00:17<00:00, 1.73s/it, episode=50,

I 0/10 [00:17<00:00, 1.76s/it, episode=60,
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Iteration 6: 100%
return=-193.436]
Iteration 7: 100%
return=-131.132]
Iteration 8: 100%
return=-181.888]
Iteration 9: 100%
return=-139.574]

I 0/10 [00:17<00:00, 1.75s/it, episode=70,

I 10/10 [00:17<00:00, 1.76s/it, episode=80,

I 10/10 [00:17<00:00, 1.73s/it, episode=90,

B 0/10 [00:17<00:00, 1.73s/it, episode=100,

episodes_list = list(range(len(return_list)))
plt.plot(episodes list, return_list)
plt.xlabel('Episodes')

plt.ylabel('Returns')

plt.title('SAC on {}'.format(env_name))
plt.show()

SAC on Pendulum-v0
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class CQL:
Y CQLEE '
def __dinit _(self, state dim, hidden dim, action dim, action bound, actor 1lr,
critic_lr, alpha_lr, target entropy, tau, gamma, device, beta, num_random):
self.actor = PolicyNetContinuous(state dim, hidden dim, action dim,
action_bound) .to(device)
self.critic_1 = QValueNetContinuous(state dim, hidden_dim, action dim).
to(device)
self.critic_2 = QValueNetContinuous(state dim, hidden_dim, action_dim).
to(device)
self.target critic_1 = QValueNetContinuous(state dim, hidden_dim,
action_dim).to(device)
self.target _critic_2 = QValueNetContinuous(state_dim, hidden_dim,
action_dim).to(device)
self.target critic_1l.load state dict(self.critic_1l.state dict())
self.target critic_2.load state dict(self.critic_2.state dict())
self.actor_optimizer = torch.optim.Adam(self.actor.parameters(), lr=actor 1lr)
self.critic_1 optimizer = torch.optim.Adam(self.critic 1l.parameters(),
lr=critic_1r)
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def

def

def

self.critic_2 optimizer = torch.optim.Adam(self.critic 2.parameters(),
lr=critic_1r)

self.log alpha = torch.tensor(np.log(0.01), dtype=torch.float)

self.log alpha.requires grad = True #XJ alpha KiFE

self.log alpha_optimizer = torch.optim.Adam([self.log alpha], lr=alpha_ lr)

self.target entropy = target entropy # B#RERIA/N

self.gamma = gamma

self.tau = tau

self.beta = beta # CQL IRIFHHTHIZRE
self.num random = num random # CQL SRHIEHIERAEEL

take_action(self, state):

state = torch.tensor([state], dtype=torch.float).to(device)
action = self.actor(state)[0]

return [action.item()]

soft_update(self, net, target net):
for param_target, param 1in zip(target net.parameters(), net.parameters()):
param_target.data.copy (param target.data * (1.0 - self.tau) + param.
data * self.tau)

update(self, transition dict):

states = torch.tensor(transition_dict['states'], dtype=torch.float).to(device)

actions = torch.tensor(transition dict['actions'], dtype=torch.float).
view(-1, 1).to(device)

rewards = torch.tensor(transition dict['rewards'], dtype=torch.float).
view(-1, 1).to(device)

next_states = torch.tensor(transition dict['next states'], dtype=torch.
float).to(device)

dones = torch.tensor(transition dict['dones'], dtype=torch.float).
view(-1, 1).to(device)

rewards = (rewards + 8.0) / 8.0 # XJAIIBIREHIRFIHITELE

next_actions, log prob = self.actor(next states)

entropy = -log prob

gl_value = self.target _critic_l(next_states, next_actions)

g2_value = self.target critic_2(next_states, next_actions)

next_value = torch.min(ql_value, g2_value) + self.log alpha.exp() * entropy

td_target = rewards + self.gamma * next value * (1 - dones)

critic 1 loss = torch.mean(F.mse loss(self.critic_l(states, actions),
td_target.detach()))

critic 2 loss = torch.mean(F.mse loss(self.critic 2(states, actions),
td_target.detach()))

# LAE5S sACHERE], LATF Q MEZEHZ CQL RISIMBS

batch_size = states.shape[0]

random unif _actions = torch.rand([batch size * self.num random, actions.
shape[-1]], dtype=torch.float).uniform (-1, 1).to(device)

random unif_log pi = np.log(0.5 **x next_actions.shape[-1])

tmp_states = states.unsqueeze(l).repeat(l, self.num random, 1).view(-1,
states.shape[-1])
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tmp_next_states = next states.unsqueeze(l).repeat(l, self.num random, 1).
view(-1, next states.shape[-1])

random_curr_actions, random_curr_log pi = self.actor(tmp_states)

random_next_actions, random_next _log pi = self.actor(tmp _next states)

gl unif = self.critic 1(tmp_states, random_unif_actions).view(-1, self.
num_random, 1)

g2 _unif = self.critic 2(tmp _states, random unif actions).view(-1, self.
num_random, 1)

gl _curr = self.critic_1(tmp_states, random_curr_actions).view(-1, self.
num_random, 1)

g2 _curr = self.critic 2(tmp states, random curr_actions).view(-1, self.
num_random, 1)

gl next = self.critic 1(tmp states, random next actions).view(-1, self.
num_random, 1)

g2 _next = self.critic 2(tmp states, random next actions).view(-1, self.
num_random, 1)

gl cat = torch.cat([ql unif - random unif log pi, ql curr - random curr_log pi.
detach().view(-1, self.num_random, 1), ql next - random_next_log pi.
detach().view(-1, self.num random, 1)], dim=1)

g2_cat = torch.cat([g2 unif - random unif_log pi, g2 _curr - random_curr_log pi.
detach().view(-1, self.num_random, 1), g2 _next - random_next_log pi.
detach().view(-1, self.num random, 1)], dim=1)

gfl loss_1 = torch.logsumexp(ql_cat, dim=1).mean()
gf2_loss_1 = torch.logsumexp(q2_cat, dim=1).mean()
gfl loss 2 = self.critic_1l(states, actions).mean()
qf2_loss 2 = self.critic_2(states, actions).mean()
qfl loss = critic_1 loss + self.beta * (qfl loss 1 - qfl loss 2)
qf2_loss = critic 2 loss + self.beta * (qf2_loss 1 - qf2_loss 2)

self.critic_1 optimizer.zero_grad()
gfl_loss.backward(retain_graph=True)
self.critic_1 optimizer.step()
self.critic 2 optimizer.zero_grad()
gqf2_loss.backward(retain_graph=True)
self.critic_2 optimizer.step()

# BFTRARIILE

new_actions, log prob = self.actor(states)

entropy = -log prob

gl value = self.critic 1(states, new actions)

g2_value = self.critic 2(states, new actions)

actor_loss = torch.mean(-self.log alpha.exp() * entropy - torch.min(ql_value,
g2 value))

self.actor optimizer.zero grad()

actor_loss.backward()

self.actor optimizer.step()

# Firalphafd
alpha_loss = torch.mean((entropy - self.target_entropy).detach() =
self. log alpha.exp())
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P REFHESH, ST UIHRIIG T . &aBeBE —~ TEENERI. POVAREET
B HRASR I, SRR AN BCR MBI AR AR, I HBEh & R,
AR, SRR T R T R, FE ARG . EOGGER 3 3E AT DU A

self.log alpha_optimizer.zero_grad()
alpha_loss.backward()
self.log alpha_optimizer.step()

self.soft update(self.critic 1, self.target critic 1)
self.soft_update(self.critic_2, self.target_critic_2)

7 AR, MG EIERCR AL .

random.seed(0)
np.random.seed(0)

env.seed(0)
torch.manual_seed(0)

beta
num_random

= 5.0
5

num _epochs = 100

num_trains_per_epoch = 500

agent = CQL(state dim, hidden dim, action dim, action bound, actor lr, critic 1lr,

alpha 1lr, target entropy, tau, gamma, device, beta, num random)

return list = []

for i in range(10):

with tgdm(total=int(num epochs/10), desc='Iteration %d' % i) as pbar:
for i_epoch 1in range(int(num_epochs/10)):
# SRR ER @A TIHGER , RS EE R , A=BFlZ%
epoch_return = 0
state = env.reset()
done = False
while not done:
action = agent.take action(state)
next state, reward, done, = = env.step(action)
state = next state
epoch_return += reward

return_list.append(epoch return)

for _ in range(num_trains_per_epoch):
b s, ba, br, bns, bd = replay buffer.sample(batch size)

transition dict = {'states': b s, 'actions': b a, 'next states': b ns,

'rewards': b_r, 'dones': b d}
agent.update(transition_dict)

if (i_epoch+l) % 10 ==

pbar.set postfix({'epoch': '%d' % (num epochs/10 x i + 1i_epoch+l),

'return': '%.3f' % np.mean(return_list[-10:])})

pbar.update(1)
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Returns

Iteration 0: 100%
return=-904.511]
Iteration 1: 100%
return=-450.740]
Iteration 2: 100%
return=-913.236]
Iteration 3: 100%
return=-658.278]
Iteration 4: 100%
return=-236.583]
Iteration 5: 100%

B o/10 [01:34<00:00, 9.42s/it, epoch=10,

I 0/10 [01:33<00:00, 9.37s/it, epoch=20,

B :o/10 [01:31<00:00, 9.15s/it, epoch=30,

B :0/10 [01:22<00:00, 8.29s/it, epoch=40,

I 0/10 [01:22<00:00, 8.22s/it, epoch=50,

I 0/10 [01:22<00:00, 8.20s/it, epoch=60,
return=-325.743]

Iteration 6: 100%| ||| | 10/10 [01:22<00:00, 8.21s/it, epoch=70,
return=-211.936]
Iteration 7: 100%
return=-182.652]
Iteration 8: 100%
return=-226.983]
Iteration 9: 100%
return=-349.087]

B 0/10 [01:22<00:00, 8.23s/it, epoch=80,

I 0/10 [01:22<00:00, 8.27s/it, epoch=90,

I o/10 [01:22<00:00, 8.25s/it, epoch=100,

epochs_list = list(range(len(return_list)))
plt.plot(epochs list, return_list)
plt.xlabel('Epochs"')

plt.ylabel('Returns')

plt.title('CQL on {}'.format(env_name))
plt.show()

mv_return = rl utils.moving average(return_list, 9)
plt.plot(episodes list, mv_return)
plt.xlabel('Episodes')

plt.ylabel('Returns')

plt.title('CQL on {}'.format(env_name))

plt.show()
COL on Pendulum-v0 CQL on Pendulum-v0
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18.5 /INE&

AR EAG TR LR ST I EE AR S A PN 5 R TG O K B AR Ak o 2] BE—BCQ Al
CQL, FFiHi# 7 CQL RS . HHsk |, BEamfl oy 1A —RET B H, 41 model-based
offline reinforcement learning ( MOReL) il model-based offline policy optimization (MOPO), A&
=i TR R R RS R X S BEE E BR  AS J d  A R A B 2 B, (R S A
AL FI ) AN 5 AT 25 8 0 O 5 B0 2 RO B R AT 51, SRR IR 52 2 AT DA AT 2 B A
EAE

BSABRAL 5 ST 1 o5 — RME U BEIB X S HOA UK, AER 2. JF HAE SRR R 2%
Yy il AR R AR S O RE, BRI ZR) LA A PRI P0G SRS A IR, BTG A mT A 22 AR IS
{5 1R SRV B A Ak 2 ) FE SE R R Hh I G — KBk k. BeAh, Bl 2 S AE I Sk s
9 M 75 50T B ARG VP A M1 . B AT RO 1) O <3 PR R B o S PR S L S 1) e AN
AT, B R S AR 5 SR Y T AR RAE I SE I R R AR R R XE M SR L Y, R
H A R 2 5] HOEVE Hh Y B B AR

18.6 ¥ EIRIE
KX CQL Hikd Ru) =—Dy (i, Ul@) BT ILLE HVEAHES . X T — KL E xe D X
FMER BRI 1Y), HheE H— %A
jD u(x)dx =1

KL BEERIF, T UCx) =1/ |D| R, Btk 5

@JMﬁUUﬁ?bwm%g%%x

= [, #Co)ogu(x)dv ~[ | u(x)logU (x)de

= JD 1(x)logu(x)dx —log M (x)dx

1
i
= J.D H(x)logu(x)dx +log |D |

) 18379, WLLRIL, SRR, S8 4R max E, Q6@ F R@)
BT 0T 1a | $) AR, RAS S R, B — Bk s RRERIZ B, T
Dhlr g max B, [fCO]. Ak, MERE I RESHE K TE, 8140 =0, B5 &% R
HOEXeHyE Ao D, sk, RAVERMM T A1 R

max J.D H(x) f(x) — i x)log 14 x)dx, s.t._[D H(x)dx =L u(x)=0

X R R E I 2L ke T ERARMAZERLR, FINKHE U H e fasth
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maxJ @), J)=[ F€ upd )k =[ [0 &y )log X yaux M

Hr, ﬂ'%%ﬁ‘]ﬁﬁgo WULRIL, Fleupu' ) BRES0 TR, WUISH Fle,u) . AN
K(X)? = ux), 9%

J(k) = IDF(x,Kz)dx

5 g i e O 9 9F

ox dxox'

=0, a5
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I A ETF, FEE — AL, Eadx)=0, MU0 =9’ =0, Fx )i
oF

87_0 o SERMETHNIIRE, BHEUTHAE

oF .
o= )2 —logu(x)+1=0 = p)=¢"e?
w

B IAR 1) B pu(x) = K(x)? = 0 Fllu(x) =" e Py B o i TR B S e KT
F, ATEERZ R BE, N2 u(x) = e e ™ 15 . RNIE— 121, B33
JEL i L) B A«

#(x)= e

serfr, Z=[ Ao RIA LAY B, GLA I EREIRA,
I =] ) () = ()log (x)dx
<J e S () o )k

=logZ
— S (x)
= logJDe dx

X BERTTRE, H5 £ () BO8 (@) =Ep [O(s, )], KRN SONESN P2 [R] EoRA, B
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ME R O(s, a, Q) AL, B2 N R E AR S R 540 2 ST 0L B bR . 8 S o NIREE H TR IRAS

s, 5 HFRE ML 01, A4 GoRL 1) Hbrst 2t g 7(al s, g), E LU H AR iR Bl KAk

E 6, ¢ )~v“[Vﬂ (50 8]

19.3 HER &%

MR 19. 2751 S, AT LUK I B AR -3 1 sk 7 S 22 AT R AR S M . B T8 Re ik
FENZRAIIME LA 72 i B ART R BeAF 2 -1 10220, MM SER IR EEg . A, Ak
AP IEREE MO X e R FIEERTE? WX EH K, F5 23 =5 (hindsight
experience replay, HER) %y:T 2017 FAP&13 8.4 2 2% (Neural Information Processing
Systems, NIPS) K& ¥ ##EH, BN GoRL HI— K& HJ77%,
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THERE R LAMERRE. HEAFEEE, XRAEEAEE T DIER T E SIS
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A% JAX BB UL, AR T AT 4

End for
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XFFEEACIRASS" ik, HERGEW T 3 FARFEK %,
o future: EFEHWE HIChs, a,5.8} LT [/ —ANBULIFAERS 8] EAL T s ZJGHIHEANIR

SIENs"
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FEHER FISEB, future 77 R4 I 7 HRAFRIRCR, 207 Bt BN, BIHAEARR I A
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19.4 HER {83k

R ORE B WS HER 59k, B
S—AME R PR  AE— A 4k
FEHEF b, BANEREA B [0,5], TE5E
—NFHNARILG, B REAEAET0,0) BIALE,
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AN B o BRI 2 B4 TT DL )
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YE. R BRIREE B B bR I i, eRkeis
FNE O RN A AAEST, BIZRIA-1 .
T2 N 50, HETRER
19-1 7.

£ Python SEELIX N5, S A —
e B B A, JF H ARk E i
7

import torch

import torch.nn.functional as F
import numpy as np

import random

from tqdm dimport tqdm

import collections

import matplotlib.pyplot as plt

class WorldEnv:
def __dinit_  (self):

self.distance threshold = 0.15

self.action bound = 1

def reset(self): # BEEWNE

Kl 19-1 HEREE

# ER— P BEIRRE, S EEZ[3.5~4.5, 3.5~4.5]
self.goal = np.array([4 + random.uniform(-0.5, 0.5), 4 + random.uniform

(-0.5, 0.5)])
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self.state = np.array([0, 0]) # #ERE
self.count = 0
return np.hstack((self.state, self.goal))

def step(self, action):
action = np.clip(action, -self.action_bound, self.action bound)
x = max(0, min(5, self.state[0] + action[0]))
y = max(0, min(5, self.state[1l] + action[1]))
self.state = np.array([x, y])
self.count += 1

dis = np.sqrt(np.sum(np.square(self.state - self.goal)))
reward = -1.0 if dis > self.distance threshold else 0
if dis <= self.distance threshold or self.count == 50:
done = True
else:
done = False

return np.hstack((self.state, self.goal)), reward, done
F N RSEIDDPG FiEF HEINIE Actor ESHT Critic W45 1 W 26 &5 14 AH S IR AS .

class PolicyNet(torch.nn.Module):
def __init__(self, state dim, hidden dim, action dim, action_bound):
super (PolicyNet, self). _dinit ()
self.fcl = torch.nn.Linear(state dim, hidden_dim)
self.fc2 = torch.nn.Linear(hidden_dim, hidden_dim)
self.fc3 = torch.nn.Linear (hidden dim, action_dim)
self.action bound = action bound # action bound EWETLAEZHIEEFRAE

def forward(self, x):
x = F.relu(self.fc2(F.relu(self.fcl(x))))
return torch.tanh(self.fc3(x)) * self.action bound

class QValueNet(torch.nn.Module):
def __dinit__(self, state dim, hidden dim, action dim):
super (QValueNet, self). _dinit ()
self.fcl = torch.nn.Linear(state dim + action dim, hidden _dim)
self.fc2 = torch.nn.Linear (hidden_dim, hidden_dim)
self.fc3 = torch.nn.Linear(hidden_dim, 1)

def forward(self, x, a):
cat = torch.cat([x, a], dim=1) # HHEIREMENE
x = F.relu(self.fc2(F.relu(self.fcl(cat))))
return self.fc3(x)

TEE L Actor Al Critic {48 4549 2 J& , 5Kk%E — ~ DDPG 5% HARHY o 3X # 3AAAS A1 13.3
T RS I A — B, FEXBIFET 13.3 T ) DDPG Bk 2 EFZIRR R Iz T 1, ER
H 14, MXEPREFIES 248, SH—/DNBMRIEARE . 1335 0] UGS —F B %
B — & RS, NG BATATEE, BREEFRBIAF 2 ik,
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class DDPG:
"'' DDPG &KL '
def __dinit__(self, state dim, hidden dim, action dim, action bound, actor 1lr,
critic_lr, sigma, tau, gamma, device):

self.action dim = action dim

self.actor = PolicyNet(state dim, hidden_dim, action_dim, action_bound).
to(device)

self.critic = QValueNet(state dim, hidden dim, action dim).to(device)

self.target actor = PolicyNet(state_dim, hidden_dim, action_dim, action_bound).
to(device)

self.target critic = QValueNet(state dim, hidden dim, action dim).to(device)

# PR BINENEHEESEIMNENE—F

self.target critic.load state dict(self.critic.state dict())

# A1 BARCRES ST EE S EFNSRAE L —1F

self.target actor.load state dict(self.actor.state dict())

self.actor optimizer = torch.optim.Adam(self.actor.parameters(), lr=actor_ 1r)

self.critic optimizer = torch.optim.Adam(self.critic.parameters(), lr=critic 1lr)

self.gamma = gamma

self.sigma = sigma # SHIIRFIINEE,IDEERERNO

self.tau = tau # BIFNEREFSH

self.action_bound = action_bound

self.device = device

def take action(self, state):
state = torch.tensor([state], dtype=torch.float).to(self.device)
action = self.actor(state).detach().cpu().numpy()[0]
# AIPERINER, IEINIRER
action = action + self.sigma * np.random.randn(self.action_dim)
return action

def soft_update(self, net, target net):
for param_target, param 1in zip(target net.parameters(), net.parameters()):
param_target.data.copy (param_ target.data * (1.0 - self.tau) + param.
data * self.tau)

def update(self, transition dict):

states = torch.tensor(transition dict['states'], dtype=torch.float).
to(self.device)

actions = torch.tensor(transition dict['actions'], dtype=torch.float).
to(self.device)

rewards = torch.tensor(transition dict['rewards'], dtype=torch.float).
view(-1, 1).to(self.device)

next states = torch.tensor(transition dict['next states'], dtype=torch.float).
to(self.device)

dones = torch.tensor(transition dict['dones'], dtype=torch.float).view(-1, 1).
to(self.device)

next_g values = self.target critic(next_states, self.target actor(next states))
g_targets = rewards + self.gamma * next g values x (1 - dones)

# MSE RREE

critic_loss = torch.mean(F.mse_loss(self.critic(states, actions), g targets))
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self.critic_optimizer.zero_grad()
critic_loss.backward()
self.critic_optimizer.step()

# RESMEIME N TE Q ERAL

actor_loss = -torch.mean(self.critic(states, self.actor(states)))
self.actor_optimizer.zero_grad()

actor_loss.backward()

self.actor optimizer.step()

self.soft update(self.actor, self.target actor) # IREFHREZMLE
self.soft update(self.critic, self.target critic) # RKEFHNERLE

B R U AMERBR I 256 [ iy, SRR [l it N R BEAE AR — B I B, TR A B
ZHE . X JE HER BVEP R0 ER Sy, 2 )5 AT LA HER S35k A% 20 56 [m] J0it o 44 2 35 (1 B s
KH Bh R s I 25

class Trajectory:

def

def

FRIER—R=EHL '
__dinit__(self, 1init_state):
self.states = [init_state]
self.actions = []
self.rewards = []
self.dones = []
self.length = 0

store_step(self, action, state, reward, done):
self.actions.append(action)
self.states.append(state)
self.rewards.append(reward)
self.dones.append(done)

self.length += 1

class ReplayBuffer_Trajectory:

def

def

def

def

FHEHTNEREIRE
__dinit__(self, capacity):
self.buffer = collections.deque(maxlen=capacity)

add_trajectory(self, trajectory):
self.buffer.append(trajectory)

size(self):
return len(self.buffer)

sample(self, batch_size, use_her, dis_threshold=0.15, her _ratio=0.8):
batch = dict(states=[], actions=[], next states=[], rewards=[], dones=[])
for _ 1in range(batch_size):

traj = random.sample(self.buffer, 1)[0]

step_state = np.random.randint(traj.length)

state = traj.states[step_state]

next_state = traj.states[step state+1]
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action = traj.actions[step state]
reward = traj.rewards[step_state]
done = traj.dones[step_state]

if use_her and np.random.uniform() <= her_ratio:
step_goal = np.random.randint(step_state+l, traj.length+1)
goal = traj.states[step goall[:2] # {#H HER BEXAY future ARREBR
dis = np.sqrt(np.sum(np.square(next_state[:2] - goal)))
reward = -1.0 if dis > dis threshold else 0
done = False if dis > dis threshold else True

state = np.hstack((state[:2], goal))
next state = np.hstack((next_state[:2], goal))

batch['states'].append(state)
batch['next states'].append(next state)
batch['actions'].append(action)
batch['rewards'].append(reward)
batch['dones'].append(done)

batch['states'] = np.array(batch['states'])
batch['next_states'] = np.array(batch['next states'])
batch['actions'] = np.array(batch['actions'])

return batch

e, AT DO IR AEIX T HARIIA B HI24T KA 7 HER [f) DDPG 5%, —lEkE—T
BRI

actor 1r = le-3
critic 1lr = 1le-3
hidden dim = 128
state dim = 4
action dim = 2
action_bound

1
=

sigma = 0.1

tau = 0.005

gamma = 0.98

num_episodes = 2000

n_train = 20

batch size = 256

minimal_episodes = 200

buffer size = 10000

device = torch.device("cuda") if torch.cuda.is available() else torch.device("cpu")

random.seed(0)

np.random.seed(0)

torch.manual_seed(0)

env = WorldEnv()

replay_buffer = ReplayBuffer_Trajectory(buffer_size)

agent = DDPG(state dim, hidden_dim, action_dim, action_bound, actor_lr, critic_lr,
sigma, tau, gamma, device)
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return list = []
for i in range(10):
with tgdm(total=int(num episodes/10), desc='Iteration %d' % i) as pbar:
for i_episode 1in range(int(num_episodes/10)):
episode_return = 0
state = env.reset()
traj = Trajectory(state)
done = False
while not done:
action = agent.take_ action(state)
state, reward, done = env.step(action)
episode_return += reward
traj.store_step(action, state, reward, done)
replay buffer.add trajectory(traj)
return_list.append(episode return)
if replay buffer.size() >= minimal _episodes:
for _ din range(n_train):
transition dict = replay buffer.sample(batch size, True)
agent.update(transition dict)
if (i_episode+l) % 10 == 0:
pbar.set postfix({'episode': '%d' % (num episodes/10 * i +
i_episode+l), 'return': '%.3f' % np.mean(return_list[-10:])})
pbar.update(1)

episodes_list = list(range(len(return_list)))
plt.plot(episodes_list, return_list)
plt.xlabel('Episodes')

plt.ylabel('Returns')

plt.title('DDPG with HER on {}'.format('Gridworld'))
plt.show()

Iteration 0: 100%
return=-50.000]
Iteration 1: 100%| |||l 200/200 [01:17<00:00, 2.561t/s, episode=400,
return=-4.200]
Iteration 2: 100%
return=-4.700]
Iteration 3: 100%
return=-4.300]
Iteration 4: 100%| || | 200/200 [01:17<00:00, 2.57it/s, episode=1000,
return=-3.800]
Iteration 5: 100%
return=-4.800]
Iteration 6: 100%
return=-4.500]
Iteration 7: 100%
return=-4.400]
Iteration 8: 100%
return=-4.200]
Iteration 9: 100%
return=-4.300]

I 200/200 [00:03<00:00, 58.91it/s, episode=200,

I 200/200 [01:18<00:00, 2.56it/s, episode=600,

I 200/200 [01:18<00:00, 2.56it/s, episode=800,

B 200/200 [01:17<00:00, 2.57it/s, episode=1200,

I 200/200 [01:18<00:00, 2.54it/s, episode=1400,

B 200/200 [01:19<00:00, 2.52it/s, episode=1600,

B 200/200 [01:18<00:00, 2.55it/s, episode=1800,

I 200/200 [01:18<00:00, 2.55it/s, episode=2000,
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DDPG with HER on GridWorld

Returns.

=40

0 250 S00 750 1000 1250 1500 1750 2000
Episodes

PR ZAKASK A HER BB A& Botle, 1Mt ELRAE WS B I 25— Sl , &R 24

random.seed(0Q)

np.random.seed(0)

torch.manual_seed(0)

env = WorldEnv()

replay _buffer = ReplayBuffer Trajectory(buffer_size)

agent = DDPG(state dim, hidden_dim, action_dim, action_bound, actor 1lr, critic_lr,

sigma, tau, gamma, device)

return_list = []
for i in range(10):
with tqgdm(total=int(num episodes/10), desc='Iteration %d' % i) as pbar:
for i_episode 1in range(int(num_episodes/10)):
episode return = 0
state = env.reset()
traj = Trajectory(state)

done = False
while not done:
action = agent.take_action(state)
state, reward, done = env.step(action)
episode return += reward
traj.store step(action, state, reward, done)
replay buffer.add_trajectory(traj)
return_list.append(episode return)
if replay buffer.size() >= minimal_episodes:
for _ 1in range(n_train):
# FOEA HER YIZRAIE—X 5
transition_dict = replay buffer.sample(batch_size, False)
agent.update(transition_dict)
if (i_episode+l) % 10 == 0:

pbar.set postfix({'episode': '%d' % (num episodes/10 * i +
i episode+l), 'return': '%.3f' % np.mean(return list[-10:])})

pbar.update(1)
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episodes_list = list(range(len(return_list)))
plt.plot(episodes list, return list)
plt.xlabel('Episodes')

plt.ylabel('Returns')

plt.title('DDPG without HER on {}'.format('GridWorld'))
plt.show()

Iteration 0: 100%
return=-50.000]
Iteration 1: 100%
return=-50.000]
Iteration 2: 100%
return=-50.000]
Iteration 3: 100%
return=-50.000]
Iteration 4: 100%
return=-50.000]
Iteration 5: 100%
return=-50.000]
Iteration 6: 100%
return=-45.500]
Iteration 7: 100%
return=-42.600]
Iteration 8: 100%
return=-4.800]
Iteration 9: 100%
return=-4.800]

I 200/200 [00:03<00:00, 62.82it/s, episode=200,

I 200/200 [00:39<00:00, 5.01it/s, episode=400,

I 200/200 [00:41<00:00, 4.83it/s, episode=600,

I 200/200 [00:41<00:00, 4.82it/s, episode=800,

B 200/200 [00:41<00:00, 4.81it/s, episode=1000,

I 200/200 [00:41<00:00, 4.79it/s, episode=1200,

| 200/200 [00:42<00:00, 4.76it/s, episode=1400,

I 200/200 [00:41<00:00, 4.80it/s, episode=1600,

B 200/200 [00:40<00:00, 4.92it/s, episode=1800,

I 200/200 [00:40<00:00, 4.99it/s, episode=2000,

DDPG without HER on GridWorld

=10 4

_20 4

Returns

=30 4

=40 1

=50 4

T T T T T T T T
0 250 500 750 1000 1250 1500 1750 2000
Episodes

SRR b, ATEL SR A] HER 5k )a, ACRA BT, X HLHER SUEM 324t
Aib ot e I N g S L H b (R future 77 58D TAEAF 2005 5 HE AR S, gk i AR
ARG B 22 S B BT BRI, RTH IR E TEATFEAR R
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19.5 /NEE

RENET B FREL S 2] (GoRL) MIFEAE X, PLE—MARGORL I 4
5 HER . @A SEE, HER FERIRCRS 3] TRGFH 2. FRATAMHER 5% r4 QS Sk
Had ] LA 2 — A BT 5, BT LIS B SR BT A5 B R G BN B BT 4 e AR SR
(2 2B . B, 76 HER 5L future 7 EH, KPR ST 5 SEMPRSIE N B AR, SRJEHR
P F— RSB H s &I KRB SCHRTE AL E 5. M4, HER B3 o — 250 ik
BT 30, FHRIAT X SRS I 268 R (2 I 45 P AR Al AT TS 2. T AE J5 21435 4 GoRL F 78
SR R HOR B A M8 ek e i B N 7 (a | 5,8) F O(s,a,8) , BIRGEECN B A IR SR HE 22
F, AHEEMB YRS H AR, A E RS R E& LR H bR, AN AT PLE
AT 2 ) AH G 1) SRR -
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o AKX (fully decentralized) 7 i 5584 H O T2 AH I v X fE &R A
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AN AL ONTTE, AR G, # bl e s RIMERX
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20.4 IPPO &%

RN AR, R EIEE AR Ok 54 5 (independent learning) -
BT TR e i S B e AR B0 PPO HEAT ISR, PRIGIXANELEIY /B 2 PPO ( Independent
PPO, IPPO) Hiik. HAKIG &, X B K PPO Fikk A N PPO-#MT, HE LML T
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T N AF AR, ABEANE R & B o) Kk A B MNAE F 5

for M 4404 k =0,1,2-- do
B A 5 R AR AR ERBE P XA 5 R KA & B 09— S il S
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SN AR, B R KALHE PPO- BB 69 B A7 R 2 37 L Rwk
STEEA AR, BT 3 iR £ R B ARAL L

end for

20.5 IPPO 1Bk

AR N RN 2 AR ma_gym FEHE) Combat #1J5E. Combat J&—ME 4]

i el w0 (YR P S e A e B Se S R | IV 2 L s P Gy

3x3 A A I EAEOT B REAR,  BEE ARBUEMZNE. AR EREAA3 S, WRE R
FERN B a WA 2 T, W1 /R
e, A EED 0 WBET:, R AR rIBMTER

| EBEEDE |

[T

H'n

HAREEDE

ko BRI REIRII B —FE A A TR] .

TEWERR R, FRATREBE S — AN B BT
BEE S 5 — AN BB REAR X K. 5 —NBA
PR B A 1 R v BB E Y T P o
IEHIECN, RIS A BA BN, T
NEEIE. B 20-272 — A H 1) Combat 7R
B GERfE e B A KD, Bl 202 Combat ¥ 7l

YRR SN T EA B, SR)E M
GitHub H 72 ma-gym G EFIAM, FH+ S AH A Combat M5,

import torch

import torch.nn.functional as F
import numpy as np

import rl utils

from tqdm dimport tqdm

import matplotlib.pyplot as plt

! git clone https://github.com/boyu-ai/ma-gym.git
import sys

sys.path.append("./ma-gym")

from ma_gym.envs.combat.combat import Combat

fatal: destination path 'ma-gym' already exists and is not an empty directory.
RIS E 5 12.4 T3 4L 1) PPO ARRD SEBRFEA — 5, ANFEHIR.

class PolicyNet(torch.nn.Module):
def __dinit__(self, state dim, hidden_dim, action_dim):
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super (PolicyNet, self). _dinit__()

self.fcl = torch.nn.Linear(state dim, hidden dim)
self.fc2 = torch.nn.Linear (hidden dim, hidden_dim)
self.fc3 = torch.nn.Linear(hidden _dim, action_dim)

def forward(self, x):
x = F.relu(self.fc2(F.relu(self.fcl(x))))
return F.softmax(self.fc3(x),dim=1)

class ValueNet(torch.nn.Module):
def __dinit__(self, state dim, hidden dim):
super (ValueNet, self). dinit ()
self.fcl = torch.nn.Linear(state _dim, hidden_dim)
self.fc2 = torch.nn.Linear (hidden_dim, hidden_dim)
self.fc3 = torch.nn.Linear (hidden_dim, 1)

def forward(self, x):
x = F.relu(self.fc2(F.relu(self.fcl(x))))
return self.fc3(x)

class PPO:
"' PPO BIE, RAEMTAE
def 1dinit (self, state dim, hidden dim, action dim, actor lr, critic lr, lmbda,
eps, gamma, device):

self.actor = PolicyNet(state dim, hidden dim, action dim).to(device)
self.critic = ValueNet(state dim, hidden dim).to(device)
self.actor optimizer = torch.optim.Adam(self.actor.parameters(), lr=actor_1lr)
self.critic_optimizer = torch.optim.Adam(self.critic.parameters(), lr=critic 1lr)
self.gamma = gamma
self.lmbda = lmbda
self.eps = eps # PPO FEMIGTEAIZSH
self.device = device

def take_action(self, state):
state = torch.tensor([state], dtype=torch.float).to(self.device)
probs = self.actor(state)
action_dist = torch.distributions.Categorical(probs)
action = action dist.sample()

return action.item()

def update(self, transition_dict):

states = torch.tensor (transition_ dict['states'], dtype=torch.float).to(self.
device)

actions = torch.tensor (transition dict['actions']).view(-1, 1).to(self.device)

rewards = torch.tensor(transition dict['rewards'], dtype=torch.float).
view(-1, 1).to(self.device)

next_states = torch.tensor(transition dict['next states'], dtype=torch.float).
to(self.device)

dones = torch.tensor(transition dict['dones'], dtype=torch.float).view(-1, 1).
to(self.device)

td_target = rewards + self.gamma * self.critic(next _states) * (1 - dones)
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td_delta = td_target - self.critic(states)

advantage = rl utils.compute_advantage(self.gamma, self.lmbda, td delta.
cpu()).to(self.device)

old_log probs = torch.log(self.actor(states).gather(1l, actions)).detach()

log probs = torch.log(self.actor(states).gather (1, actions))

ratio = torch.exp(log probs - old_log probs)

surrl = ratio * advantage

surr2 = torch.clamp(ratio, l-self.eps, l+self.eps) x advantage # Elf
actor_loss = torch.mean(-torch.min(surrl, surr2)) # PPO IR

critic _loss = torch.mean(F.mse loss(self.critic(states), td target.detach()))
self.actor optimizer.zero_grad()

self.critic_optimizer.zero_grad()
actor_loss.backward()
critic_loss.backward()

self.actor optimizer.step()
self.critic optimizer.step()

PLAEREANTPPO AR5 52 B fi 3= B350 o (A B B0 2 FEVIZRINHE T T A3 2% F(parameter
sharing) IHFS, BIXETFra B e R — B RIR SH, PRSI Ir AL /e RERS R Y I 2R 8t 5
%, FRIZERE. RSP TR, P EEIAER Y (homogeneous), RIEATIMIRA
FIRIFIBERS )R e 3, JEE AN B Fr g 4 — 8. BOGERIK LA AT LA 47 Sk
SHOCZRAR N PPO, B AEAN R BEAMLE — MIAL) PPORSEHI

AR — L SEIR AN, X BN R B BEAR SRS I B4, T2 TPPO. I 2RI S AN e
PR ATBA I R AE O EE RSB 45 R o 3N R AT A6 UIIZR IPPO T !

actor 1r = 3e-4
critic 1r = 1le-3
num_episodes = 100000
hidden dim = 64

gamma = 0.99

lmbda = 0.97

eps = 0.2

device = torch.device("cuda") if torch.cuda.is available() else torch.device("cpu")

team size = 2

grid_size = (15, 15)

#8JE2 Combat P8, HFHIRHIAN 15x15, SHEEAIIES SREAMEE S 2

env = Combat(grid_shape=grid_size, n_agents=team_size, n_opponents=team size)
state dim = env.observation space[0].shape[0]

action dim = env.action_space[0].n

#R BRI ZE— R

agent = PPO(state dim, hidden dim, action_dim, actor_1r, critic_lr, lmbda, eps, gamma, device)

win list = []

for i in range(10):
with tgdm(total=int(num episodes/10), desc='Iteration %d' % i) as pbar:
for i_episode 1in range(int(num_episodes/10)):
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transition dict 1 = {'states': [], 'actions': [], 'next states': [],
'rewards': [], 'dones': []}
transition dict 2 = {'states': [], 'actions': [], 'next states': [],
'rewards': [], 'dones': []}

s = env.reset()

terminal = False

while not terminal:
a_1l = agent.take_action(s[0])
a_2 = agent.take_action(s[1])
next s, r, done, info = env.step([a_l, a 2])
transition dict 1['states'].append(s[0])
transition dict 1['actions'].append(a 1)
transition dict 1['next states'].append(next s[0])
transition dict_1['rewards'].append(r[0]+100 if info['win'] else r[0]-0.1)
transition_dict_1['dones'].append(False)
transition dict 2['states'].append(s[1])
transition dict 2['actions'].append(a 2)
transition dict 2['next states'].append(next s[1])
transition dict 2['rewards'].append(r[1]+100 if info['win'] else r[1]-0.1)
transition_dict_2['dones'].append(False)
s = next.s
terminal = all(done)

win_list.append(1 if info["win"] else 0)

agent.update(transition_dict 1)

agent.update(transition_ dict 2)

if (i_episode+l) % 100 ==
pbar.set postfix({'episode': '%d' % (num episodes/10 * i + i_episode+l),

'return': '%.3f' % np.mean(win_list[-100:])})
pbar.update(1)

/usr/local/lib/python3.7/dist-packages/gym/logger.py:30: UserWarning: [33mWARN:
Box bound precision lowered by casting to float32[0m
warnings.warn(colorize('%s: %s'%('WARN', msg % args), 'yellow'))

Iteration 0: 100%
return=0.220]
Iteration 1: 100%
return=0.400]
Iteration 2: 100%
return=0.670]
Iteration 3: 100%
return=0.590]
Iteration 4: 100%
return=0.750]
Iteration 5: 100%| || ]| 10000/10000 [02:58<00:00, 56.09it/s, episode=60000,
return=0.660]
Iteration 6: 100%
return=0.660]
Iteration 7: 100%
return=0.720]

I 10000/10000 [05:22<00:00, 31.02it/s, episode=10000,

I 10000/10000 [04:03<00:00, 41.07it/s, episode=20000,

I 10000/10000 [03:37<00:00, 45.967t/s, episode=30000,

I 10000/10000 [03:13<00:00, 51.55it/s, episode=40000,

I 10000/10000 [02:58<00:00, 56.07it/s, episode=50000,

I 10000/10000 [02:57<00:00, 56.42it/s, episode=70000,

I 10000/10000 [03:04<00:00, 54.207t/s, episode=80000,
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Iteration 8: 100%| [ Il 10cco/10000 [02:59<00:00, 55.84it/s, episode=90000,
return=0.530]
Iteration 9: 100%| [ Il 100ce/10000 [03:03<00:00, 54.559t/s, episode=100000,
return=0.710]

BRI RGURIE, I E AT R

win_array = np.array(win_list)
#5100 FHITI—XFY
win_array = np.mean(win_array.reshape(-1, 100), axis=1)

episodes_list = np.arange(win_array.shape[0]) * 100
plt.plot(episodes list, win_array)
plt.xlabel('Episodes')

plt.ylabel('Win rate')

plt.title('IPPO on Combat')

plt.show()

IPPO on Combat
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ALLE H, SR AR B I g, IPPO X Fh 58 4 2 sl 22 I 2 — @ 12 e X
HUFIRR, (R A IE B M 2 LA B« IX AT e RN 24 B Be Ak 2 [R) Jo i ot d i
GAERILR TE R E bR o RN, G A7 A ] RS i Re i i i, b — T IIZREE S
LHEWINF 5 B, X RIS A O ST IR AN R AR 7 IX I T B A R 2 5
ANEZ R EERFRZ AR EZ B Z AT N, BOFE MY o)l 4% F o sy
(centralized training with decentralized executionCTDE) )75 k#1722 & e iRk, %51k
BAES 21 mHhTEA/ 41 .

20.6 /N\&E

AEANH T 2 REMORI S TS PR A R TE s, FRE R g 4 il
THERAT T VRN, U T — D BARIEE TPPO, BRI PPO HLZA SR BEMIIZR S A
KI5k . f£ Combat PETHT, FATILT T PR BEAR L IR (N, DLABIELF AR . (HIXL
IRTZAEREAFB G, HENRRE TR B E2 WA -8, E LT s =,
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20 mOARYIDNAE T 2GR EA T I W SR A A R B A R e K. AR
M —M i i H AR AE 3 ye s Pt 4 b o 47 (centralized training
with decentralized execution, CTDE). Friff oo A6 Il 25 25 Fh O A B0 AT 2 Fi 78 I 25 11 B 8 fe
M — S A RARE A B 14 RS B DUk 2 5 4 I gR80OR T 78 $0AT I ANl X 26 45
B B R R S 2R B O SR B S E DL B PO AT I RCR . ol g £
U A BT VL RE 8 75 I SR I A RO R 4 )R 15 S DA B S 4 B SE AR E I ISR ACR [ I
TEBEAT 5 W A5 1Y HE Dy B ] USRI A & 34 2, 13 50 B — @ 9 @ ¥ .CTDE nf BA2E
EE RS — AN R BR BN B 25 A0 b B8t F2 - AEUINZRI, 11 ASBR 03 0] DL B #3815 4 [ 48 5 T 58
FRIRN )BT A, MAGASERERRERELE, HENIEFWRNELI, BigtL
FEM A BT MNZREEF ) 11 NER AR B3 L ERRT, AR 3% b 5 S 1 Ol B RN
RF, AHAHLENTES

CTDESR LR EE 5 AP — i TR BT, #l VDN, QMIX S, 5 —Ffp 2 5k
T Actor-CriticffJ 771%, i MADDPGH! COMA % . A& %4 5 5i/1 4 MADDPG 5.

21.2 MADDPG &%

% % #.4KkDDPG (multi-agent DDPG, MADDPG) 5% M 71 & 8 _F ok A a2 X AN 2 g
S —A DDPG M5, P & Ae iRt = — > 00 Critic (%%, 1% Critic P28 £E I ZRIT
T o [ B o BN R BEAA K] Actor 2845 HYHR T, T BRAT I BN R BE A4 TR Actor I 2458 T 56 42 il 57
iz e, B2t AT

CTDE 534 1N H 3 50 T DL SO — N8R 4 =T ALt B /R 3T X 35 (partially observable
Markov game): Fi$ {03 NAMEREAFTA AT BERPRAESH], XRER/IMEE. ST RMIEA,
HEMEREIN A, MR O, BB ARG, <O x A — [0, 11— MR, FIkE
IR REPRAE AN LI R RIS SIS . A IPRESHB R EONP :Sx A x-x A, > &,
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ANEREAATI R BN - Sx A > R, AR ARSI B INNE BN, - S —> 4,
VR A P S —[0,1], Aﬁ%%maﬁ%%kwﬁﬁégﬁwﬁﬁ=Z;fﬂo

FEFRIRATE — T MADDPG A 3 L4075 0 L& 21-1 s, 842 GEA4 H Actor-Critic
75045, BAR TSGR EARTIE DL, /£ MADDPG "5 B4R Critic 54> 41 AES
PRAF AR SRS E B . HARRUL, HE—NEN MRS, B RN SIS S
HNO={6,-.0,} , WCr={z, 7y NITAEEREIEIEES, BARATAT NS B AERELIE
%%T%TﬂA%%wM%éﬁ 5 P S S Ao 5 -

V,,J(0) :Es~p‘,a~n,- [V, logn,(a, |0)0] (x,a, ;- .a,)]

Hep, OF (e ooy )EE — DO HE R E. N AB O, 2 — OB fEfiE
BRI ? — R x = (0, 0y) BEFTAERERIIIN, 7500, BT 25 A BT A B REVRLELEZ]
MIBnfE, PRI O AR R HT R AU A B Be AR ZE R I 25t B RO DN A B B A

il

=] il ]

) P y
A1 HHIfk HATIEAGN

K 21-1 MAmWGﬁ&é i

XEFHE VRS , BRI N ANELL I SNE Ho , WTLIAG2IDDPG AR 22 3
Vi w)=E_IV,u(e)V 0(xa.,a)l|_,,]

Horb, D RIBATVHRAFEEAE G5 M0, e — MG (X a0 .8, 1
1M #£ MADDPG H, LA B A 44 B8 AT LA I T A9 457 K B HOR BT -

=
p—

Lo)=E,, [(Q(x.a,a)=-)] y=r+y0i(x.a~a

"/, :ﬂ/’(”/)

Horb, =y oo ) ) A SO R B8 B AR SRS (K B 15, AT A S IR TR Y
S ¥,
MADDPG M B EE R R -
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FEALAT 45 AL/ A 4K 89 Actor P #&-A= Critic M %
for %) e=1 > E do
I —A AT RN, A TR L
KT AR e A k5 L) x
fort=1—->T do:
AT AR, B ST Rk — A a =y (0)+ N,
PATHAE a = (a,, -, ay) FIRFF Ly r Ao ey ] x’
e (x,a,r,X) G2 23wk D b
M D o RAAUR AR — s
st FHA fe ki, Pl % Critic W%
TN R, DR B F 6 Actor M %
AN RER 0, A7 B AR Actor W 257w B AR Critic M %
end for

end for

21.3 MADDPG {{f83Li%

NHEHEAKREE WTSEIMADDPG 5% . B A SHEEH BN,

import torch

import torch.nn.functional as F
import numpy as np

import matplotlib.pyplot as plt
import random

import rl utils

AT FH IR 2 B Bk 385 ultiagent particles environment MPE), ‘EJ/&—
LB n) 2 R AR BB AR &, FEIRXADN AR, KR AR LIRS EAE . “F 7 BIHAD
FReAR, T DURN ] E A7 B bR A F .

B RZEIEE, T MPE WE T G FE MR A4S 1, MK T gym IIHRR
A, PR HRAT R B R % gym e

!git clone https://github.com/boyu-ai/multiagent-particle-envs.git --quiet
!'pip install -e multiagent-particle-envs
import sys
sys.path.append("multiagent-particle-envs")
# BT multiagent-pariticle-env JEERISLIE—LERRANEIR , Fitt gym FEE X ] BAIMRA
!'pip install --upgrade gym==0.10.5 -q
import gym
from multiagent.environment import MultiAgentEnv
import multiagent.scenarios as scenarios
def make_env(scenario_name):
# MWIREN AP RIS
scenario = scenarios.load(scenario_name + ".py").Scenario()
world = scenario.make world()



21.3 MADDPGA A 5% 8%, 233 -

env = MultiAgentEnv(world, scenario.reset world, scenario.reward, scenario.
observation)
return env

KREEFEMPE 1) simple_adversary FE/EAMESEARG], 1 212 s GEHH
TYRSEEANED . AR 1 NMLARXPUS RS (R adversary)s N MNMEGAIIEF R REA, LA
J NS (/N =2, XN AT E— N2 Bt (SR, XN ANIEF R REAREm—
AT BARt S, (XTI BEAAANE . IEE B AZ AR AERR: e R —NERE Hix
Hb g5 R BT, RN IR R REAERRE R = = = =
AR IA2I5) » TR R SR B ¢
FRH ARSI, AR, (BT
BUFIH—AN 72 HAsth . BRIk, 1E !
R TR BT AR, A EEIAFEIR
ARFR A, DA U AR

TEYANZ, MPE HEEH 1 I
AN REAAR IR B /R 25 1) 2 B B 28 ' - PY
3 BNt DDPG Sk A & 55
159 B8 1R 1) B A 6T T L g S 40T
s Nl B e K 21-2 MPEH'[) simple_adversary i
(1, AR T BB SR 23 [ R AN BT . AHIX FEAS RS AT 4T 45 AN B4 F MADDPG 59%
SRR, BAFRATET LA A — P Gumbel-Softmax [ 512K 45 I B B4 AR I LR RE . R FE
A5 o B R A T 2L () A A R4 HY S AR

BA — AN EEZ IRNEA A= @5 a,) HF, a €[0,1]FRP(Z =0) H
WY @ =1, HRAIR EEIRE AN (2~ L) HEATRRERS, T LR LI Bl BS B4 A 1
KEERATT T,

B B2 0] LLAE BB A R FE AT 30 2 B R R e i st 2 B S50k ik,
X— AR 14 B SAC HiEF N Hid, 1Mix B E A 1)/2 Gumbel-Softmax £ 15. Bk
Ui, EABIAN—ANESHETE,, A KA H Gumbel(0,1) [ 75«

—_—

g =—log(-logu), u ~ Uniform(0,1)
Gumbel-Softmax S 1] DL 5 i,

v, = exp((loga +g)/7) Lk

z;exp((logaj+ g,.)/r)’

BEES, W BE i z = arg max y iF B B HUE, 1% B BUESUE IS TEECREz ~ L E
Hit—, RFEMER y FEAMGIAN T Ta B . THFESMNERESHC >0),
JE oL 1R B e wr DA AR ) Gumbel-Softmax 24 5 B EL AR O AR B 7N, AR AR
534 Gk ] T onehot(arg max, (loga +g)) M55 7K, A2 B 0 A ok ) T3 50 0 A o

P A R EM R TRM S, K41k DDPG W LUIE M T & Hsh /2
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Gumbel Softmax SZFE [ AH IR £

def onehot_from logits(logits, eps=0.01):

" AERRERMEERYES (one-hot ) FEEL '

argmax_acs = (logits == logits.max(1l, keepdim=True)[0]).float()

# ERRBBILENE , SR AR AL

rand_acs = torch.autograd.Variable(torch.eye(logits.shape[1l])[[np.random.choice(
range(logits.shape[1]), size=logits.shape[0])]],
requires_grad=False).to(logits.device)

# BT epsilon-REEIERIGERAMNE

return torch.stack([argmax acs[i] if r > eps else rand acs[i] for i, r 1in

enumerate(torch.rand(logits.shape[0]))])

def sample_gumbel(shape, eps=1e-20, tens_type=torch.FloatTensor):
nn ll)\A Gumbel (@ s l)ﬁj\ﬁ‘:’:';‘ré*i"""
U = torch.autograd.Variable(tens_type(*shape).uniform (), requires grad=False)
return -torch.log(-torch.log(U + eps) + eps)

def gumbel softmax_sample(logits, temperature):
mr M Gumbel-Softmax AR EAE"""

y = logits + sample_gumbel(logits.shape, tens_type=type(logits.data)).to(
logits.device)

return F.softmax(y / temperature, dim=1)

def gumbel _softmax(logits, temperature=1.0):
" Gumbel-Softmax HDFEHRREE , FHHITEAML "
y = gumbel_softmax_sample(logits, temperature)
y_hard = onehot_from logits(y)
y = (y_hard.to(logits.device) - y).detach() + vy
# IREl—y_hard AIRHE ,BERENIMER v, HIEREBSE— 1 SRR EREEENE, XaTLL
# [ERbRERE

return y

BB LI BB FeA I DDPG . H A2 Actor 285 Critic W%, DLt ESITERIREL, X
13 BHEALNE, AR EER. (HiIX BEAFEHMES RN R L, HE S AMADDPG
Ferp g s,

class TwolLayerFC(torch.nn.Module):
def init__(self, num_in, num out, hidden dim):
super().__init ()
self.fcl = torch.nn.Linear (num in, hidden dim)
self.fc2 = torch.nn.Linear (hidden_dim, hidden_dim)
self.fc3 = torch.nn.Linear(hidden dim, num_out)

def forward(self, x):
x = F.relu(self.fcl(x))
x = F.relu(self.fc2(x))
return self.fc3(x)

class DDPG:
ra DDPG%}\Z [N
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def_ _dinit__(self, state dim, action dim, critic_input dim, hidden dim, actor_ 1r,
critic_lr, device):
self.actor = TwolLayerFC(state dim, action dim, hidden dim).to(device)
self.target actor = TwolLayerFC(state dim, action dim, hidden dim).to(device)
self.critic = TwoLayerFC(critic input dim, 1, hidden dim).to(device)
self.target critic = TwolLayerFC(critic_input_dim, 1, hidden_dim).to(device)
self.target critic.load state dict(self.critic.state dict())
self.target actor.load state dict(self.actor.state dict())
self.actor optimizer = torch.optim.Adam(self.actor.parameters(), lr=actor_ 1lr)
self.critic_optimizer = torch.optim.Adam(self.critic.parameters(),
lr=critic_1r)

def take action(self, state, explore=False):
action = self.actor(state)
if explore:
action = gumbel softmax(action)
else:
action = onehot_from_ logits(action)
return action.detach().cpu().numpy()[0]

def soft_update(self, net, targetnet, tau):
for param_target, param in zip(target net.parameters(), net.parameters()):
param target.data.copy (param target.data * (1.0 - tau) + param.data * tau)

R RIEASLH > MADDPG 2K, %0 TR e R # < 4E7— 1 DDPG 5k, Ef]
FR) S5 s BEHT AN B BB A )2 212 b ok 0 () ML (o) BIARGR HE .

class MADDPG:
def __dinit__(self, env, device, actor_lr, critic_lr, hidden dim, state dims,

action_dims, critic_input_dim, gamma, tau):

self.agents = []

for i in range(len(env.agents)):
self.agents.append (DDPG(state dims[i], action dims[i], critic_ input

dim, hidden_dim, actor_1lr, critic_1lr, device))

self.gamma = gamma

self.tau = tau

self.critic criterion = torch.nn.MSELoss()

self.device = device

@property
def policies(self):
return [agt.actor for agt in self.agents]
@property
def target policies(self):
return [agt.target _actor for agt 1in self.agents]

def take action(self, states, explore):
states = [torch.tensor([states[i]], dtype=torch.float, device=self.device)
for i in range(len(env.agents))]
return [agent.take action(state, explore) for agent, state in zip(self.agents,
states)]

def update(self, sample, i_agent):
obs, act, rew, next obs, done = sample
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cur_agent = self.agents[i_agent]

cur_agent.critic_optimizer.zero_grad()

all _target act = [onehot _from logits(pi(_next obs)) for pi, _next obs 1in
zip(self.target policies, next obs)]

target_critic_input = torch.cat((*next_obs, *all_target_act), dim=1)

target _critic_value = rew[i_agent].view(-1, 1) + self.gamma * cur_agent.
target critic(target critic input) * (1 - done[i_agent].view(-1, 1))

critic_input = torch.cat((*obs, *act), dim=1)

critic_value = cur_agent.critic(critic_input)

critic loss = self.critic criterion(critic value, target critic value.detach())

critic_loss.backward()

cur_agent.critic_optimizer.step()

cur_agent.actor_optimizer.zero_grad()
cur_actor_out = cur_agent.actor(obs[i_agent])
cur_act vf in = gumbel softmax(cur_actor out)

all_actor_acs = []
for i, (pi, _obs) 1in enumerate(zip(self.policies, obs)):
if i == i_agent:

all actor acs.append(cur_act vf_in)
else:

all_actor_acs.append(onehot_from logits(pi(_obs)))
vf_in = torch.cat((*xobs, *all actor_acs), dim=1)
actor_loss = - cur_agent.critic(vf_in).mean()
actor_loss += (cur_actor outx*2).mean() * le-3
actor_loss.backward()
cur_agent.actor_optimizer.step()

def update_all_targets(self):
for agt in self.agents:
agt.soft _update(agt.actor, agt.target_actor, self.tau)
agt.soft _update(agt.critic, agt.target critic, self.tau)

BUEBA TR E X — S5, QIR B Rk UL 58 [ G 2 I 25 .

num_episodes = 5000

episode_length = 25 # BEFIINEAKE
buffer _size = 100000

hidden dim = 64

actor 1r = le-2

critic lr = le-2

gamma = 0.95

tau = le-2

batch size = 1024

device = torch.device("cuda" if torch.cuda.is available() else "cpu")
update interval = 100

minimal size = 4000

env_id = "simple_adversary"
env = make env(env_id)
replay_buffer = rl utils.ReplayBuffer(buffer_size)
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state dims = []
action dims = []
for action_space in env.action space:
action_dims.append(action_space.n)
for state space in env.observation space:
state dims.append(state_space.shape[0])
critic_input_dim = sum(state dims) + sum(action_dims)

maddpg = MADDPG(env, device, actor_ lr, critic_lr, hidden_dim, state dims, action_dims,
critic input dim, gamma, tau)

PN RSEHLCL R PG SIS BT %, R AT AIF R ISR T

def evaluate(env_id, maddpg, n_episode=10, episode length=25):
# XFSIAVRESEHI TG, W ASHITIRE
env = make_env(env_-id)
returns = np.zeros(len(env.agents))
for in range(n_episode):
obs = env.reset()
for t i in range(episode_length):
actions = maddpg.take action(obs, explore=False)
obs, rew, done, info = env.step(actions)
rew = np.array(rew)
returns += rew / n_episode
return returns.tolist()

return list = [] # iCREE—®0MNEIE (return)
total step = 0
for i_episode in range(num_episodes):
state = env.reset()
# ep_returns = np.zeros(len(env.agents))
for e_i in range(episode length):
actions = maddpg.take_action(state, explore=True)
next_state, reward, done, _ = env.step(actions)
replay buffer.add(state, actions, reward, next state, done)
state = next state

total step += 1
if replay buffer.size() >= minimal_size and total step % update interval == 0:
sample = replay buffer.sample(batch_size)
def stack array(x):
rearranged = [[subx[i] for sub_x in x] for i in range(len(x[0]))]
return [torch.FloatTensor(np.vstack(aa)).to(device) for aa in
rearranged]
sample = [stack array(x) for x in sample]
for a_i in range(len(env.agents)):
maddpg.update(sample, a_ i)
maddpg.update_all_targets()
if (i_episode+l) % 100 == 0:
ep_returns = evaluate(env_id, maddpg, n_episode=100)

return_list.append(ep_returns)
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Episode

print(f"Episode: {i_episode+l}, {ep returns}")

¢ 100,

[-139.85078880125366, 24.84409588589504, 24.84409588589504]

/content/r1 _utils.py:17: VisibleDeprecationWarning: Creating an ndarray from ragged

nested sequences (which is a list-or-tuple of lists-or-tuples-or ndarrays with different
lengths or shapes) 1is deprecated. If you meant to do this, you must specify 'dtype=

object' when creating the ndarray

return np.array(state), action, reward, np.array(next_state), done

Episode:
Episode:
Episode:
Episode:
Episode:
Episode:
Episode:
Episode:
Episode:
Episode:
Episode:
Episode:
Episode:
Episode:
Episode:
Episode:
Episode:
Episode:
Episode:
Episode:
Episode:
Episode:
Episode:
Episode:
Episode:
Episode:
Episode:
Episode:
Episode:
Episode:
Episode:
Episode:
Episode:
Episode:
Episode:
Episode:
Episode:
Episode:
Episode:
Episode:

200,
300,

400,

500,

600,

700,

800,

900,

1000,
1100,
1200,
1300,
1400,
1500,
1600,
1700,
1800,
1900,
2000,
2100,
2200,
2300,
2400,
2500,
2600,
2700,
2800,
2900,
3000,
3100,
3200,
3300,
3400,
3500,
3600,
3700,
3800,
3900,
4000,
4100,

[-105.11447331630691, -4.667816632926483, -4.667816632926483]
[-31.04371751870054, 2.367667721218739, 2.367667721218739]
[-25.856803405338162, -1.6019954659169862, -1.6019954659169862]
[-14.863629584466256, -6.493559215483058, -6.493559215483058]
[-11.753253499724337, 1.1278364537452759, 1.1278364537452759]
[-12.55948132966949, 0.36995365890528387, 0.36995365890528387]
[-11.204469505024559, 5.799833097835371, 5.799833097835371]
[-12.793323601010943, 7.0357387891514716, 7.0357387891514716]
[-9.731828562147946, 5.203205531782827, 5.203205531782827]
[-8.510131349426718, 5.2461119857635135, 5.2461119857635135]
[-9.585692738161287, 6.777259476592237, 6.777259476592237]
[-9.826005870972006, 7.207743730178556, 7.207743730178556]
[-8.566589499183216, 6.2620796176791, 6.2620796176791]
[-8.543261572521422, 5.8545569515458755, 5.8545569515458755]
[-9.719611039111387, 6.136607469223544, 6.136607469223544]
[-8.2925932025312, 5.435361693227948, 5.435361693227948]
[-8.959067279108076, 5.990426636679429, 5.990426636679429]
[-8.8242500783286, 5.307928537097473, 5.307928537097473]
[-8.20281209652912, 5.689542567717828, 5.689542567717828]
[-9.04772055064216, 5.583820408577938, 5.583820408577938]
[-8.50059251561189, 5.6745737134871215, 5.6745737134871215]
[-6.878826441166284, 4.451387010062865, 4.451387010062865]
[-9.324710297045764, 5.414272587118738, 5.414272587118738]
[-8.215515333155677, 5.0714473072251085, 5.0714473072251085]
[-9.710948754211286, 5.945957102784014, 5.945957102784014]
[-6.95987837179912, 4.306175766599912, 4.306175766599912]
[-7.69945047297023, 4.63572107199487, 4.63572107199487]
[-7.640228784974167, 5.129701244255248, 5.129701244255248]
[-7.33452401443051, 4.234568124813538, 4.234568124813538]
[-7.561209771041727, 4.551318252296591, 4.551318252296591]
[-7.303825192093116, 4.1751459368803525, 4.1751459368803525]
[-7.4085041799390225, 4.324439976487989, 4.324439976487989]
[-8.831540597437234, 5.095912768930884, 5.095912768930884]
[-7.909255169344246, 4.814617328955552, 4.814617328955552]
[-8.102049625513107, 4.218137021221713, 4.218137021221713]
[-7.124044426425797, 4.22171591046473, 4.22171591046473]
[-9.855226095181644, 5.559444947358021, 5.559444947358021]
[-8.112882872673746, 4.601425710926074, 4.601425710926074]
[-7.7353843779903855, 4.842239161334104, 4.842239161334104]
[-7.877527887061531, 4.593953921896876, 4.593953921896876]
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Episode:
Episode:
Episode:
Episode:
Episode:
Episode:
Episode:
Episode:
Episode:

WZRER,

4200,
4300,
4400,
4500,
4600,
4700,
4800,
4900,
5000,

7.401751185392445, 4.52101055148277, 4.52101055148277]
8.233404140017905, 4.713286609882572, 4.713286609882572]
8.653939326472079, 5.184954272702421, 5.184954272702421]
9.767723118921353, 6.570082634111054, 6.570082634111054]
9.30060260689829, 5.242836047978754, 5.242836047978754]
8.964009029648428, 4.901113456984634, 4.901113456984634]
10.22982114177131, 5.669039384469422, 5.669039384469422]
10.568961308877448, 4.479337463298422, 4.479337463298422]
[-8.700993807143094, 4.4632810497979705, 4.4632810497979705]

[-
[-
[-
[-
[-
[-
[-
[-

BATRE I .

return_array
for i, agent_name in enumerate(["adversary 0", "agent 0", "agent_1"]):

np.array(return_list)

plt.figure()
plt.plot(np.arange(return_array.shape[0]) * 100, rl _utils.moving_average

(return_array[:, i], 9))
plt.xlabel("Episodes")
plt.ylabel("Returns")
plt.title(f"{agent_name} by MADDPG")

adversary_0 by MADDPG

Returns
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ATLAEH], 1E% B BEfAkagent 0 A1 agent 1 FY[aIR4EE R 584 — B, X2 v EATHI 22 i) B8 4L
B REA AR T IEFRER, U EATE R A R AT AN R

SEeE—F. IEW

/n\ ’ ﬂ‘ﬁﬁﬂ:ﬂ?%
SRH P AN AR E PR LA

EARTCVE A A S H AR . B A, FRATE AT LUK I MADDPG I
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21.4  INEK

AR T 2 B Rk 5] CTDE Ju Rk N 4 i 5% MADDPG, MADDPG 5 £: 74
TR Z BRI S EE . FI, A% MADDPG SURNIR T 2 B hefh ke ok,
DR ()52 3 ] 15 5 MADDPG J5 8 SC iR FE A .

21.5 ZEE

[1] LOWE R, WU Y, TAMAR A, et al. Multi-agent actor-critic for mixed cooperative-competitive
environments [J]. Advances in neural information processing systems 2017, 30: 6379-6390.

[2] MPE benchmarks (2 i}, GitHub 431 google/maddpg-replicationIiji H [¥j maddpg replication.
ipynb 3CA4).
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Bellman equation

Bellman expectation equation
Bellman optimality equation
marginalization

variational auto-encoder
Bernoulli distribution

partially observable Markov games
policy iteration

policy evaluation

policy gradient

policy improvement

sublinear

action-value function
multi-armed bandit

multinomial distribution
multi-agent reinforcement learning
compounding error

gaussian distribution

conjugate gradient

generalized policy iteration
generalized advantage estimation
trajectory

overestimation

Hessian matrix

Hoeffding's inequality

baseline function

policy-based method
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gk
HRXXARTE BYARIE
TR AL 2 3 model-based reinforcement learning
BT HEREM 7% value-based method
P eI value iteration
ARG cumulative regret
B LR RS off-policy
BE AL offline reinforcement learning
FIH exploitation
LR it 2 Markov process
IR AT KA lid #2 Markov reward process
LR ] R Markov decision process
Ly JR AT F M o Markov property
SRR Monte-Carlo
ERINCIE O A= goal-oriented reinforcement learning
BIRANE 1 aleatoric uncertainty
NI 5 P epistemic uncertainty
15 entropy
TEEHR upper confidence bound
i 5 22 55 temporal difference
ey 2 A I hindsight experience replay
WA trial-and-error learning
BEALFT # i random shooting method
eI FE stochastic process
7 exploration
R Thompson sampling
HMTERZE extrapolation error
FEA 2 O I 2R fully decentralized training
SEA LI fully centralized training
TAR B )5k 27 > model-free reinforcement learning
AR trust region
]l episode
E4EE T contraction operator
FEARR R sample efficiency
RET advantage function
1E 2R TR on-policy
HHEE occupancy measure
R | i R RR WY A7 i centralized training with decentralized execution
BSHWETY reparameterization trick
REFEXT state-action pair
RZS V5 1 34 state visitation distribution
RSN E R EL state-value function
SN T A maximum entropy RL
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