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@ FEXRFREE: SRIMENSBEERLFEIEMRHE
B WELE REE

EBE_BIERERAZ RKREE” TRCIEL, REFERZZIXEBMARIKSZEEIZIEIRU “Effcient

Collaborative Multi-Agent Reinforcement Learning” #1177 3EIHIRES.

SKERIE, T 2011 FAEXEMEAZWMIEORRITENNZBELZMA, MEEXEREEIFREMNEEL
ER. BRNMREETATIERRE. REREFEST . SEEERRA. URNSAZE, BEBFEARERIXER
MERENIEHR, BLESIM, VREEMRAEE.

SENFATERBHTRANERE, aFI53RREFS S EEEMREE ENNBEATEEZET R
REXRE, AMAEEATEENBORMTZENERNL, EEMRENATLERREESNTER. MRES
MEBREVIRF B BN ERNERERR SIS, MBIREREANER, SERERZ BRI,

ERREHAD, KETRAWR T BRINMENS BB A ARORIG R, thimz2R EARCIMR 7 =80
BEMRZE S fZ7EROMkEY, BESINBENARHNSNES BRISIARIREEEKTFOMRHIE. I, KRTE
WSO TIERE T ARRZSEEELEZIMRNEEMEE, LERE, BEZEAKTRRZEE,

E2S
N==y

B IES

—. SEEEARBRLEIFHN

MREBEICEBRANIRRIIGENB MEFRAERENR (agent). BREMETERORA, FIDUSHARRNAYIRRIN
FATERMZEE G, 2 BRI MBI IMERAITASEIM— T RN, H0, EMSARRHES
B, S—MISAMBIREE— TR E—TRAKRES, S8—TKIMAINEFE—TEER,

Drone Delivery Smart Grids

= 1 Y Al
Autonomous Vehicles Multi-robot assembly

Video ames

10 ALEBERmERNNABTR
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SEERFINEIAI U N = IMEXNZERER, SRAZERE, UNEEGNZEeER, Hh, IMEZ
BRAZ—HERERBIMEEIE, KABRMABEERIITA,

ERSHINMERN SEEERD@AA, FEFEFRE D IR (partially observable): B M EER REEM R M ER
THER, MEMBNTHNESEE RN, XHE—RELNZBERMERRQH, JUB—ITENES
RIS B SEZlB——EB 5 BI MER A Markov )REE13F2 (Dec—POMDP)

Environment

A

2 MMENZEREFIREL Dec-POMDP

Dec-POMDP JRFIIZZIFFBAN, TRINZIEAE D ENAEHER ZEEEMRRREM, M—ME 2R
REXRE, AIRENNERENEEMERN Markov AT EEZBeeRIMETR, BRI ELME 2 A
™, ERTHRERITISEA, A8—NZ, 8MSABIRECHNBABNEEE—TIE, AT
PR ERERNEIMERRE—LHIPRE, EXZENSABTH—SURNE, SR, REESD
MNBAREZETFNINES, BENEFIR—TRIRES. BEAZERENRIZZDENZSEEEFTE
B, PRBUX P RIRFRAEREHIIREN (joint reward), FERXEIMERZEREAKEES, HRERLEHEI—HRRKRK
B, [ESEBARER NRRRBRIATENN TR, PJLABBREARMAIHAE R IR,

= Obijective: to find policies for agents to maximize expected
cumulative rewards

= A local policy r; for each agent i: mapping its observation-
action history t; to its action
= State is unknown, so beneficial to remember the history

= Joint policy m =< my, ..., T, >

= Value function: Q% (t,a) = E [X2oyir: | 5o = 5,00 = a, 7]
» Policy m(t) = argmax, QF%;(t, a)

3: Dec—POMDP FxLENX.
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XEIWAPRERR, BEAIAXEXNDHR - BOAIMEND/RAIKRHEILTE (Dec-POMDP) H, F3K
— PSR R, WE—PEEREENBEIMERNH EIMREEI—DEIE (action) £, TTE Dec—POMDP HIE X
T, ERNIMBRSENTEZENNN ., SEAFEEEA—LHENERRBESEEIFIIRK, RKE
BEXFR “BXEHERE", PMBNBERBEERMERNES. A7 BEFNERNBAZEEMRKNER, AR
BENXT—MERH (Q value function) REMESFHNHITER, X MERBEITMRKRITHALE IR
(Discounted future cumulative reward), S$4a7E—MESUREEEF S BENAERIE, BLBEERNE
MEXAE R BB SR, MK, ATUBEEMNERHNFHS LR, BIEXNTITAEZE a (action) S #&
At (argmax) R, AL, KEBMER ZEEERH Dec-POMDP [8)#, BEmitgR: DHEEZI—IR
MAREESR R AT EEANERE (RREER); @FILHEARNTABERY, NERBPESE—THMNA
RO

AW ZXMREAD, WMEEERIFEERN, BNTEMSTMERRNRE, EXFERZT, DINEEBAIH
SBUFEINNB—ABNAE HIMEAAAN, IURBERASHETRENRROAN, EXTEE
PRI R TIMERREL, AMBTHEROML) AR EMEZE RN, ERXERERT I ERIRRE,
BTANEFRREHEERUFEINTF, EM—THNERN, RNTDERENEE—SZEAE, MEES
EFX—HZEANBEFEEANRZR. ALFINIEREREZMRGESKREECHMEITH, #HM
B E RRREMRZ R, SEEBRRMNBEN, —fREMMEE D ZBIRENELNZR, &
BZARIRSFNINMT AT BN MER 2RI NI, WRMEIELEENSMEEAER
29f, BSEMEESM—L, MREBNPLEE, BLSEMEMHECBITH, BEFIEXMLE + &
RLN, BUAERZIERBEMNRIRBNEETRIMNMENIERSTIMALHZSIHBIE,

SERMENE I EERERANEM LT RIS MEEANNERS: ERERREID, A8 PERRE
J—1REE ZEEAZINZE—ARE MANKESRE) B2 TERERS. BN, £ZE8ET—RE
Baer 2 BEREERERMNMAETEIRIINARSE M, EMENZEREMAD, BEKERE R NI R
SRR, S—MEEANMERSZMBARM, 304, SERERACEINENAZISEENFRE? X
A &2 S RIS RISl & B R EE?

o ———

P N P ——— . {’ Qtot °
{ Vo (I :
I ixi
| cht ) O ! ( };/Itxmg Network’ ] |
[ ; Il t 1 1 Q ) [

Joint Network I 1 n I
:[* ]| I|Agent1| |Agentn|: : 4 4 |
1 T, Twan ! | 1,4 Tl | Qgint 1) [Agentn ]

\ |
| - S = ! " Ty, 0, Tp, Qy /
Centralized Value Decentralized R R -
Functions Value Functions Factorized Value
Functions
Scalability Q’ Non-stationarity @ Centralized training Z’
Credit assignment Decentralized execution
4: SEEMEEZIN=FT
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F—FAXRBHROMBINIES S, BEBNSEEAINMIREIEERBN, BIL— MBS AR M %R ik
BERMOREE. POHNAFREFEENRRE: FAEEY EBM. EillFEFIN=EREHRIG RN, BIEMR
ZMBREAEAEHE, PTURRZMMFXR, ERTIRFERBIBENEE, EXNNEWREMES
BEMRRONLN, MEIRE 2 EBDEAFBSEARBRARENE, BI—FTAREBIHANEY, 81K
EECHME, RIMZINAT BM. BoHNZINGBET LAEERE—MIMERREZINRER, 37T
BRI AERRISHY (non-stationary), TREBWSMMRMME. 5—TEEETERFHD IREEERENHS
X, BMEE D (credit assignment), AL, BIFNAERIEXFEMSGEEH, MAATDBNEREFED
BiE BTEEAHEEECHNITANEMNSIRIEME, HEDREMEHLBKSNIRMNE. EXMIER
T, 8TEEAEOBRNERROERENEREY. ERNTIRFR, 81 RANOET MR ER 2SR W
FRTRE, FA, EEBREFNAIT BENRNBRT —EoHRNFEI @A, NFHOLIIGENDHRFE
IFmMAR 2 BN —FRFHNZSER., EEANIIERF, BENEZEDES) (TD-leamning), FIIEHN
RIRER#HITREEE (back propagation) FIIFEHME—MEEEANERE, MBAFENIERZ (hon-
stationarity) FMEEDECAIEIRE (credit assignment) AYEIER,

‘" VDN: Qpor = X; Qi

Mixing Network 0
QMIX: % >0
13

B 5: AIoMIERHFSEH (CTDE)

EROCINE - BXFINTRALZT, FEMABRE —EEMARRBIRMORIHAMRIITER, Hixd
BREETMERBOEG NS (Mixing Network) (I E. 2017 &, MR ERL TN EDBNE Value
Decomposition Network (VDN)®, 1Z7535i8id 18] & SRA1 A0 A TS B RE B SNME R E S N BESNMER S, X
MEABSRER, EZMRHETHTHRSMERE Q,, RAES.

TELCER Y, FRES VDN BBERBIIHT T, BH QMIXY, EREIZSEEIREIN T AR R
SEATEN., IFETARS BRI DUES AR, NXHEH LI CTDE B, X—R7
TE, MRBRE T AENRIZFIRITEKSIMEMNS (Mixing Network) (B 5 &&&87) #ITHOEIIZ.
BRESMRRTIRED, EHREMENEEE, BRkBEIBCHBENEMESHITRR (E5 Eefs),
MERBDHSFRENAOKE, FHTOMANT. BRETXMMEDBNGE ESERMEEES L
FLERNAN—LER, fINEERSE 2 HRFERREST, EXARZSEBETBORE, MMNFRE
—MEREITM BRI, ERSFEMMNZITAIN, BIRE MR BO75E MATNITHER
CIBARIERE.
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MMM?2

1 Medivac, 2 Marauders & 7 Marines vs 1 Medivac, 3 Marauders & 8 Marines

BRERSS B EE—EEXNRE L RFEERRY, KREAET=ZREBRNTE. H—, BIRSER
BEMRGFHALIEARE L. ANHERAFZIECNREN, MEEREEHITREDHINT, BEFRNAH
E, LEARSTRERSSE, BrEEENIMENSESANE (miscoordination) . FEER BRIIER, BTH
BERFIERIMENANEEY, BMAMBERBERBAMSEEARB, Lo, BTEREEMNES R
HE HEFMELREME), BRINHDNTEBRIERERNOE, EEANTHBRTE—t. BMESH
HENHAEBBRAIHERNEE, BERSWEANMENSE, Wi, —LEERNERTEFTESHLES

MERERTEBRR, F=R, NXERMXESRZECND, ARNEREBRERRN,
Y EA=Rke, KEEHFANBEERT T Z A ETIERRFR, £—HH, BIBENHLHNLTIURE

RAHBEMNEE £2HH, BIXMASRINAIUCHRAERASENSHRENEI TR £=770,
KT MHERE D BRIIEIS DT TIE,

Z. BIABIVCBISHI S EREAIME

. m Agent1
. m Agent 2

Task Hallway
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B 7 ART T 2 ERBDBLEAFENIRE, TizflF, BEMTERAI3IUTREAEEET, i al
REEA T FIEBELONMUE, bl 28R 2BEEEOMNE. M TEEARNEAEEL OB g A9
1%, SWE—TIRM. MRMDEERAERRNNEREEER g, WAREERRE. BIRFIIRNSERENA,
BTEREIGMUT ARNMUE. BTEEAHD IR, EMEROARIIGTERIAENIFEE, &
KW E AN R AR NNORRENZEBEARE, RABEAENTHNETHAZTEREN, BAENR
E@AE, MEBTMENHNMRUE, FEEREERABENRM, SET ZRHMR TELETMX
RIS, MREEMAERAENBERR, REBEE-TEEMRIEENDZH, MESFEMERERX
MER. HEEFFRENARFIAENBZANGESR, SERNHTEIERBR g RERX Mo,

BEMMARINFBRIER, EEXMBETERAFTEN, LLARERE 1 EUEN, THHTEERS—
TMEEFBIRECHNUE. REERBEN g RIINMUELTEENEM AT, FIUKSIEENR HERTF
BENENFES/IMUBEE. A ERAEMURIDBRNERE NDQ 8% (& 8), B ABRERIEEN

IfE. AEMURBEN R,
. i} Agent 1
. m Agent 2

Task Hallway

f Communication

Unnecessary Communication

8: AR D AERVE R EN TS A NDQ fRIREY 0) R Bl 7

NDQ HIIEZRANE O AR, ERERADBNENT, ETERATECHRINRYTE, ETEEANSEN
WA EFHITHA. T NDQ MR E#TH0E, RTFEREARZERMEERER, BREREAUNET
BENs, TETEWRRIRNBERER.

228

Mixing Network

Qtor (T, @)

Q1(ty, a1, my") Qn (T, an. my')

1
I
4” ‘\\
. - ~ .
Expressiveness | 1(4; M;;) H(M;) | Succinctness
Mutual Information Loss T Entropy Loss |

9: NDQ &/AEZR M E
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AMm, WREBINEE, MEERAZEHERRBE, WETMTHOCHEE, FEETREERTEER
R B, EIRTER, KEEEMMARMTMAORFERMLBEE OBELSBEEBNRAMAR, BFE
BPMEREMRRELERES ZELAEER—EESN TREA B RPN, ZARBISALBERNTSEER
REZ BNEERRII, QEREEMAR, BRERENHG ENIBMERIE (Entropy), MIR—FKERR
BR, BELHRNAZE Entropy R/, EMAREEZFEERRELEN, ALBIM AR, —2&KHL
BER, “R&/IVUERME, RILTERAZENBENEENER. AXMFERAP, TEEERMEIMTE
AR, FTBIIEET D HEITPER, HSHTHENNED TREIFEMMML, BREFHESIRR—
BRIZE T ASE Y RRTR,

s
N

= By deriving variational lower bounds, we get the equivalent
communication loss:

Le= IEM;",Ti[CS[P(AJ|T)||Q€(A1|TvMﬁ)] + BDg. [p(My;|T) IV (0,1)]]

= Qverall loss:
L = LTD +'LC

10: NDQ #SHIMLM BIREREL

WE 10 fiix, RZENDQ EiEBIM T BEmMRBNGSHTIREIR)IZ%: F—T2IIFHEESMEZNELESH
#ANEZEDHS TD loss, - PN ENTFEEHEIHLERIFSL communication loss,

AEEMERNESFH, NDQHXRIME TIEEMENNR. B, EEATE2EDOBAHETEERERN
Hallway f£55, NDQ BEBRIFIZEIRMERS., WE 16 Fim, A t=1 NEEEREL 1 BPEBNHRMIE,
WRETEMRBEREELO, SeEAELERE NDQBEEFEIE T XMEFIE, FALEEEERENR
Mo XMABEBEINSIFERIEEEMA 2 B3R HO b1 WAHE, SEEER 1 ZXEEESMNEELTALO
b1 MER. RAIEEEAR 1 hEANNIEDO a1 i, EHFRIZEELEEEE 2, FEit NDQ BETXMESH
FHTRMNKE. N 7TRIENDQ BATEERIMNE AR, MEEMEE || HUIREEENTES LEEHT
T, AXFESROANNERER (ML EE Benchmark 2HAEZAFZMNEARE, BBANEE T AT
WG https://sites.google.com/view/ndq BEEE ZHILINE R )

Augeqosd

cooooe00

S8588ent
Ayngeqoid

Angeqosd

coococeeo®

8588888k
coooo000
28888EEE

Ayngeqold

coooo000
S8888EEE

11: Hallway {£559 NDQ BIERRINER
e8e



(a) 3b_vs_lhlm (b) 3s_vs 5z (c) lo2r_vs. dr
(d) 5z_vs_lul (e) lolOb_vs_Ir () MMM

120 EnFE s || FURFETEELE (https://sites.google.com/view/ndq)

STINEZL RS (baseline):

« QMIX?, EREHRRTERIRELA,
* TacMACY, EFEBHNAINBENEL,
« BITSCIA QMIX 5 TacMAC MEEEIE, M NDQ BIRINIBR .

ZRWERDHT TacMAC B—THOMHZEITNE, E/VFEMBNERHE TR REE I FIFIIRE; QMIX
A-EEZIMERINRIMAZRE: H QUIXIBINEER Tarmac BIERT , MEERIVERS, (B 5SMIRHA
NDQ fBEE R R B—ENEE, ETERNE Tarmac BIENBEF I HER—MRAORNFEIHE, MMNDQ
MNZ22MHTHEES), EBRAEERSTBRBENOMMALR, =T BEHTEY) (communication
cut) iY, BIH§ 80% KIBEERSHITEFRN, BEADBNERENDQ HENLFRERITE, myFETE
EDHAEE TacMAC 753%, NWIABEEENIE B ERIIMERIFM,

3bvs 1him 3svs 5z lo2rvs 4r
100 :8’3‘&‘”"”' 100 :;ﬂ?xm“m s h/“’ — 100 -_—:Z?xmm‘ s
o0 T e 801 T I e W 80| T e

-40 /\A"J

Test Win Rate %
(-
2
1'1-?
e
Test Win Rate %

Test Win Rate %
- o
s &

w0 /W‘
1] 15 20

J
of HH— o Vi o |
[ 5 10 15 20 [] 5 10 15 20 [] 5 1
Steps (M) Steps (M) Steps (M)
5z vs 1ul 1010b vs 1r MMM
100 —NDQ [Ours] 100 | === NDQ (Ours) 100 T,
— OMIX — QMIX
= P e ~ ™ o
2 80 DM+ TarMAC 2 80 QMIX+T3rMAC & 80 o
/
y Y oo ©
5 60 5 60 /hﬂ et 5 60 — 1D (Gurs)
e o~ 2 | B — o
£ < - —arMAC
3 1 2 40 i £ Dbt Tear
P,
" 20 " 20 W " 20
/
0 2 o} L ! } 0 | 1
0 5 10 15 20 [] 5 10 15 20 [] 5 10 15 20
Steps (M) Steps (M) Steps (M)

13: HEMZEH | PREEEFNFME TRITRER
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3bvs 1him 3svs 5z 102rvs 4r

100 —— NDQ (0uFs) 100 | == wog ows

— M — QMIX
» 80 e OMIX+TarMAC . 80 — QMIX+TarMAC ‘ .
-} \ 2 @
5 60 g 60 2
= £ £
2 a0 2 a0 s
& & &
20 20
o 0
0 10 15 20 [) 5 10 15 20 0 5 10 15 20
Steps (M) Steps (M) Steps (M)
5z vs 1ul MMM
100 —NDQ (OUFS) 100

o @
S ©

Test Win Rate %
2
o

Test Win Rate %
Test Win Rate %

~
o

o

15 20 0 15 20

10
Steps (M)

14: EERFH | 80% EREFHIFM THISLINE

10
Steps (M)

=. ETAeNSELEMELES) (Role-based)™

NDQ BiFBIT B ENA RS ERAEIITIRTAHELE, ATNIANZENMAEIUNIBIETAERN
AR, KMEZSEEENES ., AT ABENSHRZEZIR? RESERSEREET, FEERAESH
KRTH, NEEEZERARFLINFN, BIFERZESH, EATEINENEERTEEGRA—TNER
&K,

Q
LAYING EGGS

15 WEHRAEBNERENEE

AMLEERNEBARATERSIHENER, CUBEHPAABUETENAEE, BT HBEHARNBEERR
TR SHERY. Rary. FEIR. UREITTENBM Queen, WRA—TMENRZE ERRETT
B, NFBBEIZ/ERNHSAEI—TMRANNE, ZEEEANTAHASHENZZRTMEHOAN, T/
RMB R RERRREZRIE, SRR, Z—MANENE—TEEERES — M RIINMENETE RBRMLE,
BMARNEFERE, EAEEABHZHOAINETHZEMEE I BN —LIREMRBANZS] ., 552
AE-EXRBRSD, AAEE—TEEFSTE2RE. BALt, MHNEARRE—METASNZEREERTES

e10°



Bk MHNEABERE, UREERAEETSTAREBEUNAE, MoREMNRRRE, MMHAZEREEES
SR, MECEDRRRBEREEEATRITEMNNFES, ENERMECITA,

E16: MR, ETASRINSERERRTEY

FAIBM— M ERNROEERNSHEZSHNERRA, DUEA G (E16), ERE=MAE, EfE, MUk
MWEREE. B4, MAMNMARKBSE—, NN ZMIINEILRH, MEREFEMARBERA—
W, FIAA—EREFLRNSZ. UWRANBEIDEIFSIANT ALNERIMIR, BEBRRZEM AT,
TEMGTRANFENBE, ORENDENNAERLETEINEREE, KRIEWEBANE X IX M E)RELS & T —FI5
WHYER R 2= ROMA (Multi-Agent Reinforcement Learning with Emerging Roles) , B7cH T iXLAEAIIE
FEXM, BITNEEEEBENFIHMBENBE. ERNMERBIHIENS X, RI\ESERNTHE
BEZRENNAERET 4. B—TEREANKBHMONABIATE. NIRBEAACHEE, IBATIIRRE
thiERE; MRAEAE, BENNRBEEAE, SERREDESEZN—MA., A, SEEANABTE
—AZRN, — NEEARUIRENENAERNSHEZENAE.

ROMA Framework

Pr—

TD Loss

o -
|

G |

| |

| é S |

| Sample pf |

Role Distribution

b poflof) !

| |

l l ..............

.
| | :—> Data Flow
| e - T SradeptRo 8

17: BEFRBE0S RIS IIER ROVMA
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ROMA RIMEZRANE 17 Fir, R TIERES, Beelh i Bd— 1 wigEE e REEE — MR =B,
REEXTABNRTERHETRE, RELINEEEFFEN—THAE. BT Role Decoder #8325 (—if
BRI hyper network), B&i9% HE SRR B EM A RES . 2B RERB A [H LE B S AT E sk
RO, % E AR ERE Q value, B—TABEHXINEERANE—MRE. EdRER, 817
BRHIEMNNBEERE Q value AR —MEEMES Mixing Network), ZBEMERHEBERKENE
(Total Q value), X#FFIUEERIEZESD TD 9T,

= We propose two regularizers to enable roles learning

= |dentifiable by its behaviors trajectory role observation
» Maximizing mutual information  1(z;; p;|o;

= Capable of clustering agents
= Either agents have similar roles;

= Or they have different behaviors, which are characterized by the
local observation-action history.

18: ABEZIFIm T ENZE (Regularizer)

BREEEIZR LANHAREZIRMAERRE, ATHRIFSNACEZTBLEEEXN, FEBIN—ENL
REM, BAEERTAE, —RRBRENTAHANENNYE, —TABNNE—LENITH, BIEATAE
ER=EFNSHUARBENZD (trajectory) “ENERFERLI;, —EREEBANKDNEEEMFRNITH, W
REERTRHEMN, MZBEINARERZEPRE—E, FTEDMRENIIRE, FEEEREAKIER
ENBe, BEARBFARNTA.

» To formalize this idea
* Introduce a learnable dissimilarity model d

= For agents, i and j, seek to maximize I(Tj;pi|oj) + dg (74, 7))
= Minimizing the number of roles by minimizing ||D¢||20, the number
of non-zero elements in Dy, = (d;;), where d;; = dy(7;, 7))

= The clustering loss:
Lo(8p & 6) = E(t-1,06)-,pt~p(10)

|05, - " minac o1z, 0f) + dy (i 7). 0}

[£3]

19: AEPIREMNIRREE

R, BEMIKRBMHA=FEAR, —2IIFKEEMEN TD Loss, Z2A X AEBM Identifiability loss, =
EAEIEBERER R Clusterability loss,

e12e



L(O) = Lrp(0) + 1,£,(0,,8) + 2pLp(6,,&,¢)
;'_l ;T_) \ J

TD Loss Identifiability Clusterability
20: ROMA BRI BT
SEINERRIA, EEBMRMMNES S 2 fURFEIREST, ROMA THEZMIME TRIVMEER L, a0,

£ 27 vs. 30 TEEMMANIZRT, BREAFTEEGFEFHOMREETRUDHRZSN, EEFDH, Bl
ABXBHEENAESH, MERERENENZDIFIETENEE,

BETNASENTHN, AVRERESRIEMENUERNA®, LLWhER. . ENEREEZEER
ENAE. AERINEAEETINIETNENTHABNRNAR, AlulZNEend, mONEER.

—— MAVEN QMIX —— COMA — QL QTRAN —— ROMA (Ours)

q MMM2 _— 10m_vs 11m — 5m_vs_6m

80 80
® *®
£ 60 £ 60
z =
g 40| g 4of
[ [

20 20

0700 25 50 75 100 125 150 175 200 0 700 25 50 7.5 100 125 150 175 200

(mil)
27m_vs_30m

T (mil)
6z4b

Test Win %

L PNV, il o- i ot - - .
0.0 25 50 75 100 125 150 175 20.0 0.0 25 5.0 75 100 125 150 175 20.0 0.0 0.5 1.0 2.0 25 3.0
T (mil) T (mil)

15
T (mil)

21 ROMA £ 2% 5 || FUREE B AL FRSLINLER  (https://sites.google.com/view/romarl)

21 M 22 RiR T ROMA EE[nF 5 || AURFEIEME ERIINER, FIMERERN, SRATRETEN
AE, BEFIHRWRN, BEENStEEEEEY., RitAeNFINIRE—THERGRNRZRET
. FEEEANER, ERHNERTREER, EBFHAENEE, BANIIERE, ARt TE.

{1 HitPoints o ¢ 8 e
& e 45145 B cd é C‘ [ * ® Died
. [ o o | les
- o | Y 4 ® Healthiest [ o © Hoslihdont
R 77‘ 21/45 L) ¢ ’ @ Others g -: , ® Shum
- P = & bisd LI s __pasne..
t=38 t=19 t =27
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0% |.

@ 1% column

[ °2 @ Stalker | ;o ® Baneling
a

‘ - | ® 2*column @
| oe o ® fous » 3" column é | e
8 My f o ® @ Zealot - tose & cokumn 8, s @ @ Zergling
& %‘ ‘ == ™ ;::g?“" ° “' 5™ column “ ;.mbluh:h
n;..,- A g ;.k"‘“ ) @ 6™ column " g
ol g0 - " g4

" -"‘\l'

(a) Strategy: sacrificing Zealots 9 and 7 to  (b) Strategy: forming an offensive concave (c) Strategy: green Zerglings hide away and
minimize Banelings’ splash damage. arc quickly Banelings kill most enemies by explosion.
23: JLD ROMA BB F I HS AXENRHA

SENMN LT SERERECFEIMRAOMUE, NE 24 i, IMEFRSEREEZER T HEZIE,

more expressive

fully n
centralized 1

QTRAN

ROMA
NDQ

-

VDN

—

-

difficult to learn

easy to learn

fully
v decentralized

less expressive

24: PERZEBEEMRTIERY

—TMRAEZINESE S—TRAEZIBINUR, REASNREBNUR. EATEROLMEHN
F 3/ (Fully centralized), BEBERBINRIABE N, BERENKHEEES], MEDHANNEIH R Fuly
decentralized), EBERBNTRIALES, BRRIBHFES . EENFEMERIH DB (Value factorization) K7
%, BETHRNRKENURPENZEIWRE, NEILHERTRESOHANEIFREEFES. LANA
AT P 0 FRAY(E R B E A NDQ IR IEINBEN A AR ERINKIAGEH, MEINEEBRTERBOBEN
B @ QMIX) HiEZEXL. [N, ETABHNZEEERTFS ROMA BENBEEZHNZHE,

M. ZM(ERBDRIEICH T TR Offline RL™

RE—PNMAKRGHNELEERA D BHENES T IE, EZ2IFPERBRRNOBEZ: ItaZ

e14 e



BREAFIERBNDBINEE @ VON,QMIX) BESSES TNERMR? i TIER, (1Rt T — Multi-
agent Fitted Q-iteration FYIBICHEZR, JFERERERMMRREIAMLL (Function Approximation) TEIERIULELIE
MR &M ERNRILAY Fitted Q-iteration 1EZ2H B EI T SEBERE (Multi-agent fitted Q-iteration) , MHR
WSH T AXHEFIN (closed—form update rule), B Empirical Bellman error minimization, EF X MH]
iR, MIEMERNEEERED R E (inear value factorization), 40 VDN HR i B EME R R FIE )
BEERE, ETXFEENEMEREUIEEMENIIZL, BRI T — M EBFNEEDE (credit
assignment), —FMEXSIRENDECRONEI, FAORSBINRIMOE. BAEKNR, BPEEAE SR, SNT
AR MBI IESEIRNBARNIRE, SMEMAIERTABRINRIZ BNEE, BXTMERTHERE Q
value, B—MIFEFNAR., EILTHEEP, WASHEN—D RTINS EXMNNME, BILERETERR
DRAEEZBRAFINESHEEREFRNNERE, FERZIEDIERTEEEEAR on—policy JIZIFEH
EN)SET (e

_ =0 1" v — = 001

r=0 apFaa, v " . —_— o1

X 7/ — = 0.25

aj=as=A? FL % — =05

@ @ ) / £=10
— - 10

r=0 A —— Vimax
1w
01=02=A(]), r=1 o 30 ;:rau::t 00 1000 o n’lfl‘l:tat:;n &M 10M
(a) A simple counterexample (b) Algorithm 1 (c) Deep MARL

25: REIFHIES INETIE L0

& & e - — QTRAN —— Qalten
£ %0 £ % £ %0 £ 80 VDN QL =
= = z =z — QMIX  —— Behavier
w 60 w 60 _— w o0
v ~ - -
E 40| : 40| : 40| : 40
T 0 % 20 o\ i 20) % 20
z, z, v = ) N z,

T e 1 1w W0 300 7 g U o v w110 W M0 300 v 0 110 1w N0 300

Epoches Epoches Epoches Epoches
(a) Sm_vs_6m (b) 2s3z (c) 1c3s5z (d) 2c_vs_64zg

26: EERBOBHERD VG A QL TR S UIZFRISLR

REBREEMT BB EAIER (B 25), BB IIERZ2BHUKENERIE, tih, MEERBAR
B RIESEINEIRYIZ Off-policy) B, MERMSBEERINAIRUAR, TENRAIRHITES
(learn from demonstrations) , #I7E[E 25¢ B LG F, HRIITFZRFNEENNERBEBIIERY,
REM. HERNIMET (B 26), 2R data Foild —DIFRIRESINERER (LKA QUMIX 1), BINERN
BIBFHTIIGM H A BHER, BMERE QVIX B EIEIRIIZLREZE QUIX BEER, hIABFIIRIFHNE
oM, X5BIRFAEEEER Q-learning @ — T BEEARBIIGHNNSEEE, FEESH—THRE.

h. &iE

ZEERBUFIZ—TEARKIIRNOMARIE, AEHD, KEEMMEXZEEFNBEESZ TG
MR IIE, SEELEDBNNESEBNMALNEELNSERASHE, BRHMARSEREESFHOR
WEMDE BIETHREEINGE BUNSHEERENSHRERADT R, EFEIFERENESS

e15e



BN FRFNERERANMERER . KEITEARKNERSRE, ELEERRRTFNFET, FIEN
FIABRANAR., BN, HNEMERNSBEEZNIBRONTIIE, KRBT HAEEN TBLIIZ (off-
policy training) FEABRANKE, BLIIGNXEERSNEINER, FRNFIUNBEENTALEE N8
BRI EHE, FOHTREBNFS ., RRBLSERIENFE BN EENANE S .
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@ BFEXREBERIE: SHREABLZIDHIRERZY, BELS
SRR

B ftRX EFH

fE ACM-ICPC iEiEHZ Az —, 80 Tkl DEREEMMAZEARMNOREEELZM2/E, M
N7 OpenAl NBBAATEREMR., FEER, thAKRT A MADDPG HHEKRN—RIIGKERRMER. EAE
BRAsLE, REFLIHERT U IZEEEFREZIPIIREZ S EHSEREBII (Curriculum,Evolution
and Emergent Complexity) N ERUE M, REBE LT ZAEMGE TFHIIMBESR?) HE&, NAB7TE
U S RBRHATT AMNEMY, HEE OpenAl ML RBSERAOTRRIEDIF N E # 1T T 1F 4917 8A .

TEREHEX, BRTERENT —ENRERE,

—. MR ANER

RREWH, BEBZHWATEEMANEREENES 2 —— TMWEEBBALER) #TIE. HTLIX
—RANER, BMNELEREFS). BHFES. AL/ #E BREHNERE TS ASZRENHERE,
REFSRNRABR T SNB[ZIMRALEFBEXOESHE. EROBHRP, REBLTEIEMNZTAELETRE
REGFTRA T B RNAERT T RAR,

Emergent of Intelligence

3.

9 Where are we from?

10 BeERRIl—R(RBEA?
ZIFHOMRBEMALEENERDLEE, HNEMOBRBERBEHRTNESRE, EREEFTTAE

AVEds, EIARZERANERT, HMNFEHTIEWEMALERUIT IS, A, EHIIeIE—LEHE
Beefh e, BMNFTEOME TR ) (BEEEdm) MIBEkK?
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FHRATMIBER? ) X2 —TEXARNE-, 200 Fal, —RM TERE - KR BERADBXIX—[6)
FPETXE, 1831 F, ATHRIZOENER, WRXIHAT AT, KY 4-5 FfF, RRUEXT
—REFRA TINRIMAXET) MRS, W15, XBBEZE—TEARPKX, AT ZEMEMRRERE.

FHENHAH, WRXHFRETEHDHIT IRAANER, ARKERESH TREFENEE (MHEIR).

ERRTORSITT, RESNHBEST NARTE) 0B, HIB5, REMENARIREEET
RFEE, {BESFIEIAIE LIRS HRENS FR/R SR TIRTENE, KERTENEHORY
A,

BRT BRZHN, BAVER AEIAIME IR 5 A2 R BNIER, XEMMELNEL FERILLRNIE
FRLAREIEIR, fla, BPEEEEEMM ENEEFTKPOREMENNE, BEBERELNERES, &
ETETING (BE) . RIEERKBARNEF 2L, ENEELATHNRAZHNENMTH.

Eb, MRAIMBXHT 2 IRIVE TR /R SR HERIIRIE— ML), RRNEENEE MIMER) PiFH
MRT ey, AN SHEMEARZZRIRITN, MEEY (BRER NER, BNESES
NENHMEREN, MABIPERESHITEHEBEERERNIRREF TR, XEDIARS MR TR
LHH—EBD, EEEMTENMMEESBUEIE. REFHAMEEL. AXEAMKEE—BIERS T8
AUAEYD, BEBBBLAREE, AEhELHBNFT,

B4, BOBEMMFHANTRPEIEFNERIE? B5%, £WERERTHENMEREVEHNEE RN
R, SYMMEEAMEN—EDHTRE., &fF. &%, AMEMMN F=, HIKE—TERARS, #HHLHT
REFAERAKNEZRMY, AESFERBFINGR &E, HUCRKEEREMAEMNTES, E— TP
=R EHATN.

BME<, NFRAEFIHRER, BATIUMPMACIIRERESINTER (1) BNFEME—TEBERN
PEWE (2 BAINZLEEATZPEME TEIEL.

ALRERNERT, BNOIEERSRMILE: (1) EFSIENYIENE TRIERESMNBI L E R
(2 BIMERHATT R, URAMESEINXFNTH, REBLERORHPINET E—TEo Ik,

e8¢



—. R PR B eI

Hide-and-Seek Game

S0 2 PR, FERREEIERAVPERES, BANRE—LHEYM RGN, THEEEMK, 1§, X
LR RTEIZINE RO R M. LI BAIERER (seeker) BEXREIHEBMERER (hider), hider M4k
FESRM A seeker %2l HLIEBREBERIE hider BY, seeker R1FEIEF, M hider MM TR EITZE
&SI, R, BERITEAESIIIEXERREMESINRFES, MMAAIIARERE.

RTEINBAE FAPEMNIIRE, FHANICIE 7 HATITROIRREN X, LR AEHENYIBE R hHTIET
WX, HESEN LA ARA TN T:
Hide-and-Seek Game

Agents are point like, perform only y':'g
(simplified) directional locomotion g

They move by setting a force on

their x and y-axes, as well as a
torque around their z-axis.

©10e



AT EHERERE, BIBEERERI—TTR, ENRPTRENEREH ., BEINEREERIN—T x vy

Hide-and-Seek Game

Agents can see objects and other
agents that are in line-of-sight and

within a frontal cone

R A IAE N EEAI R ML GIE 4 & seeker EAML BXI) FEOYAERMEEER, ©REEROXLR]
TAMAREREARNER.

Hide-and-Seek Game

Agents can sense distance to
objects, walls, and other agents
around them using a lidar-like

sensor

Baehth il BT XU T B EANERSBZRAZNEN S, 5, MREEERNEREAZENER., FIt,
BT OB AN I HIBEEZIMNE R HITSM.
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Hide-and-Seek Game

b
Agents can grab and move objects ;f
in front of them

Agents can lock objects in place.

Only the team that locked an object '
can unlock it.

BRTY NN, BREAERESERMATSIRRIIT N (1) MER () 8/ B8, ZEeAATIMET I, B8
MASTHEBIRDR, F—EFEREME, SERART EBEIFEN, BN NEmEpaAEBEER M.
BEE, BITHTHNEBANNGENE, MR seeker BEMIK L, IBARE seeker BEBIGZM IR
[z, 0% hider KEMA L8, B4 RE hider BETSIFIZIIRARL,

LEsh, FATRIRIT T —LEERSMNOE T, BIA0, It T — M ETHRNREIRE, REE—THEINERARS
FEEFRRED . MRE seeker KU TIERM hider, MLIPARRIRE +1, k2N -1, WMRE hider 2B AR
M, MEPARRERE +1, k2 -1,

B, FATER hider IR+ T —MEEMER, TEULLEAIE] seeker TNRERSR), FRIBEMNEREANARERIRZM, T
Zadfed, RONFEERNMET, BIATHOLERBACE T TG, BAPBEFFTROIMERRENLSE
HMENNE. BOEW, URBEANKE. £XE, BIBERTSHHAENG, 8— T EREsH=H
EIAVRESANE, HAN@RBOMAPSIANTERANKIESR, STEREANBE(Z seeker = hider, £
BRE T XERABT 2/, BAHETRENCRALNITA.
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(a) Running and Chasing (b) Fort Building (c) Ramp Use
- - NS B R
7 sex Y7 | 7
/Y e . ——

- . ) 7
™ - = : "
® Hiders @ Seekers

Emergent E x/_&

Behavior

A

, lﬂ:“ﬂm-::. - ~~=;n__§ §L¥—«@:ﬁ/ | \\

/ r L T — l - 5
- e /\‘5‘ N & F
> v IS s
: —
(d) Ramp Defense (e) Box Surfing (f) Surf Defense

S0 7 Pw, A —HBEHT 6 MRILLRITAME, BIERE TS SRR BRI L

BrER 1 TikBAERT): FEIGMER, B EAREZIRNNTARE NkAE), seeker IMEIEH L hider,
i hider i Bk,

e 2 MRRER): EAMER, hider ZFETHREENRERMBEFINEFEENECREERZ—TES,
XHE—3R, seeker TEEEMEREREMITEEIZEE! hider,

BhER 3 TMEMTRE): FEEIIGMEIHAIT, seeker RRFAI T —FXE, BIFER T RHESELNE hider 1
MERE, AEMRLEEEHINESLZ, MmAEH hider,

BER 4 TRHIAEIGE ;. EARW T KBNS, hider LRI seeker AYTRIEI T BIHE N A9 XS 5-
Hider & THEGMEBMEEL2 7 BIMB LB, XIFE—K seeker MIDEMBBNIRIBNEZRT . A
BRINNZHMEEHAEERMNREME T, AMEMNHNEMAFRRRN, EEZMBRZEXERET LR
BRI,

BER 5 TFEFHMRL: seeker ZR T REFREMEMMENKES, AEBIHKBCLEF, WMAERFIN LMD
T2 PR, RELRNEZLI hider, XEHFTHANEEMEHOYIERLN S XS OLEZIMEM
#l) — HEEAMBEEMGRE, XTEZENEEMREE TRT, AAEEAGEEFEZE, BN
B A TIMENFIRZohFR AT, MMERFEeE—ERs) B DRR1) . IHAZR—MRE, MmEIZMEN
B, SREAREFSTHAXMIFMN,

fER 6 TRAMENHRKE: &/E, hider ZFRTHEEMENGEIEMEF. HKBTERNAEYAEI L, MEATE
FAFHREE., XBESRMNEINRENMER.
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Training Details

Agent Representation:

e Self-attention based
policies over entities

e Masked input for policies

e A global value function

(without masks) for
variance reduction

THE, BMPEINSNENET ., Ehrt, FAFHT T REMNRILE N (IR DERISCR)), MRMREB TR
SEMIIGEMT, B2 E18X TEmergent Tool Use From Multi-Agent Autocurricula) (https://arxiv.org/
abs/1909.07528),

HAEERPEIANE M T EESEL,

B, STEEANKIERTOXEN, ATIRPRIPRIBILAENNE, BNNETZTMMERTETH
ERDNBIRREE, &E, RBIERER T —LRENEA, MMEE R RBEREENR A LR
RER. MTEREME, HNERT M AHFERENEHERL, MMENTHE.

Training Details

Batch Si
Scale matters! atch Size

023



Lesh, BATEMBENNEMRBERANRM, HIMER T RE Batch size HITEEBE LI, HILMH
Batch size AR, JIZHEREZRRSZ., WE 9 fim, HEEREDCRBANIREFRIFAE B TUIZREEMRR
NSRRI, EeEloR%NE. £, KEE Batch size IEX, JIZIEE%EE.

BRT XA TNERERIMNE, BITEERZBBNIRALN, EE, HINRIME AR LA IR RERIINIERE.
Blan, FOMRFEEASEEEENENEF, MMESBEE]. EHNNTRFD, BERT-LEE8
AEIRITH, XSHIK EMMEB MM ToEM. H1W, EVIZREIER, hider SLFR ERNFER T RETRLEIE
& seeker ZMRZAVHTS, MM TAZRMBSECEBTHNBI. Fit, EREOMEIZIMHES, HAlE
Bt O —EEERIRE T — M ETIXE, S —RKMASE Bl ERRITRITL.

Zfr L, BEAZIFRRBN, M2 THAREFN—ERE. fI2, hider F= T BIIFHHERS A
BIMERMIENG, XZ2HETENFVBRYIES I ZRNELREBTREMN, FFTEERELNIFFEITIH
BIERLIRE. EtFith, seeker WRFIB—LEMRARIE. HIU0, seeker KRILT BRI AH BERABNEEIF L4
EME, AR (EIZER, XUEHTYIRREEMN, FNBEFMAESEXLRE,

Unexpected (surprising) behavior

Building a fort around seekers!

AT RLARBAREITARZ, BT hider IUNMEEZ2RKENBCEEER, BLAENEEEMERR2R
seeker E#EE, ML seeker JoEMEAN hider IB? X2 —MIERE B ARMNKE, BRI MM ENIRXTEN;
XHPFRAERILR, BRAE—LEXMAD, XMRBHLLET .

FEANE 10 PIRAVTAEER T, FENENRR—LERMET. Hider MUNEFLLENBCH seeker #E,
BERIPXLE TR seeker 307, Fib, EXMERT, MR- TMELNR hider B CEERHAT B AR
PRLEET, XL hider IFFERIA, E1IHE T EMAINITRES: TEEMEIG seeker #HEIFAE, AEERA
FEFIEXLE seeker HEEXLREFR, BBHUE, hider EZERATRBEETFMERX MG, XMTHRIEE S
FHRAMNNERN, IHTEARZHIBELAARINN, ZHEMAAZEROE LA PO—BRM.
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Alternative Methods

Can exploration methods lead to similar emergent behavior?

We compare with count-based exploration

Hide-and-seek Count-Based Count-Based

(only box position) full state

Br, HENGEHEBESISHIMBUNTEIERIE? Nit, FMBMEEREH#T 7L, K
M=, BB —MERN TEFIHIIRE] (count-based exploration) F53E##1T 7T — RIS LS, ]
S EREMGE L F S ERR A TMAVTNWNE 11 RAEMMNER. FITE RS SRR EITAHRERE, XLER
X FARMS 2 0HRN, REZIER,
M, EETEARMEZRS, HATIUNRZHSRI LY 7 RLE4Th, fl0, ZEERIMBRRIEDR, A
EMEPEE), BRI EINTHREBEAN, EIRNITEB I OREENTN.

Quantitative Evaluation

Quantitatively measuring the skills learned by an agent is non-trivial

We propose an intelligence suites of transfer tasks for evaluation

e Each of the task requires some specific ability/skills to accomplish
e Hypothesis: if an agent learns a skill, it should transfer better (fine-tune
faster) in the corresponding task

Our intelligence suites has two types of tasks: memory and construction

BRTYMEBMERTAHZIN, BAMGTT —EEBFIES, BTEEITE. BT RAEIFENPNEERES)
AT LSRR (BIW, S, REDER, BES), AR XLEREIBIIHErIfERIS?
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AT EMX—BR, FAURE T —FEH b MEIBEIMESENNE LR, SERTEEITE. AT THEM
15, H#FZERAAEFTELERENRE. BRIR, MRETEEEFZSZTEMNEE, BAENIZEENA
ESFREB BT BXMEEE (B TMRFFHBIIZENER) . FATTRERX 5 MEBFEIES D MM
(1) iciZ @) M.

Intelligence Suites for Evaluation

Memory Task Construction

f—/%f_/%

Object Counting Lock and Return Sequential Lock Blueprint Construction Shelter Construction

s 23 mease e
) 12 T-

Pretrained in Hide-and-Seek @ Trained From Scratch Pretrained with Count-Based Intrinsic Motivation -

5 KEBMESWME 13 Fim. HF, MpitEy. TESGHREL. TIRFESE) RIEICES. BT FMICICES,
BRAFECEMMERRINXRER, o, TEEME) 1 DERMEE) MERES. BT TREEE
5, BEEAFEUIMIHROOATVRIKRENIA,

E551 "R EREST, BTy, METAE—EHRERNNGEF, REBFREINELMN

AN, BEFFENRILHEFOBHNER, FEEIRTFS (episode) NEERIZELEZDEFEHNE

TEM, BZOBEFEHETAN, B, SBeefRRICEXLERFNENIRE,

E52 TEBFHIRE: AEWRPEE—THEF, SREFTEXRIIXTET, BELY, FEECEREELE

o AL, BEAFRICEECHEERESR, MEMESHTZBWAN—ED,

£S5 8 NFHE): XEREREN—XES, WEPOMEETH T, SRAFSEUSTENINTIERLER
==

PTHISE R A TEMIESS . BELXE—MEAEAKEIWE (ong horizon) {55,

15 4 THEEMWE): Tz2ESH, SE—1EE (lueprint), HeeREE2EMBEMR FEEEIEEPMEIIRE
R BESTAES .

£55 5 DEBMAE): ARRHPE-TRNLeREE, SREFSEREFEXTERFeERSR, RIPFER
WIMEPT R

L F, FAVER 5 MERESHRIT T HHRIEML PPO) BiE, RARRMVG L REEITAF S HhEu
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B 13 THMR. BEermMa A EREIIMNIBERIIENERCARIENZE S ML, AN MNKTTRIIZ
RS ML, FEMENRIIBLTET NS AR ROINES A, AMENTRESS, RRRiEE
EMTIERELNSHMERY, FILICESS, XMMBEENEE, THENTHLEFESMKENES
Hit, B2, YTHRESFKY, BMEMNFMIIFENT .. BNESETHBRFLAZMERLLZ /), X2
— BN RAL AR TR,

Insights & Open Questions

MARL + Open-Ended Physical World - Interpretable Complex Skills
e The power of MARL,; this resembles the evolution for humans
e A important direction towards AGI

Check it out! We open-sourced both environments and policies.

Open Questions

e Sample complexity! A great testbed for model-based/exploration.
How to measure/extract those learned skills?

Why certain behavior does not emerge?

Better cooperation?

More physical tasks?

BA, FATFIUMIBERER B P FR T AR? REBN—KRE, B SERABLTESSTMAYIE
HRBES, FEAMWENE —LEALEBERNERTEE., XANTSEEMEBUFINRAREES, X
NEEFRE ALNRATRZIFEEM. BIBE, ZIE2ERMEBATLERZE ENERMRLE, ZIMEIIF
BSRBELITR, BAHBEE BT U THHRIREAXZRIR: https://github.com/openai/multi-agent—

emergence—environments

fER@mBAALERZEBNMNEE, AHEDBRE TIFSAREEE, fli, THNSEEBENREERE .
HNEpE. REEF I FIMREE. ThtARBMERELTHN, MATABLETANSERILLR . iM%

EXLE LR ST MER— MR, FEB TR KRR ZIVIAEIGERRHRE.
=. &E

RRCRANEI N NREZES. BUESERDEIN, HIDAN, BEENVISERFENEBERT, Bz
RIVBILE TS ERNTRH, MXETHEEN T ALK IR, SEENREFAINEIERDN
TREHRT —MRANBERE, MRBSERRPIORMIREEN. EHER, BMERNTIMELEETIE
BENAEASRE, BBE—TIFEEENMRGT. BRI, XE—TIFEERNERENEIRARIEREA
e e NI
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Am, TR 2RO ERBEINSEANMI. FHMDIEIN, EX—IMEF, HINERTRENTE
RR. ABEBARIANN, ZE2—MHIFERERENENS, 110 OperAl STRMEANES. BE, AHENXK,
BRARR—MHNE, AAXENEAITEELF EEREERKEEERNRAZE, HEE XTHEEN
FZIE— TR, FEEIBPLEAEI AR FIBILL R,

mfE, HA8i, CIEAALER (AG) 2 OpenAl MfEas, HITNHNAMREINERIFEREL. HIIFE,
BRATEREEH—HEBELESUSIN, FERTEMAELSR!
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@ LZXFEFARE: SEEASEPRER
B3 LAY B

BRIEREBRAZL, ERARFUHBENRAFRZEERRMT (BEESNNSEFEY) HORE.

MER, EBEEIERCNNAEESHE T RANRE, EEESEEANBRTRANTRAR. BARH
AAEMMAREZE ZWRABEENSELN, BEABIIFIUISEESINSERASIEREE. BSRERE
MREENZEELE, FREDR)ZTHNEANIERN—LIE, SEBENGAERMALEREAN
BIEAESEREMERPINA,

MUTAF RBHIRREWIESC

—. BEEHEESAN: MBARIARHES

EEARPEFEE ZNEEIR, FIA07E Wood Wide Web /R, BRI ELETE—#E. HFMALLESHIN,
FETERERE, I NUEMEZNFD, ERMBEELIESRNFOERZANNE, M—LEHEEL
FEOMBSIERDEREAZ LN, W, SBEZTRERIDEV, SIIBIWRZEREREE—LEHFEES,
REESZSDMENAE B, SAEXFZ DN DURRT S EN N EYER, MMiKHER.

H—PEPIKRE 2013 &F Nature £, MRENAKNELEER, ANEINSEENERE. AHanEE
EIEK, RE—EFaME. SESARIERRR, TUEAMBEED, MARSEIEEST. AREFU
AkesEREX T eRHENUE, MIHEBEEDREEBELRNatEIRANEHEE.

REENNEFMESR T . £ Social Moneys HIBIFH, JF1BI R E RIS ZRIBEE R A AR H AR F M
HERHRE. LU—RKREFEIT —FE, EMcREFEREARKHIERE.

BERX=1T0F, EMERBIDZE-EAZYEAHTEE, SEBT—ERHENTIZS, KTF2BIA
BENEE. STEILFEAMPOAZEEKR, HNNSEANBTMAERXLESN, RILZIFMNE#MCLETE
SRAMIBES. XLEESIEH XA LAEIESR Communication, XBEESKEHMNWET—HRAEAEL
Communication S EiFH{E & BEIR Z BRI S 1E,

3FF Communication, Z2FRMNAREEZEM D AE, — P AHEE Information Sharing, BEEARZESIHZ=FE)
FERNFMIMERRNR TS EHEMITHRES, B—1AER Grounded Language, EEIRFEREIRZ (8]
FIERNBAERESHANES RS S ARIESAFEMBMUNGST., EXMRER, RFEXTFE—FHEN
Information Sharing, EANABE(ZEN—LETE, sIm T LEETERHRBEUERS FRAEINMML
Bin, ERDEMRNENELERNBERESEAB TS,

—. BERSTREAFEIMHHER
BENENER, E8TEEMSCECH—EERIZLEMNERA, BEXFFE—LOM, 5X2E
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BEAMLERR, ZIMNEGRNDZEBRLATNFIEFNRR, HNEAEFENE “DENERE", BIEBYR
MERIEmARE, XtBEBREL ATOC HHR,

* Communication (a e
* agents in observable field = collaborators = ®
communication group ®
* bi-LSTM = communication channel = selectively iy : Py
output useful info
* agents in multiple groups bridge information gap ® ™
N J

and strategy division

1: ATOC

ATOC FEVEERALLRERIRTE, BEMTUSUFAMEERAHRTERE. BENEFTEAE, B
WE LSTM MERHITES. MANSUFABERLEBERET— 1 JENSSREHE, X6
ME I XKBNERFLHEREBRE, A Critic TEBREFANBEEMILRRN QEZE, EEHUSHFREE
NTRBAIBEEAR, WMEREELE, X PEEFENRBENESIE ENG, TUEEBEETAN
REBDEN,

3 FR/RHIZ Cooperative Navigation SLI0IB(E 15 RHERT BIMNTH, FENELRNBEEEE, HAHEE
RERRBENARE, TUEIBEZERLGEESZM Landmark, BIESHFEHD, SAUNEERNEEN
DEEERMRN— T BER, BENBEefikoslNRETBENWNE. PTNEE, MABEZE, SaEf
~aETalErEE,

* . '.' % * 4 > 9 -b . e
e o %o :. e% - '5: e % - \: o .
.. ‘,.. \ .. .. .. .. —
o “ “of . .‘“h‘%c ® ~ 3. / N
e "o s @ ¢ @

o ©® - 3 v ® o e ©® o
» 0 b N ) ° e ] ° L . b
- -
‘e e e ° * . . * o
s e o i action without communication
W initiator collaborator @) landmark <~ communication path —e action with communication

v

2: Cooperative Navigation

ATOC MK Z BIRYE(E 735% CommNet, TarMAC. IC3Net, #B2EMAZzLH All to All, One to All & One
to Many BIENH, EXNTFEHENMEBELEALNE, KTHER THE—N—BE. WEEHONI%
DRHTHNZIER LT —BE, BERIIETRNEZ DR “12C" NWEBL AR, 12CFHANE
Request-Reply BENHl, HEEMRRE STMEAM NS EEMETEE, HAEE— Request, BN ERERIE
BIREALA A H Request FIERBE(R,
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* Learning Prior Network via Causal Inference @—l v, [t

* Intuitively, an agent likely communicates with others who are

potentially imposing influence on itself * T ;
T = Dgv(P(aila_s, 0)| P(a;|a_i;, 0)) t e
[
(

memm qmu

| rm }' ;
* Joint action-value function can be exploited: —— T
P(aila_i,0) = exp(AQ(ai,a—;,0)) ( N — )
T 8. ep(AQ(a], a, 0)) A of
( } { o Jo—2-{(en. ]

exp(AQ(ai a5, a5, 0))

Pleda-i0) =3 Ploutslo-0) =D 5= enp(3a(er, a5, 0)

* 12Ccan also serve as a component to reduce communication
I} = Dx1(P(aila—;, 0)| P(aila—i, m;, 0))

3: 12C

12C J81F Joint Action-Value Function ##TBERIN A4, EEDEREMATR, BENTEMNRASTSEE,

{BRIXFE Joint Action-Value Function R HAE S, HMNNWBER, — M EBEANMIZEESY B SRMLERA

AIE BEIRIBTE. XT%—A*DQ‘ETZKE’]EM’E%EE:ET%E IFMIER, FAPEEN DRI KL ﬁSZFET’EjJ%” Bk Z 8

o, XMo@ Joint Action-Value Function ITE152I, & 4 FFR. ITEMAENEMENREES

?9—4\ Prior Network, AFEHITIRFRERESS. LLLM%TI]QM?&B&ET&%’ﬁufﬂ-‘ﬁﬂf’ﬁﬁ'\]fﬁﬁﬁ, (k3
S Prior Network e85 TE, TMEBIEMEBEMRER.

i
— ,‘Mm‘—
e ‘id MEDIUM  HARD
I 3
; | 2C+TARMA 97.92% 92.17%
‘ ‘ RMAC 97.60%  89.24%

IC3NET 78.08% 40.47%
NO COMMUNICATION 79.19% 48.10%

+ Reduced communication with better performance =&

(a) medium mode (b) hard mode

4: Traffic junction

7£ Traffic Junction 1H 2=/, FtE TarMAC 1 IC3NET, 12C ER8 T 4eE F8OIRFH, R4h12C thBEBIF RZIMBE
2, £ FMANEERAEEEN Overhead, BEHRBEHA, FINEEMNERBEZEEZRL.
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=. BIEESEAS PRI AL
BETNUEEEMEEMEENERLE? HNFE, BEIERAEENREBITEHEREZENEMXR
HABXIX R EERE EERAEERNEE.

* Graph convolution with relation kernels

Q

........ i Q network

Concatenate
A

Convolutional Layer
(relation kernel)

Convolutional Layer

Relation kernel (relation kernel)

. (P Encoder (MLP/CNN)

! J /
o 0 o op

+ limited Communication between neighboring agents &
+ independent from the order of input feature vectors &

+ cooperation scope increases with number of CONV layers &

5: DGN

DGN XBESEREM, HRAZKIRNNEENERZ, MERETREEENEEES. S TEEERE
BESBERTRE, BIZKEENNHIEEREEGE—E, RET—6RE. & N —EEHRIEM—
NEBEARRNBERES. XFEEEIRENEN, MEEINESESERMIMEIGHA, NESEERET
—BERESEEHHERSE ZHER.

BIERE-LEHRESR, BEASHSNEN, HNBEEXMER TEERERFEE. HNYEI/EM T E
TETEIMES TN —NEN, EANEEEER MRS ERERIT -, MMRERIGIFIREEE.

RE—THREF, BMERTHELF. 2FITHRNEZEEN, EERBNEENEETZEXIHNAF,
RNEFOA TN RAMEREREE . EZERAENRSED, JNEENEAFHRERNONG, X286
VLR BR[B)RE,

|
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* Fair-efficient reward

ai _ i/ c
et |ui/ae — 1|

‘ELL/C : the resource utilization of the system, encouraging to improve efficiency

‘u%/ﬁt - 1’ : the agent’s utility deviation from the average.

Proposition 1. The optimal fair-efficient policy set rt= is Pareto efficient in infinite-horizon sequential decision-making.
Proposition 2. The optimal fair-efficient policy set = achieves equal allocation when the resources are fully occupied.

6: Fair—efficient reward

FEN RSB ANENET B RABE, RENZEIAFORE, I2—TZERANEE, NRERERER
METE—&, ZMTERAZMIN, BEELRENE I ENSEILERIFNES

BATR BB FIRAA T - EXR) (Fair-Efficient Reward) fERXMa@MAL BT, X—BEnERZEE
THRS5AF, EREEMAZ—BmBBER, RHMNRE—MoREN, EROZHZRONEETRE
Fair-Efficient ff, ZHls5EF TE—TFRENTHRE. EP—TFRENMAECETEMRELHLAORE, M
T EAhFREE, BARE—METEERNRE, EETENFRETATE, NRHSLEHRIZMET,
FEN B HVIIZRY, BReE 2B RBEET B RNBERGFHIRMEN.

S

4 distributed learning

These sub-policies should be different from
l each other, so the controller has more choices.
controller ’ 6 }4— it, (Gossip)
p F— The more different between sub-policies, the
l P il less the uncertainty of index z is, given
= e i =11 i i i jon!
sub-policies €+ |u,/1{, ,,,]4|“ observation o. It is mutual information!
[/ Oy Oy
l . J(#)=1(Z;0)
1 2 M
: : : = H(Z) — H(Z|0)
~ —H(Z|O)
v 4
. — = Enrp o, 10800 (2]0)
environmental , = :'
reward & ry = .log Po (:, ‘(), ) The output probability of controller

[& 7: FEN

EIRRSCIIE SR T RN, ENREBENEETESTZIZERY), BMENEFER. URFA TS
2, RBNEEEBRNEE, FEN WHEEMEL TR, AATFTSHREMTERMN, HFEERTHREMIL
MERDBREMMNERIRT . AETAUEISERANIBRT FHOMBN, EH=5 e THEEm
RN FREE, kWG TEFAAESICEMNFRE, XS5AXRLRAEME.
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o, Pac-man . Ghost

0s S 10
& —— FEN w/ Gossip
FEN wjo Hierarchy

& 3

10x faster

.
Mean fair-efficient reward
- —
selecting probability
o
s
g
?

a 1000 2000 3000 4000 5000 &000 4 05 0 05 1 15
Episodes (u; = WG

social welfare Ccv min income max income episodes

Random 84 +30 0.93 +0.25 1 22 +10 -
Independent 791 +62 0.86 +0.11 1 202 +33 100
Inequity Aversion 702 +90 0.80 +0.16 2 152 +18 1000
Min 18 +8 2.04 +0.66 0 T+4 6000
Avg 527+113 0.86 +0.21 2 126+18 1000
Min+aAvg 441475 0.85 +0.18 141 103+16 2000

FEN 830+22 0.06 +0.01 T9+2 9443 300

FEN w/ Gossip 84155 0.07 +0.01 T6+4 9544 300

FEN w/o Hierarch 251+12 0.06 +0.04 23+2 26+1 6000
FEN w/ Random Sub-policy 834+47 0.08 +0.02 66+7 99+6 -

7: The Matthew Effect

M. &iE
TIEBN TEEMRTEAL, BENERIIFER, BNBEEBHREFZINTR, MAENBERM, )
RZESMR, MRRTHENYEMAINA., XTBEDNTERZALNZI UARANEMEOIANN X —T5H,

HEIMRARD R, ERER(TH—TRANME, AESRRIABEURESEARINA., 23 LATE
AUEERIZAIRZD
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@ PRIREMLFRSE: MIBRISGRRERLEISE
B2 PRIREH KEE

6 A 23 H, #RREMNMAARARLIMAE 2020 EREBFARE REZE” THRIZEHT CREBRNKF
3 - MBERIZE) RS . XEE 2 IEEE Fellow, 2P EIMTESEMEINEBHNEE, thEZ NE
REERTIRO Y gmeE, $E1E IUCNN2019 EPMEFZEREMER. ETFEEEITERRE, RAERKFEY, BE
RNEASHEIRICHNTTE, UREEEW. s ASFHENA,

ARER, BLEHAMN=THERANE:

F—, MRARRELRR, EEENEN A BE.

B, NN A NBEELIEESRNLE. RERK.

F=, EURSM. MERR. IMENEZE IS EAMBERISERNTER,

M ERHEHEX:

SROMERKFRIAREBMHES), REBAFZIEETRBUEFZIWRRENTRELINBAMES, XFH

75 Google DeepMind #1 David Silver IR HUREBUFE I HIE, R MERKIIA T ATEEELE/LD
ERENESZ—.

2017 Nature, Z-#
#AlphaBo ZeroA4it

2015 Nature, &
FediAtar | LM AHE

HEARLEINE AL Ak R,
DON, oA Af FES 2.2 % 4
E T %-% 4 L
ALL SYSTEMS GO Alpha ZercR B £
' Akfe B AHDEAL

m

=) m)m)m YD

2019 Soience, HEMAE—HM 4
2016 Nature, &  ° e, FHZeii%

®# AlphaBo & |- 2019 Soience, CMUAY><A ik}

418 K b MM Bot Pluribus

THEARRDERL - 2019.1, #¥Alpha Star, X & &

FFEE - S oo+ . 2019.5, OpenAl Five, Dota2.
T 2019.8, MARIFAI Suphx, 108

1: BEF DRL 9 Al Bfgnes4
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15 TET DRLI A M ERRIEEH, 615 2015 FETIRLMRIR Atari FEX AR E R F > 7575 DON;

2016 FHY AlphaGo X 4:1 B9 KEE D 6kt 7 R EENGEF A, 2017 ERIAY Alpha Zero FAAZERIER
EEESY, REFZAM, TUTERSERNBAREE; 2019 FEFEAI Alpha Star B ERFEHE, CMU
BY7SAT8$h Bot Pluribus, X#ERATEERNER, AREREY REI=ZHNE—NA, M7 EH2EHEX,
AR E IS FRIG M T — DRI Al Suphx, Suphx BSE/IREITER, AEERTENRAS; 2020 FARNELET
MuZero, BRREDTN, WRIDMMEM, #—FSRETEENWZHM, BMERIER, BEEANALSEE,

BNRBHNARIEREBAZINEBENNSAL, 2 TREBCZIFOERE—TERANEES;
2016 FRXR—BREBNFINERNE; 2017 & IEEE TCDS ENHEBTEEMEBILN (H—); 2018 F4A
LRERUEINET], 25017 Robomaster EIRA TEBEMELTE, 28 4 )X&mE TN 2019 F2MEMSH
KT, REBPEATE, SN0 IEEE CoG Fighting Al L%, KBTI ESES, IREFEZE—LEMPE
BITAREXN TIERAR D Z,

—. X% Al

BAEBRARDEMSEIERNITIE, &3 EESBILEERA, sIERERAEGTENRE 56 T fE, (B2&RM
NERE 16 2, BEANFHRS—B TR, ESNFEDEMAIBITENE, RAXE— A2 EEHE
Zaf, MBEBE="XNF, FEZENZMAREEMELAMEE, 2 EE—ENEX,

BAANZEE Simon IR EE, MA RHEA JRERASRMA SIS FBRTTIEM T — BBV S Al FIRE
REANERENR. BUFINFRRENEOMES, LM TEANZMLME, EGTRANEEE. HE
M 2018 FHRFERI A M T —TWEEME, FS27T —THR GE2) . HMNSMT 2010 FARE}ERE, &
tEFED, BIVENFRREINTRE, —DNNFHERE, —DEINFHRE, ABFIFNONFRE, B
RIS, FBEMORIIRE T ERNMRA, RLBNELEFFRESTIE,

bk
1) Shtkfeibigia 42 5= M HABLE K (56 actions).
2) #a47 69 MR R B ] (16.67ms) .
3) wA43 869 1% 213 &3 4t (Opponent Awareness/Action) .
4) £ SAPIR XA 6 Ads4FHE (Towards general fighting A .

2019, ETFRHEAR K FIXT F 2 AZAVIE B A&HiF KAl
\TTTﬁ”“fgg LI R
ICARN | 2018 Fighting Al Competitionfigbot

REGR — Opponent Al Win/Total(10) Win Rate(%)

. BREEEBIERS, T c 2L
) KotlinTestAgent 9 90
R FIEE, EFHERE e 8 80
RrAsgE SimpleAl 10 100

- AAREZLY, EATRES biagSer a 10
B, BCP 10 100

20 FE3}EX
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BIEMEERE—N—, BEMFEBRRNEZNZ, HMNHNEMFENIMARBILERE, TEMEMRFHEN
MR, HNZEEER AEEEEMIRKNEM, BNEX—MERREERTAE IE 3), BFFEq
—ZI8, BEWEERSHNFURARIVRES, BWEEmaH#ERE. BT 2884 %E T SARSA
N B ERBRERAIRP Z B ArRKIZ [0, HHXXE KK IEEE TETCIBAH) £, 1§% Popular
Article, EIRNXEMH AT L RT Nature B AlphaStar 18X 5|, 7EHX Al g, HIERRXMELZR, 2016
FEKRERHIBCENAN CRERMEEI SR FLTENBEENER), 2017 F CREBEEIIHE M
AlphaGo %l AlphaGo Zero), MEXRTHE 1 HFHRR, BEFEENNESEELAMEEERSZT — L=,
HRT—DIEEEMENLSEIRIULHET, FRARERCEINBENNEHME. 1 Simon F Julian
XL IEEE ToG MBIFIERMIMEL R, —BAR T ARERMFEINHERNER.

ET i@ F JFiTH F S LM EFRF R

/— o-value ) '\ Step -1 Stept
Q-va lue action CoolDown CoolDown
| HitPoimt HitPoim
: Br & it | Step 1-1 dh OwnSumlnfo B OwnSuminfo
policy Actions OwnMaxInfo OwnMaxInfo
network . EnemySumlnfo EnemySumlnfo
[ (5,8, 5 l||.’:m N EnemyMaxInfo EnemyMaxInfo
Bl Tl B
g N— Wi Termainlnfo Terrainlnfo
update -
\ Pd Q-value action / Inputs o L
00000000

F EX—MEHARSRR G ERRE
LR 8

Network

- 12— 2 B AR AR E T PESARSA ()
B EERRE IR S BEEARIR . ,;qﬁ

E@Q =

g

or Aftack

FRIEH ()R
https://github.com/DRL-CASIA/StarCraft-Al

3: EFRFHmE

RE—THE A NER, BIDNATM Open Al BAREEMBERTTAM, RELIETNBEIZLMR, SEHED
RO, MBAIRIE, NBAGHHNBATES . BRAEBEIMNETZIWIE, » O RRARTRBEIN
T2, RE. BESRMMEEZ A, BRMNEMT — DX A WEREBEE E 4), #HMEMEEIZD
K, PR AR =%, TA AN Atarl BFRFEHZERE M ERERDM, BRlE@RNLERTFN, =
BNEESIMN MuZero, BRBIERIFHEIBEXTHIBINBKABHH—PNRA. E—NA=ZHNEXR, Lt
WMFEZE . Minecraft LAK ViZDoom EXB T ZHEBEMNTE. ZHIMET, WEMPHE. DOTA2 FZEEEAE.
TE2EEEFEM, ELBRIMBENIE, BEEENITENBHRRERILERA, WNEEBMRLEE
BIFNIEXEEENAEIMNART, CERZNIIEEY. BESERMEBZEZ MRIHE, X—HRBE
=B 4
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v PSSR AR | Bl i@ REINCHE. ReFn , iz
SCORARGEN R |
> Google: A4 kAtari. FHL. BEFrdd. BHRGMMA. LA ABRE.
> OpenAl: #ilisxkDota2 , Sk Hlas Nigzh. Pl ATuBETT ...

Dimensions

DR

3D Minecrah Quake I
ViZ Doom Arena CTF
DM Lsb

ALE
2D
StarCraft
Monicruma’s Dota2
Revenge
Number of
agenls
Single-ageni Multi-agent
4: 3 Al KBS
= Bk

BV LR A B EREUAHSIALS, S— M EROMLEEEL, BEBREHEMBTIE.
MABABERBFEN— BRI AETBORNNENIRG, BB, BOERMERY
MMTIRKO RS, BMERIEK, SERREK—LIRG, TEEMOHBEH, WERHSREARS
=T,

ETMRERNRNERAFIMES

HBgmo AP AT RERGE T mMEA, RETERLSAEEZEHNGEA
RAL S 3) Ty ik

CNN

v oe\

.
45 41 LB P-4

R

5: ZEELAZ

REGIRIR

I

Wk [
¥

T s e s ee s ppsas e
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BAE 2016, 2017 FEHT —TETAREENNERIRBIEZR E 5), HNEGHAD KEBFTEZRERE G
REHER, RETREWDEIRENORERCFEI SR, ANERIRFINRREER. HIEM. XIS
MRREES, BNFZEIRNETERLME, BIESRMERITE, MAIRAIEBMRETN. XM
FIEERMEERS T RIFNIRF, HBXNE KR IEEE TCDS #ATIZ:E £, 5% Popular Article 88—, #
WHEEMBIEX. BRXTHEREEMNZESES), #THDFWMQNMBIZFERORN, XMIMEAIZ
MAREERERFN T, WREBTE -7, AN ITFEEXBESRN. FELIRAN, FERTRES
WNEOHS 5T L,

ERATRNNERZE, T—HNIEMEMEREMNREKET, EhE—TIELRER, MEFER
B BMNELZANTE, BANEEMURINER, BSESEINNERIERNEERBNER, &
EEMORAUREENGR, BIEFIFINERENBA, FIB DDPG HEHITARR, FizHHmENES,
HEMLMEERFES WHE 6),

Multi-task learning perception
Improve key track features prediction performance by exerting common sharing visual features.

[Related tasks

Task 1
i i & ' 4 "
Distance to lane marking regression = r

! [ 1= r7e @ @
Yaw angle regression l = — = B Task?2
Lane orientation classification o

]\‘ Task 3

3
arg m.inz oLy + P(w,)

wy RGE Image Conv. Layers Fully Connected Layers
e s .a . . Hs,.a,)
Deterministic policy gradient control ]
State: s =[d.8.v..v,] FC 100
I Action 1, pp—

+ Distance to lane center
+  Yaw angle
+ Vehicle speed

@ -rew

Lané Center
Action: steering angle Fc:lm Fy
Reward: S i
B {t'im[ﬂ}l—kﬁiu”ﬁ” —djw, if|# <%, 5, A
=4 : "
. i Right Lane Markung s=ld.0,v,]

Reward design

D1i, D Zhao, Q Zhang, ¥ Chen, Reinforcement leaming and deep leaming based lateral control for autonomous doving, IEEE CIM 2019

B 6: FBRIT

MIZRHERFKE, ZESNFEISRESFFIMAL, BITEESHIN, FINGSHEFMERE, K2ES
PIE5-ERYERHTHR, SRUBRE, BNAZAIMNTERE. SHMNR, ESESRAM
SBUFINEHEGER, PJUIMEBRFOESG, BRIMNEIECASNRBIMER, ErRIUREGBIRZH
MER, BREBFEN=FBME TR,

FEANMANZREENRT, ERURFEEE—MANLERENERESHNE, BIIMFEREET, XE
izt EEETEHMRGEEE. BT —T2ENERAEY WE 7)), E—RHTSEMNIREK, FIET
ERRIFFEERERE, T—EETRTANEMRAIT, WidIEH, BEBSAE Udacity FE#TMIK, M
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IWERPAIUER, SUNRARMRERNFEIBESHNIR, PJULIRATRIENINGE, BaERIMAY
&, RERKRLERRT, ATRIESENTERYE, RNEREEEIBIAII—TELZWHHEENLTFE
VTD BE, HmEBIRRHEHITNEIIE, EERREREY, REEET T ZANRITND R,

EREZEERNRAMMRRN TIEESER, BIRITT I EAREE., JURESENEIBZE, AK
REBREREEFME, HIENNITAREEFEFEERS 200 T2ENEE, FREXZER(MAEEHOR TR
E, UEARDEHE. RTLEEERLERA, TAREERDURDAMANZR. TARXEBEBBARN,
RN, REEEEIE. BNOTAREIETENMAARB BN ZEHTTRE, BEATSHKE
ENEPER

BFEtFIRMULRAGRESRE
OETHEEWFISHNLRIBRERE , BERRFEENFIRE ;
O RERTH T HINEEHISRES , FRE AR TER | RER 2.

full info ? l processed info
¥ Hga
t— ﬁ,;-, 1 1| = 2y aE
path e action 1]
Lovr-level Coniroller High-level Decision-maker
= &=

INL LR LT
e Y enaas

§
E :

B 7: BFHRE

AEESRMRERHEI N, ARNMZTTANX T IUGM— LT, B0 HET —LESHNIE, |
STREBRUEIBRNBIES, SEFELQNMEMQN, ZBIFEEN, FEHNSMLEENRNE
CWENEIREEAMEFRIONIG L WE 8, WUAREFNMA., FMNECHBEELHTTR, BEFE
RIFEE, FAENEREBRANRE RS JUIHB P,
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HE#300:G,
https://github.com/DRL-

CASIA/Motelligent-driving-data-set
= F#EiEEHEE: httpsi//share.

SRR 5 Mok e

https://github com/DRI .-

S

CASIA/Ml-torcs
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> SEATEAENLIREERERHITEE
> ERETFREACHMMBEAMEHERING |

VID HEPC
LAKRIEE
BRI ERR vty 2igeded
( Python ) ( Simulink )

B EWEE
( Python )

B EREZ
( Simulink )

BEPC/ R
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BREROEFERS, E2RRBAXNLERRD . FIERRL 7N AINRE, HTNEESROE, Fa
MEENAEHFTERSNIF, FERXKBZS, SFKIT—THENWNAIMNE, FRM—FAREBE
FRNEEBREEHTIN: BEARTRE, MEULIIMEEMIIATI, DALRENEENE-ENE, B
MEMENRE;, BANSEZNENN, BrlttREBFNHMENRENAMD—KD, E2XMFN
MANEERE, ERTNMERNEINREERRTBANEEKTFHERS £L4. LbEEXASHER,
ENZEBHAD ELZHNTMEN, ZEEBERSOEAFTERNHABERR. BNEREERREEIE, 7
MME—TFERRHAAFKFKHTEINL, SR, BEZBRNEFZOERSNVIEENETERMA, £2
HYERMEERSAMOAHEN R, LNEEEABTLEIN, BEaERsREE—EEF BRI,
E-ETIMERT, BEIRFEI-EIRME, BRIMISNERE. ZHE, TERSHNIEEM.

=. H&A
REBRARSZE—THRNENSBAFTENILE, SHFENRSM. MERRULZENONN, ARSMEEER
Mins, BIMRERE, SEH—DUIE, tLNRGUERr, NBAgBLIMEHEERNII, MR MES
SRk, BRMNAGER Slam BE, AEEM, NRSEMENRE, RIMARBCEINAGEREII, BEESR
ZEE, MMAENMLEERERIEBR™E, TMNIMNEEEIERNER. BI1RE T —1ET Markov W]
EMENEZRERHF S 575 MGRL, MR ZEXAR, F1HE Markov MERF[R, FBEMREMEREE, B
SBUFEIMEZEINZ. B 105, MAZBREGBENRE. A0, EUNER, BERMNEEEN T
1, BB Markov NERIXFG=skEB A REEMKNER, SR=TE4NER, EEIE X ARFIRT,
A Actor—Critic B9V 3ITE Value Network F Policy Network,,

» Markov network with Graph neural network trained by RL
* Representation as the Markov network
* Inference by a Graph neural network
* Learning under a reinforcement learning framework
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» Comparison with the baseline methods

AT2THOR:

Four type scenes: kitchen, living room, bedroom and bathroom.
For each type there are 30 scenes.

Target: coffee machine

Table 1: The success rate results. et ~
method(%) | Testl | Test2 | Test3 | — L
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A2C | 599 | 588 | 58.89 || R

MGRL [ 614 | 644 | 6122 | L -
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