


@ ==EZHIBKRFHEZ Satinder Singh: B&FEIhiy “KI”
BB A ERHX R4S

FRIARERAS “BHFED” EFPIE L, Satinder Singh #i2M T H N (BUFIHHAM) (Discovery
in Reinforcement Learning) RY=E @5&E 1, Satinder Singh, EERFAIRAFEHIZ, Deep Mind BERIZER,
AAAI Fellow,

FEAREHA, Satinder Singh BIRRSUMN BT EEFE . ABAHXTRUZINHEDMARIIE, RS
FEWLMTEHET Meta-CGradient FERF I RIUFTRUCFIEREAPTEFMRENSE RAEX
OB ES BIRE, X F B HBIERNN A X E I BAERMRE, MI1RE T — 2B ZEGE
i (ifetime) AIERZRHR I Meta—Gradient 4E52, [ERTIRITE X SLIRIERR S >) BRI A 7E 2 [5h R 21 BE 95 3/ 3R
BRENME, XEMEGETRMN S STFZRM exploration 1 exploitation, F BB LUTREIFREN S I E
BRI A ERIAE R, HX T UEEEER LRI EBENEENES, Y RERWESREM, SHLERT
General Value Functions, FHi@id Meta—Gradient 5/&F I BIFSHAIIRRR, SZIIBRIX A IER] MIRIE A
MEIFRSBUFIVR. THAREREENARBIENHENS.

—. “RI"HEX

FLARBEFEIFN “RI” ? BEMEZE, BUFIEEMEPNSHAIUDARELD: —EDSEEMEIE
RS RIGEE, B5—HBoRHMRARRBREIFNLE. Satinder Singh HUEHR S EE TSR AE
PAEN{AI 2 IR 81T Meta—Gradient HIERF S K MSE, ERUFIIH, KB (policy) HEFMNE (value) B
HHSHEBEMNBIERZIEE, NTILREFNRENSEY, WE1 AR, REPERIMEFH—L
BlIFARENIREL, XLEF) FE 2 XA Meta—Gradient AL MBS, BL@iITES Meta-Laring) &
M—NFHRESBIAE. BLEA Meta-Gradient AL MF IR (learing rate) FIFINEF (discount
factor) , HLEEZ A Meta—-Gradient & LMATEERD (intrinsic rewards) F4HBNES (auxiliary tasks) %, 7£
ARIRIRER, Satinder Singh 28 F E 5 Z AR E AT R & FRE ICML 2020 1 NeurlPS 2019 FRIH R
WXEXARIE B 1 PIRANFE . RRBTFZARNEAIMAE, Ll EF AONAGE (population
based method) . #Hft75i% (revolution method), 1B Satinder Singh HiRM1R EXRAELANIERAIELI
BSHE., BRIRENE R 22X Meta-Gradient 555 & IS,

Initial Policy Parameters Finn et.al. (ICML 2017)

Learning rate, discount factor =~ Xu et.al. (NeurlPS 2018)

Intrinsic Rewards Zheng et.al. (NeurlPS 2018), Zheng et.al. (ICML 2020)
Auxiliary Tasks Veeriah et.al. (NeurlPS 2019); Zahavy et.al. (2020)
Loss fn. parameters Zahavy et.al. (2020)

Options Veeriah et.al. (2020)
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. REXR
F—IN T {EH Satinder Singh #IBIMEHIEBEEHFBTHRN, XENTEE: (What can Learned Intrinsic
Rewards Capture ?2)[1],

21 Rz

ERUEIR, BEABRZEMEMEEINR, XLEMHR: BIREM (common structure) FIEE ML 451
(uncommon structure) , E, BILEME : K& (policies) . MEKREL (value functions) . FEEE! (models)
FURSE R (state representations) &, EAIRE S, ETBXFIEENEM: ZRIKREL (reward function)
ZIANZIEENEMZRANTEREFIPXLERMBELLERIEMDRE, HERTINEN, HIEXH, ¥
SRS ORI R R E D RIMERRD (extrinsic rewards) MIRTEZRRN (intrinsic rewards) . SMEZRFHA%
HEEERNLEE, BEETEENEN., REXMESEARNEN., TRTEERT, BRZAEAREFMHEAIR,
BEX th}E%BE%EEBIRVI_E{], tbal: reward shaping. novelty—based reward. curiosity—driven reward %,
XL F R ARIEZ R 75 BRI TUG AR B B E @AM HIE sEeEA . EARIREH, Satinder Singh
EXRTFA AR AR

EREBEIEIERNNS N, EIFE—TRERR R
2. BUFEIFNANERRRE, (T AFRAIRAEISRIREIRE?

—_

HXE DA, WXRRE T —MEIBEZEGER (ifetime) AEFRRIREBIRIY B Meta—Gradient HE

2, HNEZDEA, WXHRIRITT —RIINTL, BIISIIR: 1) FIRNRERR R BB HIRE RN

g, XLEMEFETFREESIRERN exploration # exploitation; 2) %I ZIRINTE 2R R E AT LA 2R

BNZEIEEATTRNIMER; 3) AEERMR LA UFRIMASIFEEAEMALAMAREAM, KIEEH
REIRE BERAZ B AWM.

2.2 Optimal Reward Framework

Lifetime with task 7 ~ p(T

Intrinsic Reward @ n @ n @ " 7 .
1
| = =
Episode 1 Episode 2

B 2: BT 24 BEHRNRMRHIESR

AROBIRENERFFEIFNEBONELR, EXFERZESEY (multiple lifetime) AIIER GNE 2 Ff
T o B REREFIFRE XA T

4 EHA (ifetime): ZIEMAZTIET (episodes) MAIE BEARIRE MIZRET B, La BRI MEN T LERH
B, 8MEPES T ARNSEER WE 1R . EEGERNTE, SERIRE—ED hEILRFN
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EEEML., EEXLWIIFEFR, ESTUEERS (stationary) 3EERS (hon-stationary) B9, HIETHET—TE
EpEEART, (FSPEERTEIRE,

AERRM (intrinsic reward): E—Ea EAHARBRIIGEEMRRE (policy) , REEABEBTIIMEER, R
SIS DS i

RIiRAEEE (optimal reward problem): EI5FBEZE 6 EAMNNERRHRE. BIUIZGS MHENDGEL
AUZRES, RRREMAIIMERR,

BRI RMARERBERER, DARFEMTITANE S ERE:

1. REZMRIBOBMALNZERE N E GBI AREMARIET (episode) WITAME., XEFEIT&K
F 3] HHY exploration, XZE R exploration FEXIFEZ 1 episodes WA EIER, BIHHITREN, F
ENMRBENEREBRNTARE,

2. FESACENKEGEBHNRE (ifetime return) , AR EMETHNIRE (episodic return) , XAFETIA
BEZTERFEEZ MHR 2B exploration 1 exploitation,

HIAERIARE, Satinder Singh ZUSFIMAIEIBAIR £ — scalable gradient—based #7535 R R ATE
ZREhAYI) R,

2.3 Truncated Meta-Gradients with Bootstrapping
Meta-Gradient 75758 M B, D32 WEMERR (nner loop) FFMBIEES (outer loop) .

4 I 7] Ui
Innerloop ( (o }—>{ /1 }—>{ (}o }—>-------. @
Outer loop @.. L@L@..H_ ........ *L _ lei fe

3: Meta—Gradients RO MEIR

WEMBERERBHUZIPREN, WE IR, ERANITEERFHITHRIESH 6) B, BEEGEARER.
INBEMRIEEE MG R BT REEERE, BEMAELZMRHSH ). AEZHRHFTUE— 2N
MEMENEZBIHENE RNN), BMENENTREEGEBEPEBETNTRHRENN, MEENEGE
HRRO1TRIASE. Meta—Gradient 5iEMZOBRE: RSB RNRBSRNER X TRERMRES KT
MR, Bt MRBMNEBRATER, EEMEGRBAENRESEH 6), B2aMaTMETXMEANITE
EROEETEXTHNELMRBSE () B meta—gradients, R, BFZIREFEZENRE, BFEMNT
BEFHSHENTTH, XENMTAZBIR—LE meta—gradients 5EE B 7 /P EBOSHEMIBMIET IR
[E (episode return) RE, J T RRIX ML, Satinder Singh ZUSNAXRA THEINTERRERDESH
7%, BEMNIRBEGBBRNERE (ifetime value function) SEITIAEETAEMEIRS B~ EHIE MR
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R EETRNEGERE WE 4 xR . A & BRA/ME B B RN B SR TN EE £ ap B HA MR
L, ERSTEERAEBEARESEO, ILHZJZ 17?15 R S B HAE A TII4R

4 di
! / . e
Outer loop @. }@. ’___‘_ Vl]fc ~ G][iu

4: Truncated Meta—Gradients with Bootstrapping

24 X%
Satinder Singh #i%9 = 7t 1.2 W0{aI L1081 meta—gradients 7 7AE FIAESSE IR ENS IR,

2.41 7% (Methodology)
1 RIS EEN— R BB R ENENES.
2. 5B 2 A B RN AR R,
3. WM O T S IR PRI ER 22 o bR 2T FT A9 AE an B HRRO R .

24.2 BRETHREIRS

SIS EWE 5 iR, SIATIMEREE, HekE ERERRR) T8 episode PHEIRT R BERMIE,
XPBEUBEARE, LanEEAE, ABHRESE, BESMEHEBNERUBEZRWEN. WRE/AE
XBEMMI&E, MZET episode 4R,

5 RENHEIREELLR
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XL AANRMRINIZE: EEBEERIE—1 episode, BREAR SR REN BEREEIBRIE.
HIEIEMAIE, ME— episode 53R, ME 1 episode FHia, EHEREEBICAEBMUEEMHAFREEIX
BiruE.

(a) Room instance (b) Intrinsic (ours) (¢) Extrinsic (d) Count-based

6: RNEHENEEIMREIITS LED T

6 FRR T EBEBABERENRERND, B (a) PEEHUEARNTEEETAILNERUIE, (b) 2
BREARBEINNONERBRETSIE, (o) EEEAERBIMNBRRTSIE, (d) 28R count-based
exploration 7375, AILAER, (b) PEEZHNEENEEFRH 7 U EE, XRARBZEIBRIAERR) KL
ERRIRPRINEL .

243 HRETHENEHN

SIHIREWE 7 i, B=THBM (object)A, B. C, ENMDAEBETENER, ARTAFERAR, BRRL
BN, CRTIILBIAL . XL object AR EMBERARE, BEMEYRFTE, ERENEDEE
NEEEN., BREMIRERIX=T8MFrEL—", MiX episode 4

70 RERAHEE BRI

e(Qe



AERPLHF, BINFEZIHAEZMRMFTUAFRINOMAES: AEEB, AAESEAFH, BRI
RIRRIIEH AR C 2R EYF, HERTHNEGEBRNLS ML RIFNIEE, BT FEXERE, BEER
EEEZ episode HITIHRRF ], B 8 B 7 AEM episode FIFREIM object, AFEHMARKEED
MR ENNERE, BEARENER, TERRAMNER. PTAEZITE Episode 1 H, #7F object A,
7E Episode 2 H#% object C, 7£ Episode 3 % object A, E/NMIFRRHEREE#TE object B, ENEIE
BRI,

Episode 1 Episode 2 Episode 3

8: B THITRIAEREI AL

2.4.4 JEEEEES

XA, Rig AN CRIMIRME—ENBEREEZN, CEEAFEEZIMURXMELEETARE
KHE, MR RBENFNES. B9RRTIRNGR, EMNEFEEHRRERRAEELR, EFEINA
HER—BERIEMN, KL Episode 400 #if 500 MR, AEXMABRTROE GEENES), BIEEEE
FHAZIERVEEERRE, ZiA Episode 500 B, HREREEREN—DEMITARNNFHNES . ANERTTE N
TR Entropy Z51t, BJLABZITEHT 400 1 episodes H1 Entropy —EARIFR/, HBRIERM M ER, &
BRI AEESRUNENE, FALER entropy FHIAIEN., BEE, FEEARPTURRE S FIXELEQNI, MHHK
BEIBEE, RIFENFTAIES.

| change |
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9: WMIEAFEIEESLING
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2.4.5 14gE (performance)

RITSLN S FMNRERE R A EHTER, WE 10 i, II=TFEARSSES, £=TFEREIFTN

NEXR R IR RS episode return, &E—TFENRKIFFFTMES, TUBIEESRERNERELS

SRR R EZRRD R B BERRORIL I AR IRt R E B RAEIRES.

Ra nglom ABC

Empty Rooms 0.6 0.4 Key-Box LS Non-stationary ABC
E 10 0.5 = Learned (ours)
£ 08 0.4 1.04 Extrinsic-EP
g 0.3 =
- 0.6 02 0.5+ Extrinsic-LIFE
- 0.1 0.0 4 —  Count-based
0.4 0.0 —05 J — ICM

g 0.2 -0.1 o Near-optimal
w N »

f T T T =0.2 ——y=—T—T—7 -0.1+ T 1-10 T T T

0 50 100 150 200 0 10 20 30 40 S0 0 2500 5000 0 250 500 750 1000

Num episodes

10: Learned v.s. Handcrafted Intrinsic Rewards

Empty Rooms 0.8 Random ABC 0.4 Key-Box L8 Non-stationary ABC
E 1.0 4 - — 0.4 0.3 - 1.0 4 = ntrinsic (ours)
® 08+ - sl 0.5 4 ALY
0.6 4 0.1: 01- 0.0 4 —  MAML
g 0.4 4 0.0 4 =0.5 4
& 02 -0.14 0.0 - -1.0 4
& 0.
T T T -0.2 L T T =0.1 T 1-15 T T T
0 50 100 150 200 0 10 20 30 40 50 0 2500 5000 0 250 500 7501000

Num episodes

11: Comparison to policy transfer methods

11 PRRIZE SRR (policy transfer) 757% (EE4l: MAML, RL2) FYSLROLERER, PINEHRER
BERRIVLT MAML, SEKERIE RL2 — R, XZENAEBRAHSEFTEMERD episode FE 35K
B%, M RL2 B—NFROFIIAMLERES.

2.4.6 EIRIIFREEEMIFR

EAELER T RERNEERBN, FMUBREERNMEMILRIEERET. B 129, XAMNIETE
(action space) RIGIUEYIZERINAERE), EUILHRIETIEHITHETE, permuted actions B16&L / AL/ T
fIENER, extended actions 2R 4 MNABNNIE, MEF BT INERIZ S EIRIAIEZR BT AR T
ERREFEET B, MRS,

Permuted Random ABC

Random ABC Random ABC

05 0.5 05
044 0.4
£ o3 H E
- = 2 d
€ £ g o3
02+ = [ 02
g 014 § % - _-.""/
g 004 ~  Original 2 ——  AC-Intrinsic 2 014 T — ours I
e J
—01.] Permuted w 0.0 Q-Intrinsic 0.0 4 AL
— Extended —  Q-Extrinsic =~ MAML
=02 T T T T =01+ T T T =01 T T T
0 10 20 30 40 50 o 50 100 150 200 0 10 20 30 40 50

(a) Action space (b) Algorithm (c) Comparison to baselines

12: Generalisation to new agent—environment interfaces in Random ABC
eSe



2.4.7 Ablation Study

GNE 13 A, EEEZARE lifetime R SLITAMERBAR LSTM REIRMNE, BEZA RIS Episode
A AT RIERNBMANN LSTM NERRFINLS, GZEFRER lifetime HE1TH. MEIREIMEHGE LRI
RE. XRABEATRELER, lifetime history REE, BEMEAELILEEHMERINE, XthXRAT
long—term lifetime history 7£5 BE{A 47 exploration F] exploitation ITF2H 2N EH,

Empty Rooms 0.8 Random ABC 0.38 Key-Box 15 Non-stationary ABC
[ —
5 1.0 0.4 33? 1.0 - = - LSTM-Lifetime
£ 0.8 0.3 050 oS [/ f LSTM-Episode
@ 0.6 /4 0.2 0.13 ey i FF-Episod
° ¢ 0.1 0.10 e 0.0 4 pisode
3 o 09 1
8024 0.1 0.05

0.2 v 0.10 1.0 .

Ll ] )
2500 5000 0 250 500 750 1000

o

L L ) L T T T
0 50 100 150 200 0 10 20 30 40 50
Num episodes

13: Evaluation of different intrinsic reward architectures and objectives

24.8 RB&

X EHIEEET Meta-Gradient 53ER] IAZ S EIE BIIAEER), SRR B LAEIREE BROMZEN BT
R BERAY exploration 1 exploitation, ERHEIAZIAENRF LUTRREIEh S S RBROB RN £, BaNZHED
AREE, BRSMRH, Satinder Singh BRI IR SRBARERINEZIME FTHREEMES].,

=. HHENMES
25 I T YEA Satinder Singh #IZF 1A DeepMind B EHE TR, XEMBMERZ: (Discovery of Useful
Questions as Auxiliary Tasks)[2],

3.1 FE)RE

EAXLMANTSFIMRBRREFIBEMSE X FORE, AT EBLME—ROATERE, HaEHE
FERBECRIABEHRZ XL R, EAXP, FEXXTTERILCAENHESRKENWISE R
E.

3.2 General Value Functions (GVFs)
General value Functions 28R MIERSEKENMERE, 2REZIPNNERHNT B, EUATT
NILRR

Vore(Se) = Elc(Ses1) +¥(Ses1)c(Sesz) + ¥ (Ser1)¥ (Ses2)c(Seqz) + - | 1, S¢]

T GVFs AINKAFZRFUMANR, FUEH IR IEHBIES.

3.3 KRIC)AsEENMES M
14 HRTHEBRENESEN, MEE—XONRERBN, ONERSH, HENESRENMTENX
MEENEE (GVF),
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CRL(H)
Agent 0.4
/Wr Main Task

™\

Ot—i+1:t—> )

Yt GVF Answers
E”'”h'(g)
14: BRMENTESEN

TG ERF, RERBBETMED, PN TESHKRRHL(60) MAFEESHREREL™(6), AXH
RO LRI BAENENES, MARBEEFCE, REWE 15 xR, #$9TRIEE, $2H BIRAE-KN
%, MAKNUARENEBAN, nRRSH, BENRREDENFNEFEE, TR RKREOWURERBETIIEH
ERAILASRERE, FAERIEMEIAS ., BN FTAURHNEREFN, EARSERENEMATE D,
REBEEVNFHN BRI A S OZE W BRI R RRRE R T,

Agent Question Net
/77! Main Task /'Cf Cumulants

Ot —i+1:t—» H \ Ot41:t4 j—» Ui
Yt GVF Answers \"7! Discounts
Questions l

- £(6)

Predict

m Ver(St) = E["(SHI]+".'(S.'vlJf'(S.fezl'f‘"r(-".r-1)“.'(*"'!—2)"'(5:‘H)+'"I*’r‘-"‘f} o
151 &I I6) BN ESS 2R

X HHMA meta—gradients 77AFE N EFSE, BANSHENIRNE 16, 17 Fiir.
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n | n

| | |

g”{g,}/g;;n»m,) L O01) Lo (Or1) L™ (Or2) L3 (0r42)
0; > Or11(n) > Or42(n) —— L™ (02(n))
N I T Final RL Loss
04 Ot+1 Ot+2

Osr = 0, — AV | L7(0,) + BL™(6)]

16: Meta—Gradients (inner—loop)

n U )

H | H

£Hf1”'|] /:;”![H;] E“f{ﬁ!. |J £::”‘{”.1; [} CHL(O’*L’] .C:;”‘{”p._!}
\ / \.\-
N K \.\ N
0, Or1(n) Or+2(n) = L"(0,.5(n))
‘ ] [ Final RL Loss
0y 0141 Ot+2

01— aV,,Em‘(HHA.(r;))
17: Meta—Gradients (outer—loop)
3.4 Xi§
AN TEIERIRIBMEEN A EMER, (FERITTRAIR, 5950 REHIESZIEHSEH @ 18) . FEH

MEBESHREZIEHRSH (B 19), ERITEBRIEES S ES EMBEESHEHTIER (& 20).
SRR TR RAEBLINEES S EERS LA RIFAOMR,

el e
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e Agent representation only
trained via answer net

e Gradients from RL loss do
not affect representation

18: Representation Learning Experiments

Relative Improvements off Discovered GVEs over IMPALA

eeentl

-

n LG8 g’ s

e De

The agent representation
is trained jointly

0+ 0 —aV,|L"0) + 3L;™(0)

Selected 10 games where “Pixel
Control” baseline showed the
largest gains over IMPALA

19: Joint Learning Experiments

e 3 8
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20: Comparison of Auxiliary Tasks on ATARI



35 B&

XEFRBNFERART ERAZEITFANEM B BEIER LI REABNESN A L, XDHER NIRIR
RIGTFRSBUZINE, ERMAFE—LRE, bl TERFEIQOESHERZATEANEMN, X
2 Satinder Singh USRI R M,

M., 458

Satinder Singh #iE 9 = 7 B S&ENMREMR TE [11[2], 118 T WEHE Meta—Gradient 775N AR F
S RMGEME S B RPN R A EENES AR, HiBE TR B HERNN AR I NLIMREZE
FAREIIRRANAL SR Z SRR

Q&A

Q1: FEEAEIR, AERRZIMF[EMNLZEHXR?

Singh: IFFEAMmMAXFREZE, E—FE R LAET Meta—Gradient 535 Z S (B IEN Y R %L, Deepmind B
Junhyuk Oh BRI LM AE, FIRRAEERFEZIBEMNN. EMBHENCINERE—MRE
LERZENIRESE, ELREFZIENERNRRKRE, AERRMF I FIEZ D epsoides ZIEIBRAMANIR, X
—RBENCRITAMEIN, BERIRBI—FEFRNRRAE.

Q2: {REEXE Meta-Gradient 128, &G H T ARICEERIEMEREIE? LMD : HABETRRISER?
Singh: BERiE, Meta—Gradient B2 NETAIEITIEEITE ., FIIRABZEM local minimize optimization 75
SARIE Meta—Gradient M8E, (BRXEITERSAFRHIN, MATFERANME. BRVEEME: BIDZ
BRENIBISRIE, BEERINIXEERZEBNLIEEREM.

SENHBR:

[1] Zheng Z, Oh J, Hessel M, et al. What Can Learned Intrinsic Rewards Capture?[J]. arXiv preprint
arXiv:1912.05500, 2019.

[2] Veeriah V, Hessel M, Xu Z, et al. Discovery of useful questions as auxiliary tasks[C]//Advances in

Neural Information Processing Systems. 2019: 9310-9321.
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@ EHETAZRE: REMETHWATIER
BIE B T

Ha0, MWREFINNKNATLEERACEMNBET AMBELEENALEE. AWM, MFERFRMS, F
ZMRMAFEEBLNIRIEEATEEZRIENEA L, HASPRIRMBREERZZENEE. BF.
BEFOM, TihmEATERNERT, HrESNFETERIEFL. BUFITRARRZSET
NZERAEATIEERS. AXREEFRARTL, RKEFMFEIRFNTRBEBRTRT BN REHETHA
TEee NETEH, MNEEBFCIEBAEIM D AENR T MIEZTANRRTAR.

—. REWIETHATLERE

EATEEEARNEHY, MRENTEZERNEZEMERM (@gent) . BT 80 FREH, HRENZHT A
REEN. DS EERRS. BT 900 FHKE, MEEKMN. BFRASHNRRE, AMFRlksihEs
RREFATTHUALEE. SATEERSTAS T ERMEERSFNNE, BIBERELBEFICNLIER

DXL,

£, BFREREN -1, BEEZFFFIEEI T ZHNA. 5K, T Google. M. BE.
FEE T BXME, BN SHIFRAEEHBEBEFIENER.

FERINLE, BRBT —EREBHFCAT ATEREARNMINES. fla, ATEEEMNIRRAFNLFTERE
ETKBANEEFRRASZIN, b, BRECBEABTRE. K2R ROBE. 2SIRHEZWS, UkE
ENAIRSIERZE S E.

EMREZEHE TATEEN, AMfPERER: (1) 2FTEENEA, BEEEFS, BRITEERBER
REMBETHATERERM, XELSEFENRPIOAMUEE, BIRS ORMEA, TEHERBAMRMMA
B, () BEFY. XRERVEHNER.

Tk, HEDANBABREUNER PN LEMOIE, B, HNANTBUNABTEEBEFRARBRBRAL
BReh B X FHER,

o
Jaisg
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=, R¥pKIm

L] . \ 4 A : 2 N —r_.
] ¥ A Smam v emury W, AT

, J ]t : B _AIN
Bl . % e
BT ™ ol anamn . s hzn

+ action abstraction Original game

« card abstraction
: Abstracted game
* took the game size from St
l{)l!il to l{]l] Automated abstraction
Compute Nash
R

« CFR
» CFR*?
» Monte Carlo CFR

e pverse model
Nash equilibrium «——""""Z_ Nash cquilibrium

+ endgame solving
+ subgame re-solving
+ max-margin subgame refinement

1 RIKIBRIETREE

DRINKIT) HEMNIRARZTFILAIRE AlphaGo Z/EHANAMMIALEREMINNATEAl. CMU HBNIRTT
B DRFNAID) AIZRIIENE 1 AR, 5 AlphaGo 18R, TRIFNAUM, BHERMBREBAMRAIMAEIE, FFIX
CMU HIHIBARER T RZIRAMRNEIER A, HIA0, PG RIE EMAUERARIEZHSR M — T HHERV Y
B2, BRBXNNIRER., EHROIER, MNINETRZESN. BWRSHEAR, EREBXTN
MREZEAFINE G, MITRTEEER ) WHRIE NN G REIERIa A0 ST,

ERS—RNE, BRURARSREZIHREXRR, XMIFRIFRBTRESS EZEZREBLES) HAR
BERRRFTEREA, XLhrt, EBELXARSHANTEBIREFIBRSHRBXNEE, EREKLFIIN
BREEAETMUNEARMBROBRIDAE —EEE. ZMt, REBAZIRAESKARIFISEIE
WLERNERR, EXY—TERNEE, MRFAVENBRARANETERORARSERITRE, AR EHR
7T EEIECRN RS, BESEERETEBAE IR ARBRREL.

ETR, HENB-LERENGIFBAAEA KB SR TIATE RN —LET(E,
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» Equilibria in Multiplayer Games
d  Hard to compute: PPAD-Complete
Q Hard to select: NEs are not unigue
J  Few results:
% Special structure: congestion games
% No theoretical guarantee: Pluribus (Brown and Sandholm 2019)
» Team-Maxmin Equilibria o seagel and Koler 1997)
d A team of players independently plays against an adversary

Q Unique in general

a  FNP-hard to compute a team-maxmin equilibrium
% Formulated as a non-convex program

< Solved by a global optimization solver

» Associated Recursive Asynchronous MDT

Q  Transforming the non-convex program into MILP ¢ |10t 8- 1072 107* 107 107% 107°
) T - TARAMDT | <is <ls <Is <lIs <Is <lIs <Is
d  Discretizing one variable in a bilimear term to approximaie this term  |ARMDT-1 <ls <ls <ls <ls <ls <lIs <ls
T rsitiie At ooty RN L S IARMDT+l | <ls <Is <Is <Is <ls <ls <lIs
a  Using different precision levels to approximarte different terms IRAMDT P 475 -3
Jd  Recursively transforming mulilinear terms to bilinear terms IARMDT <ls <ls <ls <ls <ls <ls <ls
. - ; 3 Sy IRMDT 4s 172s >2h
Q  Exploiting the equivalence relation between bilinear terms BARON s 690s  =10h
. o . TARAMDT | <Is <Is 1Is 45 5 133 322
T'he realization plan  r2(J#e:c) = raldideere:c) + raldefecres) IARMDT-1 | <Is <Is <Is 45 145 >2h
. . IARMDT+1 <ls <ls s 4s 50s  T07s T07s
Tl ival lati Associated constraints jraMpT 3195 =2h
16 equivalence relalion e 7l wylay, Jikcereze) +wy(oy, Jfceref)  JARMDT <Is <ls 25 55 65 >2h
between bilinear terms IRMDT 4365 >2h
g BARON 6ls = 10h
wy (a1, J:/c:c) = (o1 ra(difezc) : 4

2: ITEFENZHY B IEZEFRR Team-Maxmin 197§

TE# AAAI 2020 F B #91E X TComputing Team-Maxmin Equilibria in Zero—Sum Multiplayer Extensive—
Form Games) #, BN1EZHERGM EHITT —LEMR, ZRIFI1RE, TEATEEEMINTRININIEK
RINFR A RIEHR, ©REENERASIEE, RESUNERBRN, Xbrk, ENEEXTFE, SHIHE
B, ENHIELEBRFTEERZASS, BUMART RS HEENEIRAAREEL/\FHRZOEHIGHER
ik

X RZHEFNRMINRLETESD, RAEETHRHER-END CRP) RBIRHRALRRN., REETF Facebook
MR A T — L2 ABINAMR TSRS AR IIE, EEMBAEEME, HFREECUNHRE, il
BIRT ZBIRNABINIEA, FERTT —EEZXR,

TER, FEMREHXETFRATLEEEMINTARS, Sandoolm FAMIIEFGRE T —MRALE: B,
BANEZ ABIND TR, B —TARSTARENEE, MRXEHN MZDA0 AEER—TH, X
FAYEZEIY Team-maxmin 5% (TME) . HAIRB T RZBMATAR, EXRE TME B9EE LM T —RITIE,
BANRLR T AR ERER M TAABIBIE.
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» Equilibria in Multiplayer Games
Q Hard to compute: PPAD-Complete
Q Hard to select: NEs are not unique
O Few resulis
€ Special structure: congestion games
% No theoretical guarantee: Pluribus (Brown and Sandholm 2019)
» Team-Maxmin Equilibria (von sicnget and Kotier 1997)
Q A team of players independently plays against an adversary
Q Unigue in general
O FNP-hard to compule a team-maxmin equilibrium
% lormulated as a non-convex program
% Solved by a global optimization solver
» Converging to Team-Maxmin Equilibria
O Existing ISG for multiplayer games
% Converge to an NE but many not toa TME
< Difficult to extend the current ISG to converge to a TME
a  ISGT: the first ISG guaramteeing to converging 1o a TME
< Conditions in ISGT cannot be further relaxed
Q  CISGT: further improve the scalability
< Initialize the strategy space by computing an equilibrium that is easier to be

computed
LxW 5x5 5x5 55¢5 5x5 x5 4x4 6x6 8x8
(pq) | (08,06) (0.7.05 (0.6,04) (0503) (04.02) (04.02) (04,02) (04,02)
FullTME o0 448s 50.4s 17.8s 0.3s 00
ISGT =1000s 4s = 1000s
CISGT 9.8s 5.9s 4.7s 3.7s 23s 22 8.3s 24s

Table 1. Computing TMEs: 2¢ represents out of memory.

3! EZHINENBZERIREE] Team—Maxmin 11

Incremental Strategy Generation (ISG)

EAVENEZAE, 1T ICML 2020 E&ERTIEX Converging to Team—Maxmin Equilibria in Multiplayer
Norm-Form GamesJ, ZICXFEIGHIEZMIMEIARBAIENES ), SEFTERRKESS5EN,
INSIEZ B =EE S SEWNENIBIMEEHNIERK. AR, RNNEFEREBERNE AR X

BANUEAEZE,

ERXBEXES, HIN{ET BRIEMIESENRIEER (SC), BRNRBEKHE TME RS, BAEMN ISG A&

FERTHE., FAVRAT ISGT M CISGT FFHIFARIE ISC BiARER T2 WANE TME,

e/



» Learn to play optimally in a Stackelberg Security Game (SSG)

[Letchford et al., 2009; Blum et al., 2014; Haghtalab et al., 2016; Roth etal., 2016; Peng et al., 2019]

[ ]
i Opt defender
Attacker \9‘. _—y o Learning ) a pt defe

responses o algorithm commitment

» Unrealistic assumption about truthful attacker \io s a? =

responses > What if untruthful? Fake responses Suboptimal commit

» In our work:

Q Learning algorithms can be easily manipulated by
untruthful attacker

Q  Ofien optimal for atiacker 1o deceive defender into —— )
playing a zero-sum game T 100 00 L 0GRS

Q A4 policy-based framework to play against attacker
deception

Q A poly-time algorithm to compute optimal policy and a
heuristic approach for infinite attacker types

5 T T —
4 6 8 1 100 200 300 400 500
P n

== QR{y =100 e QR (i = 60) ——<QRig = 100) —a— Optimal =— SSE

4 IEFRREEMETR

AEFIEREDR, SHHTNNN, BITERHEESHER LR, RIE\EXNFHORNFREIRENE XN F
IR, B8, FMTA—PAAXLEHIREIE R, KREEFHNER. XTAEMES, BNEESXE LR
R, BEHXIMHIRUNFMNER, ERESENTHET, LRREBEERATCKREY, XNFaIaEFBENNES
BRRRSEN], UBRNRALBIERENER. Elt, BMNBREENFIERSMNERT, HEKE—M
EENZEIEE., SBANMERXMEIEEN, BMENFMERNNZIEE, SEHNDATUEIIRG
FIZREE R . FERAIFAT NeurlPS 2019 E &KL TManipulating a Learning Defender and Ways to
Counteract) #, HMEBRIATERRAAPNRENFAIRESRE—EHIRENRA, HEREZEI KNI
FIERRIRIFEE

e 8e



Strategies differ in their implementation complexity

If we knew how to model complexity ‘ Machines

s We can focus on relevant (easy) sirafegies

COROLLARY 4.4. Let L be a size-parametric class of perfect-recall EFGs with 2 players and M;{ n) be

a small class of machine strategies of the follower in £ (n). Then the problem of finding a strategy profile
y>*F = (v, My) describing an SSE in a restriction of L(n) induced by M;‘l(n], ie, My € Mji(n], is
polynomial.

Lower computational & implementation requirements

Extensive-form machine

g -~ .,
: N va \
1 i"
,LI i g f o ‘I
o / Ty = start 4| =
Cl /\ul/ \“{CE' ': @ QX_J' e {ﬂ|.ﬂg.r}|]lr ,-"
1ANCEA A "
_ay 03 03~ (-1,1) 1 /\\_ A 2= {a10407. ara4as}
Py ST\ I S— ==
/2 )“.—E‘{ :l L Q X I.f 4 Ar / /4 >‘ q \
i u_',// g6 [, I, @ \ g "o H / / 1
(1) \’1\‘ g—l:/ ...... 1) ! ) \ .~/ 1
1 E = " - a it el
”'.I_)—{"\”UP‘TH,>_4"\”1? a3/ \Guaiz/ \aig ' 101 = 418305, 410306 } \ AL A
« o & ¢« o 4 @ —

Functions

’ & . . Automaton ‘
(9,2)(1,6) (0,1)(0,5) (9.0)(5,3) (0,9)(1,5) ' L

51 RAAMRIEZRRET RIS

NTIEFANEBZRORT BMY, BA17E EC 2020 EARMIEX TPlaying Games with Machines) A1, ¥
MNEBEYENEINERARANENSE5EZNRBHITEMRZNRG, HEMBL LRIET REREBENG
S5EXERNERTE—TETEA.

=, REAIEREHMETRRLES

EREAPERT, ENATEERFNALEEEED, AIMURAB—EMARARRBAREAER, YT
ZHERBZANE, NFEEHFE—TEIEHSR (bound) RESBRENBSEIENSMN. HWEZBEMNES,
FSUERBER EDA I RN . STPUSERATEERE, hIHERETALEN OR NRARREENIEE.

R, ARZEXNARTFNOATERZRT, RNAUEZAIEAFES RD AR, AHEXR, RL FIEERE
BUTHE: (1) TERIFHXOBMEE, 3T AphaGo MEMINRREMS, REFENHRTME, BN
ERA S ERERTTRIMEEN, 2 PE, ATEERMNIRARREREBRAMLIEE, UWSHRENZNK
B HEREE, SERARENHAN, ERNNAEAMMSGHEKBEZEE, 3) FTLEHTE
ARSI IABYERE, NEMNBERNMARA, @) TTOEERFBIARLE (domain structure) , FEANUEEZE
HRT, BT IHTEERENRE, BOTEHTHSZES. AW, HNIUMBRZ A TE /e P LS
MR EIRBAKEESE, BIa0, TRINAIT NBTRZEEN, FHOTUREN; 1t FSMRENBT
ERMER, WEMRELAER, ETXEQREN, HIDIFEBRITHESRNEA.

ELRERT, BAIIUERERETEAEINA, TFEE, S5BMFEI AR ZEEARELESIBXEIM
RAEHRLS, TREMIEZE (coordinator) TR, BEEAZEIFIEREERFH. FIEEREENHAY,

e1Q0e



BAESDBEMEERZS, BOEEMEEINN. EXHENTET, BMNBSERTENE SR RINAIRE,
BEERMNESXBROMING. EROMHIT (CTDE) £588), TENR, X MMRERMES, AMHRET
LMREEE (B2, MADDPG. COMA. VDN, QMIX %) .

EZIER, HENBREANKIERERBEAIRA, RBERZFMETHATEERBAERIIE, B
NIESREERY. L2 BFES. WHANSFESIE. £ELENEH, SEZENZSFEHEY,
MAERHENTERTENREBLHMA ARELETET, HIRENEIERS, EEABEEENTEY , %
BEMEO—R, FIUBMNZHYEMRERIRIT AR E AR LPR B,

O
T~ B e

. w E . O f ) 8 layers & skip
[0} / ‘ . connection
o o
S o oo

/ . \ .1': o 13 cards in one’s hand +

. o O8N @ bidding sequence

@ @ ',
@ input Layer Hidden Layer @ Sutput Layer

10 layers & skip, 13 cards in one's hand + A probability distribution

connection bidding sequence over partner’s cards

PNN =t

» Imperfect information

O Not necessary to infer opponents " cards A probability distribution aver possible bids

Q Estimation neural network (ENN) to infer pariner's cards

» Cooperation & competition

Q  Train the policy neural network (PNN) & ENN simultaneously

Q  Maintain an opponent pool for competitors SL-PNN _RL-PNN _SL-PNN<ENN RL-PNN+ENN _Wbridges
d  Self-play with aapproximate reward from DDA SL-PNN N/A -8.7793 -5.653 -9,2057 =
y RL-PNN 8.7793 N/A 2.1006 -1.0856 -
» Large state space SL-PNN+ENN | 5653  -21006 N/A -2.2854 -
RL-PNN+ENN (92057  1.0856 2.2854 N/A 0.25

0 Efficient bidding sequence representation

test on 10 thousan dboseds 0 test on B4 boards manually

6: ETREHZMNENTFERT

AEHATTF AAMAS 2019 E&RRIL TCompetitive Bridge Bidding with Deep Neural Networks) &1, Ffi]
MFRERIHERT TR, BNERTXIARA, CMU BIAMRTSE SRS AEMIN T, B0RT, A
INAFRELEMABMNINREBINEZ: FEBERTEN IR, XERFKEBSERR I, REBNHNEE
W= ETE, B ERHABEENENRET 2. MINETHESEENMENANBRT, BERF
WHTEERIE— Tk, TIRGERERA, BN TERSE T BRIRFNRR, Ifl, RIRENWAEZES
AlphaGo fFIE—EEM 4 AV WAL AEIZIT T — P EREEME (PNN), mENITIRIT T BI—TWLER
FOMEENERIRE, FTUUERSMA PNN BAN—EB5 .
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» Fraud transactions in e-commerce: 62/ 55“-&%

Q Sellers buy their own products to fake popularity — Alibaba Croup |t

Q Deliberate, large scale fraud: Grey industry

Q FExisting approach: Machine learning for fraud detection
7 Reducing fraud by optimal impression allocation

Q [ntuition: reward honest sellers and penalize cheating sellers

acion | @ )

state, reward environment

a MDP model:

Q Solving the MDP: Deep Deterministic Policy F radient (DDPG) + reward shaping
« Shaped reward: R(Mt, w') = ; (Y = Af*Y) » pricef*t — 8| |w!|| »
= Avoid too large action (w®) wf s

* Make the reward signal continuous
» Outperform all existing approaches using Alibaba’s real data

# of eprsodes (n=100,4=0.01)

B 7: ¥ARERCFIBTHELEBHTFE LREERIBTA

teoh, FAMB IR ERRUCFIRAEEBHFEEEFERIFOER, RKACELEMHOER. EHRNTF UCA
2018 £ &REMIEX Tmpression Allocation for Combating Fraud in E-Commerce via Deep RL) H1, 4tXF
AEFE LR ER ERZEERAFPEANAMEREFTFENEERSTINRBESRAMLAININNE, FEIIM
FEnNAERITETIXEREAFPNEE, MNMELEXLEEERAFZSRE, A TIMX—BF, BNETR
EREMEREE (ODPG) MEEXEA, FIET—RINBBNER, HEARINBTFZRETE.

Al = Fraud(0.95)
e — ( ¥ /

Features (_ Classifier
\ Normal(0.05)
i Fraud(0.3)
- y
. New (_ Classifier
| [z Features
. Normal(0.7)
- sampling adversarial Ie——
training data 3 attack o8 i1 N‘\
il
c
Sl /N
next a2 ¥,
! ) [ 0.4fi7== Fomh
iteration pgregate & = FaM.
o IFGM,
02f unattack
. T
one gradient %53 04 05 0.8
DNN model descent step “ Recall

11

8: BT XU ATR T+ AL LS4 1
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4, £ F WWW 2019 E & & 8918 XX MNmproving Robustness of Fraud Detection Using Adversarial
Examples) #, HAMEARAMERRIEBZINR S EDEERETHNME, REMEZIREFNIER,
HRAEHEF NSRBI,

REZRTIAR TIETHRERNE (GAN) BEMZL, ERIAFHNBRENNESEANEFERIRFIASE
RANER, AAERBOUNZRT, FMENZEREEHN, XSHEANETHRENRARRBE
Z. Eit, FNFERIT—LMARARRRILZE R,

Woodsville Tunnel (71)

Cara/Lioght Goode/Taxis (Weekdays) -

e Static!!

]

BB
|
L

Abstracted road network An MDP formulation PG-f3: scalable RL based on
(state transition) function approximation
3 Algorithm 1: PG- ¢
. i 1 Iatiakive 9+, & By Wi =00, .. H -1
W ;" . " . 1 repeat
NREin Su o, S 3 | CGemerale an episode s” a”, 7' 1-4 gt
e % 4 fort=0.._.H-1do
O O 5| |-t m
s & feQF —ifs'.a’ e
o T : 1 | | # =t 4 AVl
1 L ¥~ S L TR Y

% wnlil comerpe
1 retum # Wi =101 =1

9: FRUEIBT WML (27 ERP)

BTSRRI AN AL B, BFWERLS ERP), BAMmsS, BTEET ERP REUUAE
5, SMEEAERINREMRT ZNAE, fl, ARSENNE, RIgEKImRORNRITREREELE 30 T
ARM., FERANET ERP (BN EEZME, EWEMNTEDAZEEN. AMm, HANANAIIRITE
NEENWRS N, HNFBZEBHI T EANRBRANSERINEIE: PIRERNZ R OER T D
B, BEZRE ERP NIREME, REATBREHRANTHRL, EXNEBRRROMARE, L, BIRET
M ERPy MO, TARADED, FNEMETBAFES) APREBREES) BEARUR— LRI T EKE
ZERE, MMERRFIIKANHIRENR. EXMERNANENL RS, BNFEYMENFRLEH
EMEHITEE, o, BNEFENRMENLZG, MBNFEEBRIRARETER, JEPLIRE—LL

BRI,

eDDe



» Multi-agent reinforcement learning (MARL) for scaling up
» Edge-based graph convolutional network (GCN) for domain feature learning

An example of 'w

zone partitions
MARL-eGCN: scaling up

r— dynamic ERP
{ r‘\é lgorithm 1: MARLZGCN
\@ {v.z MARL Solullun framework pul: 7 € B € 1, ., N mnd
= + Tore o 0 ta MAX EPISODE da
Q\ | Edge-base GCN ; o+ | whilet = 1 < MAX-EPISODE-LENGTH do
\ I e i . 3 for agent i in N do
el e . “ 7 = Vi x B, V)
ey | N = x(pl, )
\ i 0““:“”:"’1:“'& . Concatenae a'*, i € [1,.., N] into a:
\ || walue functions " b
\ | . Tuke o' into traflic rond graph and get 5/+1;
\ J /0000000 s foreach i + 0to N de Get r}
» ol . for i« 0te N th
- =T

llplxu‘cﬂlu b) minimizing the loss.
Lig) = yy - QU ag):

Update actor using the policy gradient:
Vol 4la) - Qlai, o)

|
feature
matrix
X
010101
101011
110101

adjacency matrix
',

- g

w return ), i

eGCN

10: BT ZERAREFINAMENS ERP

7£ IJCAI 2019 £, FEAIEILX Dynamic Electronic Toll Collection via Multi-Agent Deep Reinforcement
Learning with Edge-Based Graph Convolutional Networks) H{ERZEEEMBHZSNA, HER T IIE0)
AEXER B, SIHNEEHYE—REANRBEEFGFIERSTNENXE, AFEEQ@IMER) .
I, FATLENE GCN 5| AEE, )\}\ﬁ'ﬁEﬁ?i‘miﬁﬂﬁ?@ﬁﬁfﬂ’ﬂﬁ)ﬁﬁﬁgﬁo XERARE—#E, FBMNEERL
BEOZRRAFT N B BRI DA, B SRR HTEN, RIMRA TEIRBRSNEEE, BURDE
TRJEE, SMHEEEARIEEN BT,

» Large state space based expensive coordination ~ |© Commit new action & Maintain previous action

Q  Considering the followers are self-interesred Ti ./’.-\./
1
1 The leader should coordinate them by assigning incentives me step N
» Event-based policy gradient For Follower [

3 Modeling the leader's sirategy as evenis For Follower 11

3 A novel eveni-based policy is induced based on the events
» Action abstraction for followers

A Accelerating the fraining process through action abstraction approach

Follower Module

(’I_"g‘._‘.ﬂ:‘_..m:_,J i High-level sbumction | sy evel action

_ ﬂ,——-—"'iﬁ = B —
Y o - p
3 g / -/ 3
H i. dom g i
urs . Ours ~ / urs - Ours
Ours wio EBPG. Durs wia EBPG. wmif Durs wio EBPG I Ours wio EBPG.
Ours wio Atanton . Ourt o Attanton { OwssiMpaomen - Ours wo Atentien
MURL MR bl ' MARL - MAL
epsoses L Misades T T Vipsades T T Mipsodes .
(a) Resource Collections. (b) Multi-Bonus Resource (c) Navigation. (d) Predator-Prey.

11 2T SHORERECFEINIE
°D3e



7£ ICLR 2020 £, FEAT&LEERMILX MLearning Expensive Coordination:An Event-Based Deep RL Approach]
ZREBITHASIEBHITARE, XERKAIHM TENSSEREMERIFNOIIERTS, KREEMTE
WERAY, BARMES, BIINAERER—THERKNNSTE BIRHAENER, XEWASETHE L
rBf . BESFNTE. BITNAEEEE LRER T AMSERIT—MFRORELE, THBTEXE
FROIERES, MMEBRDASHMERMN. ARERH, X2—MNEHEIRITEE, EERRINEEZR—LE
ERMNGR. Pt BANRITT —MENRAERBRZE[, SFRSEMS, BITRASNREER N —
B4 (events), HUMEHRETEHEKE., WA 11 GUMATR, NASENAEERN, SRE—BRNBESGSE
— N ERIN—MER SR, NEFEMBUNEKE., XENERAET, RIEEELTENSENERRIE
REHT, W TEZEIEFNIRREER,

B, XEMEZREEY RBBANENESE, Eib, FHIBHAT —EHREAR, B 11 BR 7 iZE5
HRKEZEN, EEEMSEER. TRERER, LR, FHIVEAIRENERE BRIt EERMN—LEE
BT T I,

» Challenge: high-level policy suffers the non-stationarity problem

Q the constantly changing low-level policy leads to different state transitions and
rewards of high-level policy

» Key idea: the high-level policy makes decisions conditioned on the low-
level policy representation
» Solutions: @ Low-level policy modeling
QO High-level policy stabilization via information-theoretic regularization

Q Influence-based adaptive exploration with auxiliary rewards

_____ N
— " Ap =G \ma(AnlS, M)
] I : = LyPencPdec
! ! ! 0,
g‘ ,-{.\_’ g‘*”‘l-’ ey --an e N HM | g :p.muu.lszr
my_y My Mk Mk : :!’. wc(ZIS. M
1
l " [ . l y
— i 1 b ! 17 = Dt Pencla(})] ]
St 5l+l 5:+l: 1 Stak . 5 :
ﬂtﬂ l aui 1 ﬂnk k e o /
| f( _____________ g
Envimnment [ 56 A i
--J --------------- L ------------------------ l | 55,0y, 5541, @541 — M
T e Frop_ = Th Teak+1 \\ - ————-=-=-=-==-=-== “J15

A 12: EFREXEWNSRELFT]

£ IJCAI 2020 Lk, FHAI&ZE 716X T2HRL: Interactive Influence—based Hierarchical Reinforcement
Learning), WEBASDERUFINIZRT, SENKKEESEFENIERTEM (hon-stationarity) [BJ@, M
AR LR, FEERMENE2EENERBETMSEMN, BMESELTEBNRE (state), EARBMNEEL
F, BENRBIIEETE A —FN, XeSHEFARENRSEBERUARSBEHRBIIZER .
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BAVRAT —MEENSEBRRLRDE, DENFESERBRETRERBORLTMEN, BMNBEIR
RREHITEENRE, EBRMNRBRREBZERILEENERE, XMz EBNSEREATHAL. R
FZRWAE 12 ik, BNEBYRERBHTERSRIE, RAEBEIMRLERALASERE, MMESER
BRETXMRILHTEREORBER. BN, HANRTTTHENOEARRAZBRRBOREZR, WS THHE
BB U AOIRBUE P ROIR

£ AT F ICML 2020 Lk & &R 8918 X TLearning Efficient Multi—agent Communication: An Information
Bottleneck Approach) #, MR THAXZEEMBEFRHRERNEM, HIFZNINZEERBE IR
FAEX—(ERR, G, FENEARKLERES, RIS MBAT—ENNER, BUSENHENKE, X2
—MERIENAR, EXMIMET, HMNFEZIENRR, RAREZEEARNIZNEHTEE. SEHITRE,
MEIHERMEER.

B, BRE TTRERE). TRASHIHHENZERESRA XM TBERERE T ERTFESER
WZBRXER, BETHER, BINLEBTFRARBRAANNTEHOAR, MEEREEENEERESNE. S
t, BAEIESMRIXASIARMAR, EEMRI B—M/LERFEERTORA, ERZATOMRE
FIRGPOEMIER, ARLER, BNBFEEHREBORNEN, FEEZERNES. Blt, HITEIZ
ARRERBEFNER, URIEESE (scheduler) AR EEBEREEREANESHRED RLHEENER
R, REHITRR, SEWIUER, FINSADLIG THEMEBRIRANTEEFIIRR.

G

d

» Uncertain Human Feedback
-+ Human may not give any feedback
Positive feedback — sub-optimal action
Negative feedback ¢ optimal action

f=f*
f=1
JAB); 0,1, f) = ! . _
pla, Ms)ia, . [) @ As) o, ut) : Y . — . . ‘
p(a,A(s);o,n”) [f=J" Rat caiching Light controlling

p* and p~ are functions like Gauss function

where A is the optimal action, y and o are - - - i
unknown parameters controlling mean and ) - ) T

variance.

» Inferring Optimal Behavior

-— * [ ques

Maximizing likelihood estimation of
receiving different kinds of feedback:

(a) Step (a) Distance/state
arg maxy P(h|\; . o) 2= I
EM + GD: ‘ _ | -
. liM updates A. wilh‘a !'n-:cd i * ! el L - —=
w is latent variable in integral [=—1| Hr —
GD updates ¢ with A fixed ' -
u is eliminated by a trick -

e

(b) Rats caught per step (b) #steps/state 17
13: BIAFMEMENALERIRE TR

o, BAIE UAI 20 EERAIESZ TLearning Behaviors with Uncertain Human Feedback F{EMEM ¥
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A, LB RSRERPEFSRNRS TR, FINCHREKMARE, HAEER, MMERFH
Bo ARTMMRF, BAMUERTHRPHRR, BPNKRAERIIRE, AINNITHLEE. E2RFE
EMEFRGRE, ERETHERIMRIRIRANCURMREBFELNELT.

» Collaborative Al
O How can Al agents learn to recognize someone s intent (that is, what they are trying to
achieve)?
0O How can Al agents learn what behaviors are helpful when working toward a common goal?
Q How can they coordinate or communicate with another agent to agree on a shared strategy
Jfor problem-solving?

» Microsoft Malmo Collaborative Al Challenge
a Collaborative mini-game, based on an extension “stag hunt”
Q Uncertainty of pig movement
QO Unknown type of the other agent
O Detection noise (frequency 25%)
Q Efficient learning

» Our team HogRider won the challenge (out of more than 80 teams from 26 countries)
Q learning + game theoretic reasoning + sequential decision making + optimization

:f:;? Catch the pig

by HogRider

hg Technological Universih

14 BFUATERERbSRTEIRM =

BMNOERZEItEZ 5T —EaF AT EREREFE. XirL, ZRHEHIRE—LEZF M, ZZFLINE
MATEREMRFHFLREFE L, BFEIRNE BNFTEAREFTHOTEISHNES ., BTN
EMATE-EEMRFHLERED, HTNEREYUSIETLHBIIG. BANBAFESNLEFZRT, &
R[AVEEIFRE, AETENR, AL, RSZEFERNERT, BNFREIREEREZLAIILE,
HEIRIFROZRES .

M. 4%
ERHRER, RENALBEARSAIEFTEESHERERNIME TAIRRKREM, fIa0, FIRFIREERENL, 7
BEEZIT25E, AREREZRFIIMNRER, S5EZEARFERFASHENXR, TEARSREIDT
B

eD@Fe



» Recent Al breakthrough

N e I
IMAGENET 8§

A “LANGUAGE ®
e

» What'’s next: Al for complex interaction

O Stochastic, open environment
O Multiple players
O Sequential decision, online
O Strategic (selfish) behavior
O Distributed optimization

Google

B 15 EZRFETRATERE
BINR, ERE, STRRLEREBRY, SEEREMECFIFIEZIEENEE. BERERNRE, RERALE
QTSN ER, TBRZEEEERAR. Brl, 288

REEASR U F I RARERR LR BB R, JLFNMATE
RANEEETRARARNEXEICN S EEREIFBRA RSP, ZOIHARDREIRERAIIDL.
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A

@ & Al Labs R AR SE:
15 ERHE

REBUFIMFPIERSZH

-~

HiE . IR (E3RA7

AEZRIEREFEARE “BUFS)" THICIEHR, HEA Labs BERMARAFZTGHEELMT (REBUFEIRE
MAERSHIHFRNA) NEBEMH.

55, WE A Labs BFMARA, TE A Labs BEEIARA, EBEMARA@DAREES. BEZMNL, &
BERBE FIEERMAERZHIFRENAMR. SENKE 2019 FEREMNEEZRLITER (Daniel H.
Wagner Prize) ,

ARRRES, FEHNETHENAZE DR RREEEZE S REBMAR B BT RSN

—. BENAEMENTRRTRESENEE Y

MAEEZNESIK, ETRENEERTHZRE TRIMAENRR, AXENEIRRERE, BEEXENKT
AOEEZASAON 82%, FEMNMHACOZIIZAN 8%, EHANRXBLABETEHEANNLITE
K, E—RRRIHTEMENLR ST (Two-side Marketplace)

ERBRZHipH, SIWARERETHSS5E, ERIVEMZ MBI AR 06 R ] geit R =1
AfE); MeRFNEREREFLR, MSHIRZRE, ZBER. IJRIBNER, TRERE. TEEIRLRSH
BEE, MBEEBEIITEDE. SITIBERMIEIRERBRAIXLEIER,

ERITBDENTRE. SRELHRMANENMMAITER, FAESNETEMANBLRE—TITRMN,
REEMITE, BE, AABRMOTRER, #TITRDE, WRSEMY, ZITERBFEIRE— TS,
RECREZERABBELRUER 2R, URATHEEMBTRERMIBER, SEUTERRNOEEN
AR, REVEZHFLITE WRSNFERKITENRZES, FREOATUBUEITE, FHEMBTH.

TEDESE EHANMUNZZME S TENARENIERER / BN D, FEEENESHMEIRRNER /
KEARW R .
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(O Cold area (O Hot area

Reduce idling time Increase fulfillment

10 TR LEERMS| A

s, RREHMKAERKX RERYD) AKX CRERZ) MK, W81 £BMR, LK, Bk
ENAM=RNER G RRE—W, NRIETRSLXEMOEMT, WERESAIN=IREE, ER
AXNEMDI S LRI S— T8,

BREAE, AWM= RENMMNMTE (b AXE—H) WBER. mMTREGHERE, EINEEFRNT
B, RERBZENEFFNERKMBUEITR, EENHKER, BIERXIT S MR REA=IRNE, Hig
FHEESITUIN, RNEMEREIETITR, SIAERRHERSERIFNE.

. ZCERBRIEACHELR
MAZEIT B DB LR ER—TEIS MR, BANERLENRE, BRETENEHENETE, 1T85E
KEERETTHEANRS. HR, SINMEAMEE L. T4, HBEEAIRIRSEREIN.

RRNINVERTELT R DR / ERRE (), INTEHEANRSZFEILZIP AME D ERER

m(0) : 0 = x € X(t,,,(0)) ,X(t) = set of free drivers at time t
HIIX—KES, MANBInRRZMIINME, BEANEE,

N
1) RFEENSIN max,J ()= p' (7);

i=l1

N
2) iTgzE Y I(p' (7)>0)/ N,

i=1

Lyzieny



3) MRE N* /N ;

N ~ B
4) HNEHIEBIEE (Zd (29.1), (
i1

j/N+%°

Zfi)ig)

BREETMIENEXANEE TF

Symbol Meaning

l, trip origin in coordinates

la trip destination in coordinates

P trip price quote

0 order object

t, order submission time

tm trip assignment (to the driver) time
to driver acceptance (of the assignment) time
l, driver’s location at acceptance

fo estimated pick-up time

ta estimated drop-off time

to actual pick-up time

tq actual drop-off time

P actual trip price

2. HAITRHE / LERBHSER

FEHRE T E TR INZARBENER, KR ERNSHAEE,
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Generalized ﬁ_
Policy Iterations Policy
Evaluation
@ K
- @ 3
astin B s -
- a
e ‘.
Data
G
e ®
° ®
° e Matching
(o] Q
o 0

3 ZARBERNEREE

B%, A TEHERERET, WEITERS5EE ME, EAKRIITEE (Policy Evaluation) ZSJFEE
EROMERE, BEMEMSZER— TR ERE, ARREERML. EDERREHLIIRED, 5
SXREMBZ L ETERFS), MMREBEIFHNZ MEHHE Lo ECRE.

=, TREDE - BR - HREH (KM) B

[Kummel, et al. 2016; Zhang, et al. 2017; Yan, et al. 2019]

match time t,,
trip request times

driver available times
ty

ooo"ﬁ\tjj

coee e
cosé ol

coees
codd e
o oi"; tﬂj

coceepm
coeepe

4: KM BIE KRR FE AL o)
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ST THMHCIT RS ENEALER, EMSGE XN EEORXITEFRMNZ RS HITIE L LIE,

HENBEEORE WE 4 HDABEL) REITEDREM, XE2—TEMENDERE,

E ] LA Kuhn—

Munkres BiAS R T FEIERKAR, HEMNE W) BJREEMRANSNMFE 2 BOFTES, Mms)\titE
SRR DIRBER, ITHENLEHIUNEH, WARINE W), At @ ECEE, IFKREHMNzE

SREERK.

max E E Wz Zox
z

oe0 zeX
s.t. Zz‘” <1, Vo € Ogisp,
xr

Z Zox S ]-a Vr e Xd'i,sp»

o

Zoz € {Oa 1}7 Vo€ Odz'spa TE Xdisp-

5: Kuhn—-Munkres (KM) &%

ERSESRNRE 1 2ERMA ULDR) ITEDEE. MMBISURRIIRRXDECEEF, HAIAE,

TS8P EFRITMNDREEN., B, HATPTBUESNAPATS (state, BERZ=WE) REfE (option:

TTRRNTR) BERANFDRBRRRIRE, MEFR.

RS

order fulfillment idle cruising

origin

(Lor to)

T—— r=p destination ,‘/'O
r=0_ T _ Lt rd
-~ . /”/ T —-,,‘,k(_;_d d,)/ r=0
(o.to) ~ X
t
Te To

6: FIRPRARIE
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option B AFE# S MBI & 7T, X1 option AIENETER (reward) RENATIZIAN, SINATRISIRA B HETE
AT 5, ~ P(5,,,]5,,0,), EZEGIH, ERERTLANSEEN.

FORRBIKREITFE (Semi-Markov Decision Process) 2EI&H], SRSHNBEE—RNEE—ZIN, S
RS LR IEIRES . W1E 6 PRI A SIHLEN I

F—E, INTWHREE, BIRREIHN O;
B BN ENAERSINGSS, BIRFREIN p
BT BN, BIRREIN 0,

Option B9 FhEEHLZ Y [E) & 7T,

iE option KRy RER, RIRARI EETREHH/ ), WERH—TEENTE, FRINERR SN TIIEENE
(to) FTESREVREIREY ), BATPIMSEHRIS B A SIHAIZR FIEREL:

T(fr+ r+ +T“r)
y Ty }ru Y Tp

r(yte — 1)y
Ta(]"‘ - 1)

AR ZMIRNSREIZNT R — P RE, ZREBMTMENAELR, SARRBRAANEBEXR, BIHRAR
(M) HITR i LI x, SMORE (M) EFEZITER,

.I’,‘-.

ma(s(x)):S =0

Ma(s(x)) =0 & m(0®) =x

fMERER (Value function) SLTERVERES () BXEX, ERE—TRERITWANEE, LFEIRISHNART,
ERMMAREREESLEIREPF S Hk,
Sp, = s]

BAMEATZIIT R RBEHONEREE? FEFREIKRRAEKDD 2018 EN—IN L RENEERZY

(Tabular Temporal—difference (TD) Learning) ,

Va(s) := E[Z },—(tkh—tk Top= Tek)Rkﬂ

¢33



Tabular TD(0)

Vacant : V;(Sp) « Vi (Sp) + a(0 + ¥V (S1) — Ve (So))
Serving : V(S1) « Vo (S1) + a(F + ¥V (S2) — Vi (S1))

70 RIS B EDF I REEITHEE

7 PN RE (FRE 6 RN ER), DANERARENERENAS. £ TD 2IHEREHREHN
MERNSHNER, RSB RITRONMEZD, BIRBMEMERBOTNN BN ERENE.

T2, BTUANBERDERBONERE, BIHESTINMRENTO £, RKREDEEBIGINE,

=77

Discounted value .
of destination Value of origin
| | \ , \

~(i (1) , (i) . . .
wo(.)’r(j](vﬂ'd) = p(l) 4+ p){{‘fo +7e )Vﬂ'd(g(ld(l)’td(t))) . V?rd(s(:c{})))

Est trip price

=

©coceee

8: WMNE
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WINEWHIE X[ Z R T IT BRHFPRSHMEN B AURIRSONME, BRURRIR T RIEM 15| f KA EmRY
[E)7R,

MEMDERIRAERNDERBANENE—NENRE, MENHENHAINAE, BMENEREIN
AUBMAREIRUN, BN ZE TR

SARRBARBIHERES TER, BEFENT=ITE, MNEFERESTERIRENMINESE.

HWEIAT : REARMAEMRARDENER, FEBSNHRNERFEREKRIE, REANERBES
I E LRI, BN A ERIEINmiEEUEM;

BIERH - JIZREAREREBEE DRSZE, NEEX MMEREUZ AR MDA LIRS, SIS
RERRE

HMiRER : FanM—TRHAREIETRIERNESR, RS TEMMHaERIZ, MMRSIIZRE
BERNMRE? REANMERMRZIBZINELM, HENBNLEEES.

M. EFRERBAMBMNESRIHT AR T
AT RRERBIEY, EEFZSARETETRFEHRLMENMESZSIEE CVNet (ITFEFTT), FHITRE
T

Deep Reinforcement
Learning

Shared layers between V and V, frozen during distillation

@ © 06 0 O

Policy Evaluation

Learning 2 3 Plarning

X Policy Improvement
TD-like network updates D

in DQN framework

)
B

B 9: ZHREEEN
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EIRSRALLE, CVNet BBRDABBRRANNIAENB RS, REIJBENTBUENZML, B, BI
AEBRFHNRNNRFAESREGFEZEIENE, §—MIEHERTIA—ATRRRICICARANISE,
BRERANER T — P BHAFINmE, ENEMT BRNERS " 11T, S48 q REIEeERNTT, XLLH
ETHREEIMEFREENR.

EMERERNZESE, CVNetigit T —MEMNKNTZE, STEIEE FEERNFLMETEEM LE—D
LML Lipschitz B9ETI I, Lipschitz & £ A] DB NBOFT R AT S NS RAO MBI AR BUR, R THETT
ML ENERBNEBOIRER, ANEMEEHNTE—SHERT L—PMERKMAVEL, ERISE
TREIREF, BRENEMNTENREZDLRELEEZENE, ELRF—IRENERITINENREEEX
BE,

Rr(l’kt - 1) k

VIC+1 + th .

(st) « k(= 1) Y (St+k,)
R;(ykt —1

VRrR(s) e R D kg, )

ke(y — 1)

Bad value becomes target
resulting in more bad values!

10: CVNet—Lipschitz IEMIt,

EEHNATRENEMZZHUREBENNBAENERN WE 9), ZMNEBEMERT RAMNBANESEBNIE,
ESHSFHHERISIFENAAN, HEFTIRBIICIRNRASUBIHERABZE—#R, 23 MLP R
BHMNELE.

ETUE, HOFIMRE— N ERELANMM BRE AL R, 8EET DRL ZIMEMN -0 EIT 8O RN

BrER:
o FIBER ARSI E EAMEMBEUIZRE—T 20 DAN ROEZRA#IT TD KA EHT

o AMUMERAREBTEMINMERBER — AN DECRE, EDRUNERERRKANESN. REN
TD £, HS5RIXFAH TD #IIER—H.
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AB Test

= Demand traffic not separable w.r.t. order

Time-slice Rotation

= Alternating execution
dispatching policy without separating the supply

= Active research area
= Two dispatching system?

M ciys W cityc City D :
.
22 v
[Day2 | Day 2:N
g 17 0-3am Alg A AlgB Alg B
3 3-6am Alg B Alg A Alg A
g =
2
H 1821pm  AlgA AlgB Alg B
2 2ipm-0am  Alg B Alg A Alg A
LLNRRCRRET EXNED 4 KX 0 O DiDi
ity B CityC CityD CityB CityC CityD  CityB CityC CityD

Response Rate Fulfillment Rate Driver Income

E11: ABMNE

HEHASEL S REEBIN =T, HTHE—TAKAB M., ABMREEEZHAERE, EMMNTHEER
FERANESR, TEFRAZGRANLTG, SARTBIUDR, EZSNAIUEIHEMANITE, X(EF
SWTETERUDE, FEINRIZTERMERS, ERRARNIEMAE. MAMMIZEREMELH R
MEMNRBEEEER—TMHHET, FESRNVUEETIH. BENEREEDRLLEM N EEE—RPRE
PATHERIAIETE] (20 3/1hAY), BERIATINFEELR, LRFFEBHR, TRER WE 11 MR, SE8
IREELIALE, BT Deep-RL WA EHAER EZIRM. ESNUIN. TTRNZERIT BRI B 5T
FRXMEZER, XiRFSNAMTENOERRE B AE,

A, EEMRBHR I RARFKARGE

EMEEM (E) KE, BESNERIEBHRERABIRME DUBMSMEBEEAN, MO E,
ZRBEUTATERINEEIRS, SRINAINE NI REEBENER, AETNUNSIFINGN L
FIRR,

FRENMER, SIRESCHRIRBETIIRR. THXXOE, FEGEFEARR T MIPEENEE M
1) BMEMEM SHUSBEESRIRXEEEIXE, P REXNBIENITRES; 2) KIJEEREENS]
fE: TRt BH R X, EINFRETAMS, EERMNPREES. F1TEDERETRIRME
RPRES= B RER, EEMMNIENRHEBITRERE RN AMERRE.
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Consider long-term
value =

!

reinforcement learning

Quantitatively represent
spatiotemporal synergy of
supply and demand.

!

neural networks and
state values

Learn from top drivers’
experience

ﬁn

imitation learning

Reposition the driver to
areas with high expected II- decision-time planning

future income. U DiDi

11 0B8R

HTEREUMNEREDNTH, EASNAESRRSHITEEUME, BEEEMIRPF AR UEIEITES
HEATN, SHEANERUAENIRETER, XErERSETalMAEN,

L, E=EERELIRE - FEIK (Decision-Time Planning) EESIEITE S EHER, TRE - I EMLIE
Bch, SHIERE s iTBEORMBRR P, SIRMmRR 1-PYd, EEMUNHIIRESNR S, BRSNS,
1T RS FRERRTEEINE ETA A A t(sy, s

stay
reposition p rep05|t|0n

dispatch dispatch

12: JRER - IS MK O RAR R

ﬂ?TE}%%qu\ﬂiﬂ'ﬁﬁ?‘ﬁ%?ﬁﬁfﬁ%ﬁ%ﬁjﬂ’ﬁ, ZEBERETNMENRBERLE, RIMEEEURBNEN

038



Pra

O\/

OQO

Y — Q
Conditional V-Net, ¥ m}?lx Q(s1, aj) @OOO

Expand by reposition policy

Q(s,a) =1+ pél)V(sildispatch) + pl%)V(sﬂidle)
L /

E13: fHit Q&

H b Conditional V-Net 5 R#FDEHMEMREERT, €A V-Net #3 £ Conditional V-Net fIRZSME
V. V(s) RERzEEE Q(s,0) MMERS. B TR#TWNEEMITME, MEMIIZ Q(s.0) A1 V() T
), FEAS VM Q NAHERARARMEEMNNENLREHHAL V(s) F1 Q(s,0).

V(s) « r+y'v(s)
Q(s,0) « r(0) +y*V(s")

ETMENRBERSE, BITII=TRF, SlGEIRHTEEILRGIRSRMDEIRSE, #8
B—IOWRTEIMRMN Q BREAE, N REMEMRE,

= J(s,a) =r+Vi(s) =1+ Vl(t"l), where < 0 is reposition cost. -> Greedy method (one-step policy

improvement)
=  Two-step: é(g’ ﬂ.) =r+ pél)‘?(sl) + pf‘;)max {mai(?"[}) + L:;(toj); Vl(f01+1)}
J#F

.0 =) 4, D) L) k) 4 ptor) 1/ (foj*+1)
= Three-step: Q(s1, ;) = +p V""" + pyy max{r}{lg 4y oK Y

tesh, m¥FELNSENENINES, BREE. SUSHTXTHHERBAETRINTUIAIR, XLEXIRFIEE
REMMERERPER L, fI, BEMXARERSEENERS., TOMBREESVRARSTHERNEIN
RSP IIESHE, MM S EEUAIREAL RS,
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Spatiotemporal features

B 14: THFMASNEZNF SN =T

LEsh, HIFTRBRKMNITE, RESNEZMERRFTROXE, SNEBLEXFEEGR, HERIRE,
HWRX—0R, REFFARETESN RBER AR, EHEIMEREANREFRINEHEZHN
TTEERE, ER—MTRRSME WITRTANERE) HPINENMRES, EZEEHTEEMRNERIT
BHERLERA, HAAIRERINI-TEFEESHTROMX EZXKEAESEELMTEZOEASN) .

15: KI2HER

Eitt, ABEMRESR, RFIVAALHOHIPRERA RN R SR =F0 BT ER R AL SRS

1. T2, RUHLSEHMNEEURBSRANL

e /(e



2. SITBENHEESKN, SMEERITREEMRBRZHL
3. HEMAERFERERERHENIANKERN, KEBEBERITEEEURBERAL.

EEHFAR LRGEETERGOM P ERRHHITT 500 MEESILR.

BEA: RBNINEBRAIEEEEMVNRET
MIRE: MEBSNEHATRENIRF (BEHZREH) .

SEIESHT=E, ME—ZFL, 8REF 11 [REBL 7 <.

2L RIE SR ANRAN R BRAITNIER. EPBARZE BUELIREEN, BN BNBRUASTELR
£ MARZEALRSNES SELNELE,

income rate comparison charge ratio comparison

112

13 11
125 1.08
12 1.06
115 1.04
1.05 1
1 098
0.95 0.9
o Ciyy A Ciy B o Ciy A Ciy B
malgo mcontrol malgo mcontrol
16: SLERDIT
IE 16, = DEHAL, EMMEIRL, BIEENEREAHBEEIFTIRA,

. =
N :"“" Large demand oscillations in week 2
—d

T T
goup group
—t —t
— d
2 1
5 5
T T

17 BROLRIIENLLE
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17 BRANERNFBRER BT, FEFEERAD, EXRPTRRS BHH) SSREMBROLER
ZHRA, MeENSHHRBINE, GELHRERINGHREAN S, HEXFIZMHAEMHFEERK
N, FHRZNH SRR — MRAMNREE, FAINERRBART, FEEEERNARLEHE—TIR
BIEN FSIMERN SRR UHE NN ERZ ST T RIEN A EREHNLERE .

SE:

[1] Xu, Z, LI, Z, Guan, Q, Zhang, D, L, Q, Nan, J, Lu, C, Bian, w. and Ye, J, 2018, July. Large-Scale Order
Dispatch in On-Demand Ride-Sharing Platforms: A Learning and Planning Approach. In Proceedings
of the 24th ACM SIGKDD International Conference on Knowledge Discovery Dota Mining (pp 905913).
ACM.

[2] Tang X, Qin Z, Zhang F, et al. A Deep Value-network Based Approach for Multi-Driver Order
Dispatching[C]. knowledge discovery and data mining, 2019: 1780-1790.

[8]Huang T, Ma Y, Qin Z T, et al. Origin—destination Flow Prediction with Vehicle Trajectory Data and
Semi-supervised Recurrent Neural Network[C]// 2019 IEEE International Conference on Big Data (Big
Data). IEEE, 2019.

[4]Qin Z T, Tang X , Jiao Y , et al. Deep Reinforcement Learning for Ride-sharing Dispatching and
Repositioning[C]// Twenty-Eighth International Joint Conference on Artificial Intelligence IJCAI-19.
2019.
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@ ERRERIROT: BIFFEERE, FFREKES
3T | A RIS

ERIREFRAE “BUFY TR LE, MRAFALERFRODERMT (EFMRIRE, EFN
sEfEFS)) ROIRE.

BUFEIRRENER? BENRNNETER, XETERERENECHEEIHRE TRER, EEEXEM
WX FRE MR T 52 S HSLH 2 RIFBH, MERBEIRIFINR.

FANZMEERCFZIREELNMEERE? HN T, aBEXIRDZERHER—TRELREENINE
ERENEE. RUSEMERMCFIMETHINE, BEEHNMA NEELFE I BERHAFE—TMREFHOBR.
B—aiERiRE, EXHENITA, EilgRs!

AINENEZMRZEWESFEETRERMNEMRBAEIRABETEEER. £4BY. HELE
. BERE. WNSAFZUSHHFEREG TREFNBR. BIIETHRRERDRBZABEEIRARZ, E
EWHBERILRAS], EHS. MR, ERSREEE, RO TPRATISRRAENDERNNET],

ERERE, RSETHEELIHR THARIGZHBNETER 1. ABEERREREK 2. ARRERDNES
3. BITNEERBRRR: 4. BIRRARIIZS.,

MU AEWHIES

SREMREETBZEPERCFESI EEMNMEEE FHE, HNLEIRN model IENEME, BUBZIER,
HAIZE 1789 model BEEIEM A WM ZRERg & R HMMAIBHEY, 5 model based reinforcement 88972
EERY,

—. BILFES) VS MR
XEEENA—TRAEIFNBZFEINXR, RLRAN—HSRSFIMENNSEE BEES ., th&=
EIEEd=2T R

RO ETHE—ES LENARRENSG, BEFIZIUARIER, TREFIBRERR, BLFEIME
WRANIFAE Z BN —MEENRIR. XMEENRIRS N EMRRZIFES: HART—RINEE
TREERIIRANRRERZM 4.

SEUFIHIMZARMIEIFARRES, NRECNEEFZIMIUHTHEE, BLARNEERZNEE
L, BAMTESRRIBNNER, FRENESHMESEBENNBTIEEREZBERANT—1E,

EEp R B ERE, BN ERERRAMEEAZH4, MAREIRZREZEAMBEBAZIENNBERU

e/3e



FERBMNNEIIRREA—1F., UREFITMIMEERE-EREAELEIETT Livic. WMANRLEHE
T ZRBAVEREI MR BB R E R INEAEREN, LR BAERIER 2 M I a5 A2 5 L 89

REL,

sEUEIEERNA—1, FAEECEIBRZRNEFREERIBRIRENER. HMNMMETFELEECH
RER—H AT B RN —HEENE, BNAFRBEXZEFXTMER, HNERIE—TFXTRE
BREEYF. BRERIBNNER. ANEMNMNER LESEZEFFERGSFEHNETREENREF IR —
Y,

WEFIBEZHN—TEENBRESMRMMIRK, ERAERNEIEZR, HNNBIESIHE DO, O
BNECHRER. HNECHRE., MR SBMNNRBREZANBNNBELZREZMAL, ZHO—
MEMRERZE, —MREENXHIME, BEFIEZE—TEENDH LERMAHREL, XEREHII
ERNEENEVERENANEERE TR—T2%h, XEFZHRNKRAMZE B,

RN E S EEHRRN MBI AFREUE, IR EEURTHMAURREZHARN, SRESHINREEDE
R LENFSE— P ERFIRE, M TEE, BIEFNTAREEZZEHNFTETRORE, PLE
KR RIFNARFAE T EENEIESEMAKRAIT, LR ERNEENE —TiAEER T EAX THOHE
&, ERAEEEMRERE.

BAVEM—TBEIENBIESR LRESHE —TRIMAORR, BLAURBANTEMGIE LEERAFIRMAORR,
BMROZEAMIE?

I EMEEELE, BMEREBLNE, SKEIX—FZ2E7T 80, BAEHRII—FZ2RZDD? &K
MNEBE—T, BITRXMER, TEBERHZDD, ST BEREILERFHN—TIRE,

BERF—TXBIME, BABRNEBIBACFICEEIAENIEES, BEXTEEEBAIPMBR agent, B
MERNERREEEERFLRNOERE, ANIRTEEZIRBNRERNEHRESE, BLBLE IR —
PTRBELZEFEINIME, AN TIMENFESSERRTE 7 HARENE S RET S MAIE TR,

BABAVERER RN S BRERFRIESG, LR FTEEITERXFNERS, EMEHECRAEN.
EEAATEANEZIFEF R, PAUENAINETBENNIMEERRITAENRE, BARATUEGE
FAAELER, EERRBBHAZKTHNMR. ANENTETUEER, HBHUEIEBMEZIHENERN, €
PHafTHHRER— BN BLIEEBRNNEE — T HHRME,

AMREEEBE—TEXZWS LEH, HNMZERRANEE., BAXFTERFNERZSWSEM, RZELH
N BHEFEMREN., MRFBNHLEBIEINABRRIOIMEEN BB ZMNABRE, IBARMBETSLE AMAY
¥, LEERMAEY, BBARMNBAZERANKGD. ERURBMNEZBERNZILENAN, HMNERKMAEHN
TR — L MERANDRE — PR N — 1R, EEZWSTORRERE—LESE, FTHE.
—LEDFABAREN LR,
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BLBAIREABEERIEB N Z I BAEXFNIMEERIE? LR ENMRENEBZE T BAFEIBITHERE,
BIIHZRMEFTERSNRR. MBNRRMERNEERINE, FILAIBSIR T IR BN TR 1 F S g
BERINIX A —LEHT, BEMRANNERER, EXLTERETERNECEEINNMRERRER, BREH
X IXFNES AR TEESLE R RIFAR, MEREBIAZIRIFAOMR.

—. &R

HXXENIER, BNMZBEFANEEBERCFIBEELNIMEERE. X —TMRESRERZD
— A, BB ERENSE, BUSMERNTEIMaTRMNE, BT eI DUERAZE I ERHAF
B—MRIFHOER.

BLMPFERZF—TMEMSE, WEERNAORSFEBNBANINESLIMEN N £? LR EXARZ— TR
BRER. BOTUEREFSEWA TR EEMERENRDIZ[HOTIF, FAUNEHENSBALOZRET AE
AURIIRAGAITIOER), HAlEMA RSN, EmEEEERE RIS REANDZE. Wi B9
DUEMRANBE M REMNEELR FEXEEZERZAMRTRSZE, HXMEN T EERNNFE
U9 SRS

SRERZHR LEAIUMERENS, ERENBELRREFE—LEAEN, FHZARNNIRHHMERE
AR, BAVRETZEROEIELX MR, BLASCLINRENIR, BIETEERXFRRLIZRNE ?
SERR E RPN, AR —LERRBEEIL A E T XE AN TSR — L EEBIF AR R 3K

E—lF, FRERNZAMIN—DXTIMFENES ., EEIHRE TR TEANEENMFERRE
ZK, EBEATHENE-TECNOAENRE, BNTUNELX M MEFTEAENTRENMFENORE, £7F
HMNEABRIMERINZEBAIH agent AAISGERDX IR, FTIATAIEB LI R H SRR EL B] IAXS 24
BHOEMUR, MEIRERERA UKL EX RN F, M IRIRIBEE AR EAENIME.

target arm A target arm B

self-acquiring
state 4
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tEait FEERRM T AENFE, NAHRTH S TR T FEIRES K, LhrterF e
FEEEZK, BAMT 5 TENfFRENAEMAI AT X TR T .. BHMEHIHELRAIEE SRk
BOXMES . IMER, FRAXENAEZE, BIEREERMOE0LMNIREMATN—ERENTRE
5. BRURBMNMEFINGZMES, PJRFELBHEET T, PILUXZE —TaessH B A TRE
#h,

BIBRATORBEZAZRER, ERDEBLIMNNEIHTINE. ZRIBHAMOTXF—TLIIE HE#
AUMME MERTRMEEIORARGIER, KEBNEBEXMNEMBRNZIR, ZHE 19 FNIIEF, ]
WEENIGMRE, EE—ATENLEITHENRE Al BRF—1 L.

BB A — N T ERFBIEASIFERNES: HNIMNEERSR, BM— AL/ NEDNZE, B
ERB/LEEENMAN, BT X MEMSEHAITIIGNGE, BNBECREIEROARER LEE, XEFEN—
MOER MESHRNEET -t BN ESHE LEMBE— NN ZAZRITRMNARE AL, RFE]L
TER, MAIOREI— M EESHIMA], XIRBAA TIRITAEINEE IR LR B RABLN.

ERRNBNEER, WRENHZ-—EZATIREN, PEcHRRZER. F—TMEEALRENTRET
ANTTHRRARN, BII—TIMEADIRENENSFME FRAG A EERIFIHIRMEIMERIZ N MEA., P
RBAVEBMIE LEERAEMZ, AT AEEXM T,

MEE EEAMEMSMEES RIS TH—TRER, RARHE TAZHIMIRESE, XTUNEEDNES
BREN—TER, ZNEIXTMEE—TRABLOEREN, MEURKNNE—LEHLNEE, HNHE
EFERTMLERE. MTMERKRNE, ERZIENDTMERMREE, BTEERREANZE—TRES
SES.

BART A UB RS RERNVCRLREY ? LR EE— LB TR MY, EMRXTEEF—1
HAERANTIE, XT[AREFEFIERENARELE, RAEMNENBELEH—TREEFZS, KEXD
BRERREE, REHECRERNEDBREAZZTELAEZETNSZA. ERENEHNZRSEEY—HER

R,
BEXMAEERLE—1T&MG SAEXZRENME TESTEEER. R9ER, BEZRENFET

BEBWEIAENTEESMINE TEMEBEFIR RGN, RFNBERITEEBWESIIN., KX
AVEIEINE, BRI UM — MR E 2 S RE R E— MEBIZR K.
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o : e °
action action action

fully probed dynamic fully probed multi-agent partially probed muilti-

system response system response agent system response

simple supervised learning  SuPervised learning
with complex model

2 XEEAE)R

SREZHNNEHRNENNEESEESR, ERNRMENRREEEHRBNEL T, ZRXFNEIEZE,
RIS ARHRN, PR ERE-LEERNHENZRIME.

HSLHANERZ LN AR E T RRRRD, BN AATEEMENBEEIEDT. BAEXFNER
TE, BEBEREFRIEENSEY, ITERMNERN— TSROk, ERORENINEIENEH
REIBIAT, BAVBRB P REMEF?

AERX—HEBNTNGRE-THERNREER IR B AFNE—, BNRIREIHIMEE M*, H]
FERELN—TRERE, BIHELEH—LRR, REEEBUIESI—LHE.

BAVERAASE LM T MLIRE . B TR, ST MLREBEATNNEBA, REEETEERIMLRS
ENFATRIARIC, AR UNEEMNIIG— T REES, LRFHATTUA KLEABENNERRINEFEE
FIN—MER, FPAXFHA IS HRRIBZZ B ARE?

If we have environment model error: E(s,a)~pn: [Dkv(M*(-|s,a), Mg(+|s,a))] < em

and bounded policy divergence: max, Dy (7(:|s), 7p(:]s)) < €x,

IR EMBAIRFHERAIAESE], SBRMNWENERAE KL EEE—TREAE—THRIRME, FJUESIE
RENER, EHMERENEENSEREZTE—TRBNEESNIME TERTE—TRE, M 1TZE
MENEZK, 2 TERX T FARIHR,
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We have the value error: |[VM™ — VMe| < %ﬁﬁf} VEem + 2({—3?')”31 v/ Ex-

BLAXBRFFRRPN—R, XT 1- yE—IMEHAEE? VLR EMERNEFBEFINEE—FL BN
— DY, B ESEG 0.99 5F 0.999 XM — M EREIAT 1 HEF. B4 1/ (1-v) LREME
ZEKEMERNG, ENFININE—HEEZ K, AMUNBIIBIEEIM effective horizon, ERHAM

IREREEBE ST — M.

HEANGILEATRIAEERZ effective horizon BIFF, RLFFEEZ—TRANE, WRBNBEIFE—THES
FRBEEER, BOERNDEMZEBRNZET /LS UE, ERNRESRENRA, 2SBEN&EE
HRARB A SRERRAER .

BRBNEEBEBRXMERBR? LR R UEX M E SR EE IR THND N — T TE, X2
Mo IENERN] —EENREBEBITHRE, B TENWRERE, H—EaiT TEME, HiE
XM EIER2W— M AN ?

MBRIABRSHME LBE—THNESHT, MRBIRESHNEN, MEE TN, WEFEXMERR
H—SHEBERIN_E A E state—action-next—state 5%, FALUXEBIATAMIMIESL A BUEFI1ABFRM
EERENEBEI A RIOLE, FERMEEX—ITERBHME state—action—next-state 7R ILES,

AR N — PR G, BNOEENIZEASZIE, ZRHNE—LEXHNERER, LR EBIR
AT XA EN—MERIRL, —MENERNER. BR%IR, Midea EXiR, SR LERINETXNRES
AOTERERAIR D MR (DfhItES) MAOLEERYF, BAMRBARMRHN—TBERMNE, H(ESE—1
tr%ER?

LFEMRENNEEBNREFIZ 0, HNESINERMERNEE T HPNYy—IFS, MeES
BATX—IANRZERE 1000 LA L. BAXTEHRMNZXTER LEAN—RHAD, LFLEEERZSXTEEE
SJNEERERITENEE, BRRMNEBANAE LB EB2M T —L2H, MNTERNMEM—L
mWEEsS| L, REEFBNZALHRIN—LIME FRMERN—ENAE, FEEBEAR—EER.

=. A

1L EERER

RS EMERR T AMR? MERT —THRPNERBERUE, HNBFERT—TEaUAEE®RNINE.
MERIBIE R Z L UFUN BT ARMAY, BMERBFNTTEMLEAR T TMLERA, REEHNSHRREE
BEN—THEEA-—TEEZINSRHTHNAE, REEZINREZRSKRINGR TEREES.
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REHMNZERE, SBLMS, LREUtARNINFEERZTEREHEREROEM, HINEHRRK, E
EXARETHEENAR, MANBMNXEN—TBEMEMRH L LB RBIERZE—MENS LR, XM
BREMEEMOBL, FANENEENEERRE - LERURBERNINT R, REEMNBPMEEE,
TRENEZRIE, BARENMAINEENS EEEITHEFNSNEBEBHNHEE, EBILAPAELT
ARG,

ZRIERANMT TAME, EELBEEmENNOMVIERT 4 MR, ARBRITMBEENSEEEmMNS
FREZIELNHE TEEREZNNE, EAXERNENE—TNAEHFHOHE,

Taobao platform virtual platform
Decision-making: do the best recommendations
buyers b virtual buyers maximizing GMV
Our approach: simulate buyers, and learn the
best decisions from the virtual buyers

2 P ER

Online A/B test result:

Nl Teakiaa Virtual Taobao GMV increase: 2%+
(simulator)
4%
§ - == | " - @
& l ’ ' ‘ } I g% R\ JR\ - d 2o’
I al I Qs ~y P
3 o a
i [ - .y |.| I ; d 5 " - L ;'\
as ‘__ = r = —— i :_. = Ez% ,' , IIIt .!‘}"" L it
a N e — ; B== = 5 . £ - ,: ®
™ i ; o,", -0-RLvssSL,
e I . i 3 P »u —x-AlLvs 5L
- - ¢ o - - ﬂ"h" -
00:00 06:00 12:00 18:00 24:00

B 3: F=fl—, APREH

IR EE LEATAETHNMERLNEELES HANENORDBRERERNEESH, LENEELHN,
BeNEE=asn, JUEIENELEEIEE T . NN HhZIERMESE I HRIRRARE,
EEAR B AR HHFREE, BRI T BSAIME TEEMNL, ABMLAER ERALERIFRY baseline 12
S TMITED R, AN UEFHEMNEMERRE MEANTERS. REMEQUNIMENIMRESERE
BEXMERZ LR, BEE—ERELRAIMUAN.

2. e 1Y)

XPMEIFEF AR REREN, EER—MELWMNIE., EEEHNEERES/N—TMIE, LM
BANERITXIEGRTEBBEFMEBERNOERE., XBUUKFEZRA, KEERZEY, HEEJERE
EXRIPLE B 1EIE?

BNMEELE R, BNEXPTIREMLE, AEHNEZEBRARNENE, HMNIUETEE—
ZRNER, BENEFREIENENE LENERN— 2%, BEenNER(ERNZEEIHEINELFR

— D,
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Decision-making: bargain strategy to maximize turnover ratio I
Our approach: learn virtual buyers, find best selling commodity

AR RS

II s . II Il |I : I I I ‘l II I

- A % W o I I
" L _. 5 . 2 n...- L} [ i,
. A B W Sl ol ol

a ' -
IE L or BT

=nE HK HERTI L] BaAnL

B4 =HZ, miz

EEANR BB S — T ELE, ESTUNIAZIGTIMKFELERS, BRL0R (IR 2 RE Lk
ZRINNERNBFAEREBLS, RMENTTIINKEIESZZFEN.

B FEEA LAEARM Ik,
3. EEHAE

XEEMIEIE ML SNIEZF— MDA program F plan, REEEBES SN RTEEMNIGN, XEHK
MEEERE M,

Decision-making: find the best plan that
maximizes completed orders and drivers’
income

Our approach: simulate drivers, and learn
the best decisions from the virtual drivers
environment

Online A/B test in April 2019:

In 3 cities, orders increase: 10%+,
income increase: 8%+

data test Cities | AFOs(%) | ATDIs(%)
ai e k] . CityA | +10.73 +6.16
. IR — A/B test: City B | +10.16 +9.38
i, . CityC | +18.47 | +17.84
wl Total | +11.74 +8.71

5: Bfl=, HEFLREDL
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BAIMAEROEEEREEINOEMREZ LN, XMERNOEDNZE, AEBNERLEERL SN ZH
—LERFEFINNBAESERS. BESE 4 BONMRTM T X THBEHL LN, AL THRMNES
MTNHMRETRZRS T 13 TREANTEE, AEELZ LA ERST 11 TRENTRE, FINTR
= T EHLEY 8% MIXA—TIRAN, RLE—TERXHNERE,

4. BEIRE

EXMEEEREH, B EEHNEE—"TCEEmIET —DIRENXE—HESE, XE2RNN—THT, &
XU THNBIERZIUTELA—1TIA, TAEZITEEERMNTENRRREIRTFERE, BAEHELLITELZS
B—1TLAEER, XME— MU B,

e e

Case 4: Warehouse order picking

Order Pool  Order Batching  Pick Lists Order Picking Decision-making: find the best pick
- - - =G 4=~ lists for a worker that minimize
=y / - - s —ap - picking time.
emas | — ﬁ A i1, Our approach: simulate workers, and
=m-me TN\ o | learn the best decisions from the

UL PN i " virtual workers environment

Online A/B test in May, 2019:
Picking efficiency increase 10%+

10dlater 11 dlater 12dlater 13dlater 14dlater 15d later
Current system 26.007 23.530 23.923 21.320 23.073 22.177
Our approach 19.954 22.140 21.148 18.433 20.912 21.227
Improvement  23.27% 5.9% 11.59% 13.54% 9.36% 4.28%

6: EHIMN, BEITHIEE

MEEMRZ R LANMEREEEEZXMERNENE CEAFTEENERN, XTEREARIER? D
ENEEMEBRNEEBELAL®R, RERNEE—TRREBE LREFTAUE, REHENMZRITE
et E EAIE ML H— D RN RMENIERSE TAHITIRE, ERURZHT AERIMERFITXA
—NIRE, BRSETHELSBINAFIRE.

EEME TAZENREERARNSE, BTEMETENEEN AN, XL EBZRMAIRELEIN
R, MRFANAZEBZHENREZRE, UMEZKRERXLERR. FNBENOERMOERE, BEMBEL
EEEXTINELERLER, FURNMEEEBNINEE, REHMNMARMONTARIRKE, REEXTEMN
NEEEEARRTANNEERD ., XPBEMT T UE, BINEE S BHNNBREX TN CEEEM 7L
B, ITHEEMBAENRFR—B. HNORFIR—8, XN 6 XTE, HNTUER LENHFER
2 NE—T8m, TAZHEFYTHRONEESZDON? 6 RFYTUE, BT UERIHAMOMREH
T 10% AL,
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5. RMHLEEA
BALAFEORBEEEERN, BARIETEESH—INBEALROBNATRN, SFTEEH 2R
B = F T AR ER TN,

agent: price is 149

me: what about 1007

agent: no, itis 149

me: what about 1107?

agent: if you truly want it,
128 for you

me: 115

agent: 128, no less

me: ok, 120 then

agent: 125, it is too low

me: 121

agent: dea

B 7: =Fh, mnEA

BRTBENAECHAZ LN—TERR, XEEOSRE—LEHINEGERESLETZHANNNN, BMNMHNEE
EHRMNEKEE, GNHET—MZE, FRNBREREZTERRERNELE—<[MN. AU DERMHTT
ME, BAFAELRYN, EHLBE L ENRRRES—E.

BEREHELEEZFHE IR, REZXTEFRFMENRN, PAAERLSEEERMERS LRFMEK
M, REBAMANESFZIHNVELRNEENRRERRES.

M, 24
M ERX LN R FEREBMIES | E. AAR—LEER., BIBMNEMTREZHNE, REM—TEE, &
BNTHEEXGR TEBRFXESE, BNEHBEMEHE.

Approaches for decision-making
Human decision m| > n
Expert
Menual-simuistion M — —— “
Expert
s (> R () <> C >
Expert

e > G <> ) ———> I
{ ‘:_:

& 8: RERHE
ehDe



1. NEERRERR, AMIEBRBRRFEETRMNL, XATERRRIBOME,

2. ANmRESEMEE, ERUSEAERKBRMIOORR, REEEREIELNMEER. RFFLHMETHA]
BTrHEMEE, BIPURRSEERRBRMAORR.

3. AFMEGERBRIRER, Lz AR e RAEA LR MEIEBERM— TN, RAERIUNAIERE
BAHEAMB— TN, NUREEER—TRENER, # M0 FRERNEMEFNIHMEEESE —1
FOWRE, RRTCEBEFENTEFARBIRTERZD, REHRNMERBIRNSERFECRIL
¥, EEmRILR,

Zfr LAERINAREBECLEIMNSHRITANELRZE—TRMAOMNWT . PR EFATER TN SRR
IRRCJAAESR, PEEE— TR, ERURFNEE ML XMBE=MLXNHAITHEMERME=F S
RIFN— M AMAETERMEIEL R, HMERETHN, EREBENFSLE, BREENREBMETMEE
INEEZN, REMEESEIM, BAERE—TENNHE,

4. BIREBEIAVRIIEE . HNBEREEAMEIEL AZHN—TIE, BT DARESIEREN IR, SINEATR
MERDSREBEIHRMAIRER, PAAX—FREEE I ESIMANERBER.

FENR=MAEBEAEMED. AR TIRETEIXBOMFR. MENMDEANZAINUEED, XA

RAMURE, MANRRIABEFTEFSBINZTENER, EREIMT2BHET, XUEHNIE

LB TR LM —FIREZ,

e53e



@ LXKikiEH: ETERMELEIEE, EXRFREURICEHE
BIE B KR

AEZRIERERARE BHFY" THILIc L, EBRBAFREMBZRM T TN (Model-based

Reinforcement Learning: Fundamentals and Advances) A& H,

AARRIRED, KEMBRNATETRENRERAFEIEEZNMAE RN ER, KERMTE
Bt FI5RREBEFINET S, SeETRENBEREBAZINKRHL, RNLLEHETSE
REGRHFIBESEENERRS. BEER. LMRE, BIEHMURLRERE, FHENE T AEIREAA
R - RN LR, ANX—SHSENRRSEET 7RI EEER. HEREHRN A
BN EERIEXRE ARABRE, WAREHIT 7 —ERIF iR,

WED AWM T ERD:

BETFRENRERCFIBEMRE R,

BT RN Dyna BiE,

. Shooting methods: BT RIER MPC &35,
- MBPO BRI DT SLIM A E.

. BT BMPO BIAIRIE DT ST A TE.

- /A=A o

o oA WON =

—. ETRENAERBACEIFEARER

REBNCEIFTEBRELK, ERAT Atari Game. B, DOTA, ERFREMIRH. AMIBEFZIHAR
BIAIMBIEE, (KRG SLIRIMR R R BFEREAITIIAEFZ IRBAZE I BIEMATREE N F S (Model-Free
Reinforcement Learning, MFRL) 8%, BRI MREBITIMEREEAZIEE, XMEESNABTRE
BEMEHELR, AMTEREEIEIU mini-batch BIFZENHZME, AT A NMEME L E RN EHTIER
2REIIZR.

A, MFRL ZRABEIN—TEE: FUERENE (sample efficiency) Xk, EEURBHLEEZIH, A
MBE—TBEFRE, BEHETRE LA AR, FEErERER, 5EhE / ThEFITEANE,
BAZIBET—MIEENFEEN, HRIRBHOREERNRTEERE LR RBHITRA, WeIbhAR S
AIREIREERETLICRF. £ MFRLIIGTE RS, SRAERENRERFRTILURSE, XERFESH
TN RS A UH LB E NN, A T RRRTCREL R F S RRX — SRR T, A RERE
FigEREE, %) (Model-Based Reinforcement Learning, MBRL) 897535,

MBRL MERBREETEREL —TIMENNSRE, REERILANMRREF)IZGEEANTHRE, B8
XA, SCHEERERIIETT.

o5/ e



& MBRL 5 MFRL 3$tEsRE, MBRL FEMN TER:

1. FMEARBI — B2 ek, {ERIBARA on-policy BIl4R 7555, FIAHRIREEEIMNEIE)IZSaKRE, 7
XHIERT, REREIRESM.

2. BUMBERSE, ErNEEMINABESXMERERE, EREFHTIIEEY, ERIFEBEIMER
RIS NER (off-line RL, th#R# batch RL),

3. fBLtEF MFRL, MBRL #IERFRERAFFERANRET .

4 FAEBRES IR Z ENERIRERE (compounding error), #EEEEEENBENK, BWEREMS
MK, BEREETEREER.

MFRL fFEU 4=

1. #tEF MBRL, MFRL % &IFROEI#HEEE (asymptotic performance), H5RASS IR EIARIWSUIAS
Bf, tHEEF MBRL, MFRL NSRS HRIBAARAARRINMEEREY, B EELIESIRENRM, A
FEERMER RIS BRHMNE.

2. MFRL FFEESERREF IERERFEBANEIEIE, HiHITNEIIZE,

3. MFRL 28 X[ off-policy YlZk A%, XMIBERTEERE (bias) SHEVNGERRATRE (instability) B
(8],

4. MFRL FE#HTBASNHERF, EMBELBSNENER, XMENERERZBMETAME BT
EIERY,

*T MBRL#t—F %k, HEEEERESENSHSRME:

LR, FMERENMERARAL, (MERBIBORERR. ATREHERETREEE, MAENE
THERE5E), FUIXLERBEEENREBIBERT ABUBRERENITER., RRAMITELERRE MFBL 1Y
BB ERS, BHTIGIRRPER T ASETEERENLUE, RAILMRERIBLE LRE, IMX
BTEZHHRIE, EANETESEEM MBRL B/4581E Dyna-Q. MPC. MBPO %,

Model as a Blackbox The focus of this talk

* Seamless to policy training ’
algorithms ~ (s, a,m, SI)
* The simulation data efficiency

may still be low
* E.g., Dyna-Q, MPC, MBPO

ARERH, MERANNEZEANN, FJUSEERSHNERBERS KBNS HHITRS, MMENR

eHhe



IHERNER. FANETFHAEEIM MBRL 585 MAAC. SVG. PILCO %,

Model as a Whitebox

» Offer both data and gradient
guidance for value and policy

* High data efficiency ~ (s,a,r, 3’)
* E.g., MAAC, SVG, PILCO

oV (s') 0s' Oa
N ez
0s’  Oa 00

SIquﬁ(S:a')

—. ETES&KEM Dyna HIE

AERER, KEMBREBZTENATETREEEN MBRL BiE, XEWGERMISERA, BIREES
IRA AR ETRIBIG., IHELEN—ANBETEZEBEFNEEE, AIMMLFRETERRLE
IREES.

MBRL E/AEERZWE 3 Fin:

Q(s,a) and 7(a|s)

Roll-out value/policy
trajectory data

acting

planning in real

in virtual environment

environment
! . /
p(s,r|s,a) model experience {(s,a,r,s")}
or Real trajectory
data
p(s'|s,a) with (s, a) known model

learning

B, HERMERE Qs, a) ARFEIERE (a | 8) SELBEHRTRE, THREERFEHERIREIE
experiencel(s, a, r, s’ )}, REETRELNEIEFINGFEIINIMBER p(s’, r| s, a ), HBWIERARR 2@
WA HEDAZ state AR KREXVIRIIE action, SEFUWF= 4 A reward AR F—FBPIAES state, RBZI1ERT

55



reward 2ARIESCIOMIN S FUFEAMALE R, XETER QI T —FH80IRTS state BIF], 3% FRAE HAIER T
plannning, 28T HAMERHTEIERRGE, BUHIERENEREINGIT—LRNMERE Qls, a) UK
HRSRET (a ] s),

Q-Planning 2 & E £ MBRL BiE, BI¥ 5 EXLMMER G RIEIERINGIHREEL, REETHRNIMNEERE
SEFHIT—H planning, MZEA Q BRERAVIILE, BRRES A SIMER AN state AR action, Y541
BENBUNESERM, REHSIIERELIE A reward AR T—HA9 next_state, I§ENERRY state.
action I K AR BY B2 46U SR AU reward . next_state #1T—3 Q-Learning 14k, XIFR5EAL T —H Q-Planning
BENER. BRI UNET SIMNERIIR B RA TR REE, SEIRIMAY reward DA T—H /9 next_
state, HHITHRBRAVNAMER, BaeRBE S LIRMER G HIERHITRIBAER.

Do forever:
1. Select a state, S € 8, and an action, A € A(s), at random
2. Send S, A to a sample model, and obtain
a sample next reward, R, and a sample next state, S’
3. Apply one-step tabular Q-learning to S, A, R, S”:
Q(S. A) + Q(S. A) + a[R + ymax, Q(5',a) — Q(S, A)]

4: Q-Planning &%

Bit—w, T Q-Planning 5 Q-Learning A& E—iE, HEXFMEEFR 2N Dyna HiE. Dyna BiERH
F o0 FREH, TEMNREBREEWNE S R, AIUES, KBPER direct RL PR EERE, FERRITeH
Q-Planning &%,

Q(s,a) and 7(als)

Roll-out value/policy
trajectory data

acting

planning direct in real

in virtual RL environment

environment
! : /
p(s',r|s,a) model experience {(s,a,r,s')}
or Real trajectory
data
p(s|s,a) with (s, a) known model

learning

5: Dyna EEMEREE

o5/



£ Dyna B/EH, BEBEEEARSIMMENRE#HIT—FHEREN Q-Learning 1#1F, AFBIL 5 IMRIFE
R HAERM state. action, EANIRERELF#HIT Q-Planning $&1E, ELIMERHIT—H Q-Learning 1#1F,
X RMBEREEI T n & Q-Planning #&(F, SLIRMERACRESEEANRERSR 1 n XK, BEXMA
SRR TN FZH AT sample efficiency,

Initialize Q(s,a) and Model(s,a) for all s € § and a € A(s)
Do forever:
(a) S « current (nonterminal) state
(b) A < e-greedy(S, Q)
(c¢) Execute action A; observe resultant reward, R, and state, S’
(d) Q(S, A) + Q(S,A) + a[R + ymax, Q(S',a) — Q(S, A)]
(e) Model(S,A) < R, S’ (assuming deterministic environment)
(f) Repeat n times:
S + random previously observed state
A + random action previously taken in S
R,S" <+ Model(S, A)
Q(S, A) + Q(S, A) + a[R + ymax, Q(5,a) — Q(S, A)]

6: Dyna—-Q &%

M= 5 ARG, BREMMERR S HER, BIEETRG, BEATs L TEANNEEERT
5, BREEES IR E R E SR AR OR @ T RAT R ARG

actions

7 %

i
b7
&
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TEZDBIXEET 0 planning-steps (R #1738 %S Q-learning) . 5 planning-steps (B 1 & Q-learning,
8 5 & Q-Planning) LA 50 planning-steps (Bf# 1 & Q-learning, 150 * Q-Planning) BIIER THER.
XERY n planning-steps ~AUZKAIE (forward) #E 50 &, MEHEMKHIT—IX state. action KIZREE, MM
#H1T—4H Q-Planning, REBIXFHFHIT n 8 Q-Planning &1, W TEMR, ELFRRNYEIEITSAESE
2, UHMEERATEXLFIRRRETMERR S EEIERR G AIRE. NLITHTT HRIRIRESITE BERM
AR S ERIBEMFA G AR action 1, FRERSEGEE, THFISREAMEEELT .

800
600
Steps 0 planning steps
per 4004 (dlrect RL only)
EpISOde 5 planning steps
50 planning steps

200

144

1 Episode
Sop

8: Xt 0. 5. 50 Planning-Steps BYI&)7%

MEFRENEER], HnElA, HEEEEEHZHN, PRFA episode ES5HEMD, policy AR &AYRTE
RHBEER, BUERFNERNS,

MBRL BZMARAIRE=TXR0HE, HEREN=TEK:

1. BRI ST ENEBT sample efficiency FIIES?

2. TRV MEREAPREETHEMERL, FaERNSHINZHHRENQE, BAANMTABRE AE
(BRI MRB BRI TRIEIIE S B2

3. WIS HIEREERNERARE, FTRERIFNIEZDREGEQDNRRIIGER?

=. Shooting methods: ETFFEHLR¥AI MPC (Model Predictive Control) Ei%
FEERE— I BERIIMERE p(s’, r [s, a ) f&@, AMTAIBMMIBRSE R, EFHpRENEEMEHITE

SIRHE [a,ay,..0a ] 055, ssRE—REEs (W, a, 1,58 a, ) s a8

/l

PENERFT [a),a,,..., 0, | BIREBNRHOHRFG, SEEEL state ZT X, T YUFRER s, ok

e50e



BEEE, AR —NEIERT [a,4,a,,....0; ], MEBTRPRESIHE, FEREPELEEHT T SHSE, o
PUBIITESRIRIT R, HITRENIR, ATBEIN DMRERER, XN MRRERKEFE, MmEE
THEHEAS s T, XREENE a by, FIERGHNMERBOTRET.

n 1 N T , (k)
Q(S’a)Zﬁ;ZO‘)’V,
=] t=l

BEIXNE— action WRAMEITTHENITE, FJLUZENMERBNTREITER AN action, {EAHF] state
Ti5%4% action FIERS .

AUERNIRES, LFREHTRENZI)IZ, MEAETHRERIESEN EHITER, S%l—%
action RIER/E, BTEFHVIRTSAIER BT MPC 3R(EENF],

BEVR 7 ER e BUAAEM (uncertainty) F9[RIRE, —PMERRBREEIL N PMAEEE, SRR
TSRS HATION, B N MERPFUNERENTFY, ERZETRIUNMNESR (Probabilistic Ensembles with
Trajectory Sampling, PETS),

N
Ensemble lossp(8) = —z folog(s,s1|5m an)e
n=1

o

Gaussian NN f = Pr(s,,,|s,, a,) = N(pg(s,,ae),za(s,,ar))

XEES—MERIZ—SENYRR, ET Ui state. action EFN T —5 89 state, @id L Hi state. action &5
S omTMEN A ZE, AREUERREETRORS, 8)XRER, 8T Ensemble F189 N N5 Hf
BERE—ISHENR, HIETROMEE, BYXENS, 7 capture BRI RIS A uncertainty,

—RINAARHEM (epistemic uncertainty), ERELRSHRAT, BTHERZNRE, SBRENEES
RE, FERA, ELILFEEBI Ensemble 975 R IEI AT

—ZEBHBEE (aleatoric uncertainty), EE—TEEMR, HEINT—HIREN, E—TBHORIME,
FE i@ = AR RS TV B G XA RE L 1 2l E e

4%, B ensemble B HNIERE, BERFLER, FE—TREDM, RERFLZ RIS, R
EA7 (forward) #8. BTX—IE, BESER MPC B, MMAIUSEIBEMAVTHRES.

M. MBPO EiEBitpth5SXMAE

B—HHE, BUNRERBSEIREZB—EBRE (rron), XESHMEBRIFIBER )| 4528 %R
B, EEMNMHEPRZEEEIN Value ESHEELIMERREFEIM Value BEBEFTZEEE, FRM value discrepancy
bound (BAT&#7 bound) . AMTEBHERIZEEE X RA TR, AMin[n] hESLHFETH Value &, HMT[T]
RNIEREL A Value BREMEN bound ZE. e 2REESFSHNER (policy shift), XEHTRELIE

eB0e



ITRISRIE AT, TMHRIRARE I, RBNARESHEMEREFENBESTAE. ¢, IMRERESE
SR Z BIRYIRE

,\ 2V Tmax(€m + 2€7)  ATpax€n
n[r] = Alr] - >
1-v) 1-v)

C(€m.€n)

€x = ms:ax Dyy (rt||mp)

em = max By, [Dry (p(5',715,0) [Py (s, 715, @))]

ETUEDH, BRMARRARE—FHNETENERNEZ S EE MBPO (Model-based Policy Optimization)
TR, REERAANETAEEASEIHERENN—FRNT, PERFHR— state /7, A
state FITERY branch point JT44, {EMIEEAT— k-steps DX FKAF, WM TENEBRIRAAEND AR,
FIG R LSRR E — T IEE M model-free AR A BIET TG, MMIESEIRERFRR, FER
RELS HSLIfME 2 B8]89 bound,

Branch
Real experience trajectory

Sy Gy S; a, point

9: ENSARBUIME THY k—steps 7S RAF
ERXPERER, HXENESH K WBEEEEENER, MBS T —1 bound HITEHT:

k+1 k+1

y e 14 k
n[n] = nbranch[n] — 2tnax 1- ,y)ng + (1-7) € T 1—y (€m + 264)

MmN ELIMEFRH Value B, B[] HIFRIEE R Value R EABR bound Z18, RIELRITE,
REZ k=0 bound &/, MNEMERREHATHRNIBN . HTBRX—EE, AMIEMERESTE,
RIUEP—F e, PERT ET ZRINZIA policy RAEFSFEINEIES M, LERTURRAER HRTITZIAY policy
REFSREIED T, WA

e e



Em, = MaAxX Esnr,[Dry (p(s'. 7|s, a)| |p0(5rj rls, a))]

WAIAFR— T FEBEXIE

E+1 E+1
nln] = n?" MM [7] — 273,00 re 6”2 + L ' €n + L(em,)
1-v)* (A-vy) 1-vy

de_r
EFARNF, BEX bound BRITES A, H de"n E8%/)\, W EHETIMREERE SETINE 7 BRYIR
T

ZRLCRIEE B AASEMEE (shift) B88/0\0T, M k>0 WIHEZSE bound ER/NVIER .

de 1
BA Mujoco ERERFIFHIT DTS AT, dr:-n REVEEEE 10107 28, e BRENAER, MK
T
MEEBVE AR ME T IS LRI,
Hopper Walker2d

) 55k
f;z‘ ’?R 10 45k
& e © &
. = o B 3sk
2 o L — e 10° c
@ o] — = T [«
T = T I
T 1072 T = —— _— 15k
2 — Q g} ————=
£ E

0 1 2 3 4 5 0 1 2 3 4 5 S5k

policy shift (ex : Dkp(7||7p)) policy shift (¢x : Dkp(7||mp))
b) 10° ° 10t ®
10-1 ... 'b
—g 1072 " . ’g‘ - ..
‘:‘ 1073 .:' .'. ‘:" w0
= o °o_ o 2 S
WF o " se , ° .-.D..'a ..o - d'.-. .. ® oo
T P, . L 10-2 . o ", .n. o0
10-3 | o= . e o 0 0 o A LN
0 10k 20k 30k a0k 50k 0 10k 20k 30k a0k 50k
train size train size
10: HEZIR DT

R—DITERNANEIEAT AEBER WAERERENERREMR T B, ERAIIREDMARER, ATE
SH—TEENKE, FFXT KERYSRIL bound A&/,

e[



W2 MBPO BiEMEERTE, B IHETHIRENRKIITH branch rollout S k, FRRERERE
B ERERS ., X— R TR A ST model-free B353XT branch rollout B9EUIEF1TIIIZ, L
soft AC %,

Algorithm 2 Model-Based Policy Optimization with Deep Reinforcement Learning

1: Initialize policy 7. predictive model pg, environment dataset Depy, model dataset Dyyoqel
2: for N epochs do

3:  Train model pg on D,y via maximum likelihood

4. for E steps do

5: Take action in environment according to m,: add to Deyy

6: for M model rollouts do
7.
8
9

Sample s; uniformly from Dy,
Perform E-step model rollout starting from s, using policy 7,; add t0 Dyyoqel
for & gradient updates do

10: Update policy parameters on model data: ¢ < ¢ — A,@d,.]ﬁ(qb. Dinodel)

11: MBPO BERFEiFE

TERZ MBPO BIEHEARME FSHERANMILLLR, BT MBPO RIXIEESLIRr] MEE, MBPO BiATE]
R LHERBENNETHERE.

1000-step horizon

InvertedPendulum Walker2d

£ 900 £ 3000 £
= =] =
[ © @
o 600 o 2000 @
(=] [=2] [=2)
o o o
¢ 300 2 1000 g
T (] m
0 0
0 50k 100k 0 100k 200k 300k
steps steps
HalfCheetah Humanoid
15000 ™= == w o= o - sooo:::::::::'
S £ £
2 2 2
L 2 10000 @ 4000
o 4] " ]
o o o
hd i -’ I
2 g 5000 g 2000
o [+ m
0 0
0 100k 200k 300k 0 200k 400k 0 100k 200k 300k
steps steps steps
= MBPO == SAC == PPO = PETS = STEVE -— SLBO == convergence

12: MBPO B ARISLIG L
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A, &#H BMPO BiREIE S5 LA A

MNMVERMBEEHTRIG (toward) BRI, SEET HEIH state EBRTTESL state, WFEH
AN Z 2 ERIRTS, R, AR UEIIMBER, BT HpI) state KR SHIR ZBIHIA state,
2 SRNZ ZATAPRES, BERIIMEERAHIREIA S RINZ state 281, EEEAPTEHNNT, X
REI IR A R AHEEL (backward model) , ETFUth, KAHEHH AL ICML 2020 38 7T —NHNEA: BMPO
(Bidirectional Model-based Policy Optimization) ,

R RPUREAR@ERE (forward model), M state [ HATINZIEEHTHIE, ATE—FTHEHT
HEEBIRE (compounding error), FEEHIRITUTHTT, RERMIRR, BEMEHNERS BELHRLR
ERZENEERZZIEAR, BEEMNRREFER. #ITREOERNOEXET, SEAWNEER (idirectional
model) RIS HTRIES REKDEN, RLNNTHNERESERBORE—FHE, IORESEORE
SEMBIENS HOD T2 EREORENIER, ERRENREREE/NTT2ERRRRENBI,

@ : real state 3
@ : forward state " H bk
@ backward state Stya1 | uee © f d d I
: compounding error 3k2 __//V. orwarda mode
e
o——>»¢ - O06—>0 - s}
5o AN Sk, 841 Sk 4
3
g ® bidirectional model
s—k, S_i - ,'.
® - O-= — ® @ - ©
" Sl So Sy Sk,
R
5,

13 BIEERAERIEE

BAMER PETS Ak, FRAMEMNEEESIIRENASNEE, BIIKREESEREE (backward policy), RIE
UEIPAERIATS, 83T MLE (maximum likelihood estimation) B9/ T S) 2 B state PSR FIAY action:

N
Lye(@') = —Z 108ﬁ¢' (aclses1)
t=0

el BUEE GAN 9, SRERE <A state TExAJBERFIAY action:

el e



minmaxV(D, ) = Eq,s1)~x[l0g D(a,5)] + Eg/rllog(1 = D(#(: [s"),5")]

BIEXMMAI, A UE I EIREHENFRRE,

£ BMPO BISRAFFRT MBPO #9 branch rollout B, 1RIEK/RZE S HHRITENER B NEREIHPRE, U
LERRIET HE — MRS EB RS RNMERE, MM e DU R @R R e =) a0 e E 2 S 5 ME R EEE
BIPRE, URZEEMNENTEIREE, MMRLRSHREFNOITHRE.

p(s) o ePV(s)

H—HHE, BNFERFISNMERRS., ERBSELHEPREIRER, S8R, EH8 MPC AR
SERFFIRG TR BIFNMERERBINE.

BMPO BYEENAFRZU_EFR, EBIT MPC (AR TESMEBER BN M ERIENRE., BT IERIAIEL
FBERIER, RIBRARENERBRSIRSIEAWNE rollout BFIRIRTS, Bid W @RS 1T @ E,
TEIRBRYENIT_E{F B model—free RY753% (soft actor—critic) #H475RBERIIIZR

Future Prediction Action Selection Model Rollouts Dinodel

o—>8—>»0 @ ([A+A A+0O=¢

0 @ | |A+A A+@=¢
}a, = argmax G

LR - —’— ......
& = P
L >0 @ |AvA A+ H =0 :
2N LN AN LN LN N VeI o1 ——9 ——» @ - @
Seel See2 S+l e +1 wrii-1 VGiii)
@ : high value real state © : low value real state @ : forward state @ : backward state A\ - predictive reward [ : estimated value

14: BMPO BEIRE R
KEEHZE AN BMPO 5 MBPO 45 R # T T BIL DT, HEMARIREENREER (forward model) B, 2

MUNERIREN Ki+k,, MEANEEERN, RROEGIREN max(k, k,). BT max(kk,) —ENTF ki+ks,
EREREERNEFIRESE/, ERRBEEL.

ephe



@ : real state L 5

: forward state Sk ks Sk,
: lfzackw:rd‘s:ale 3“ L g ‘ g _____ .
: compounding error 3 ! S, s, .
5 ."/ @ i .47./_//:. ...... )
/'. . . L .A// Sy 8 S,
o——>@ - o—0 - ® 3
8o 8 S, Sy 41 Se4h o
forward model bidirectional model
Bidirectional model:
bra.nch ~Ritkatle yRitkae max(k1,k2)em
] = oo r]| < 2ri | L2 + L o lrden |
Forward model:
branch R R Ry yR1tkae Ek1+k2 ;lﬁm
|77 - [77” < 27maX[ 17)2 +- T T :

15: B

RAET Mujoco IMRRISTEESLINEERIUEIA T AIAO DT RHEAY BMPO BIEREGSLE Z RIAMIR KA MBPO B
EEB B IFROEIERAF R AR ISR,

Pendulum Hopper Walker2d
——————————————————————————— 3500 == o o . o
=200 5000
3000
—400
c c f=
‘5 —600 S 2500 S o0
= = =
3 v ]
-800 2000
& & 8™
—1000
© 1 @© 1500 s
O [ @ 2000
> -1200 > >
© @ 1000 ©
~1400 1000
500
-1600
o o
1] 0.8k 16k 2.4k 32K axK o 20K oK 60K BOK. 100K ] 40K B8OK 120K 160K 200K
steps steps steps
Ant Hopper-NT Walker2d-NT
___________________________ 4000 T T ey} S ey
3000
3000
2000
E E E 2000
3 3 3
D @ 1000 ﬁ
E E - 1000
o w v
o o o o
® a 8 o
£ i o
v o o
z % -1000 % _1000
—2000 ~2000
-3000 -3000
1] 50K 100K 150K 200K 250K 300K o 20K 40K 60K BOK. 100K ] 40K 80K 120K 160K 200K
steps steps steps
—— MBPO —— BMPO — SAC —— SLBO —— PETS === convergence

16: SOTA tbE

b1 3F BMPO 5 MBPO MEBIREMIT T EXRIXIEITE, FRAZIMTE rollout length FHEIRY, IEEEEA
BENNESIRE.
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Pendulum Hopper-NT

1.4
1.2
1.0
0.8
0.6

0.4

compounding error
compounding error

0.2
% 20 40 60 go 100 2% 4 8 12 16 20
rollout length rollout length

—— forward model —— bidirectional model
1 2h
A 2
Errorg,, = o ; 15: — sil5

h
1 . A
Errory; = on E (||Sh+i - Sh+i||§ + ||8h—i — Shfz‘”g)
i=1

17 EBIRE

AN Y

MBRL & TR/LERBUZITFNARAR, WFEIIME TG, HNEBHEERILEIRIE R
TERNINGS N, /57 EENAFESLIMNE, MBRL TEHNETFEEEAN MBRL UEETFAAERN
MBRL #2t, RIMMAREESOT TETEEHEAMN MBRL, ETHSEAEN MBRLIIHA LI TSR,
EE4l ICLR 2020 #9 MAAC E8IE,

IF MBRL REM L E#EE, BT/ LA

— BB R P FTERMIMELL IR B E, bl Mujoco MBS, ST EMIMSCIMERR RIS, LR EBR
PAPWETAN, FMEXNAOEKEEEIEE R, RAXENOEGTEEIFESHRRENE, FIEN state REZ
BHN., AMIFIRBNSEYREEESELNIMICEERE, #TEROBANERN, —EERE, X

REFRNZITNREMSIFREKR, BXNERCIE, NELINSRENIMEEEFEZREMRIOAR.

—RUNENFIRBIC P S A bound FERRIEANEIER, MBPO 82— PN IEBIFIILE, MARSEEZNARE

AR

BiE—2, MBRL AJLARN I T2 E 8RB ES) (Multi-Agent RL, MARL) 1, #I%0H61HEE A S11EH MARL
WIBERE (OB, WESRITEMNPNTERESATINGINN, RAEBEISIMEFRRTIEE.
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