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SARLE RIS

 game playing: Atari(2015 nature), alpha GO(2016 nature)

e robotics:
e 1 policy, ERIRFIE|DFE, I=HINME(2015)
o DIREHAIANYmal, Boptllez A, RJTZSEHZRMUCFEIFHERN

e data center cooling

e DeepMindi@iITRLIGoogletlETHEE ((ZHE)
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MARLIREE

» multi-robot control: Z 1 E&htlzs AIRZIF1E(2012)
* the discovery of communication and language

 multiplayer games

e social dilemmas

 hierarchical RL

e self-play



single agent

» MIIMREER), FKR1SXEM

» EHCITH, BXECIRSHIREAE

g > sy > » A(ay) —» ap —>»

NS

—> Sti1




single agent

e value-based (critic)

« BB Munction: i Aobservation, #iHt B SEIX N obsHIWREAEE

- ULBHR: 1bX MunctionfiHFEIZIEESLE (BEE/)

- [E&transitionTZ, FEHHEZ,; BERTMEREFH—Rfunction

e 5 TMDP, BJLAFbellman equationi®¥; Flincremental 5 & B SL{E
o R ZERRcritic

o B ENIERIUR IR B RMIEIRBTsE (3R Z 5 E =] BASlepsilon-
greedy)




single agent

* policy-based (actor / policy gradient)
o IBRLEMR—TALIERE, agentBEi@EH A policy, R EHSHIUEERAE

e policy#Z#1t,, policy2—Mfunction (7Z£ACEthllactor)

« ] IFEEpolicy functionts B L F T2 KUNImHAE X policyZ £ VS E

« ZX[EE policy gradient theoremtEkHES, HDL T X THERTAFR

VolJ(0) =E,, [Vglogmg(s,a) Q™ (s, a)]



single agent

e actor-critic

e criticE M HAIB S SAIstateVINREAE, BEEARS5RE (755
execution) , REEFTactoriERE]
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single agent

e actor-critic

o critic 2T 28I EH S S Ristate IR EALE,

execution) , RTfEEFfactorfyEHZ
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« F 1 agent#BAATSARLE EHIZH

- ZXEFZEN, AEAA, X1 Iindependent

INE > St a; —» IRiE
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Independent

* independent Q-learning
» independentH & 1"SARL#BZQ- learning

« 5|AHAYILX : M.Tan.Multi-agent reinforcement learning: Independent vs.
cooperative agents. ICML. 1993.

 HLIQLRZE T benchmark, XfEEEEEEMIN T HHIREMENZR
* sharing sensation
* sharing episodes

* sharing learned policy
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» NIRRT agentBISARLESZFHAIvalue-based 574
o IWFSF P agenttISARLER, IFEEFEnon-stationaryf

. T)E%ibﬂ’]ﬁm‘zlxx ERISITER—4F, BUARIRES/ZIER T, IIRTSHY
ZRtAE, F—TUNEEEZ

s HIETETALEIIAZBRIAEN—ED
o ANimEMarkovEUfRRi%, ANBEIRIEULEN
e experience replay buffertt B AT ; 1& 7 EFRIsITE, EREMRIMIRAHTE

P(s'|s,a,m1,....,mNn) # P(s'|s,a, ], ..., ) when any 7; # 7.

I:
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» WIREFMagentBISARLER ZFHpolicy-based /5 7E
o ESARLAR, policy gradient/57%, X gradientBV{hit, AEAREMA
« EMARLAXTIIEMNE T
- REIRBRZANME—RARTEN, BEEEZEMANRERBCSHIENFIT

o {132 ¥ 1 proposition, 7AEET/JVilERA
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independent policy-based /%, FERK

* NTA, 87T AIENOZL

 FiIE NEIFERNE, WEBEBA1, TUWEMEAO
« B AFHAE 0509 RIEIEENET, 1276,

. P ABRAMpolicy gradient5 %

. M| (ZEAR) : P((VJ,VJ) > 0) x (0.5)N



MARL

independent policy-based /%, FERK

* NTA, 87T AIENOZL

 FiIE NEIFERNE, WEBEBA1, TUWEMEAO
« B AFHAE 0509 RIEIEENET, 1276,

. P ABRAMpolicy gradient5 %

P(az) = Oiai(l — 97;)1_0”5

log P(a;) = a;log0; + (1 — a;) log(1 — 6;)
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independent policy-based/iE, AZEERA  Pla) =0, (1—0;)'

The policy gradient estimator (from a single sample) 1s:

A

0 0

aeiJ:R(a’la"')a’N)aei (a’la'“aa’N)
0
— R(al,. .. ,O,N)aei Zi:a,i 1Og92 + (1 — CI,Z') lOg(l — 02)
(9
= R(aq,...,a 8 logf; + (1 — a;) log(1 —6;))

— R(ai,...,a ( 1_“")
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independent policy-basedi%, FERK

The policy gradient estimator (from a single sample) 1s:

A

0 %,
aei‘]:R(ala"'aafN)ﬁei (a17°'°7aN)
%,
:R(al"“’aN)ﬁé’i E@ a;log@; + (1 — a;)log(1 — 6;)
8
= R(ay,...,a 8 logf; + (1 — a;)log(1 — 6,))

— R(ai,...,a ( 1_“2)

A

0
00;

For 6; = 0.5 we have:

J = R(al,...,aN) (20,2 — ].)
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independent policy-based /%, FERK

And the expected reward can be calculated as:

and
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independent policy-based /%, FERK

The variance of a single sample of the gradient 1s then:

A A A

H H o
06, ) =T (89 )~ (aei )

What is the probability of taking a step in the right direction? We can look at P((V.J, V.J) > 0). We

have:
2 N
(VJ,VJ E 89 (05 05 E 89

so P ((@J, VJ) > 0) = (0.5)". Thus, as the number of agents increases, the probability of taking a
gradient step 1n the right direction decreases exponentially.

V( = (0.5)" — (0.5)*"
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independent policy-based /%, FERK

 WEEREXAIRAY:

o« BAXZEN/NIMIEEFFIF, BEEAFBITF 1A (it serves to illustrate
that) B—LEEEIIE, fEFagent=L %, independent/siERpolicy
based&ETEEM

o 4572 EX IRV
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) BT AZHEEFcritic, FIAR T AR Znon-stationarydy

(Il
 IETIT ARcritichV AN LEMARGIE, BT ABEINenviiiRE 1

#0F) ABEFHexperience replay, &EX

P(s'|s,a,m1,....,mNn) # P(s'|s,a,m, ..., ) when any 7; # 7.

(Il

o N LEAMAIBE ANGNEE, XM THEEF 7

A primary motivation behind MADDPG is that, if we know the actions taken by all agents, the
environment is stationary even as the policies change, since P(s’|s,a1,...,aN,T1, ..., TN) =
P(s'|s, ay, ..., an) :.P(s’\s, ai, ...,.a,N,7r’1, ...,m’;) for any m; # . This is not the case if we
do not explicitly condition on the actions of other agents, as done for most traditional RL. methods.
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(NZREY) B AR BEfactorfiBEININQREZE B 2NE, &itisE
NAHZE=EX

» XTQEEWLER FAIARGIE, REM FPRT (BEEEH 1)
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e e e e S S S S R R R e e R . e e e R R e e e e e e e e

e FRLAt{18975 A fEindependent /534 £ 28 A9

o H1agentBYSARLEZAAIDDPG, deep deterministic policy gradient

. B A—"actor, §A—"critic, ~AHESE

o ZNAMOILEIE, SN ABcriticE ki N\EFE ARINMFIEhE
o L1 EFTRIIERMA IR critictb E A 2B AR F0 Zh1E
o 471321 XNUcentralized critic
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« MADDPGHactorfYEE#f: policy gradient

» Q/2centralized, EFfHE ABNVNMEFRFTE ABIGITE
» KRINAERABCH, EEXNFANFREKIEELEZEO (Hlog21EHN)

. X = (o1, ...,oN), el LB Il R alHIstate BRI ZR PG

V@,LJ(HZ) — i‘:s,\,pu,ai,\,ﬂi [V@z lOgﬂ'i(CLz“Oi)Q?(X, A1y eees CLN)].
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« MADDPGHactorfYEE#f: policy gradient

» Q/2centralized, EFfHE ABNVNMEFRFTE ABIGITE
» KRINAERABCH, EEXNFANFREKIEELEZEO (Hlog21EHN)

e deterministic policy, continuous policy

ngJ(é’z) — ‘,‘:S,\,pp,ai,vﬂ-i [ng logm(ai\oi)Q}'(x, A1y eees CLN)].

Vez J(l“’%) — ‘EX,G,ND [VOzI"z(a/z ‘OZ)VCI,@ Qf (X, a’l? ***I a’N) |az=pz (Oz)]




The objective function to optimize for is listed as follows:

J(8) = /5 0#(5)Q(s, po(s))ds

Deterministic policy gradient theorem: Now it is the time to compute the gradient! According to the
chain rule, we first take the gradient of Q w.r.t. the action a and then take the gradient of the deterministic
policy function p w.rt. 6

VoJ(0)

/S p"(8)VaQ*(8,a)Voro(s)|a—py(s) S
‘ESNP# [VGQ“(S, G,)VQ/JIH(S) ‘CL:PJO(S)]
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« MADDPGHactorfYEE#f: policy gradient

» Q/2centralized, EFfHE ABNVNMEFRFTE ABIGITE
» KRINAERABCH, EEXNFANFREKIEELEZEO (Hlog21EHN)

e deterministic policy, continuous policy

ngJ(é’z) — ‘,‘:S,\,pp,ai,vﬂ-i [ng logm(ai\oi)Q}'(x, A1y eees CLN)].

Vez J(l“’%) — ‘EX,G,ND [VOzI"z(a/z ‘OZ)VCI,@ Qf (X, a’l? ***I a’N) |az=pz (Oz)]
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« MADDPGHcriticHIEE #f
« Z2IMEx ARIpolicy, ZEi1hla)5l ARJtarget actor

Here the experience replay buffer D contains the tuples (x,x’,a1,...,an,71,...,7N), recording
experiences of all agents. The centralized action-value function Q¥ is updated as:

E(ez) — ix,a,r,x’ [(Qf(x7 ai, ... ,CLN) _ y)2]7 Y="r;+ ’YQf, (X,7 a,17 .o ,CL?V) (6)

a,=p}(0;)’
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« MADDPGHcriticHIEE #f
« Z2IMEx ARIpolicy, ZEi1hla)5l ARJtarget actor
o AT AZINTHEMNEREGTTRIARpolicy, XiFEFMARIAL T

Here the experience replay buffer D contains the tuples (x,x’,a1,...,an,71,...,7N), recording
experiences of all agents. The centralized action-value function Q¥ is updated as:

‘C(ei) — ij‘xaa,"“,x’ [(Qf(xv ai, ... 7aN) _ y)2]7 Yy ="+ ’YQf (X,a a,17 R 7aiN)

a’,=p’(0;)’ (6)
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4.2 Inferring Policies of Other Agents

To remove the assumption of knowing other agents’ policies, as required in Eq. 6, each agent ¢
can additionally maintain an approximation &) (where ¢ are the parameters of the approximation;

hencetorth ﬂg ) to the true policy of agent 7, ;. This approximate policy 1s learned by maximizing
the log probability of agent 7’s actions, with an entropy regularizer:

L(¢}) = ~Eo, a, |log ] (ajlo;) + XH ()|, (7)

where H is the entropy of the policy distribution. With the approximate policies, y in Eq. 6 can be
replaced by an approximate value ¥ calculated as follows:

A / A,].

Yy="riTt 'YQZ"/(X y (01)7 e 7“‘;(02')7 e 7ﬂ;N(0N))7 (8)
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o X MEITHIApolicyfIHEMLE, BiniEilsI A actor
o I ABIARIobs, AAIABJactor=7 57— ~action
.« MAERXMHENEZWASI AR Obs, BEHRAMIHHHIALK L NactionfIHE =R
+ IERINRE

e ffi1iIX 2R Monlinefy: Effcritical, MbufferE H &#THIsamplesR E#h

L(¢}) = ~Eo,.a, |log ] (ajlos) + AH (it])
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(i 1:FIR H T policy ensembles

o« IR IAIERINON-stationaryfEcompetitive setting F1RAFE

« competitive setting &, 1 ARJpolicy#ElZoverfittingXy FHI1T I HY
« WFLZTIHRE, XFENRBMEREZRW S
o B NHRBZEINZGTEKDFERE(sub-policy)lNER

/—

e Hepisode, B TagentfEHIEE T sub-policy#H1T (uniform)
. p2agent I FIRIZES

. pywiRagent if9SELNF RS, HBITHu
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(i 1:FIR H T policy ensembles

o 5™ ABensemblef9it,BFn:

-

Je(pi) = “ rounif(1,K), s~oph arop (™ [Ri(s, a)]

« §ABL T buffer, ERRE T buffer&ifF— 1 sub-policyi a7

7

o E N episodefysub-policy e a7t L SN

1

Vo Je(pti) = E

K

4

4x,a~D,§k)

\Y

9§k>llgk)

(@;|0;)Va, Q" (X,a1,...,aN)

; Nq(;k)(oz')_




