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B B AR ] True, NER[El Trues
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agent.update bt(side name, env.scenario)
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v, (s)=) 7(a|s)q,(s,a)

acA

V;z(s) S qﬂ (s,a) _ Rsa n 7/2 ]);Sz’vﬂ (S’)
s'eS
q.(s,a) a V. (s)=D m(a|s)(R +7) Piv.(s))
acA s'eS
’ q.(s,a)=R!+ )/Z P Zir(a' | s, (s',a")
V. (S) S s'eS a'ed

v (s) =D m(a'|)g,(5",a")

acA

q.(s,a)=R: + 7/2 Plv_(s")

s"'eS

oo a
q,(s".a’)

K| 55 Value #l Action-value [15¢ %

(—) BRER). ERE. AR
State-value PREUE X :

Ver(s)=E, [>.7'n.,]

a;© =0

State-action-value FEE X:
Q”jy (St’at) := ESH]:ao [z }/lr[Jrl]

a0 (=0

L BREE X
A (s,a,) = 0" (s,,a) =V (s) =1+ 7V (s,) =V (s,)



(2 REGIERE RIEPE

1. Initialization
V(s) € R and w(s) € A(s) arbitrarily for all s € 8

2. Policy Evaluation

Repen SRRHOBENLEE, MIENTE R RAS
Fo:"_e;]ch seS8: RN, FE g
v+ V(s)

I V(s) + Zsj‘rp(s’,r|s77r(s)) [T - ’yV(s')} I : E{F%ﬂ:ﬁmﬁ
A+ max(A, [v—V(s)])
until A < @ (a small positive number)
HEIAHARML

3. Policy Improvement
policy-stable + true
For each s € 8:

a  7(s)
[ 7(s) < argmax, > . p(s,7[s,a)[r +V(s)]]
If a # m(s), then policy-stable + false
If policy-stable, then stop and return V and 7; else go to 2

] 56 policy evaluation #1 policy improvement

RIS IEARM — D WIIa A B S Ok, Seidb AT SRS VR4, 85 Blcik 5
i, VPAN G R SRNG, Rt ob kg, el ANBAACE R, HIAR
A

(=) Reward shaping

SRAK S 2 AR SEBR I E 18 H T I 5 5 55 22 6 19 @2 (Sparse Reward
Problem) BIBkAR, 7ESstitHEE hAEI4h . 78 i, WREAA
NBTHIENME T, — R — JR e s M B Bl B v 22 i 5 1k
Hbgs 22 21 R, AN SRR B 22 5015 5 AR e 2% =) B 0 (1) S g . DRI,
I TE AR B ORI AT HEE IR AR, AN — k3
Jil SR Bh 2 S B . X PR S I AR B A I N2 R L T 5] 5
SRR E T, s i 2 (Reward Shaping).

BTN A A, R REAR S, B Goal BRI, 4% Refhds
i Goal #hzs T IEX i, HRXNA 0, W ReS FECR ReR 527 s, M ik
“OtpE”, R RRARIEIEAN LT FE R AT DARR SRS 2, R Re AR (Rl RF Sk
= AT DL SRR R, Wil 57 s .



K57 “HuREl” g

Fe T RERI ARG T LA R X — )@, e 5 MDP BN M, BT
(K] MDP ) @A are R LB T M 22 B AE N - BR T 22 Jal e 2R AE A5 21 v
R E . BEIn2ahed 2 CaniEl 58 fon) Rom AR Z 0 K2 &K
LSRG AALNE B 78 7 b B2 A

Definition
A shaping reward function F : 5 x A x S — R is potential-based
if there exists ®: S — R s.t.

F(s,a,s") = y®(s") — ®(s)

for all s # s, a,5".
Pl 58 JT- i fie bR 2510 22 43 B 02 Jah ok
5 JF AL Jh et b 38 0 B0 22 5 e BOs A 2 T e B IRES — e,
MNFSREAR B 4 07 21 55 Re my (O b 7 25 TE 2200, 1T AN B A v B4 4 7 [B] 35 RIS
UM 25 22, IXRELEE S 1 YRR USRS, WKl 59 Fa . IXMOT
VAT AORAIEHT IH MDP I A0 SR AN AR 1

T &’ B @ .

@(sp) =0 ®(s;) =1 P(sy) =2

(4] 59 Ak KOl T« Selel g
R VURE TR, S ERECRA I PR

i

Qir(5,0) = Eyup() | Rls5,0,8) + 7max Qi (s',0)

PR 2 AR R AL, A Al AR A



Qi1(s,a) — B(s) = By |R(s,0,5") +y8(s') — B(s)

+ymax (@ (', a') — 8(s'))

e

Qur(5,0) = Qiyls.a) — B(s)
EYISTE

F(s,a,s") = v®(s") — ®(s)
GEIF

-

Qum (s,a)
= B |:R(55 a, 3’) + F(Sn a, Sr) T H}g"ﬁ QM” (S’! a”):|

= E [R’(saa, 8')+ T Q.Mf(S’,a’)]
TR O, (s,a) T & M [P ULIR 20588, I 05 (s,a)= 0, (s,a) o A B
A I A2 «
T (s) € argmaxQiy (s, a)

= argmaxQj(s,a) — ®(s)

a€A
= argmaxQ},(s,a)
acA '

PRI T #5587 1H MDP (1) e SR M & — 2

B F A B B B Y reward shaping J7 ¥ & 5 potential-based
advice’,dynamic potential-based reward shaping’, % i X 5 £E T A & 1E
FAERBTION T aME, XA T T H e @il FE RFH R
BRI [R] 224, W 60 BT .



Potential-based reward shaping(PBRS)
F(s,5") = y®@(s") — ®(s)

Q1: Is it possible to define potential Q2: If potential function is dynamic, will
function on state-action space? policy invariance property still be kept?
Potential-based Advice Dynamic Potential-Based Reward Shaping
F(s,a,s',a") = y®(s',a") — &(s,a) F(s,t,s',t") =yd(s',t') — ®(s, 1)
4 60

WA — MR T H S, WK 61 Frr, ALK & 22 5l R 5L
UG EE TR 2 e, R iR A SR 1) — S R

Potential-based Advice Dynamic Potential-Based Reward Shaping
F(s,a,s',a') = y®(s',a) = ®(s,a)  F(s,t,5',t') = v®(s',t") — B(s,1)

\ /

Dynamic Potential-Based Advice
F(s,a,t,s',a't') = v®(s',a', ') — ®(s,a,t)

K 61

Ak, WERAEE 3] 0] DU B 2 ) R . ORISR IR T
#BEN reward shaping & T AME R AR Bt — DM IGEE, X AT
b % 2] 75 5 "3 4T reward shaping et 7 — NS, Br TR T HREW
reward shaping /7¥%, AT WIEE T 71, Han B iF& O IR Eh 4R
%=

. O RANIEfEEES]
(—) Value-based 5%

1. DQN

DON"5 Q-learning ZRULHRE & THIER M FE, HE7EE@EM Q-
learning ', RS R FE 3 8] B H 4E 2O = i AT {8 Q-Table fif
FFRFAREIEXN 1) Q {E, T IR FIBNE 2 & = 4 2L, BES
AR 2K, M Q-Table mi+73 B



i LAAE AR P DAAE Q-table SRR 408 — R EU & R, JEd &
—/N KA function KRAE Q-table 7742 Q 18, £ AL (IR BIAHIL
% BN AE o ERLIEG TRATT T DUAR 31038 J5 i 448 ) 248 ok 5 2 AR AR 1R 32 BDUAT 1R
B, BT PART L% Deep-Learning 55 Reinforcement-Learning 45 & 1%
SN T DON.

AT T — R F 1 observations, actions and rewards, % i& agent
ML B HAES, agent BIHPRZ: EHENE, RARMRERREET . K
AITAT R — /N R B X 25 SR i Auk e A8 1) 3 7F - 18 PR 2 (the optimal action-
value function),

RL—MHA R R 2. S — DR R B il a0 — A
228 R FRBME-E RN, 2 BB E B A EANARE
FEHIAERFBU: 7 H SR A L (the correlations present in
the sequence of observations), Q {H B /NI R, 7] BE 2 &2 1 e AR 3R
W&, AT AR E s o3 A, DA EIE B Q)M BFMEZ AR &R o FRATTH]
HHT B Q-Learning IS MR AR U EIR A€ B R /T, 2 2 A
Idea:

1. IATRH A8 K HREIHLE], FRON: experience replay, fF
B A AN 3 A o AT B 7 0 31 A O, [ 1S AE 2
ZiTH b v =AY

2. FATIH FH — AN IEARTE Bk g [\ H ARE (target values) A% h{E-1H
Q (the action-value), AT B, M 75 BEFRFECR .



[ DQN %% i % ]

£y 3

1R 2 R EL BRI O(s,2;0)  |max, Q(s'_n";ﬂ')
argmax, O(s,a;6)

y

T [N (1) £

ELAIE = ]

i TRk

—— 5 \_‘

Hir 25

(s,a,r,s")

g G AT

&l 62 DQN Hi%E4E 4y

Algorithm 1 Deep Q-learning with Experience Replay
Initialize replay memory D to capacity N
Initialize action-value function @ with random weights
for episode = 1, M do
Initialise sequence s; = {z,} and preprocessed sequenced ¢ = ¢(s;)
fort=1,Tdo
With probability € select a random action a;
otherwise select a; = max, Q*(¢(s¢), a; )
Execute action a; in emulator and observe reward r; and image x;+1
Set 8441 = 84, a4, x4y and preprocess @11 = P(Sp11)
Store transition (¢, as, T4, Ppr1) in D
Sample random minibatch of transitions (¢;, a;, 7, ¢j+1) from D
Sety, =4 Ti for terminal ¢
Yi r; +ymax, Q(¢j+1,a’;0) for non-terminal ¢;

Perform a gradient descent step on (y; — Q(¢;, a;; 6))* according to equation 3

end for
end for
K 63 DQN &k fe
2. Rainbow

RainBow' ik At AR 2 AL EHE L, 1fETEHELF DON Hike
K ERlE 1L U R
Double DON
Prioritized experience replay
Dueling network architecture
Multi-step bootstrap
Distributional DON
Noisy DON
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RainBow % T Distributional DQN, ‘& K% A& Q HEKE, 1
& QHA N, eA:

&M = (B + 4™z, ps(Siin;0ln))

Horb 2 /BB g B, PR HEUEMS. T REKREE .
D (®.d™||dy)

Hh P %R 2 M. 1E prioritized experience H1 2 k4 TD-error
KXTFEARMATHT Y, IAEE A FATH Q MEK%L, TD-error MiZiiL
NKLEE, T2A:

Pr X (DKL(Q)ZdE")“d,))

RainBow 12 Dueling DOQN ¥ 45 #) A1 Distributional DQN 1] & 14 45 &
R, Koy BB 2 shrafi 7R, B DLTR S FRATTM Dueling
DON Mg ik, JRSE 250 — AR s 3 v(s) M — A3 E R ek
W Asa), IUER Ehth oA . ESALE) Distributional DON %92 C51
o, JEREAPSIER N Q s AR 4r A 51 B EUE, X EE 51 RN
atoms. FATEERZHIHH &6, value stream IS H/&,, advantage
stream KIS EE y , W atoms KD EON No B4 value stream v, %0 H
Rz —A> N 4k A &, 1M advantage stream a, 1% tH M 1% 72—~ N
Fe LABNE 2 [ 4E R HIFE RS, B 581 atoms X M LR AT AR IR N

exp(vy (@) + al, (¢, a) —ai,(s))
ZJ. (.‘xl')(x.-';f,{(_f:) + a;i__(g’:._ a) — ﬁ'{(s))

N TN Agent BIERRBETT, — M IR TV 7 R & - greedy 5K
i, RILLe FIMER RINBEHLAI BT, BLi-e BOBERRBUCS BT SRAS U E 5K
HIBE. T 3 Ah—Af i H I 72 /2 NoisyNet, 1207 15181 X 2 50 fin i
PRI R R BE /1. MA@ W I IME SRR, HEEEEEA
: y=wr+b, NoisyNet ZZA:
Y= (b+Wz)+ (broisy © P (Whoisy @ € )2)
Horte ZBENIAL R, IR AT DM A A& RS0 A1

ph(s,a) =



(=) Policy-based 5%
1. Policy Gradient

(1) SPG

VL J(0) 2V, (5) o S d* () 07 (5,00, (a | 5)
>N EFI ’

d"(s)= limP(st =5|8,,7,)

RN WIRZS o JF 45, AL "o N2l t DM R 5 2IAIRES s (R

ESPSE
VoV (5) =V, (D ms(al )07 (s,a))

= Z(Vgﬂg(a |07 (s,a) + my(a| )V, Q" (s,a))

_Z(v 7,(a|$)Q" (s,a)+m,(als)V, ZP(S rls,a)(r+V7(s")))
—Z(V me(als)Q" (s, a)+7rg(a|s)ZP(s rls,a)V,V7(s")

= Z[;(Vgﬂ@(a 1$)0" (s,a)+7,(al S)Z P(s',r|s,a)V V" (s")

G & ANIREETT 7 5 I8 MIRZS s THIRAE RIS 7, N 4eid k 4> [A)

2 RIR RS IR A
P (s > x,k)

k=0 B, p (s>xk=0)=1;

Hk=1Hf, p (s>xk=)=Y r,(als)P(s'|s,a);

M HBR MRS s TG K IR SERE 7, 2203 k+1 NI (A2 i 208 2 H
RE xo NEIIXANEER, AT LUEMAIRES s HIGEIT k ANBE2E )5 2]

IEFANRAPIRE s, R E & e — B RS 20E HARIRAS o IXFERRAT]
st AT DLt VA S ) R



P (s > x,k+1) =) p"(s >, k)p"(s' > x,]) o

L4(s)= Y V,m,(a] )07 (5.0)

AR
VoV (s)
=d(s)+ 272'9 (a] s)z P(s",r|s,a)V V7 (s")

= 45)+ X X 7, (a | )P(s ] 5, 007 7 (5)

- §(s) +Zp (s > DV, V7 (s")

- §(s) +Szp”(s > DB+ Y p7 (s > SVF)
= ---;iﬁué;%%vew(-) S

- ZZM > %, K)P(x)

ERBFLALARFIRATE T Q- H R EIARIL o K o A H b s AL

JO)F, A5
Vo J(0) =V, V7 (sy)

ST IS =Y k)
- in(s)qﬁ(s) 7
_ [Z n(s)jg Z? (;zs) #(s) D> p(syR—ANE K
Y
= gd”(s)za: V,my(a) )0 (s,a) ;d"(s)= %ﬁﬁ%\%ﬁ
D XADRIC s)%(ﬂ;)g”(s,a)

= z d* (S)z z,(a|s)V logr,(als)O" (s,a)

(2) DPG
IS R NICIE S



o0
yo= ZVk_tr(skaak)
k=t

agent MIYIZR H brg sk B — A Sems A R b e KAk, B AR E0N:
J(r)=E[r | 7]

MOIRZS s &3 ¢ (AL BPIRES s KR E N (-, ). RS
AN

pr(sN=[ 27 pi)p(s > 5’1, m)ds
t=1

il L7
J(r,))= J-S ol (S)L ,(s,a)dads =E |

~~~~~~~~

Ko B TCRE R 5k 2 3] 7 V02 2 T Il B B SR g AR . SRS
iR AL B . KAt aEE R (., ) (), tbwniE
i MC PPAEEL TD %2 o SIS S FHRHE (i vH) S VR (8 eR B0 0T o . i
DL 5 8 3R B AR (B soft maximization)sh /R E p& %L

)= (.)

(ESEAE I, S08s MR T SB 4 R B K AL 2 i)
(BB 1 R, A W] B 50 5 B UM 7 Q MK 9 1), —
BRIER TSR 75 Q EIUBIE T RSB HENS . BERI, X Ty
IR s, 1 Vo0 (520D B 7 MR 4% 1) B 40 o 4IRS HE N 4
T A — R s BB B TARZS 19401 2 () X Q 10 o8 K F Bl i sk
P 0E).

S [ O

S A
=4 [ O )=l

S SCH breR 20N -

J(uy) = L Pr()Ir(s, pto(s)ds =B [r(s, 11,(5))]



SE TR 1 (R 8 T S B T A .

U H MDP i F2 5 2 p(s'15,0),V, p(s'| 5,a), 11,(5),V o1, (5),7(s,@),V 1 (s,a), p,(s)
TEBHS BN FRRELLIN, Tk Voro(oh V0" (50 7215 H T 5
RSB EAFAE . N TAERE O, IREZM SZEN, B |vyew)|

VI (8,0 ol r Vorte(s) FIE s A TR A
T(g) = [ P (I bty ($)V 0" (5,0) |,y )
= Es~p“ [Votty ($)V ,0%(s,a) |a:,uH(s)]
B

VIV (5) =V ,0" (s, 115(5))
=V, (st () + [ (5" 521 (5D (5
= Vot (I (5,@) |y ) +V o [ (|5, 1 ()Y (5")dls’
=V oty (VY (5,0) oy
(P07 15 1 DV V74 () 4V g1y (S DS |52 15 (5) |y i) V2 (5 S
=V ity OV, 5,0+ [ 01ty D o V(S
+ [ (5 s,y (DV I (s')dls'
=V o1ty (V0" (5,0) |, ) + L (s = "1, 1))V V' (s")ds'
ISR — IR L
VP () =V bt ($)V,0" (5,0) |,y
+ [ 05 = 5L, 1)V o115 ()Y .0 (5',0) |,y 0
+ L w(s—s'1,u, )L w(s — s" Ly, )V V*(s")ds"ds'
=V o1y ($)V,0" (5,0) -y
+ [ (s = 5L, 1)V o115 ()Y .0 (5',0) |y )

+ J.S 72p(s — 5.2, 1))V 11, (s"ds'

=27 s > )V b (5IV,0 ),y 0
(3) DDPG
F AR DON fRGE T ey 4E WL 825 8] () i) @, {HVE A R A 2 B Bl A 4
e, 2RSSy, BAESEME4EshEa R, DON AgeEZENH T



BEAR, OB TR B S RS R s B B, X AR IE S s L
T HEBEAEES NP BEMATIENMIL . DON B — MBS, B REBENL
IskRG, WAt UES CIREMSH T, BAHH M3 1FE TR A — 1k
oA, W B RS B UGE X AR B 5, H s al geAS A
X PR R IAT N E BRI T, AT ZSBCE# 7 AR °] g A
72 SRS R FE s L7 7)o 5 Bl AL S X I P 2 1 o 1R SR, BEATL SR BE 7
VELETEEARAR 1) I iz 75 22 [F] I 0E DS A sh A 22 ()b AT #R 4y, i o 1k
FHBEITVEIA SR E B, R 5 2RS4, B
TIHEERE, a8 7 EEE.

TR B 8 1 SRS B B DDPG AT A SRS AR R AN 2] 40 I . BhifE
IR A IR R FHBE LSRR, 1T 7 >0 1 SR DU 2 1 PR SRl . IR, 5
A T actor-critic HEZE, i —/N A N 26k 5] SRS % ) . A,
HAESE T DON Hyk A 256 58 FH SR X I 2% 34T off-policy 12k, PAE /)
AR Z AR OO, BRI S %

DDPG: Structure

Replay memory D

Input

€S, @irs")

Main Net i Target Net

Actor Net a0 Critic Net Actor Net [yl Critic Net

Q(a)

= Loss Function
Q) L= E[(r +yQ(a) — Q(a)))*]

Policy Gradient 7]

u (we want) — Q(gradient for ) — Q',u'(target for Q)

K| 64 DDPG 454 &



Algorithm 1 DDPG algorithm

Randomly initialize critic network Q(s, @|#?) and actor p(s|0*) with weights #9 and 6».
Initialize target network @’ and ./ with weights 82" « 09, 94" « g+
Initialize replay buffer R
for episode = 1, M do
Initialize a random process A for action exploration

Receive initial observation state s
fort=1,Tdo
Select action a; = u(s¢|6*) + Ny according to the current policy and exploration noise
Execute action a; and observe reward r; and observe new state s;4
Store transition (s¢, az, T4, 8141) in R
Sample a random minibatch of V transitions (s;, a;, 7;, 8;+1) from R
Sety; =1; + Q' (8i41, ' (8::11 \9”’”9@/)
Update critic by minimizing the loss: L = & 3. (y; — Q(s;,a;|0%9))?
Update the actor policy using the sampled policy gradient:

1
Voud = ﬁ ; VaQ(3= a'wq)ls:se:a:u(s-:)vﬂ” M(5|9”)\s.

Update the target networks:
09 769 + (1 —7)6¢
O T4 + (1—7)0
end for
end for

K 65 DDPG %1%

2. Actor-Critic

(1) GAE

ISR A R A T A (Generalized Advantage Estimator) R
W5 P S S AR 3 R B i AC - 4 TR R B G RIS
MG B SR I B Ak 1R 1A 40 T T 2K

VHJ(G) = E;r,, [lPtVG IOg ﬂe(az | Sz)]

Hp YV EBEZMER, PGl = =, BB EEREELG

ACH RN = =— ( )+ + 4+ + ~*o_ o+ T ()
PPOFIRE = = +( ) m+ +( )7 L, HPORNFE
773 (Temporal Difference Error) , = + (4+1)— (). GAE

R B TR AT gk
AP =3 ) 8. = X 2 0 Y (5,0) = (5,
Hd (,0mEHA = = + (41— () A1



FESEZE, CECDmERN = 2, o= %, o+ — (), &
39 A2C TR, PG G THIREL A A2C VD45 g 0 (RIS I
(2) DPPO

DPPO"J& PPO A1) 4 A R A, AT 4G PPO, DPPO AT
JUAMRAL:

FEIRA BN T RNN, B3 M EOIRAS KIS P4, 72 POMDP 1]
R BRI AR

R R BN T KR E . EUERIES, =
at ()= (). MEKERREEY, = _ 1 g+
o e)— (), MEHTERKRNERLE, BEREETILD, £
7 — L S AL il

AR HATIH— . B, BT, ERERE BT T
—tb ORETFHME, FRUSSMEZE). [FFE, EBASRGA, X3 p T
TH— (BRUbRHEZED . IR D HE I RAEAT 7 IH— 1k,

ccccc
RiE
Shite
> mEmER sz
Distributed PPO
750441
Ty HEIZA [E
=
It; —
HEmER
worker
1
#EPPO
shis
®
=8
|Hmppo|<—>| s |
HE; = &
i i I

= &

&1 66 DPPO Il 252844 ]

N 66 P, DPPO HEZRHEH —A chief &LAEMZ A worker Zif%.
chief ZEFE A& F£EF2, worker ZEFE N T2 . 21> worker Z6F% 2 [8] 7] LA
HATistT, MImMA B A0t ERE .. &R RA I XL
= PPO BEAL, A worker HIEH H O )ik PPO AL FI R I R 55



HEAZAEZE T U — A= PPO LAY, R EG HAL N chief 1 worker
o AT AR RO AR R AT 2 B 06 A U A s TER S 8. A
worker 16—~ H S i Jm ik PPO #LAY, R AG/E 2, M8 PPO 3K
WA R IR AT B, /SRR, HEEH T ER . LR X
IE A2 A28 T E worker £E BB R vH A BB EEAN, SR J5 K6 B0 8
PP, EZ 3L PPO.

BRI BARRARIN T . B, R PPO AR EE), ] K B2
T E R AR RS, REFHmaR IR, EEFEERS,
i [} PPO 5381 1) P Fh J7 7% (KL penalty B0 clip) iH 5508 H b5 28 %
Jopo(0) o THELIRME AR B (), JFRIMABIIEEREX, Z a4
chief & 5. LB X AL — E R H B worker eI Z J5, 1
chief HUREBL AL 25 305 PPO. L5 PPO A BEEEHT, SRl A%
A worker R PPO 3= PPO H1#5 DI 5S4 Ryl PPO JT AN
MR Z IR T — B Be i) B3

Algorithm 2 Distributed Proximal Policy Optimization (chief)
forie {1,--- ,N}do
forje{l,--- , M} do
Wait until at least W — I gradients wrt. 6 are available
average gradients and update global 6
end for
for je{1,---,B} do

‘Wait until at least W — D gradients wrt. ¢ are available
average gradients and update global ¢

end for
end for
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Algorithm 3 Distributed Proximal Policy Optimization (worker)

foric {1, .N} do
forwe{l,---T/K}do
Run policy forKnme‘;tcpq collecting {s, a¢, r,} fort e {(i— 1)K, ...,iK — 1}
Estimate return B, = Z: (l i ;t L ~ V¢,( i)

Estimate advantages A, = R, — Vy(s;)
Store partial trajectory information
end for
Told < Ta
forme {1,--- ,M}do
Jpp()(@) = 3—:1 %A{- = AKL[TFG[({‘TTQ] — EII]ELX(O, KL[?I’DM|TI'9] — QKLM-,-ygt)z
if KL[‘:TUMITTQ > 4KLL<:-?‘geL then
break and continue with next outer iteration ¢ + 1
end if
Compute VaJppro
send gradient wrt. to # to chief
wait until gradient accepted or dropped; update parameters

end for

for b € {1 -, B} do
LpL(d) = _Zf L(Re = Vs (s0))
Compute V4 LB

send gradient wrt. to ¢» to chief
wait until gradient accepted or dropped; update parameters
end for
if KL[’-‘TUidhrb'] > .BhtghKLf{U‘gElf- then
Al
else if KL[moa|mg] < BiowKLiarger then
A Aa
end if
end for
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(3) IMPALA
IMPLALA" /& — /N K BB 34k 2% ST U R I AE 22, B 480 o 1 1 R
Chigh throughput) BFHIP EYE (scalability) FE =R (data-
efficiency ) o 1E R HIIMEZE TS, REFEM G EofF — e A
(policy lag), FEXFEH T, Impala @i V-trace £ A K H % on-
policy Al off-policy FEAHEAT Il %k
B, FATRE— single learner FIFE . learner )3 EAE A &8
IR actor 15 2 ) ELIZER AN SGD KT F & MHE M2, A
)N A 5 0] FEAT IR YE, learner {8 FH 192 — 3 GPU. actor & BAM
learner ZRIUECHT AL M2 S50, IF HAEAS actor #2 — MG, R



I B TR AT I BB SRS 2258 RE O FLAE SRR g Ko o M@ X0} g
[F it learner 22 HT &AL S E. HT BRI 17T8 % A7 (#
4T, actor —ffEH CPU. H T actor E[15EHE 4 AT HEAN A learner H
BOFTI RS 7, IR BAE A T AN FERIAF 5 kR R .

N2, BINGHEY KRB g, 7T LLE R 24 learner (£
GPU) F+ HEFH GPU FEE L/ actor (CPU). A learner X M H 1)
actor 1T REUEE AR AT 5, learner Z I8 & X # gradient Ff H. 5 7
W25 240, actor tHE MR learner FIREUIFTE Frip & M4 40

IMPALA H actor # learner FH B 538 TAE, HoR$EE 1A .
Y EIR 55 batched A2C it T Xk, 41l 69 Fion. a EIH, IERMEHEA
AR ER AR R — UK (FTRER R GPU SRED, Rt — b2
[F2, MR R0 B iy [ 5 Z2 AR, XAEIR 2% 1 R B I A5 A I ] 5
b ElHr, HAEFER K B S L # 3 —HUoR i, 1R mAE R 25 & actor
H O e B E IMPALA W 58 44 actor 1 learner 73 - 5 2 #EAT
XHE actor AR Z5E4F AT actor, BT LU AT RE 2 IMHCRAE, AR ML, Fr

VB H R AT A i&%%ﬁﬁiﬂﬁ’ﬁﬂ@ﬁj? off- poI|Cy FEA
i nt steps [l Forv

,\ ]

Act

Act

(a) Batched A2C (sync step.)

{ time steps
-
u EEES

wkward [
nmnll

I
g
mZ

or 0
tor 1
r 2
or 3
or 4

5

EEEEEEEE
m

%?krrkk>
ER EER R-
N gub .I
l..l....

EEER (C) IMPALA
(b) Batched A2C (sync traj.)

s

K] 69
V-trace HHE RAER K trajectory AISHTHT Value net 25 H 24 i {H B %
=AMt -
v, z o)+ ([T sy

— 7(a,|x,)

A, 51 p 4 W () -V ) VI TD R % . p, = min(p, o ))
a X



File, 2 min(a,”i""—:x';)i%%éﬁliﬁﬁ%%%‘fét%ﬁo ML BT FN 2
aa; | x;

5 u SEBRI AT Z RO, SR G TE SRS I Z R RS8O, oy T
gy Al TR R SRS o A, AR 2528 BRRITTVAREAT s Bt DR
BAALTE, X S B T T = 2 OROR, i DL 7 B AT A
K I AH L SRS 22 LU )P S (E R AR e T 22, TR R RCR B InAS e

EREF, fFon-policy BET (z=w), FFHERE = =1, Hit
V-trace targets 7] AEEL 5 4:
v =V )+ T+ Y () =V ()
=3 Y (5,

F4h, V-trace targets A LAREATIEATTHL:

VS = V(.xs) + 5tV + ]/CS (verl - V(st ))

Impala X H] actor-critic 2844, critic B #T /7 X AT/ MEFLA B E
PREL VAR T V-trace targets B335 1% 22, BIEAWn T J5 =UE 5
(v, =Vo(x )V V,(x,)

7E on-policy TEE T, {HEEHIEEE N,
VIV (x)=E,[Y, 7' Viegu(a,|x)0" (x,.a,)]

Hep, () [ - ~ | . 125K uBPRESFES
. Actor 1% on-policy policy gradient 25 Hi FI4# B 77 [a) 5887, BN,
Eas~y(~|xd.)[v log u(a, | x,)q, | x,]
e ZxF (o, )RfhTHE.
7E off-policy T6 X T, AT N HMEH H bR & 2 B A — 211 2 K
I actor #i% off-policy policy gradient 4 Hi ARG FE 75 [m) 58 5, BT,

Ea‘wlu('lxv)[ﬂ(a.ﬁ‘ |xS)
CU (e, [ x,)

Viog u(a, | x,)q, | x,]
X B AEH + Lok C )



(=) Policy embedding

£ 5t 1) off-policy actor-critic 2% > B A& B — H Fr 5 B 108 28 20
SR, AENE KBRS B PR SRug BRT R A, IR AT RIS 1 22 KBS 1)
—UCH GRS, B — R g 347 R AE K 5% PBVFs” (parameter-
based value functions) HIEIESE K, T PSRz A1 1 e @l

1. PSVF

e, FATHE S PSSVF ( parameter-based start-state value
functions) (). HHEIERIIVEALTEAR ), 2R X SREmE X 2% (1) 2 44
theta 5KF, 3H:

Vol (75) = [t ($)V ¥ (5,0)ds = E

[ VoV (5,0)] =V, V(0)

FAE R MC 1B AR AT 5K 0% 0 11 critic YPAEE (), AJE
actor #3& critic J2 T T M B S48

Algorithm 1 Actor-critic with Monte Carlo prediction for V()

Input: Differentiable critic V5, : © — R with parameters w; deterministic or stochastic actor
g with parameters ¢; empty replay buffer D
Output : Learned Vi, = V' (0)v0, learned 7y = mp-
Initialize critic and actor weights w,
repeat:
Generate an episode sg. ap, 71, §1, @1, T2, .. ., S7—1, ar—1, rr with policy 7y
Compute return r = Z:,] Tk
Store (#, r) in the replay buffer D
for many steps do:
Sample a batch B = {(r,6)} from D
Update critic by stochastic gradient descent: Vi E(,. g p[r — Vis(0)]
end for
for many steps do:
Update actor by gradient ascent: Vg1 (6)
end for
until convergence

2

Kl 70

i MC EATHME R 2 SR T 20K, 74 EL Algorithm 1
XA episode-based I HIETLIE MIR T episode ' R PP HALF I BNE . 2
T TD SEH HIBRE VA AL TV R B SN T R ZE, HEERKEE -



fEAR 7 5 &, mHAAERS— B ERTT A NER TR . X PSVF
(parameter-based state-value function) # ( )RS, #JLIEZI.

Vod, (7)) = [ dZ )V V (5,0)ds = E_,, [V, (s,0)]

Algorithm 2 Actor-critic with TD prediction for V (s, 6)
Input: Differentiable critic V, : § x © — R with parameters w; deterministic or stochastic
actor my with parameters 6; empty replay buffer D
Output : Learned Vi, = V (s, #), learned mg = mg-
Initialize critic and actor weights w. ¢
repeat:
Observe state s, take action a = 7g(s), observe reward r and next state s’
Store (s, 6,1, s') in the replay buffer D
if it’s time to update then:
for many steps do:
Sample a batch By = {(s.0,,s")} from D
Update critic by stochastic gradient descent:
V“‘TEIT[ E6.reB [Va(5,6) — (r +vVi(s', 0)))?
end for
for many steps do:
Sample a batch B; = {(s)} from D
Update actor by stochastic gradient ascent: V"-7|B_l_a| Esen, [Va(s, 6)]
end for
end if
until convergence

Kl 71

2. PAVF

PAVF ( parameter-based action-value function ) #& £ policy
gradient A off-policy actor-critic BL it i E K R KW, N
stochastic policy gradient #1 deterministic policy gradient B #5532

stochastic policy gradient: 41RIRAVEBHBENIT VKRS WEMIEL
Pa22 2] HbRoEmE  HIshEE RE. £ 41 off-policy actor-critic F.1%4Y
SORAATHE 7, IBREE, WA (SRR B EON B AR S0 1K 2 H0 6 2

(, ). PBVF 2 EBIFERXITHFHEM TR, MIMHES H 7, 1584
FERE A FE PR AL
V,J,(1,)=E

s~dgP (S),a~7rb(~|5)[

Zo(@15) (0(s,0,0)7 , log 7, (a | )+ V,0(5,,0)]
m,(als)

Deterministic policy gradient: ffiitBEALSEISH (, , )21R K
o i 8 14 SRS V2 (E 52 2 value function B ] LR S22 21808, [REAAR



i AR S R ) EXHE s BRI L Rk,
Jy(xy) = [ d2 ()P (s5,0)ds = [ d7(5)0(s, 7, (s),0)ds

Xt ORBEE

va']b (72'9) = Es~d£’7 (S)[VH(Q(S’ a’ 0) |a:7rg(s) V@”G (S) + V9Q(S7 a’ 0) |a:7r6.(s) )]

Algorithm 3 Stochastic actor-critic with TD prediction for Q(s, a, f)
Input: Differentiable critic Qy : & x A x © — R with parameters w; stochastic differentiable
actor g with parameters #; empty replay buffer D
Output : Learned Qy, =~ Q(s, a,#), learned 7wy =~ my=
Initialize critic and actor weights w, ¢
repeat:
Observe state s, take action a = g (s), observe reward r and next state s
Store (s,a, 8,7, s') in the replay buffer D
if it’s time to update then:
for many steps do:
Sample a batch By = {(s,a,0,r,s')} from D
Update critic by stochastic gradient descent:
V“’Tﬁlﬂ- E(s.a.&.r.s’}eBl [QW(S' a, 6) = (T + ‘VQW(SI: ﬂ'" s "'Tﬁ{s’)' 9))]2
end for
for many steps do:
Sample a batch By = {(s.a,6)} from D
Update actor by stochastic gradient ascent:
o [;: 22} (Q(s, a,0) Vo log ma(als) + VaQ(s, a, 9))]
end for

end if
until convergence
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Algorithm 4 Deterministic actor-critic with TD prediction for Q(s, a, #)
Input: Differentiable critic Qy : § x A x ® — R with parameters w; differentiable determin-
istic actor 7y with parameters ; empty replay buffer D
Output : Learned Qy = Q(s, a,#), learned g = mp-
Initialize critic and actor weights w, 0
repeat:
Observe state s, take action a = my(s), observe reward r and next state s’
Store (s, a, #.r, s') in the replay buffer D
if it’s time to update then:
for many steps do:
Sample a batch By = {(s,a,6,r,s')} from D
Update critic by stochastic gradient descent:
V“’UTII[ ]E(s.u._@.-r.u’)eﬁl [Qw(s, a,8) — (r +vQw(s', 75 HERr 9))]
end for
for many steps do:
Sample a batch By = {(s)} from D
UPdatc actor by stochastic gradient ascent:
sEBz[VGTG( V Qw(? a, 6)[& mals) + VGQW(S: a, H)‘u:mg(s}]

end for
end if
until convergence
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(W ZH AT
1. VDN

FTE R 7 AT DL 2 2 & ae g sl b 52 o) Bk i T 6 1 22
(10 Independent Q-Learning, IQL &%) . B IQL HiEE DON &ik
ZEG RN 2 B Be R ) /L EUAS LU B AR, (HRN TR AR B R
55, 1QL M2 ToiARAR I i b B b T PR 5 E S AR A SR A e A T O
771k, BT & se AR PR S RIS E S &, AE— M Rk
KHEFRE T, BIRAES I AL T AR PR v o) i, (HAEAE— N Hia:

1. FERHIRZ B e AR A B rh BVE AT R R 22

2. HTZREMAEEENZ, — B R R4 2] 23— G )
g, AR B R o BB TS I SR . X RO R R AR T
BERERENE, AT ) SRS 2 FELAS CL 8 22 21— LU SRS IR RE AR, MM A2
)4 Jey Bl i R B

VDN ik A AR, Aokt 2k — B A 1K Q-network, 1H
FEIX AN 1 X 45 42 B P R B4R R A Q-network IIFIFR 2], IXFEA
AT L O A I ZR A B T I B R AR A R B i) &1, 1f B FH T SEBR
FEAET )RR BRI R A A, R AR R e A R SR 2R A LR &R o
wia, HTNGTEEEMEGEMAERETHCRBUER Q-
network, I PASEINZ: R0k 4T, B VDN i1l CTDE HEZE, Jf H AR
[¥] /2 Dec-POMDP [l &,

HARKIE, VDN M 7 a0 TRk

(R, 12, ), (' ad))zjzléi(hi,a[)

XEZPrPER h i A s 52 ROV EAT#E R )52 POMDP [/, I
HAEEAH, XHP) Q-network & H LSTM g . Il o il 2 — 4
RIFEIrER, BIXS AL ECA Q function HEAT argmax #:4E, &M T Xt
BRI Q function 7347 argmax. IXFER] PLRIE I ZR5E 5 5



LA PATRS, RIS Ry LT R gt 1T shok, HIORms 2
53T Rt T ko2 — 8.

N BT RS . REBANZE R RGTEE N
RefA, JF H 4 5 18l i bR 202 A 2 68 4 1Y J5 56 8]+ oR 2501 n An
()= (% H+ 32 2 BrA:

07 (5,a)=E[>" 77'r(s,0a,)| 5, = 5,4, = ai 7|

CE[ yn(0ha) s = .0, = aix VB (0Fa?) |5, = s.a = air]

=0/ (s,a)+ 05 (s, )

DA Q RELER T ERMEN . XEAUEXR ((, T
&) i ( L L), I ) RegErm Gt L, ), A
T Mg 25 0 52 LSTM, IR Afh iR ZERT BLYE /0N, JF Hid ] PLid
TR BeAR 2 [B] ) IEAE Rt — 2Dl NR 2, BT BL VDN ik

0" (s,a) =0/ (s,a)+ O (s,a) ~ O] (h',a") + OF (h*,a”)

VDN XF T parameter sharing 7715, BIFTH B GERZ RIS HILE,

2. QMIX

OMIX R — M E kR 5%, BRAEM MR A 1. 22255
ARG 20 AR - MERBURILSE: 3. BT EE -
WERG A LBRE, AR RRAESE—E CRRME,
A REH T &3S, AR T3s X PUAEL: 4. QMIX HICR ISR
hE S, AR PAT R AMESE . B P REREEN, /AN
RER ) 2> A USRS 5. YIRS & IR 5 BORFER AR . 2 Xt
VDN T3k Bt 62 QMIX Beit— M2 48 R S BB BE AR 19 = 1
HREBAF 2SS EE R, VDN 2 EERM: 7. AR AR5
FME R BN H SRR, DB RGEAEPATI 52— 20 A
{1, WL RAERE A, e BB R R R EI AT 8. BLIAfEIK
B S BB BN R A R H K S AR [R], PR o) ) PR R 5 A



KEMWEW BRI EENIEE R BRI 9 FIRE B 2 — i X2
B REARHR 7 AW By 2R A R FE (Dec-POMDP).

QMIX SR FH — AR & 9 28 o 8 e A4 JR) 348 o B0db A7 & 38, FRAEI
255 I R I RIRASE BAH B, REEmEEIERE . N T RREE I H
VDN fIfe#, RAEHRNG, B2 0mRER . EERFAXNBES)
YEAE BB B argmax S50 T X BN B SR VE B B8 B0 argmax, B iR 14
FHIE, W F s

argmax , O,(7,,u,)
argmax, Q,,(t,u)=

argmax, 0,(r,,u,)

R L 23 115 3 30 W s 2 o LS R 3 2 3R BUR A B 1 QMIX # |-
AFA N R BB PE LT

w50 viell2,..n)
o0

i

NS TIXFZIER, QMIX RAEEMZE (mixing network) KL
W, W2 mixing network 2% W JEf1, BARGEHWT (a):

Qtot(";; ’U) Qtot (Ta u) Qa(Taa “’g)
I e ! , 4 (w}—e
&30~ (e —:
p— || ’ x Qa(7";)
CwWae3—+ T I e
/T ——St Q1(7",u;) Qn (", uy)
e | s A h;‘:_.l = _ h;‘a
®‘ " + . I . I
a— [+ ..QEEQ;‘:?EE «xs |Agent N
W |29 |29
\Lﬁ_. [ J'/ Y, . . : ; | -
n 1 1 T Tl g}
Qu(rh,u}) Qu(r",uf) (075 u;_4) (of s up 4) (of s uf ;)

(a) (b) (c)

Figure 2. (a) Mixing network structure. In red are the hypernetworks that produce the weights and biases for mixing network layers shown
in blue. (b) The overall QMIX architecture. (c) Agent network structure. Best viewed in colour.
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BEQME. W (a) RIRBAMBKEIILE, HimN N DRON M%7
Fit . N TR BB R A, TRA LS 1) BT A B AR A AR
X A% B AR, IXRE AT AR ORI 2 B TR 20 I

NTREEZHMAHINZREHRESELE , RH— MM
Chyper-network), REARE AE AN, ft TR A W28 FIAUE X w2
Bo N T IRUEBUE AR, R — A2 1% X 45 DL K 4 06 B S0 bR £ Ok
R AN A X R H FAE 7 B RA JE AR A0, IRE R
2% 5 i — 2 I A% Sl I 2 X 45 DL A ReLu S0 R A7 380 3 28 14 I 5 )
%, HTPRSERS 2ETEMNEEAGR  F1, mARMNUENES
P 28 (R B NI, IXFEAT SR — ANFAL A, G SRAE AT S 1) B3 N
1E, XFENTGE RS P HARESE BEkgm R teme, MU T&F 0
SR,

QMIX i 2 I 2% BRI HUA -

1(6)= inl[(y;“ -0, (0.0,5:0))']

Hepr =+ (L, 5), () )RrHEEMZ. i
Tiw e EC B W, X 34T argmax #RIERTHE EANFH 2R
ERRASEERIUEK T, mMEBERARSELEEK, RS
R G

3. R

MAXQ" 7712 1 4= 44 /& MAXQ Value Function Decomposition, 7& X}
Value function #EAT 70 fi#, B85 VDN FVEM X BIE T, A& &% T task
decomposition, 7E task H sub-task < 8] {5 18 & £ 4 ff; 5 & &1L
multi-agent Z B 5EL B 0736 -

[F] £ 25 F SMDP/task abstraction )88, MAXQ H LIS — 1%
& Core MDP decomposition, BJ%5 & —MME55 MDP, B 7 fE A2 A
TAES, TALS M NE 24> MDP,



{M,,M,,..,.M}

BESR K] MDP #7304 T 155, /NP MDP 8t H 4G

B ZIRRE. SEERSMEERE, o ELT options Hik,

TS | MAIRIREES, WTLLEAZ— termination predict 7] #;

BTES  FIEEES, Rk pseudo-reward function st & T4F

% WA reward BRE . XA BB MR N TIRRFETAESHF S, ARE
FALS AT ABETEAN A HT pseudo-reward (A8 511D .

BNy JZ BN — AN BT R call-and-return CGRARIED, —Z

Z 1\ N AT, E3F sub-task EEEZL [, XM core MDP 4 hierarchical
4y f% , A hierarchical policies A policy ®F N — A~ MDP, =
{o 1. }o

2T K2 MAXQ IOME BBl 7E MAXQ JESCHH2 A value

function : projected value function A complete function . projected

value function ﬁﬁﬂ?iﬂiﬂ%)‘(
Y2:(i.5) = qLZPTI s, t|s, 7:(s))y"V*(i,s')

(, )ZIE hierarchical ##g , 7EARE s THUTAES i, KIEXT R

Mg M s PUTBILIEIRG B R R . D18 Q B
i 5.8 =Y"[a;s) +ZP alsa)y 0" (i 8 s w(s))

R G 5| H complete function FIMER
(i,s,a) ZP” s, tls,a)y" Q" (i, s, m(s"))

N Q AT LS Al
Q"(i,s,a) = V"(a,s) + C"(i,s,a)

(, , )R hierarchical 2B , & s RS FPATES i» AT
% ?E‘J?Eﬁ a 3Bz (), REEE TREMES I ik
(,, ). XEFEERENLE, HTFESEE LS RBAEER S



f, Bl B FAES i B8 E 745 a, a RRRMES 1R 1T
gemg (i), )HSERRUE R PAT RS 1 reward, B
Ri(s,a) = V*(a,s)

BMES i X—Z0 MDP &, E#EEERRTN i, w2 RRAER
Q HREMIEAT .

BT DL ERE S, SRR E R E o . 45 € — > core MDP M |
K& s, M hierarchical policy , Rk EZHIHEE ik T4E% 1, NE
HWE 0% TAESS o, SRJE n-1J2560% | & T IEFHEAE , W

V*0,s) = V*(a,,s) + C*(a,_,,s,a,) + -+ C(a;,s,a;) + C*(0,s,a,)

V*a,,s) => . P(s'|s.a,)R(s'|s,a,)

i# it projected value function A1 complete function B #%f#, low-
level 1 high-level Z [AIME BN T REWS R IR MR~ . A T L4
i, I REERLE, A Wid )3 SMDP Q-learning BT 14T 55 HI
complete function, MTI2E BN B IRATES -

() FHEITHESR

1. Policy Evaluation

TR 2T 5 90 H- 31

WERAN LR FE A4, W FEIE IR A TR . (R
4R I, EAEZE LA ME— 4. X ERE, REEZMEZE T
BAE ] Re B 2P 396 e QRGN ), (HEIX Lghf1- 351 5
BN, HAEEIRE V IME. £SO E g, g S AS EE—, AT
Re B Z A3 .

ST NN FAIEZE, WERILEK 16 m Mg, K 26 n i
Hmg, DIFERE < RORBLFK 110 payoff 5[, HFeZ Mg, K 2
1] payoff %55 2& - A



HUE R R SR XA TSR IR TR 5 SR g A 24018
B i 1 IRE RN, 1 23X 2 KRG HE. A, Xt
Thu 1, HIRE RIS NIZ IS W1 S AR e et F) e«
v, =maxv
st. p..,20, p 1=1 1)

—

pA=v-1

XFFIaK 2, FIR A SRS S22 a1 Stk A i) i A

v, =maxyv
st. q,, 20, p-1=1 (2)
-gA" >y-1
i ==, B E R LS AR
—V, =min®
st. q.., =0, p-l=1 (3)
qATSa)-T

FTLAIERT, @ (1D MR (3) FONZRMERRI XS 3, PRk
EATEAMER &I, Nl 1=— 2 - 1+ =0,
(1) Replicator Dynamics
BT RGE— A5 K IECEENELE, F T X048 2 Bu AT N BB [A) 4
P, tn, — ANIEXTFR meta-game F 7~ N Normal-Form Game(2,
1% 2 M=(AB)), Hi replicator dynamics 25 H BT R SEBE FIEHE 5 FE N

x; = x,((Ay), — xTAy) }j =)}.((xTB}j- - xTBy) V(i) € 5 B (1)

A GRS R R BIAHE CGRISEESD Ll (%),
AR — AT XM A B RS, RS 2
[ BB AT A Ta A, H T DR ZE 5 #hd e 81— 1Y K-wise H.
ANHIL o



i 2 775 A DO TR RO ) 77 22 R AR SR AR 5 S T AR A ,
MEN T2 77 RE AR B A A T AT DAAR 25 5y UM 5% B SRS A ezl W 5] 5
[ A1

oM oM

o[3]0 o[2T0]
M{o0[2 M[0[3]

iy t
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Ry

\
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v
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Battle of sexes Prison’s Dilemma

(@)
Figure 5: Intransitive behaviour for &y, ap, and
Zen.

Figure 2: Trajectory plot for the 2-face consist:
ing of strategies a, op, Gup. Grp

AlphaGo meta game AlphaGo version comparison AlphaGo version comparison
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5t F K-player NFG, {H I EHG K A A, SRR P B
{1,..., YPHWAKKRES. BB MK players i F 56 1%
, XHE =1. SIKERITAMEFMARIRES, x BRPEMEIR
o BN EFH K payoff matrix A 1 - o AERE x TMEE Kk
i A ZRRE | IE R (fitness)

ff=Y MGs™]]x.

shesg—t c#k
B, & R R PAT SRS | R BRARTE 25 € D34 AT (competitor
populations) FPIRZA  FRIHAE payoffe ZH k MAPRETES BIRE x BT
BIE MR,

@)=Y ot

i

FAR ) K-population E#llsh 11227 RN,



=L (ffx)- A x)  vke{l,....K} Vies
2. Policy Improvement

(1) PSRO

S W& 2= (] W . Oracles(PSRO™) & 7% & Double oracle H LI,
meta-game AL B XS R RIS A £ B E. A2 8789 TAEA R F 2,
Double oracle A BAf F 4T {77 meta solver i% #¥ meta policy, HP meta
solver IR RefRBIE AR T . Ui rE 2 R R R, HHMmS
SEARFEAARR, AT UAE AT RL HVE KR MDP, TFE AR &
X —/ meta-game( , , ), XHBH =( 1., )& player KK
£, U:Tl-»R" & player I payoff, _ 7 player i BFIX F5K0& /0. @id
WEAFREAT —, ATTUARAFRB L. I, independent

learning 7i%:  _ =(0,...,0,0,1) I HTH I weight, #ALE X4 ET policy
LT self-play 779%:  — =(0,...,0,1,0), & H 3 yEX J5 77 — B %1 1)
policy: fictitious play J7i%: _ =(....2.2 0, &N T RFTA M PSRO
Hik: _ = AL )or RD( 7L )

Algorithm 1: Policy-Space Response Oracles
input :initial policy sets for all players I1
Compute exp. utilities U™ for each joint 7 € II
Initialize meta-strategies o; = UNIFORM(II;)
while epoch e in {1,2,---} do
for player i € [n]] do
for many episodes do
3 Samplenw_; ~o0_;
Train oracle 7} over p ~ (7}, 7_;)
EESEmE 01, = I1; U {7}
S Compute missing entries in Ul from IT
ERS Compute a meta-strategy o from U™

Output current solution strategy o; for player ¢

& 76 PSRO 43
PSRO HILIAE:
® MIFFM meta-game B KAE policy HiK;



SRJ5 I RL 3% train —4> oracle
- IAFEIN 1 policy space B2, MIZ i 4 player [ policy

space K T ;
HE Ty KJE15 2 1 H ) policy space ) payoff, 15 3| H ¥
meta-game;

HI meta-game X AT DL —ANH R A £ 185 5



HAEFRERINISA RN A

BATZEHR Ge g1 & K IR Ray 1E N RE FIIZRHESE, itk
PEZRAL A =/ B4

AT HAELE Ray core, FEHATIRKEMARENES, MLEE
J FH AR AL T B 1 S 4R A

SRS I HESL RL Lib, SEHL VA T ol A B SIR, SOFF
tensorflow A pytorch, B LMRJT (L EH]JE T B S HEE;

BZEARMEL Tune, SCHL T AT IARENE, NP e 8ios %,
PR AL PR

— . Ray core

Ray: fRithfE Al 11552

1.8 Python APl #211: 78 BRI EE 28 SN | ray.remote #)3é
W28 IF i — Lol N e AR, B AERE AL AR g o AT AR . IR EIRE A
AT DL FE AT 2R 2, I8 T LR M — A28 (Actor BEAD), fEH
Y3 K& context (RRAR TR, FHImAE IR LA 01 7 V2R AR Ix 8 R
s

2. RCBAR ARG A . AN R BB LN (2R R R
FEID 3 T PR E RN A7, REFRIH LT Apache
Arrow A% R BEAT A [R5 5 18] 0 04 <8 e

BANASEIVHERAL: X — S5 T AT A, KA AR B future
PR 2 FLAR I R R BB M vk, B I R R T R T
AT EIRS, T X RAEE I R AT A AR AT 3h A fil % 34



7.
42 JFPIRSHEY: HRRPEGPRES (aEEdE) FIH Redis 43k
der, AGAS H AN AP DU AT i R A R . 2498, B
redis 7 Frilid chain-replica SKlE 5 B 55 .
5.0 2 EE SRR 3 AS MR P B RN 4 R R P s AT S5 R 1 S ae
ZEIAMARE 8%, AHOEE S S REBAEAMPATIES, Db M T4
FEGIRAIR . BARHOB ELE BCIROUAN T & IHEE RN, 2344 m A8

KFAT 2R E
Agent Environment

: Training | | Serving ;| action(@) |i Simulation |

. Policy ME Policy state (s;) || £e ‘éi% |

§ NSRRI  evaluation i(bbservation): =-=-ms 2o TR

: (e, 5GD] : i reward (1)) 5

+ | .
trajectory: sg, (51, T1), -.., (Sn, ) - -

K 77 —/ RL &40+

FATMFEIE RL RAE R FEARHA TG, BHTEH Ray K. WE

77 FR, £ RL RGHIMBES, BREE (agent) &RE5HE
Cenvironment) #EATA H . B REAR N H b2 5 ) B — Pl i KA il
(reward) HIZEHEE . THE& (policy) AR E & WA HUIRES 247 N FE
(action) [—Pilst .

N TN, BRI BT POPERE: D SRR (policy
evaluation) F12) ZE&LAL (policy improvement). A T P-4l —/ R HE,
BB R R AT H (— 2B EMHE) CL~= A0k

(trajectories). &L AT FIZE 8 RS N P21 —> —Jedl CIR
A, TEMED FFAl. RJE, BERERRIE X SR AL % F g, R,
] fie KA L RHAEL (P B 7 1) BT R . 1 78 JBOR TR RE AR FH R 5T S
— AT RIS . ZANASIE LR A rollout(environment, policy) SR iFAl



W&, HEW PS4 EPUL . train_policy() $:4 2 FIX BB E A N, M
F policy.update(trajectories) SKRALAL 2 T lE . B E XX NTIER
B RIS

2 rollout(policy, environment):
trajectory = []
state = environment.initial_state()
while (not environment.has_terminated()):
action = policy.compute(state) // Serving
state, reward = environment.step(action)

trajectory.append(state, reward)
return trajectory

2 train_policy(environment):
policy = initial_policy()
while (policy has not converged):
trajectories = []
for i from 1 to k:

trajectories.append(rollout(policy, environment))
policy = policy.update(trajectories)
return policy

B 78 — BUMH T2 >0 S 1) i A 1 Dy A

H A SR, FFXF RL M A o BHE Z8 75 B R0 SRR AL I 25
(training), TEZEFUN Cserving) AF &5 E (simulation). £ K,
AT BB — T XL TAEM I (workloads)s

BRI Zx — Mo ¥ B BIAE 9 A X B0 53 A B B AR 1 [ 7Y
(stochastic gradient descent, SGD) RFE Hr ik mg . 1446 SGD I#EH
WA T allreduce AL IR HUIRSS %5 (parameter server).

FEL T A8 SV Sht 1 SR IE 2 T U i M B ok 45 HBh Rk .
T 2 G R PR TTNNAE R, 3R RS N T SRR, Il
RESRE 1 B e B 225 5 EoR B[R] R4 T 00

wJE, KREHONAAR RL MR (simulations) KX SEHE#EAT
PEAS —— BIAILA I RL BVEAS 2 DL AR N 5 P Bt 5 ) 58 v sy
R AT BURE . XL HARAE R R BB EECR . WiF R F{FEIL=ZWD
COnBE R Br AL A R s, WS FHmE L8 (W T — 1 H3)



25 i ) ZE A AU LS K A D

LRI 25 A0 AE 2 0l v LAZEAS [R) JR 40 h b AT AL 38 M BF 27 S A B
RL 1A = TAE s # e SRS AE T AN H A, IF HoW AN [R] 47 28 A
e IR ERAR BT 2. DA I R Gk A e IR I 33 = TAE 301 .
it b, ALK Z AT HRSGHE 2 — Yok rE R, (H5E6 |,
T RGN 45 RAE I AEIRE RL N AT 2.

XLEHARELR Y RL PR AT AT HESE, v DUA R SRR I Zs,
T B JUHAE, XFERAESE RN BA DL T e

XHFAMRLEE, SRR . RL THE IS AT RS A3 W=
— AR BIIE) BIBUNE (N —NE MRS . thal, B
ZRIEH T B R EEE SCRF (A0 CPU, GPU B TPUD.

PR E TR . RL N [FIB BAA A RS IR E R 5
TORAS B THE AT LAFE R G0 AT AR5 s BE AT PAT, A ] BT {8 () i AT
TS e TR . Ik, ORI E RS & A 400 1
FUMEHR AL, ) a0 AARA R B rh 3R BURAIE . AHEEZ TR, AR HITH
HIE GRS 48 7E3CFF GPU s H & Fii AT S kA E
HIBAT AR NEIRES S HRE =T i 5ds .

ANARIPATAE J) . RL N AR 2 B BOR A KT AT, RN
A1 & e IR IR A SR TR S (. OF B SE ), IEH,
— A IIBAT A5 R A LR E 2 S AT ECSRER TR (o, AT R
a7 45 R e TA TR BT EZ B0 HD .

BRItz Ah, WAVRH TADBINER . B, AT RESEIFIHKR
RUEEHE, MEZR DA A T ISR . ik, HERAR A
T SCFE R TT46 52 IR B P 42 WX 28 B B o IR 07 1A%, 1T =2 6 2RI I A
P EA% (OpenAl gym &5) FIVREEZ S HESE (40 TensorFlows MXNet,
Caffe, PyTorch) To&%4E.

BB M EAAR



Ray SEHL TS EFEMARL, RN, Ray ¥R @M — NS
TSR Bh A BRI AT 5 . R 2 |, Ray $2/4L T f B Ay
(Actor) FIFFATAESAHEAY (task-parallel) HIgmFEiiz. Ray MHE&THH
TR AR 5T 51 CIEL —Ff IR IHATE 55 2 7114 Orleans
5 Akka —FE RS2t AR R 1) RS

iRt Y

A (Tasks) e —/MES » RN —MNETIRES TAEHFEPATIY
TCHAERREL (remote function)o 24— NZE A% eR HOp 8 FH s, RoRAESS
SEIRI «future L EPHR ] (SR BT A B 72 R 2008 &R 2 20 1,
W 52 5L EIR 3l —AME S AR D« 7] LUK Futures 1445 ray.get() LABH ZE
5 RIS B, AT B Futures TE NS EfE 4 Hm fE sk gk, BLIE
PHZE . FHAF & )77 AT AT (S5 H —MWEsh & B .
Futures BIX P ANREPE L P PE IS FAT 48 55 1O TR B 4 i AR R &R

Name Description

Execute function fremotely. f.remote() can take objects or futures as inputs and returns one or
futures = f.remote(args) )
more futures. This is non-blocking.

objects - ray.get(futures) Return the values associated with one or more futures. This is blocking.

ready futures=
B Return the futures whose corresponding tasks have completed as soon as either k have completed
ray.wail(futures, k,
i or the timeout expires.
timeouf)

actor = Class.remote(args)

Instantiate class Class as a remote actor, and return a handle to it. Call a method on the remote
futures =

actor and return one or more futures. Both are non-blocking.
actor.method.remote(args)

] 79 Ray API
AEBA (Actors)e — MO RAX —MEIRERTHEERE.
MR R R T —H T U R A, FFH 38 AR AT 5%
GO (RIZER — A A O RN AT HATH,  PARIEA CLRES IEA Y
HATHHD . — N OINERPAT SRS @S — 1, mafEimy (&
MR RN B — AN @ s AR ) AT I HALRIIR [B—A future; (HA



[, fAETESBITE—NEIRE (stateful) FITAEHFE L. —
AEXRHA)NE (handle) 7 PLAE I 25 oA/ (0 %) R B & mFe 155, M
T AFARAT] BE 8 70 12 A (6t %2 b 1 P A e e 0 R

Tasks Actors

AR ) AR R ) 57 A48
EFRPAT RN (A 577k cache) DA 7 1) e A SRS
TN TR IR Fl N A K

A R b R Kl (checkpoint) 84744 S8y
K] 80 (T4 vs. A 0t L

Kl 80 LLAR T ARSI AR M (o B AE AN RIGERE EIIILSS . AR 55180
PR 5 B 87 38U AR s 1 7 BT B R ST AoRE B () £ a3y i
BPEEANE 55 7T DA A FE B2 T HIr B S RN S By FFEHA
Tl 2 BT, RO R E R E ke A S AT TR APIRAS K E
L2 M, MmO A AR RS 1 BT SRR, R A L B
ERAENERIRA (DMt AR B P 4E 4 10 B SUE B RSN S

(LbUmizm FExt %, T BRI . J5 3185 K i 75 2k T 51 L fl
IFHI GE TR Z3AT ML dm, BRIIAEAAR e (R B, M Epiy
A DLH R SEIL S BUR S5 2% (parameter servers) A& GPU &ALt
OGN, ah, MEsie] LASRAZESE =7 548 (simulators)
B HABAME LT FIA X G (L an s ging)

N TR FAPERI T Y, ray AN THIGSE T AP DRTH. B
Je, N THREKEA—KIFRES, RAIGIANT raywait) ,» EF AR
B k MR TR s AR ray.get() —FE, UAIER A 4R
W EEARRE . Hk, NTEXNAREFESE  resource-
heterogeneous) s 3RIATSS, ray ik PRI AR AT SR = (B an
M. ray.remote(gpu_nums=1)), MIMLEEEE 24807 DL RO & #
ORI —Fh L EFB, bR R e AL S B AR A IR A E HD .



wia, N TIRRIEM, ray TV MiGE iR EIZIE K E (nested remote
functions), EURELE— AR REAN AT LU A 0 — /MR R 2. X1
REEY B RS RELEN, FAE RV 2 AR LA 2 77 20U H
W OX— SRR KN, AR, RS A RLIRAT 5 5
AL R R K, TR = AT D .

TR

Ray K I A BIVHEBA, g, ST (RMESHK
00 BT A S AN AR R A2 B TAESS B AR f b B, IR B EOR A
TriEs BB PAT . XN, SRR A A — N PR
(81 SkiEEIFHEKE (K 82). ZERFMA TE 79 1 AP s28L T H
78 I



def rollout(self 0
observations = []
observation = self.env.current_state()
for _ in range(num_steps):
action = policy(observation)
observation = self.env.step(action)
observations.append{observation)

return observations

19 def update_policy
return policy
rain_policy():
policy id = create policy.remote()

simulators = [Simulator.remote() for _ in range(10)] # Do 100 steps of training.
for _ in range(100):

rollout_ids = [s.rollout.remote(policy_id)
for s in simulators]
policy id =
update_policy.remote(policy_id, *rollout_ids)
return ray.get(policy_id)

& 81

7E Ray FScIL K] 78 BHEMRIY, JEEIEINEE @ray.remote 2K H
TR IR 7 VR B P B NI A eR BB AR 0 B . R A A R B A
J7i% G 22 SRR [l —A future FIRR, I AIRR AT DABE A% 35 45 T S 1R s 72 B
el Mediik, DUCSRFIREAR R PRSI R . BN MEeRas—
MR R selfenv, XANMELREAITE M OITETLE.

EAFEMEXNTRIEL T, £ EEP AR A
JEXT 4 (data objects) FLZFEEHA (H& S FEE, AW
PRI $¥Eid (data edges) F#zHiliL (control edges). #i#Eid
FIE T BRI GAE S AR R . ERATIRUE, WREIEXT % D &4
% T g, AT mM—%&M T 2] D 19ik. KR, wH D & 1
% T EIN, BATHSIEIN—4 D 2| T Wi, #HlihRiE 7 i+ af s



Hoik 2 P O THE AR R &R, R, W RAESS T R AT SS T2,
FATH RGN —2% +T1 2 T2 HIFZH]I2

RS, MEINEAAEEERR R T A BT A REANE
sk, AATTRIAE 55 U I TB) AR R OC R BEAR —FE . Oy T RIE A — DA axt
% _EREEEETVE R R BT IR AR 2, AT T 55 B In 28 = Fid
KRG AR DMRENR L, WERMOTE M) REE MO,
BATH B I— 26 Mi 2] Mj BPIRZSL CEI Mi i Ja 2 8o f et R
RIS EEIRAS, BE YRR AR & RF XA R R R AEA M
ARSI B, Mi 2 Mj TR 7R SRS R . X —
K, VERAER — M Xt R LR PTA IR 28— 2k IR ok
I SE (chain, WK 82). XM EERIE 1 R — Xt R _EINEH
U FH BRI JE AR 2R B AR &R

TO
train_policy
‘ . A L - Ay : v
; Simulator create_policy : Simuiator '
g™ P i ;

. policy A )
rollout :

rollout,,

rollout,,

NS
[ Jobject __Dtask/method
—» data edges  ---» control edges I:> stateful edges

&l 82
Z K 5K 81 train_policy.remote() A FI AT B o 328 72 2R #50H AN f
o7 R 6 B AT 4% (tasks) o % BT BoR TN BT % AL0



M A20, BEASAOXTRININERF (Bhsid oy AL F A0 IFMESS)
Z [AIFA ARSI (stateful edge) &z, FKoniX L A ] L 2= m] AR 11 f 1
KA. M train_policy ZI4EH 8 H AT S [AA A EHE . 8 T 347l
ZrZ Fh g, FATAT LA train_policy.remote() K.

WAL EFRATH A X RN BITCRES R SS B, B T13IE
7L ERAS . A0S AR LR AN A TV A 2 TR R BB AR R
WA I INIE T PLEFRAT4E 18 R B (lineage), WA R & 4t
—FF, FRATHH 2 BR R 03 5 0C 5 DULE 26 A I dh AT 500 i B g
i B PRRIR A 1 5 NEE S R B, JRATT AT DA )0 B ik AT =
at, ANVE TR LA T R BRI A IR R A T TR AR

R

Ray A 4 RS EL 55 B #75 -

LI AP IR ZE, BIAEALSE Python A1 Java 703l SE LA IR AR o

AT MM ARGE, H C++ 51, LA CPython KR
AR H .

. Node Node Node
>
©
; ~[ Driver || Worker Actor Driver Worker || Worker
<

Object Store K 3  Object Store — Object Store
= Local Scheduler Local Scheduler Local Scheduler
é N/
Q
38 Global Control Store (GCS) __,J bl
o Object Table 4 Debuggin
& Global I - L ot
= || scheduler [ TaskTable | &
Ak [ FunctionTable | |N™ Profiling Tools
w \

| ARt | ﬂ Error Diagnosis
I [
Kl 83



Ray MIZRFIBIEE 70 RGEMMH)Z . A& LI T AP A5
P, RS ARG A AN, DA AR IR RE ORI 75K

RLH =

IS FH 2B G = Fh R R R

IXBNIERE (Driver):  HRPATH P REFF

TAEHFE (Worker): HRHAT Driver 80 HAh Worker $8IR LSS
(remote functions, W& P A2 T @ray.remote FIABLE R 20) 1Y
TR . TAESBRAET SEIINE AN ES), —BCR ST
HHL R3S CPU FFEEE ) Worker OX HLIAH SE R R Q1R S
ARG, FREU SR ST FEALIY CPU B0 o 24— NI FE b8 H ik
AR, SWEMEIER, FFHEERITA Worker. &4~ Worker i )
PATAESS s HEALEF AHARE .

AR (Actor): HERPUTAEITEMARESHERE. 5 Worker #
A BIAR, R4 Actor 2xMR#EFE K (BRI A D B TAF A2 Bl
HRHFEEREB . M Worker —FF, Actor 2T HHATES, A
FIIAE, T —AME S B AT WO/ T 7 — AME 55 A sl el 32 R s (BP
Actor HI R R AF &),

AG=

RAAEOFE =N FEHAMN: 2REHIFMHE (GCS, global control
store), 43 A =W 28 (distributed scheduler ) #1434 20 X% B A7 fi
(distributed object store). FrA A AT LA AT /K4 @ I H SRS 45

PREHFRE (GCS)

G JRPRSAE A B R 2 R EFPRSE R, ZRITRGME K
AR HAZ O A A AT AREAT A VT B BB AR A7 i . BT L
A (sharding) RN fe, & Fr A id i gECaIA CR T E Zi Bl A4



ZUNBER, RORIEZR—FUE) RIBHAEEE . IR BIHXFE— GCS 1)
AN T RGeS AP BT HOE 7 AR S5 UM, JF HaEiR iR
ik, AHIT{E.

T WRMENAERTE PR idxE RE L (ineage
information) 177 & . BLA 2 T 1% R 1M ok 7 6 SRR RS (b
Spark 1 rdd) BIFHAT, BEIILATBL R R AT 5 (40 Master or Driver)
g REE, MAKmERE. AW, XMEITIHFAEEENE
(simulation) —FEMIAIRLEE . B HIMEML SRR (workload). K SEFRATTH#
RGBS KRG EEIYER, 2] DASZH B S 4

TRFFIRAE IR B R B AT RE PR ARAT S5 R P4 . Bk, —A4
R PR AR S, DURAESS, P BTN R EE . REZIH
s BMAS, BHITENRIME. KANEEEET AT HELRS L,
i LRI R A — . SR ERA RSN E, XA MR
fai s EH AR BETE. R0, SR Ray BACHE AR BB IE R,
BUR A0 B A MO IR AR T R G U a0 SRR A e A P AR
SLFNHE, EHEESHONHID. T4 allreduce XFEHT (fRHIIIE,
SPIEIR RO AR N GRAR E B R E R 3, B AL &2 T
JEZRWIF A RA TR . Bk, TATEXS R 5 7 i 72 GCS
AN A R FE A H,  ATRAE 55 20 YR S AT 55 1A FE 58 A

BRI, GCS A KHLfE AL T Ray MIBEAREE, BB RITA RS
i N, ML R G rh HARER 0 FR AR TR o XA AL AT 0 25 58 S
etk TIRZ (B, ARy s Ik Z T A FE N GCS Hh i & 45 Bk
170, WAEAR AR SIS RAFAE AR FE 2% v CLEAT MO 8 . (RCRFT A
A AT L GCS SRR ELHIME B . &H — MM, e n]
PABE I R R M AT e T .

B P L3 2iBEE4% (Bottom—up Distributed Scheduler)
WA R, Ray i BCFRRMECH I IRAESS A E, XTS5



Re N RRER i R A= AP . K20 R P B SR M AR AN AR X e TR SR . I
IEERE T SHESS, 0 Spark, CIEL, Dryad &SI T — A0 mIHRE S
X T AR R IR Rt ORIk s, HEATE A
+=ZFP I ZEIR . 1% work stealing, Sparrow 1 Canary —#F 1 153 45 20 1
FELRMIA R B = IR, (HRAEAEAHE EEIR M RMAERE A, B
115 (tasks) J& T AFRIMIMEN (job), B BETHHIHIN AT AITE T .

N TR ERTER, Ray Wit 7 —MWEHREZEN, G —1P %)k
W #% (global scheduler ) 1 %&E AN 7 s b ) A H I8 B 48 Clocal
scheduler). AT #E e RHERITE, BNWAE (hode) LAIEMTS
WSS RIA R FE AR . AL T A% B2 e AR S AE A HL AT
BrARH BT ENLZ I 20 (FL 55 BAA RS T e SCIBIAE) B AN Rei 2
AR TR R (Fehn, $b GPU). an A i FE 2% R BIAS REAE A
HPATIHEAMESS, Sl RAGERAER. BT RERGAHHTE
FeAEAR M AR (RIERE S ER T T 5D, TAEHE N E
N ERAE RS (ATLLAE W, ASHUE 2% R AR AT SR R
BERHATHE, maRiAEESRES R NERDIRES: HRFTe2
PEURL) R SR 2 )

Global Global
Scheduler Scheduler
=P Submit —Jp» Schedule = Load
—P tasks —p tasks - = info
Kl 84



XREWERGREE, T5% 8 M ERa: 5 E e kst e
(Drivers) & TAERERE (Workers) TR BIAHLIE E 245, SR 57075 211
A% 2 p A S ) 48 A 2 4 Jy A B AR AT A0 B . T A Sk PR A A B AR
RHIE R EANCFRSL

4 Jey VR FEE AR AR R AT R B BRI RN B IR SR 20 OR th e 1 FE 3R
o At — LR, AR Sa i B T R 5 PR B R 1T A
SR JEAE Hrp ik B BA S/ T HEBL B 1] (estimated waiting time) FJ—A4,
VAT S 2o TR e 01T i b, TR HERA RS [A] 2 T i P IO ] (1) 00
1) ARSAET m ERHEBART ) ({255 A B 3 1 PR 3AT R () 2) AT
F5 WAL SRR XS R ) A A% e osT 1) (B A7 Sz R i A\ R DR/ N ik RAF- 37 98 o
4 Ry R aE I O kR A AN Y AT S HE A AN AT H BEUEAE
M GCS 1R EUES T AN BRI RN, R )E, EREERELRES)
540 °F-¥3(exponential averaging) M7 12k 11 84T 45 ~F X $A T B[R] FI-F- 1
e e . MR RIRERBON T KGR, AT CLIB LT 2 1 &l
AR PERE, A8 GCS RILERFRSFEE . wtk—K, FATH
Vi FE SRR B T 4 etk

EF L iR

LI, MESEA U T JUMRE. (SR, (£5EH
AEIX LIRS Z —

Al J & (Placeable): 1F55 &R IF AR CRMBE ) T
s BARWTIREE, i —BRO&u. FEZRRESARRNEMED
LI ATE, AT BEWE IR WAL A T 2

S5 EA) 3 (WaitActorCreation): —/NATTTE (task) ZEfFH AT
MO, — BMOmReIE, ZESFSWESIsITiZMA AT
Ui HLAR AT AL 2

EFH (Waiting): SSFFIZAES SRR REGH L, B, SF7 A T
SR GARIE B AR HXT GAFAE



&L (Ready): (ESHERLT T HE1T, HEMBIATE RS8O &
A I RATE AL T

iZ24TH (Running): E£5% S &8 7k, FF HIEFEAH TAE 2
(worker) Bi 3 f At A2 (actor) HIE4T .

HePH%E (Blocked): 4 FiAE 55 HH T+ H ARSI Hicdhs AN T T 49 L 284
un, B, ZAE5 BB T AN S I SR ek, B
124k

ANTAT (infeasible): 1155 B TR E R AEAT A — & ML a5 L AAS A B

/B o
arguments
local
Ready actor/worker.
local arg available
evicted

actor actor worker
method ° actor created created blocked
created CcCreated (local) (local)

(remote)
resources
infeasible

WaitFor
f\ctorCreatio

forward

forward

resource
available

node with
resources join

Blocked

%] 85 1£:55 7 iy JA 1

BT I AN RIFHE

N T FERAE S AEIR , AT T — DT NAER A1 A AE i R S
DIAEAEREMMESS CRIRESRIFE SR B A . E8AT S L,
BATLLILZE N AF (shared memory) 77 S SEIL T 6 G A7k . IXfE15[F—
T B RE S LR DA 3 T BRI = . BT HER A, A
%P T Apache Arrows

WR—MES AN (RIRE I SET R AEARR, TEZAEHSH
TR, BB VLB PN G A . Ry, AESPATEE)E,



St AR S B HASX AT . 0 8 DU B T A P R I
TEMIER,  FH HLd I R4 28 1 AR 152 55 #0 FIR 1) 75 A Hb P A7 7 DA 2 AT
I IE] o X BRI in T i R TARES &, MR 2 Al N #B
T EEERN . N T FRRAEIR, FRATE H 2 B0 G A A A7
RAERNAAAE IR @IS LIRU B2 — 2t G5t A7 (A API AT
DUE L, BN S A AF B BR AT DATE B 31 s il S 8 de e . kA A
LRU 1E ARSI I ERIE 2 O, T SRAS [F) S 3 ()4 55 7 8k B 7 [
—A ray SR L, MTRESEBIIRM EARGHE, AT RS BRI AR
JEEE, M EZ R,

FIILA T EAEZL (I EE#E (U0 Spark, Dryad) —#f, X ZA7fig R #
ZANAARE PR (immutable data). X FR L TEEE G TR 44 1 — B0 P
IR (RN REHE DRA T EATHE R, I HF 72 A
Fro M4BT A HDMEER, Ray B AT R R BRI B AT =T
TG (k2 WA BMKEZ G ATAIRES, AFREETIKE
JEHTHE TR, AAZIMEGE L T E T, £ TAEFGZHT, 17
JAE GCS 1% 215 BIBEE T A DRSS ARSI A s AR
AT B ERSRMATEE (458, R MESE KENER,
I HH R EEPAT, SEMRKERFRIERENR, HHNfEEE, MmN
REUD AR S T R 4 R AR EST AT, ATBL LRU A S 2,
W UL BLLE 7R BaBiR 2T 51 FHTH GO

N TGS, Ray BN RAFAE A SCRE 0 A s R a2,
AN RO EAE LT ANAE T, FFH RAFE TR S X T KA
B BRRZSMITERXT R, AT LAFE R 2 R Y5 7 ab B, Ll gt s sl — A
H£E.

K 86 i — AN a b (a, b AILLERRE, MEIEHEME)
SRJG IR ¢ MBI+ F@7n T Ray i 2w i TAEW L. A2 k%L add() FEHI4G
1k (ray.init) BIBE, < BahHUBEAE M 2] GCS A, kT4 K B AR 1)



A TAEHERE. (K 86a M E L

K 86a /N T — A IRSNHEFE (driver) P add.remote(a, b) , FF
H a b 2 BAFET & NL A N2 B, Ray MIRE—D#AE. IXahit s
f£%5 add(a, b) X BIAMIAEZ R GBI 1), RIG %S RWEED 4
IR OB 2) (CAIRiRTiA, W ARHAT 55 HEBLBAF 3 A it 15 2 1
B, ZALS WA IEARMBEAT AT 385, &R ERIFULE GCS
4K add(a, b) WERFTSE a, b B E CHEE 3), MMk K iZAT 55 M
JEEIFT R N2 B (R N2 EERHF—NMZ4b) GPER 4. N2 R bk
YA b P 2RI BT SRG RO J2 A b B SR 1R 2% A, i 2 B R
AW, HEBNBAZI B BRI BIE, S E AR EPAT TS »), o E
A H X GATF ik PR B AFEAT S add(a, b) MATEFIASEL GBI 5). H
TR GAAET AN R a, TAEHRESTE GCS AR a M E CF
B 6). XEHMERIL a FAETE *N1 H, F2K L [F2D B AT 6 A7k
e GPIR 7). HTAES add() A KA SN REAAAE T AR HAEAE
A HO I FE B AGAE A TAEREFE AT add() OGP 8), il 247 i
ViEIASE PR 9D,



Q,

’
4
v

@ id. | N2, N1 [¥F
\ || id,[a] iddfc 3
3 8)

Local Scheduler

id, | N2

N1 Global Control Store (GCS) N2
Driver Function Table Worker
@ray.remote @ray.remote @ray.remote
def add(a, b): 0 )P def add(a, b): | def add(a, b):
return a + b return a + b retuna+b
| id. = add.remote(a, b) \‘
/|| ©=ray.get(id;) Object Table \
; id, | N1 9 \
' | Object store idy, | N2 Y- Object storeI
@ . R !
||| ido[al— 7 4,5\ @ ] id,a] id, /
Local Scheduler @ Global Scheduler - _@-l’ Local Scheduler |’
(a) Executing a task remotely
N1 Global Control Store (GCS) N2
Driver Function Table Worker
@ray.remote @ray.remote @ray.remote
def add(a, b): def add(a, b): def add(a, b):
returna + b returna+b retuna+b
id; = add.remote(a, b) |
¢ = ray.get(id.) Object Table
w [id [N1 |

©

T idﬁ id,[a] id,[b]

Global Scheduler

Local Scheduler

(b) Returning the result of a remote task

HMN2 I, add () (FEE5HUT

-
J'D[—:Ilé"

% 86

Kl 86b JEIL T 7E N1 L#UAT ray.get() FIFE N2 _EFHAT add() J& Frfih
RENZ D WEAE. —H ray.get(id) #AH, N1 LR IR SEAR
X R AR EE1Z id (BP R add() IR B0 future 18, BTl
object id /22 JmME— ], GCS A] AIRIUEIX — i) KRR ¢ & S AF-AE

CGPIR 1o HT AR GAMETRE o, WnidifEe 2 GCS HaHK ¢ 1Y
B, TEULR, RIL GCS HHIFEA ¢ FIMFTE, BN o ARANIEBA B i
Hok. T4, N1 X SAFMER GCS H X 5% (Object Table) /it
T—AER R, DRI o X RPEa A G 2. SikFER, 7ET
B g R o B HAMS R AWM CER



3), R ¢ WAL B BAINE] GCS X SR GPIR 4). GCS
W R c MBI, Sk 280 N1 X SAE6EE M BHE R 3 GE I
5). TR, N1 BIXTRAEMER ¢ N N2 REEE £ GPER 6), M4
HZAES

RGBT e T RER RPC A, (HX TR E LR,
RPC RS /NNZ, BOYRM LS SAAEARMPAR AT, 1 H GCS
5] 52 (5% G A5 B 2 WA O B35 2 RN 4 Jy T B A A7 (2 S — 0 THT, 3R
7T KBTS G, A RAAEIRE SR,
CATPOR

workloads: TAEM#EL, BPHdARSS 75 20 TR,

GCS: Global Control Store, 4 REHil{E A7

Object Table: fEfET GCS TIXF %%, 03¢ T i MR KA B &%
55 (objectld -> location).

Object Store: AHIXT RAFAE, FESLIL AN Plasma, B A7GGESS B
T ) S

Lineage: MERE, WERER; BEITHEK ) BEE A il J5 i AH 4k ¢
ENP

Node: Wii; Ray ZREEH MBI R

Driver. Worker: SXshatR2 M TAEHAE, YRR IIELH Z Node
L RERE . (HRTEZEH A ME ray.init FHEA R, BEE ray.shutdown
SHHTH S . JaE A2 ray 758 NIRRT AR S TRIRS R L T
VEHERE, — AL CPU BLEAHH .

Actor: XIS, WEFEM, Me—12K: VHERN, RIHEA
T BN, AP T EMEXN RN E BT (B
B,

Actor method: M5k, BT EM, MARMBATNE Hirf
B N ELHE S AU e B S HO e SR A AR B



Remote function: ZEFERREL, BliEIT @ray.remote yFM B RS BR
. EHMRER, FRA—AMES (Task).

Job, Task: XHHZI T A Job Al Task MIMEE, (HAEAXHAM S
£ CS A H S LA, AW R AE — . Task 7EAIR L
FE Xt — AN B2 (remote action) B E — A actor MIZFE 71 (remote
method) K& 3. 1M Job £ 4T SLI A AL, R — 1% LW
WES, HE SOREAT — R P OIACRE By Bl S 2 B AR i Task B
FEAERPRE RIS .

Scheduler: paper H4— H 1 scheduler, 1H2&H KI2&FRi % (local
scheduler #1 global scheduler), X FREIFE NHE S, G ELTE Ray
T R R A R A

—+ Rllib

RL-lib /& — /MR a2 ST e, VAR SR N R BE 5 — 1 AP,
HAIR B9 Y. RL-lib #f % TensorFlow « TensorFlow Eager A
PyTorch, K77 {E T % 4B AIF Tensor MAEHEZL I FH 7 9 S5 ISR H O

\ et
DN RPN Uit
OpenAl Multi-Agent / Policy Offline ——
Gym ‘ Hierarchical Serving Data (1) Application Support
Custom Algorithms RLIib Algorithms
B (2) Abstractions for RL

K] 87 Rllib HE2Z2
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(—) JREEI

1. IteratorfFlow

| Single Agent || MultiAgent || Meta Leaming | \_ Ruib

| RLIib Flow Operators (1118 ines of code) | _/ (65804 lines of

code total)

| Parallel Iterator Library (1241 lnes of code) |

K] 88 Rllib J&Jz= 5231

Replay from Buffer | _| Optimize || Update Target
Parallel (batch_size=32) {policy="DQN") Network
Rollouts e i

i

 (spiy| | Poley="DGN")

Select Experiences Concatenate
: {palicy="PPO"} ™ (batch_size=4096)
" Update v
o et _
{policy="PPO") Report Metrics

1
2
3
4
5
6
7
8
9

10
1
12

Select Experiences | .| g0 to Buffer

89 ppo+dqgn execution graph

# type: List[RolloutActor]

workers = create_rollout_workers ()

# type: Iter[Rollout], Iter[Rollout]

rl, r2 = ParallelRollouts (workers) .split ()

# type: Iter[TrainStats], Iter[TrainStats]
ppo_op = ppo_plan (
Select (rl, policy="PPO"), workers)

dgn_op = dgn_plan(

Select (r2, policy="DON"), workers)
# type: Iter[Metrics]
return ReportMetrics(

Union (ppo_op, dgn_op), workers)

90 ppo+dgn execution graph
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create (Seg[ScurceActor[T]]) ->

send_msg (dest: Actor,

1

1

|

Actors

_,[

Parlter[T]

From Actors

gather_async (ParIter[T],

ParIter[T]

msg: Any) —> Reply

Actor |=..

Send Message

K 91 Bl JHATIRAES 5T B A&

num_async: Int) -> Iter[T]
gather_sync (ParIter[T]) —> Iter[List[T]]
next (Iter[T]) -> T
1 1
L Pariterr] || lterlT] { Pariter[r] [ lterfList{T]]
Async Gather Bulk Sync Gather
(No Barrier) (Full Barrier)
Kl 92 FHAT AR B ale
foreach (ParIter[T], T => U) —-> ParlIter[U]
foreach (Iter[T], T => U) -> Iter[U]
1 |
{Parlterm —% Parlter[U] lter[T] = Iter[U]
Parallel Apply Sequential Apply

K 93 J:47/5:47 apply transformation

split (Iter[T]} —> (Iter[T], Iter[T])
union (List[Iter[T]],
weights: List[float]) —> Iter[T]

union_async(List[Iter[T]]): Iter[T]

ol ofiet]  [rom
Iter[T] Iter[T] Iter[T)
s} o] [t
Duplicate Union Async Union

K] 94 1£4K2% split/union
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(=) RIlib Abstraction

+ Developer S

Neural network Pythan function 4

: Tensor ops in
in TF / PyTorch / etc. TF / Pytorch

class rllib.PolicyGraph

rllib.PolicyEvaluator

exchange / replay

: - samples, gradients, replica
r"|b.P0||CYGraph weights to optimize I
Pty replica
replica
rllib.PolicyOptimizer ,
replica
Ray actor
%] 95 rllib i %

ERIA RUib AT A APAT BV, DS B EIRIsg « &% )5
AhEEES AEHARREL L, XET DAEARMIIR S R iR e, ¥
TensorFlow #1 PyTorch. RLIib &£k 1 S 0E vEAL &5 A SR eg Ltk FH 5K
I A USRS VRS AN SR BE 1 25

TG T B 8

AL 41 RUID G P HRE — SRR EAL K A A
{6 A (AriE) RNN MIFRFRCIRA A WL 2 — A3 E - AR —4 RNN RAS
koo ARMTAFEXPME  (Blan, EHN. TD RZE) WA LLURE

70 (0,, 1) = (@, b5 )59

REHEFEWMSIRE — DML R, &R DO — s
AT, Hp KE—MZIt e 4, s Y 2D}
ik RNt RIREUTS) 2 S5 BrSRAR R 2 R AN IR S
J& Ak B ok EfE () ML B A AR S R UG T (GARD AT 5 458 8] T
(HER). N T X¥FZ B aeAM L, i FHZ e HUC BEAS[F] 1) P AR REA4 (1)
H 2w B -

pe(Xz,K’th,Ka""XfK)jXpost
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ST MRS E XD HbReR L, SERIBRRE T BEE R Bt 5K
RN [ 25 -

L(O; X)= loss

iJa, PR R DA AR R R AR I 2o A P AR 5 R A
Bhef %, HAmREIGRGTTHEEE s, SR HbRMI2%, Bl iR B o o) 4%
flgs: 4o, () (, )

£ RLIib seBlrh, IXSBSRR R B SR B o 3, Tk h

abstract class rllib.PolicyGraph:
def act (self, obs, h): action, h, y*
def postprocess(self, batch, b*): batch
def gradients(self, batch): grads
def get_weights
def set_weights
def u* (self, args¥*)

<l 96

M LA 7%

N T WES AR B REHE, RLUib #2445 7 —Am 5 PolicyEvaluator
2, BT — R BRI, JF H 3R sample() $REUH A A HLRAE
IR . SRS VAN 25 5281 v] IAFE A Ray actor, FEAETHREERE AR & i LLsL
WIEATH . ZMI1F, AT LAZE E— AN /M TensorFlow SEBE A B T 5K
W, E¥ T rllib.TFPolicyGraph 15K :

class PolicyGradient (TFPolicyGraph) :
def _ init__ (self, obs_space, act_space):
self.obs, self.advantages = ...
pi = FullyConnectedNetwork (self.obs)

dist = rllib.action_dist (act_space, pi)
self.act = dist.sample()
self.loss = —-tf.reduce_mean (

dist.logp(self.act) * self.advantages)
def postprocess (self, batch):
return rllib.compute_advantages (batch)

K 97

MR PR Z RS B e X, F P AT LA 2 AN SRS VP BRI ev, FEAERE
AN EIA FH ev.sampleremote(), MIAEEH IFATIREZL L . RLIb SZFF
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OpenAlGym~ H & X HI R, SRt B R3S (an ELP):

evaluators = [rllib.PolicyEvaluator.remote (

env=SomeEnv, graph=PolicyGradient) for _ in range (10)]
print (ray.get ([ev.sample.remote () for ev in evaluators]))
&l 98

RULIb 4 5503 1) SE B 43 5 SR o0 1) S oH B R RN 5 SRV e R B 3R
BEARAL SR AN 5 o SRES DAL 2% 17 97 20 A SORAE . S 300 A 2
P IX M RE RS . N T At &, A AR AE — SRR VP4l 23 A
A FigdT. HP A RUESEE— RS, JRd 5] A FIr #8k
Gl e, SNSRI AT RIEEZ A CPU EIATIHERRE . &
A optimizer.step() EREIEAT — R IEFRAT A5 R SO R A . 78 PR TR 1% R B,
WA, &rDLE AR B RIA, wfT e H I gRgiit- 25045 -

optimizer = rllib.AsyncPolicyOptimizer (
graph=PolicyGradient, workers=evaluators)
while True:
optimizer.step ()
print (optimizer. foreach _policy(
lambda p: p.get_train_stats()))

K 99

FEREAAL B AT 8 FN I BR B2 T PR AR A S 9 R B 5 b 22 ) ik, —
AN REEE FREALE ST ( (), ) - RLIib [ Sk L AL
ARTEL IR BT 20, fEAHITRER ] G A — 4 im RV A 28 Bl A EHRAE,
HI (. v ) » R R ST R B E o ARG )
—#r CRIZE SRMSEAk 2% A sample() B8 8L P= A5 00 E A8 ) o
F SRR AL 28 Wt G B A DL R AR A @ IR AT SRS S SRR R AL R 2
SE ST, B FIASR AR A o] DARE s et >k, AR AN [R] 0 Al A B
RN, AR E SR REN ARy RIS ERE S T SR I HE
ZRINAZE, 43 AT L e o A AR S S BUETHRIR G A,
TS DA 110 S 3 BE 8 % 76 A [ (1) U B 2 I A 28 e A B A
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grads = [ev. (ev. (§)]

samples = concat([ev. ) grads = [ev, (ev. (03] for ev in evaluators]
for ev in evaluators]) for ev in evaluators] for _ in range(NUM_ASYNC GRADS)!

pin_in_local_gpu_memory(samples) for in range(NUM_ASYNC_GRADS) : grad, ev, grads = wait(grads)

for _ in range(NUM_SGD_EPOCHS): grad ev, grads = wait(grads) for ps, g in split(grad, ps_shards):
local_g.apply(local_g.grad(samples) local_gr ph pply(g ad) ps. (g)

weights = broadcast(local_g.weights()) ev. ( ev. (concat(

alual for ev in evaluators: local_graph.get_weights()) [ps. () for ps in ps_shards])
N (o Eig““) ev. (weights) grads. append(ev. zrad(ev. 0N grads.append(ev.zrad(ev. 0N

(a) ERIL (b) 412 GPU (©) #HIE (d) 73 Z 855 4%

Kl 100

UF RLIb 25 & AR A 25 22 SR 7 V5 B D ARG o 5 i LAk R BT
HRAE A Hh S AT R VR AR e B AR 21 BigdT . EIH HE AR5 Ray
E‘Ji@ﬁiﬁkﬁi}%ﬂﬁﬁ, Mt 55 Ray MHARH . apply A& 5 A E 1 %

o MALFEEE mini-batch AL FRACIS NGB R %L . RUIb T HIZEIRSS AL
1%%%%%%?%%‘255, AL R 25T R

(=) PPO+DQN4Ai R 2 26

(1) Y& ray/agents
FEYH#E trainer_template 1 trainer.
(2) HHi# ray/execution
FEYH#E rollout_ops~ replay_ops F train_ops.
(3) VY ray/evaluation
FE PR rollout_worker A1 sampler X4
(4) YHi# ray/policy
FEYH#E policy. torch_policy template il torch_policy.
(5) HH#E ray/model
FEPHHE modelv2. torch_modelv2 F torch_action_dist.
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Policy class
(e.g., defined with 3
TensorFlow or PyTorch) :

Environment Preprocessor

P
or-
~ External Data :

: Action
il Distribution

Policy Loss

[ User-customizable component

M internal library component

K 101 rllib S35 5 HEL |

=\ Tune

Tune & — N ZELWE, 7] LA T PyTorch TensorFlow -
MXnet. keras S5 L% SIHESE.

FEIREZ 2, BR TRV 2] 2404, AR IR Z S, XU
SO T M TERE s oy BEOR, AERIPLES 2 S HE S A R EA
FRHE S, W LB

1. M EERy, BEMETiERE R 28, FEAMAE T
« OE R SR

2. s, SRR FR MEEFE AR ESS,

3. IEMIfk 5%

TSR R, —BREHN%: N THR, MIgER, Ml
R, i . BT B R 2 B Ak J7 v — RS R B AL 2
TR, PR IRATAT DU — 48 S 5 A ) i &R B X A S A A
A A RSB LI R W R — 2 S 50 B 2 ) i A SR
cE skt =, AT LN A FE B 1R Cearly-stopping) #EHE K H Ik
YRS

Tune KR OHRFHIE:

1. ZIE A E SR

2. XFFZFNREESEINESR, Fl4n: pytorch, TensorFlows

3. &R AT LU tensorboard AT AL ;

il
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4. TJFRIEN) SOTA &k, f#lin: PBT, HyperBand/ASHA;

5. BETIRZHEZHMME, Fli: Ax, HyperOpt, Bayesian
Optimization;

PBT

BT REE AL 7712 PBT  (population based training), FE K H
SN S BERNREY ], SRS ERR M T,
ST RER I HA—EAHRIRCR, R a3 B sl 7 ) X A ki
A (non-stationary) 3R, EAREF| SOTA RUR, S HUL N 6 &
BT IS R, LR R R LS, X P T M (population) 13
s, FEIKZERIRRERL, I (exploit) i AL 3375 N BEHL L 5 (explore)
BBk, RAEEIRI R,

PR 28 I SR B AL A B da R AE . AT RS R . T
Aﬂ%%ﬁf*&iﬂﬁﬁ%%%ﬁ((parameters)%ﬂif‘%éﬁl(hyper parameters), X
XL SR AT R TR R AR . EE LR N T, HIX

il 7 B ) 2% 7 HAR RS B AR A

PR A I E s 2 77 2008 IR T 18 K (parallel search) 17 5L 46
(sequential optimization). FFATH R & R & E 2 HSH0)Z, ki
WA #5422 (grid search)FIBEHLIE 2 (random search). - FIARALIR 2> F 3] 9
17, T — IRk R, B N T2 (hand tuning) #1 DU B4 4k
(Bayesian optimization). FFAT 48 2 1 Ek f 75 T3 A R AH B2 (R 1250
AT B o 17 F AR A0 X B 7 21 A A2 B AR 2 FE o R E (]

A=A, N THEESH, ENGEEYHAZ—EHA
). s B GR BS 2) Z, s ) R IR R RS . W
VR — B 8 B AR VRAE, TR SR AL 2 23X 2 ) L 2 BE A () 3% S A
ANF AR IR TC BRI AR B — AR B 3

PBT £ T — MR Ab = AR, FIRAT I e s A 45 & . BERE
HATIRZE, AR AR E L () S8 A, IR P A AL
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(a) Sequential Optimisation

— Peﬁgmm: [ B | ==
O . Hyperparameters O—'O O"O b, O
Weights
(b) Parallel Random/Grid Search (c) Population Based Training
— | — == [ =] "
O-. O-.. O-. O = = =
Weights [] o ..,U .,U - . ,U
| — | = [ oo o]
O O O - O I>exploit
O O O—bexplnre—’o_ _‘ O
5 S © O 0010 05
e R B =

K102 LR S B vt

WK 102 Fras, (@)% BF It 72 A — MR E AW ik,
FERENTA]. (o) T AT R AT AT IS (8], (H A B [ A AR A
H, AMTEEFMNH. P8 PBT Hikd A& 7 =& KL 5.

5% PBT HUAMNLVI GG 2 MY, Rl 25— B (Al B —Ma A
mi(checkpoint), 2R Ja MR AN 4 R R B IR . 35 B QR
RURGHT, ARSI ZR. AL, T (exploit) MR F IS4, IR
TnBEALIE BN (explore) H#EAT U2k . H ' checkpoint KW & 2 NNk B &
it 2 /b step Z JEIHTINE . BN EAEEESEEE S8 Eings, 2
LRI IR TS

Algorithm 1 Population Based Training (PBT)

1: procedure TRAIN(P) &> initial population P
2: for (0, h, p, t) € P (asynchronously in parallel) do

3 while not end of training do

4 0 + step(fd|h) 1> one step of optimisation using hyperparameters h
5: p + eval(f) > current model evaluation
6: if ready(p, t, P) then

T h', 0" + exploit(h,0,p, P) > use the rest of population to find better solution
8: if 0 # 0’ then

9: h, 0 «— explore(h.¢',P) > produce new hyperparameters /
10: p + eval(f) > new model evaluation
11: end if

12 end if

13: update P with new (8. h,p, ¢+ 1) > update population
14: end while

15: end for

16: return # with the highest p in P
17: end procedure

Kl 103 PBT 5%
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W 103 B A eI FEE (population P), 1E5F 5 347 K4
— AN TAEF A, 8 —BERMEME, WHdp T —8ERNSHY
A ZE h DLEOHZT SR ERE TP $845 p LB B3 ik 1, X H
A —NE G IRE NS RIERPAT IR IR (step), B R FEERSE T
W, WELEHAT T n > steps 2 JG A 2R 1 O R84 3047 588, 1k
It A=Ak

NG R H, DT RS- OERH ST — RS
FHr, Bl step( |h), step AR IE W A& BEATLRR 2T B BIAH B A0 40 A2 1

(f H 3h & 2% momentum . TRALTT % adam SE55); B Ja 0 528 58 1)

BRI EAT — WP, B eval #:4F, eval #AE VP4 1977 20 DRL Hr] BAE A
I 10 #:11)°F3 episodic rewards; 2 T >k HI W #5256 37 1) ready 2614,
WHAT 78 TAIER (steps), 40 FH 2 ZR B L AT — IR exploit #
£, exploit #1FRIRZ LRI EME (BEEAS) P iiF il
MBS, WREaSGNSHEARRME, MR- S0
— 3l (explore) ZJE&AE UATHIBAY, SR 5 =H0 B e f5 iR 2y
BEATVRAT, ETE ISR, B2, FRATAFRE P A S BLIE B PEN
a0 p S AN N FRATT I 24 B R 2
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Fo AHLS7 & RER T A& ROIEHT

A GBI TR — A e R Dy s i HE 58 B 2R TS AL REAR . BN
PUEBA NN TS SL T, [ &R E A B2 M A s 2 AT, 25t
HESBUE TR, fERHEHRI L T AT AR S E X, BANLE GERI
I it B AN AT RLRE B 25 X3, IR s HEEAT 1T o

FENZRH T NHUAE R AR AR R EA B R E SOk, ol B e i

2o R H AR B, BBt e F bR . 1550251 B .

—_— H 7]
\ ICEJ\E{I\—H

K 104 E AHLREIEHE

YEd% B AR
IDIAWE (S d=E 7Y
MMATEANICH, Pk LSy as XK, K8, HIE#ECTT
6 FOOS A S A B
2) TEJ7 VR H A
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i FH B 2 A e 3 2007 TE AL, ORI SZ T AR, H3H 7
BENHIZE, IEHIEOT

(T
IDREAW K (I € VT
%A LTI TR

Fs YE &Rk BT 44 FR HE
1 MQ-1C &Y “IKI&E” Jo AML 1

2 AGM-114K 4 “#hi%ik-k 117 JxIH v S o 4

2) BTRAERTT

% 2 Wi ME T
5 {ESR BT TR HE
7= Sk (SA-22 Greyhound
: [Pantsir-S1E]) !

PEA-22 “ 0”7 [57E6] A T 5 26
2 HEHE(T-72 MBT x 4) 1

= KR
1. MM Cobservation)
WEE 2 M HT i 2 E AL . 2 AR .
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obs_1t = [8.8 for x in range(d®, self.state_space_dim)]
for key im wunit_list:
gircraft_list dic = self.redside.aircrafts

unit = aircraft_list dic.get{key)

if unit:
obs_1t[8] = unit.dLongitude
obs_1t[1] = unit.dLatitude
obs_1t[2] = unit.fCurrentHeading

return chs_1t

2. ZME (action)
AMEER BT “Him 7, $ATEITER A, B ER GHEANES
D, HEMESXHTE, RERERIER, KIA R 3Tk &
HHNMESHIE, BB WAL
airs = self.redside.aircrafts
for guid in airs:
gircraft = airs[guid]
if distance ¢ etc.target_radius:
# NRB IS THEIES, BRI, Bt r
if self._check_is_find_target():
target_puid = self._get tarpget pguid()
target_guid = self._get contact_target_guid()
print{"%s: EzhErHBIF" ¥ datetime.time())
aircratt.auto_asttack_target{target_guid)

else:
# WREFIEEATITEIES . M2EEzh
lon, lat = self._deal point_data(waypoint)
# print{"set waypoint:%s %" % (lon, lat))

aircratt.set_waypoint({lon, lat)

3. Xl (reward)

R4 EE 23R4S distance_reward, SR JEMRHE &G IEAN H bR IX I,
K1 reward.

> WA B AR XIME AN, 1S reward;

> KEKRKIHVR, 1% reward;

> S HR, 3RS reward.
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reward = 8.0
if action_walue iz not Nome:
# PEEREfR . A mhEEA
distance_reward, distance = self._get distance_reward{action_wvalue)

reward += diztance_rewsrd

if distance < etc.target_radius: # J05Ri#+ T—-IEES0EE
reward += 18.8@
else:
if not self._check_aircraft_exist(): # %HiHETTE. MEEIEERE
reward += -108.8
if not self._check_target_exist(): # BiFiHiIT. METIHEEEE
reward += 158.8

return reward

= MR

DDPG: Structure

Replay memory D
Input Input

Main Net | Target Net i

ActorNet |21 critic Net Actor Net ||  Critic Net
e )
A,
Policy Gradient 7] y Loss Function

Q@) L = E[(r +vQ(@) — Q(a))*]

u (we want) - Q(gradient for u) — Q',u'(target for Q)

K 105 DDPG ¥ 2% 2244 [&]

Critic M %%
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class Critic(nn.Module):

o R

def __init_ (self, state_dim, action_dim):
super{Critic, self)._ dnit_ ()
self.state_dim = state_dim

self.action_dim = action_dim

self.fcsl = nn.linear(state_dim, 258)

self.fcsl.weight.data = fanin_init{self.fcsl.weight.data.size())

self.fcs2 = nn.linear(256, 128)
self.fcs2.weight.data = fanin_init(self.fcs2.weight.data.size())

self.fcal = nn.Linear(action_dim, 128)

self.fcal.weight.data = fanin_init{self.fcal.weight.data.size())

self.fc2 = nn.Linear(256, 128)
self.fc2.weight.date = fanin_init(self.fc2.weight.data.size())

self.fc3 = nn.Linear(128, 1)
self.fc3.weight.data.uniform_(-EPS, EPS)

# [E[oMfEE

def forward{self, state, action):
1 = F.relu(self.fcsl(state))
52 = F.relu(self.fcs2(s1))
al = F.relu(self.fcal(action))
x = torch.cat((s2, al), dim=1)
% = F.relu(self.fc2(x))
x = self.fc3{x)

return x

Actor X%
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class Actor(nn.Module):

SR TR

def _ init_ (self, state dim, action_dim, action_lim):
super(Actor, self)._ init ()
self.state_dim = state_dim
self.action_dim = action_dim

self.action lim = action_lim

# 2iEEE

5elf.fcl = nn.Linear(state_dim, 256}

# pylog.info(self.fcl.weight.data.size())

self.fcl.weight.data = fanin_init(self.fcl.weight.data.size()) # initialization of FC1
# self.fcl.weight.data.normal_({@, @.1) ARM.(@: @.1)EZSH7R

# 2EEE

self.fc2 = nn.Linear({256, 128)

self.fc2.weight.data = fanin_init(self.fc2.weight.data.size())

& 2EEE
self.fc3 = nn.Linear(128, B4}
self.fc3.weight.data = fanin_init(self.fc3.weight.data.size())

& 2EEE
self.fc4 = nn.Linear(64, action_dim)
self.fcd.weight.data.uniform (-EPS, EPS)

def forward(zelf, state):
e TR
x = F.relu(self.fcl(state})
x = F.relu(self.fc2(x))}
¥ = F.relu(self.fc3(x))
action = F.tanh{self.fc4{x)}
action = action * self.action_lim # action range

return action

Replay buffer:
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class MemoryBuffer:
def _ init_ (self, size):
self.buffer = deque(maxlen=size)
self.max5Size = size

self.len = 8

def sample(self, count):
batch = [1]
count = min(count, self.len)

batch = random.sample(self.buffer, count)

s_arr = np.float32([arr[@] for arr in batch])
a_arr = np.float32([arr[1] for arr in batch])
r_arr = np.float32([arr[2] for arr in batch])
sl _arr = np.float32([arr[3] for arr in batchl)

return s_arr, a_arr, r_arr, sl_arr

def len(self):

return self.len

def add(self, s, a, r, sl1):
trainsition = (s, a, r, s1)
self.len += 1
if self.len » self.maxSize:
self.len = self.maxSize

self.buffer.append(trainsition)

BEAR A 2% -

# SO (TriEBdT) SE{{FE--(online policyd target policy )
self.actor = model.Actor(self.state_dim, self.action_dim, self.action_lim).to{self.device)
self.target_actor = model.Actor(self.state_dim, self.acticn_dim, self.action_lim).to(self.device)

self.actor_optimizer = torch.optim.Adam(self.actor.parameters(), LEARMING_RATE)

# BRI (TEEENEIT) EEINEE
self.critic = model.Critic(self.state_dim, self.action_dim).to{self.device)
self.target_critic = model.Critic(self.state_dim, self.action_dim).to(self.device)

self.critic_optimizer = torch.optim.Adam(self.critic.parameters(), LEARNING_RATE}

—117—



51, al, rl, 52 = self.ram.sample(BATCH_SIZE)

51 = Variable(torch.from_numpy{sl).to{self.device})
al = Variable(torch.from_numpy(al).to{self.device)})
rl = Variable(torch.from_numpy{rl).to(self.device))

52 = Variable(torch.from_numpy(s2).to{self.device))

a2 = self.target_actor.forward{s2).detach{) # $R4ES2{EXMT—1Eh{Ea2
next_val = torch.squeeze(self.target_critic.forward(s2, a2).detach()) # {RiE=2{ 28X RIEE
y_expectd = rl + GAMMA * next_val # Hir[HRE

ing: Using a target size (torch.Size([1]}) that is different to the input size (torch.Size{[])}-

_predic = torch.squeeze( ic.forward(sl, al))

y_predicted = torch.sgueeze{self.critic.forward(sl, al), -1} # E{\{EFEEERIRIELRE,

loss_critic = F.smooth_11_loss{y_predicted, y_expectd) # {ij{Eif% ¢ EHR{EFNRS
self.critic_optimizer.zero_grad() # {f{ RSB NT
if self.write_ loss:

self.write_loss(step, loss_critic.item{), "loss_critic") # EiRL{ERER LS
loss_critic.backward() # R[ofEiS,
self.critic_optimizer.step() # {Eufii{EREEH

pred_al = self.actor.forward(sl)
loss_actor = -1 * torch.sum{self.critic.forward({sl, pred_al))
self.actor_optimizer.zero_grad()
if self.write_loss:

self.write_loss(step, loss_actor.item(), "loss_actor")
loss_actor.backward()

self.actor_optimizer.step()

Algorithm 1 DDPG algorithm

Randomly initialize critic network Q(s, a|#?) and actor y(s|0*) with weights < and 6*.
Initialize target network ¢’ and 1/ with weights 89" « 09, 94" + g#
Initialize replay buffer R
for episode = 1, M do
Initialize a random process A/ for action exploration
Receive initial observation state s
fort=1,Tdo
Select action a; = u(s¢|0#) + Ny according to the current policy and exploration noise
Execute action a; and observe reward r; and observe new state s,
Store transition (s;, a;, 7y, 8;41) in R
Sample a random minibatch of N transitions (s;, a;, ;, 8;1+1) from R
Setyi = s +7Q (841, 4 (8:11]04) 69
Update critic by minimizing the loss: L = & >, (y; — Q(si, a;:/69))?
Update the actor policy using the sampled policy gradient:

1
VE”J ~ ﬁ ZVGQ(3:algq)ls:s,,azu(s")vﬁl‘p‘(swu)‘S.
i

Update the target networks:
09 « 769 + (1 —7)6°
0¥ 7"+ (1—7)8"
end for
end for

K 106 DDPG &1
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Bl SHL

L =cuill
try:
for _ep in range(start_epoch, etc.MAX_EPISODES):
print(" ")
print("%s: ExsicllEAdE ===" % (datetime.datetime.now(), _ep))

* EEERE - R IS
state_now, reward_now = env.reset{)
env.step_count = @

sgent.reseti)

# BRI RS, FEEE, ShERINITE, EREAHRABEN RIS TUIG N
for step in range(etc.MAX_STEPS):
# BRAFRL AIRIATE R ENRE, TR, T —ERENME

action_new = agent.make_decision{np.float32(state_now), reward_now)

# IFRIATENE . AT —FEHAERERE

state_new, reward_new = env.execute_sction{action_new)

# REHEEER . IEF—rEhE

agent.train{np.float32{state_now), action_new, reward_new, np.float32(state_new), cur_step)
cur_step += 1

write_start_step_file(step_file_path, str{cur_step))

* BETATE « EHRIE

state_now = state_new

reward_now = reward_new

# $TEMHET
print("%s: ¥:#0:%s HEEH % Rewsrd:%.2f" % (dotetime.datetime.now(), _ep, step, reward_now))

# RETLHERERIES

if env.check_done():
break

# MRETHE. ABESFE

if cur_step % 188 == a:
# show_pic()
pass

write_start_epoch_file{epoch_file_path, str{_ep))
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Fr BE %

_ 25 R Bl AL o
= = |7
, fiL 25 BF LCVN — 4% 3l JJCVN-78 “ZNHifl. R. 485”7 HRFFLR 1

Wiz (i BH S R
KT S ADDG - SRIKDDG 113 “Z18y. 257 B AR v 2%
i 2 Flight TTA S3IRIZM

® 4 TR ITR

R B &
K5 KA S HI A ‘

g B

CEER B SRR CPS0R W T ASHLE R |

Bl RS, KA 8 BRAFR)

BB (VN —#%3h /7 (CVN-78 “ZNHufl. R AR%F” fRHFLL
W) it SNSRI

KT ER2HIE DDG — S3IXDDG 113 “Zyugy. 257 Fi] BAH 7 2%
fitt 2 Flight TTA S9IRiZEAR

_ }Z:iﬁ.gé 21-'_

1. WM Cobservation)
KR one-hot 7 R Ztd; HIcEE R IH—{LibH#, HXH

log /7 AbHEE,
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(3) FEAESS B e R B R A&

TEAT S5 R IE2R A 001100-->4EE(6+4+2)x4=48

(4) 7 HIFE zonel, zone2, zone3, zoned, aw zone X 4 1] 4
TCHRIY e oA

S RIAE zonel, zone2, zone3, zoned, aw zone [X I ) B G

g

00110000001 , 00110000010 , 00110000100 , 00110001000 ,
00110010000

--SYERE(11+4+2)%4+5 = 340

(5) VHAERIEAS A R A
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(6) FEARSS I A B o A 1) a8 28 e ot i

FEAT S5 H ) BT B o AR 1A 25 A 01010-->4EE(5+4+2)x4=44

(7) BRI BN FIFOT B e H A&

PRMZEAY 100- - >4EF(3+3+2)+4=32
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HEs:
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1000001, 1000010, 1000100, 1001000-->#EfE (7+3+2)x4x4 = 208

(9) eI SE

S 6000s, 43R4 604 20+ 6+ 3 BB, 43IRA 60+ 20
6« 3 4 m & XKoo it B L idxl=valuex(60/6000) ,
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2. #hfE C(action)
(1) QKBS
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(3) {5550 FEALI 8 2225 5 RALH L 4 22,
(4) AE55WFIE: L2 438 A a1k ;
(5) BAPAT:
BES S BLEEE 2 PP
F5%%: REITEHIE, RGBT, & B3I K5,
3. %l (reward)
A R FH AR AT A

= MR

=l
> BERER HEPPO

Distributed PPO
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U, 1R

class Model(object):
def __init_ (self, *, policy, ob_space, ac_space, nbatch_act, nbatch_train,
unroll_length, ent_coef, vf_coef, max_grad_norm, scope_name,
value_clip=Falze)
zess = tf.get_default_session()

act_model = policy(sess, scope_name, cb_space, ac_space, nbatch_act, 1,
reuse=False)
train_model = policyi{sess, scope_name, ob_space, ac_space, nbatch_train,

unroll_length, reuse=True)

& = tf.placeholder(shape={nbatch_train, )}, dtype=tf.int32)

ADV = tf.placeholder{tf.float32, [Monel) # {M3NTEn

R = tf.placeholder(tf.float32, [Monel}

OLDMEGLOGPAC = tf.placeholder(tf.float32, [None]) # neglogpac
OLDVPRED = tf.placeholder{tf.float32, [MNone])

LR = tf.placeholder(tf.float32, [])

CLIPRANGE = tf.placeholder(tf.float32, [])

neglogpac = train_model.pd.neglogp(A)

entropy = tf.reduce_mean{train_model.pd.entropy())

wvpred = train_model.vf
vpredclipped = OLDVPRED + tf.clip by value{train_model.wf - OLDVPRED,
-CLIPRANGE, CLIPRAMNGE)

vf_lossesl = tf.square(vpred - R)
if value_clip:

vf_losses2 = tf.square(vpredclipped - R)

wf_loss = .5 * tf.reduce_mean(tf.maximum(vf_lossesl, wf_losses?))
else:

wf_loss = .5 * tf.reduce_mean{vf_lossesl)
ratio = tf.exp(OLDNEGLOGPAC - neglogpac)
pg_losses = -ADV * ratio
pg_losses? = -ADV # tf.clip_by_value(ratio, 1.8 - CLIPRANGE,

1.8 + CLIPRANGE)

pg_loss = tf.reduce_mean(tf.maximum{pg_losses, pg_losses2))
approxkl = .5 * tf.reduce_mean(tf.square{neglogpac - OLDNEGLOGPAC))
clipfrac = tf.reduce_mean(

tf.to_float(tf.greater(tf.abs(ratio - 1.8), CLIPRANGE)}))
loss = pg_loss - entropy * ent_coef + vf_loss * vf_coef
# TODO
tf.summary.scalar('loss', 1oss)
#

summary .scalar('pg_loss', pg_loss)
# tf.summary.scalar('vf_loss', vf_loss)
summary_op = tf.summary.merge_all(}
params = tf.trainsble_variables(scope=scope_name)
grads = tf.gradients{loss, params)
if max_grad_norm is not Hone:
grads, _grad_norm = tf.clip_by_global_norm(grads, max_grad_norm)
grads = list(zip(grads, params))
trainer = tf.train.AdamOptimizer{learning_rate=LR, epsilon=1e-5)
_train = trainer.apply gradients{grads)
new_params = [tf.placeholder{p.dtype, shape=p.get_shape()} for p in params]

param_assign_ops = [p.assign(new_p) for p, new_p in zip{params, new_params)]
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def train(lr, cliprange, obs, returns, dones, actions, walues, neglogpacs,
states=None):
advs = returns - values
sdvs = (advs - advs.mean(}) / (advs.std(} + le-8)
if isinstance(ac_space, MaskDiscrete):
td_map = {train_model.X: obs[2], train_model.MASK: obs[-1], A: actions,
ADV: advs, R: returns, LR: 1r, CLIPRANGE: cliprange,
OLDNEGLOGPAC: neglogpacs, OLDVPRED: values}
else:
td_map = {train_model.X: obs, A: actions, ADV: advs, R: returns, LR: 1lr,
CLIPRANGE: cliprange, OLDNEGLOGPAC: neglogpacs, OLDVPRED: walues}
if states is not Nene:
td_map[train_model.STATE] = states

td_map[train_model.DONE] = dones

# TODO

# return

run(

# [pg_loss,

v, approxkl, clipfrac, _train],

return sess.run([pg_loss, vf_loss, entropy, approxkl, clipfrac, summary_op, _train], td_map)[:-1]

self.loss_names = [‘policy loss', "walue_loss', 'poli

y_entropy’,

“approxkl', 'clipfrac

SR INMESMIL

1.

2

Actor

def runiself):
num = 8 # the number of sample data
while True:
gc.collect()
# fetch model
t = time.time()
self._update_model()
tprint("Update model time: %f" % (time.time{) - t))
t = time.time()
# rollout
num += 1
unreoll = self._nstep_rollout{num)
if self._enable_push:
if self._data_gueue.full(): tprint("[WARN]: Actor's queue is full.")
zelf._data_gueue.put{unroll)
tprint("Rollout time: %f" % (time.time() - t))

Learner
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def run{self):
# while len{self._data_queue) < self._data_queue.maxlen: time.sleep(l1)
# while len(self._episode_infos) < self._episode_infos.maxlen / 2:
#  tir

while len(self._episode_infos) < 6:

.sleep(1)

time.sleep(l)

batch_gueue = Queue(4)

batch_threads = [
Thread(target=self._prepare_batch,

args=(self._data_gqueue, batch_gueue,
self._batch_size * self._unroll_split))

for _ in range(8)

1

for thread in batch_threads:
thread.start()

updates, loss =8, []
time_start = time.time()
while True:
while (self._learn_act_speed_ratio > @ and
updates * self._batch_size >= %
self._num_unrolls # =elf._learn_act_speed_ratic):
time.sleep(0.0081)
updates += 1
1r_now = self._lr{updates)
clip_range_now = self._clip_range{updates)

batch = batch_queue.get{)

obs, returns, dones, actions, values, neglogpacs, states = batch

# TODO

# loss.append{self. model.train(lr_now, clip_range_now, obs, returns, dones,

# actions, values, neglogpacs, states))

loss_tuple = self._model.train(lr_now, clip_range_now, obs, returns, dones, actions, values, neglogpacs,
states)

loss.append({loss_tuple[:-1])

self._model.writer.add_summary({loss_tuple[-1], updates)

self._model_parems = self. model.read_params()

if updates % self._print_interval ==
loss_mean = np.mean{loss, axis=8)
batch_steps = self._batch_size # self._unroll_length
time_elapsed = time.time() - time_start
train_fps = self._print_interval * batch_steps / time_elapsed
rollout_fps = len{self._data_timesteps) * self._unroll_length / %\

{time.time{) - self._datea_timesteps[8])
var = explained_variance{values, returns)
avg_reward = safemean([info['r'] for info in self._episode_infos])
tprint("Update: %d Train-fps: %.1f Rollout-fps: ¥.1f
"Explained-var: %.5Ff Avg-reward %.2f Policy-loss: %.5f

"Walue-loss: %.5F Policy-entropy: %.5f Approx-KL: %.5F "
"Clip-frac: %.3f Time: ¥.1f" % (updates, train_fps, rollout_fps,
var, avg_reward, *loss_mean[:5], time_elapsed))

time_start, loss = time.time(}, []

if self._save_dir is not Mone and updates ¥ self._save_interval ==
os.makedirs(self._save dir, exist_ok=True)
save_path = os.path.join{self._save_dir, "checkpoint-%d' % updates)
self._model.save(save_path)

tprint('Saved to ¥s.' ¥ save_path)
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