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Abstract Reinforcement learning gets optimal policy through trial-and-error and interac-
tion with dynamic environment. Its properties of self-improving and online learning make
reinforcement learning become one of most important machine learning methods. In this
paper, we firstly survey the foundation, structure and algorithms of reinforcement learn-
ing. We also discuss the exploration oriented algorithms and the exploitation oriented al-
gorithms in Markov and non-Markov surroundings. Then we deeply discuss some key
concepts of reinforcement learning, including partially observable environment, function
approximation, multi-agent reinforcement learning and rule extraction from reinforcement
learning. Finally, we briefly introduce some applications of reinforcement leaning and

point out some directions of reinforcement learning.
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FHE agent W — T F EFFMERBEVE N KR TE, K P E I GEJI BE BE agent B X H#
BEZ— EVHFFIEE, BRERBE AR, 250 AK0 L 8 B ¥ 2 (supervised
learning) . JE W %= 3] (unsupervised learning) fl9& 4t % 7 (reinforcement learning) = K&.
R B—R AR E R GE NS AR R GENM A SRR ILEE S TE. N 20 L
30 M AKRF IR FEEX BT W B F BB R B RBEH RS, 35wk > BB 35
NiF BT RER, N BRIISEI SRR REZ .

AXERNRAEEINHRAR#ATER s mBRRAFEINER SN ERR
B HRBAEIW AN FERR T, NI 4 BB BB LT % agent BILF 3 MR
2, AT ER. BG4k 2E >y £ 2 LR AR B 58 07 1)

2 RieEE>]

2.1 BUFEIREBNEN

iR I R NA RSB ERSF W= LFENENFIRFREBHREARH
| K. ZFERRET RSB AR IE B 5B Sk S 8 KB R o, T2 8 d i
& (trial-and-error) E X A BHIT AR EBFEREHR I E: —BRERIULFEIEI—K
Gl —RIEMI X KRN — MR, MR EAEIEN—LRE, BAHWZEITEARX
B R —HKEHE agent WITHFE], LRI agent BALKFT N, B F A LUE T BIE
BREZHEBARLH: S —BERAKAITEARAMNEAUN T EESETEEX -ABERETH
FVE RS R R BUE. IR A R X R T E AR AR I HEARY ERITPINRIRAE
SR—MEIFER. BREANEHIL GITF OBFEHXERABRME . R TLLEMHAE
IR KW EFERSER. BEED 20 4 80 FK .00 ERFMBMAEI R AR EANLEER.
MBREIMADEHEOARPER T ZEHEMNE, HBEIANRRITE B agent B0
A 203,

RAER agent SRILFIERGHMAE 1 iR, agent HREBAN [LFEZI & L *ﬂz;bﬁfﬁ
B P =S/ ERARR RERAET [ HERTRE s B4
% agent N EPRRA ; BhPE L 4% P MR8 LA R B
E aE TR W8R8 LBEFRRERSHNER
8 r ABRAIRERS i, B ET agent B BE AR, W fESI1E
cEATHRHFBRENET " BILEITHERK
ﬁ ¢ E ﬁ E :ﬁﬂ % agent H“j % "T' ﬁ] ﬂE 'T?f ﬁ ﬂ; ﬁ iE Eg % ﬁ R s st PR £
(3BIL1E8) . B4 agent UIEEXPMERNBEBS | 3841 % 5] A HE AR £

MN3E ; )2 Z agent =43 B AE B4 F 8 55 Fig.1 The framework of
ERBA2EINEBIRREZEI M RHER .S~ reingorcement learning

A, fF agent BRI NERBREARBEXHREH. BHRESHRE T, EHETEFE agent 17
HMKBER. AT EEX — T BREECRRAN KPR IRET ARMKBIBNE. BH
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LLAR 75 B 18 R % (value function) B R 25 - 80 7E XT 89 {H o8 B0 3% 15 I B 35 s %0, sR BUE & LU
T=%

V(s )= i}"‘rﬁ“ 0<7r<1 (D
h
V™ (s,) = En (2)
t;-{} ;,
VT (s,) = lim(—zr,) (3)

h t=0

Hor y A F,r. B agent NIIBRE s, Bl s BB EMEZIN X KA, KETLLA
EAEFE. XD ALEBHFIEE, agent FERKXRLGRERER, FLUEME AN E
FEERBP;RNQ)OAHEREA agent HFEBRFK A ZHREMN; NG RHFHREHER,
agent ERHEKAFHER. BAR, WREBBRHHE B iR R % MR HE T BRI LI#E 2 mILIT
N R %

h—=o0

" = arg maxV" (s), Vs& S (4)

HEMAAAENHPRERFERZABRRT ARBERAF T EERFEMES. AF
THEEFIDUAR, BUFIATERFLERMIIGH, At Fzd R —FMELZFIRR M
EREEIBEARPERELRES RIEF EMER.

BUUFIEAFRTHAYEAR. TEEFHETHANTERNEE ZAREE, MaE ke
agent AfF RICICHAT WA RESMEAir R A KK, ARMEREBENHEEEE
) ,agent MM THIZ EAEAATLLESEME RS BRI, B THRMBERFEEEEME
BT AWMMAENAENRE, RKAEHATRERAR S TR T ERPAE; BRI ¥E TR
ARG SHENXEER. Bl BUEEIBAKANEREHEE .

FiRRLFE I AR THEMNERNER BRARERFRFNEHRHEA . HELE
MES P REARBFLAHERAV I SEE, B REHER LA DA SR 463,
BHEEWNHSRBELFREEEN. Bk, BEMEBER AR ER—1S M1, m B 7 L
@RI HTREMG T, HRERMCEIZIARP, FEA X LR H.

2.2 BUFEIHAEHE

A EHEBAFEAIARARFT I HRBEAARRRLKRT . RITEL -1 244
RE. B TEBRNEEIP,agent BT HEFHNERBERWINEERA T4, XHFH
— A~ 1a] R« B — P i 5 SR T LA AR B R R L B R 4k A X T I #8 % (exploration) il
F| FH (exploitation) ) BYXE R BT . B EFE R KR MRS MEEGERFW D, ERMA
ERBH AU ERBRECREMENE. B THRERFIMERBT RV EERE, A
18 5% 0T LA 55 B WSO B) &% O 3R W% 5 1 ) AT AT AR BY R G 4 1 RE B0, 1H T BB A 8K B IR L
b R EATTE 2R 17 3K 18 B 0K oK B Y SR Ak 22 S B BR b B U1 K BY (exploration oriented)
B 5 R K1 SRR AR B MR F B BRI LK iR LB (exploitation oriented). ZE ] 2
FLaRERNRM L RAEREBENLKE ®RB TR, 4 KB R R R FE S Bk e
WIRRH, BAE LA UL AL RAT KRB ERES/RAI RN E B2 40 - BRARENE
EETREFHRR.

R EAFEIERARES : —LREFRFRES:; Z—LBRIRFRESF. FFEHFE
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%%, 24 agent I AR A 23 18] B agent 47 4 23 [6] B BR 51 B, agent ) ) 1E & B B 18 2)
BB EE, MARWE X RESFBNIE. MAEIRFELFP,agent 2k A K 30 /E 7] GBI
% 3 BAR 7S R Sk 89 32 B Ht B . 78 X R 1

Tragent MEEE KB R R BN 55 ﬁ%% b : iy
R AT 2R 3 X R ROR TS i B . a | WABE 25N
I agent W% ] ¥ & B 6 (8] 45 BE 40 Bc 7] &R T T T T T T
. . SR TDW
(temporary credit assignment problem) , B[ AR Qa3 | q-psp
agent 7E 3R il — 1 31 # J5 78 B 9 % % {8, el
Cls 2 PO 2 ol S B SO = B 11 S BufRE 2Bmscl
FELETERFEES,. TAESSHE 2 705 2 WAL T 4R E
PR AP EI R B, Fig.2 The categories of reinforcement learning

3 BiERMEmARIEL

B3P R T R u] R ELA, I Fe BY 38 4k 27 > 6] B A LA 3 B /R il R R R T & (Mar-
kov decision process, MDP) @#. & A H LR KRR IERIE R E X.

E N 1. %%ﬂ%&%ﬁﬁ@ﬁ—ﬁ“ﬂ‘%ﬁ%% 5, agent ﬁy‘]%% AR R
SX A—>Real HIMREHBEIE T :SXA—>PD(S).ie R(s,a,s' )} agent TERE s X a sh{E
FEIHREREEHBD KB RBRER R HE 8 T(s,a,s) R agent TERE s K a SMEMINE
REFEBE s  HEE.

DRARBESBIAFR SR ERN T - REZFBHOHMBMLE RN ERRRT S8
RAEAMBEEWIE. MEFTEREMPEHEL L BRHECHRTEEBRRBH T HX
BEBR WREBERAIR T, ARSI SR AR KBERUHE. MRAFEIEEVHR
7 T BBA R AR BOLT »agent A HRBHMAT R Eg. B T FF B R 4L > ] R
HiG B RS ES RS, B EANBR T ERRAEREARARAE SRS F—R

SHERBMITHE.
2ERX () BIWRRE, BALSH B R T EBEEE X, 15K
V* (s)=max{7 D, T (s:a,s ) (r(s,ars )+V " (s))), ¥Ys&S (5)
a ;€S
1M £E 2
Vis)= (1—a)V(s)+a(r(s,a,s )+ 7rV(')) (6)

i, 5% it Bellman 488 B ERE T BRI FE L, R ¥ 8 Bt , &
{2 > BB #B 2 Xt 2 (6) f5UFE B 42 B

MBS B agent TEEIG/RATRRFEEBAMAGE TREMR BFO.ME
B S B AR S, X K B BRI G L B (model-free) ; T ZE 22 M S B B F T B EA
A REHBEEBMAESHILERB T, R AE THEE K (model-base). HTATEF
3 TEHEBEAR BELEHELXFESRERTERE/N BHETRERIFHBREIF
HRNZ2BRAN. AR ETEAERSESSL. FRLNRALEIBE S TDEEM Q-F
SE SR FREMBEE X, Sarsa fl Dyna-Q HFER THE THEAE.
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3.1 TD ¥ %
TD(temporal difference) %> BB F I FEARFEITENEIBEARZ—. TD EIBH
BEP REANSSHYNBEANES - H TDEREEATELRGEBERNBN T UEE

M agent BE P B — M TD B AR —8, PR K8 R 175,

BEEHEH TDREEN— TDESE B TDOBE, XE—FMEEN KWK ERBE.
frild—2F TD Bk, B18 agent KB W BN ZEEHN G ER -2, B8R RERBEHR T H
BREBMMGITHE. TDOOBBEHNERARN

V)=V, )+ alrys + 7V (s )— V(s )) (7)
Hdt o BER, VTS agent 75 ¢ B2 D5 RIF R E s, BT HEPRBERE LV (541078 a-
gent 7E ¢+ 1 B Z| V5 IR IR BARE s M T VIR SIE BB E » 7141 76 agent MRE s, PR 5,4
BRI REGHBE REE. FI RN HA5MER V E; RS agent 7 s RE, BT L H K
B% 58 € SNE a. ., BB ERBHRFINGB (svars s rra ) s RRBB SR AR ER (DB
BORS{ERE. 3 agent ] BI HIn R, BELK I —RERBIF. BiEskg AT IHREF
R ERER . EEZEIE K.

TD B £ Sutton F 1988 4R, HiIFH M REW B D/R AT KRB, o 265 i3 I &
BT, TD BB LRS- . B TDOBEFERSIEHRE, RIFEEAE T TDO) ¥ agent
RENBENZERERBRHBRESVERBMEIHE. EERBN LR agent KK BT
HEMNUMEEREEEL KM TDAOEE. TDAOBERHNKRSEFE B ABRENER. B
EIER AT TR

Vs)=Vs)t+a(ry + 7YV (s )—V(s))e(s) (8)
HAR  HP e(ODEBXARE s WEZEE. LN B e IETT LT HFEHE .
f lp f —
E(S): 2 (Ay)r.—kahﬁ ’ as,sk — e .SZk (9)
k=1 0, otherwise
YA 1, if e BT AR A
o(s) — {7 e (s)+ 1 S%ﬁ-ﬁu& (10)
YAe (s), otherwise

NP XEEMGEE: . ELICREIEH : HP, WBE —RE s BRI, Hik
HE e(DBR, BURWN YR ABENTRE X . R HERBGEIR @) &R B%R. X (10)
FE 3 (9) B — Fh i gt
3.2 Q-F3

Q-2 W Watkins B — MR L XWBAFIBEES, IR IBEEHER TD %
~J (off-policy TD). ARl F TD B, Q- LB RARES-SHEXNHEEM Q" (s,a)fE
P HRELMIE TDBEEPHREZERN V(s), BT Agent B —REIJERTEHEE
EREB TR ATHREIIBERSE. Q- % IJBENERERXNT

Q" (sya) = )’ET(s,a,s’) (r(ssays )+ maxQ” (s",a")) (11)
s & @
Q(st y U, ) — Q(st y (; )+(1'(?"H_1 + YmaxQ(S.fH ’ (l)—‘ Q(Sg !at)) (12)

AADHP Q" (s,a)Fn agent FERRE s TRABME e I EREB W REXZ BT, T4,
BUKMAE s RETHEAQ HBEAKWITN. BT TD %M ,Q- I H AWK Q ;R
Jo agent £ s RS R e- R ORI E o, . BB HEFINNGEB (sivarssir srr ) s
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HEXBEKALEAIPKEROADOBH QMHE. X agent iR F HIFRZ L, BEEXR F—KERYE
R BEHENVERETHEFOERBER  HEEZIEGR. EXTHEBB, QEI AR T
TDEEREWA:D Q-FIERMBEREEMNWEBE D Q-FI P AT KRR LR
P EEBhHAE » To MK B B 10 B D0 oK gt

HFAE—EREGT QI RBTRAT LR AIRIEEWS.AE Q¥R HAIEA
S B R T R 5B L2 S B B, Watkins F AR AV ERMASI S, B Y « WRE —F
S48t MDP B8 Q-2 3 B sttt A EMiFANZEsR" Y. R, Q%
RE TDOVEERNFRAY £E QUORE.
3.3 Sarsa

Sarsa B Rummery 1 Niranjan F 1994 FR BN —F R THREUF L, ROIEHR N
BGER QEIJBEN . ERRAME QEES. Sarsa &2 —FZEFRE TD % 3 (on-policy
TD). —2F Sarsa BEER] A F TR -

QGs,ra,) = Q(s,va,) +a(ryy +7Q (s 41 sai11) — Q(s,ha,)) (13)

agent EBNEIE BEBE - X ORBEHENE o, . BBEB ARG (. a,
Si+1 97 41 ,ﬁﬁ(ﬁﬁﬁ E‘fﬁ‘ﬁ‘%ﬁﬁ'mﬁfﬁﬁ S+ Bﬂ'ﬁg@f? A,y ,%fﬁiﬁiﬁ(w)i&’ﬁ{ﬁ@ﬁ@
BGREBMRED a BN agent TR T — P a1E. B ,Sarsa 5§ Q¥ IMNERET
Q¥ I FRAMEM BN KMEFITER, W Sarsa WX AN RLIRN Q HFATTEN. BRI
Z4b,Sarsa 2 JEBAN¥ I F agent I YA QEHE T —RAENBNE; T Q- FK
BB G QEMEshE. HIPR Sarsa & —F7ERMK TD 22>,

4 ZREARmF IR

EERBEEEBAFIBED . IMENEELERE T HAHEKRERAHART LER. MESL
wasib B S Bk, AR A TR\ HNZ K AR B4 5 48 78 1 3 18 B #1730 1E 1)
. HERNBAEIBRL2BR BB FEIE S, I Samuel #7573 Bk HLHE X 8 3h4F %
#07, & Holland 7E4r 25 8% 2 45 0 B Bk i (bucket brigade) B k.

Horiuchi % A8 H — 23 Fgny Q-PSP 448 1% Bk a9 Al IE 2 J5 ¥ (Profit
sharing plan,PSP) & & # Q% 3. QPSP A F QORARK, XHARNRSER. Q
PSP 34 B2, Y agent KEBLB AN Goanseira ) B HERNES R HFERS s+
i, A RS EMNES R, HETF RBENEa.+ ;Y agent FRAA T RB R, K5
—ERHNE K aEAE R i REHT T —REFE.

BR. HF QPSPHACHIANZEAAHERANES R KEIEF LRI QF
JER;BRHEN QPSP &S RAT AN, HUAGER B WSER. LRFHIHXKAK
KERESERH S EHNESH,QPSPEEWMR LB TR, A5 BT QPSPRET
AR KR E I B N THAHENEERE. AKELRBREEITES, MK
T SR B 43 B eR 5L 48 BB ST B0 L ) L.

MEBIFR ST BERF - FZRBRIRARFETHERBIANFIRE  HREXNER
o AL B 3R k2 ) B B AT B T
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5 BRAEA

LR jagent T FE L EEERAARER. BIERER TS /R K8, HH
TRAHAZH, N TREBHNZEZROLEX . Bit, BoRAAERE TIED /R0 RE K
B S B R b, IR A ST R F I B R T M A BB m LA g, 2B
BB HI R FENAR T EREFNER S, XM ERE TR T W L /RA] K
HR 11 #8 POMDP(partially observable MDPYREI 2 | R T BB RABILEIE LS. T
HE o4 POMDP BB 2 e,

EX 2 HESRARRREER S,A,THIR £,0FR agent JUBRANHIARERES,
WME PRI O: SXA—>PD(D). agent ERIME a HEHBBRE ', MERB OBMEHE
REVLZE | IR 437, i h O »a,y0).

7t POMDP &8t , AMUE BIME AT EH R B BREW AT S, XM HE
MR E Bt AR, H L FE H MDP B, 43 POMDP [nl B 24 E B 2% &
G 8 MDP #R, MR IR HEAETK T UM BRREE SHE DR R E M.

AR R ETBR I EMRN TR E AR agent BERE, [
5| AXT A EREHNERE % POMDP %4 k401 & MDP R REMEEE XK
A5 AR Z (belief state) . FRART 6 B LAZEBREE S FHBERSH,.IC 6 HIRE
s WERBE. EEHRE b, Agent ATENE o, BRI F KWL o, AT 3% Bayes FH, ¥ {5
ARE TR .

O(S 1‘51!6) ET(Saa';S )b(ﬂ)

Pr(o|a,b)
BR,YERHRESETH &8, POMDP [a] B 5 48 5 B8 2% 3 88745 % “4= B & MDP”
(belief MDP) SR BE 2=~ . T HA H15 FWRE MDP A E X.

EX 3. BR agent ﬁﬁfﬁmﬁﬁﬂﬁ%%uﬁ %@Wﬁ%!iﬂﬁﬁ%%@ﬁ% 7(b,a,
b’) ,%ﬁﬁﬁ% p(b,a). _ﬁ%!

r(b,a,b’) = ZPr(b’la,b,o)Pr(o\a,b) (15)

b (s')= Pr(s' |o,a,b)= (14)

o(b,a)= Zb(s)R(s,a) (16)

X7 POMDP [a] 8 #) % > , E*’I%&'ﬁit%ﬁ;.lqﬂ — M EEEENBRE T M. BREL EE X,
RIUUT Q%2 ,Kaelbling FALHHNMEE . B FFEHRS MDP R & — 4 %E4%:
REWEE,FEESREE BRI S| >15, |0 >15), 7 5] 44 1 59 /) 5 58 4 4 5 1
Ky2BEELER EARIT. Bk, 45 4% 6 THERM T A ERERE A HER S
BEHKAEFERGRANTAREFEZ —.

6 PRBUGIT

X KA MDP 8% 2E%5 8] MDP [aj /i vh, iR L2 I AR RESR T BT B R E. HILER
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BALFEIRBZHEN. BUEIPTHREXEZELE S—A,5>R,SXA—>R,SXA>S %.
BRI A 11 A< s R 2 UL 9 R BUE T X L R A

BT I RRRKG). BEFAWERBECH Vo, W= 13 874 BE R BB T R

Voo I'(Vo ) h D (L{(Vo))) s (I (I (Vo ) ) ) 5.

EZ BRI FE T B IEF . H R BUK HR
# & & (lookup-table) R f7. 7E B BUAG 1T 5k A
EAGHWE 3 BRIV B ERER,V WA ‘.1
BAMERA Vo, M 3B P =L EBBUFIIA

Vo M(V,), [(M(V,)) M(I'(MV.))),
DP(M(D(M(V,))) ), 3 REMATBAFINERLEH

Fig.3 The framework of function approxi-

Eﬁt,%‘fﬂﬂ: Q—#’Qﬁfﬁ ] ﬁﬁ’fﬁﬁ“?ﬁ’ﬂ_’,% mation of reinforcement learning
JREERARXBMUTBR
Q(s,a)= (1 —a)V (s,a)+a(r(s,a,s )+ mﬂng(s’ va')) (17)
Visya)= M(Q(s,a)) (18)
EREAE T RAFESI P RANFARIIERIE: - BERRERLR M 5 —2AENK
BB R M. H ik, M o 28 U B9 IE 3 v A B AR N R I AR, B AT
BT EEERAE RN ST Fk, WRERBS  BHEED  REBE R
BRI AT HZERME 1 CMAC 7 5.
RAERLEBIMRESE S BE TEEH, EF/ - KBRS AARERHHETF. TE—
A B B KM I MDP [ B3 5 #Ak  FAR B/ i) MDP [e) L. AR SRR = ) B2 B9 7 3K
RE#HBE, CERESEINEG —%F 0 0E TXE, MBS REZ B R 485 T MR KD
X, RN REE RS ERENU ST EREERKYFM=/AR 0, RAHRE
WA FENREMAHBAEICLBIEARKWAN . RERVUNE, REREREXBRL
¥ RWHM . EBEH S —EFRADFEMEHRAFE L. EERAAERBOER —EHE,
REREHNE KA GEA K. HEXT T KL MDP [a] 8, & 7398 1k & 48 B0RME” 19 FR .
BB EMEANHERRSRBENLH, EFRAHE MK E(HE#)BI{EH RN
—ANE L, TR TR S BT R, AT AT LA B R, Davies FWIRE— T 4 ®
BIEE E LA 11 X11=121 B X A8 L& & tE4E {8 7T LAE4E 301 X301=90601 #) X #& X%
M BB SRR E B R PN (A L © 8 E B 2 4 SR, {8 =77 2R T8 e “ 4E UK M /Y
PRI ¥ . 77 3 2% 4 488 18 ) K B R E o sl v
BRI RE AT BAEIMTHNAREHEME T AHYUEHTES. BRXEMLIX
W B R B TRAL Y T W B B R RE AR IE WSt B I, BF 9T BR BB AR E oS , JURB 3R IR UK
SRR R BT B IREEENHARMWERZ .

=

7 % agent AL

£ agent RHER P —MIERPWEDS /R KLIHIE. £ agent RALFEI VLR Z N A F
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BT, AR R RRBREES OENIEREDS ULV ABRRYT F%,
Weiss ¥ £ agent £ 3 4 B =25 . Fe B (multiplication) JE & . 43 & (division) JE 3, #1238 B (in-
teraction)%iﬁ[m- ﬁﬁ%%ﬁﬁﬁﬂ:%ﬁ.ﬁg agent %ﬁ‘f’ﬁyﬂ'—‘/l‘ﬂﬂ‘ﬁﬂgﬁig agent;%
AREBA agent HRA L F5RALZE I VLGB 5 HAL agent EHXEMKRFEILAE. 1
agent JH ML BT PLH, HA 5 HAD agent X H K IRULFE I B EFRZHA CIRL(Concur-
rent Isolated RL), CIRL Bk RBEBE N HESIE L agent RE, F REFXEAE PN T A a-
gent 384L% 2], M1 agent FHH M B T VLH] , I 5 HAh agent I H 13RI 2 T B FR
Z A B > (interactive RL). A2 H A R 462 > T il B 3= 2 0] 381 & 45 ¥4 {5 A 73 IC ] /R
(structural credit assignment problem), B} & & 3£ 18 B0 & B 40 7] 43 BC B} B 1> agent B 17 7
F.RERBAET BB EER ACE #l AGE,(ER BB BESELagent BS. B4b—
T EER R R agent ZB AT AL EH?

N T EEZXA -, FEIB 7T E agent RGP R EAIEA, RAE B T Xt H 1L (game
theory) B £ T H X% agent 3@ #HATHE— B 8. EXRE B F, B> agent K18 KB
i A& R T 8 5 W ah1E, [B BT 8 4K 8 T HoAth agent BB 1E. A itk, A LUK 2 Agent
AEPEHEITEBIRE s BRI TR g BaBUAEIWNE/RATRRERRLT B AIE
Agent R S/RAE] KXTRER, HE LT,

EX 4 BHORESESHEIXNREG agent EE AWEFTABKEEHEHR,:S
XA X+ XA,»Real FIRSHERRRE T :SXA, X+ XA,—PD(S). 1 Agent B & £
B K AC B B8 P F1 22 5 .

=TI, BT L agent MILFEI TR =EMER: GERE agent @b  FH AL
Agent SRALFE I MY T H R L agent ALF . TEHZH A E BTSN EER L.

7.1 S1EB L agent B F ]

ESEEE agent BLEI P . HTHEEERTBRES SRR RPES L H BE R
XA agent XRE—BH MHEFN. B, 81 agent FRAB FHEHME KK B R
SEBAE agent RGEW BB —E M. HL L, B0R B3 Z 07 ik k2% > 132 5 iR fh 2 > #B
BTAERL agent BAEYT . EEHEL agent RE P, S 1E 342 3 (cooperative coevolu-
tion learning) B] L4 3X B 5] 531 B4 &% £ -

7.2 BWSHBXP agent MU FET]
TR FRE agent MUAEI P, EBEEHRE T Z/RAARNREHBESLEE R RS
A agent KR E AHR K. Hitk® 1 agent H B B 5
agent B HHAh agent WHIRE S 2R H. IR @, AL
o (1:’)1—1) (45}14) P agent 48], BI ZRHE LS agent A FIX]F agent B.
o, | =2 | 3,—3 Bl 4 /5P Tagemt RAPE REZ TR REEL BR,
e — RN R FFXT R E L AEAEMTHRE T BT A agent B

Fig.4 The zero-sum game model B HA .

In two agent system H T agent A B B {H B R T agent B W shfE, A
WAL agent BMALFE I BEER SR E agent MIAFIPARER. B X —REEGH
R EREABRNMER QBE - EGTRE s, X F agent A HEM KK N agent B EHFE K
WEITEE L T sagent A SEBEREEFERKHME. Hik, € LEFRE agent WAL T HERE N

agent A




1 34 o % s RS E 95
V(s)= max minQ(s,a,bh) (19)

acEA bEB

R, MBEHRLRARMEPETCREREX A 0ME 4 T XTSRRI 28R
KQBEWURIABIEA K. RMAEFZF L agent RE P, MR RIF LA agent 7] i s
. BB RS HE B 2. Sandholm SFl X B R R AL R A, 38 F ik ¥ 3 (Com-
petitive Coevolution Learning) A BB R RN EMR. HEFZFHHE P, MR B & agent AR
BEALE ), M X F agent KA #ILFE T, WA AR E RKE & <85 8. Hilk, & 38 $ £ agent
Ao  FTENREFEHLRE E RKIE A agent ] B R H #H 4 %= > 35 5] B i W BH 04 A%
ﬁ[m]‘

7.3 ¥£BHEX agent BUFT]

G BLIRE agent RAF W FEE R agent TR F AR HAM agent FFFEH M
BIAAE, R A% agent RAFEBURS s RN
EFRMK. — T REEHFRE 5 T w AL P o] agent B
. RRFARME KR R BTN (21,5 T
EHN(—9,—9); 1 8RN INIC KM &) & 8 & KRN went A 1 (210,00 [(=1,—=1)
(aysb) HHHA (—1, — 1. FBERBM Markov ¥ o
WEE S, AR/MERK QEBEEB AR mIUE. Fig. 5 T.he non-zero-sum game model

AR FAEFHXREAERRN E agent AT i two agent system
A& M (individual rationality) 5 8 K B ¥ (group rationality) PR EJH, B FHF AMNM
Littman [ BAAP B &, R A IEXHE (metagame) B, R R L agent IEF M Markov Xt
FHRILFIENMEES  EEARER , ZEHIEFHMNEEE T, X8 agent H HHY
REMBR M FHREEBIESCHRE, BE BRI “HSBR" A, ANTIKERAER
B LR B

BRTULNMEN—S A N, FEHEES S EERYT BN RER, IR
agent A EHRBE IMEE L MBS KR, L EEH K E LB E WL,

EXESL agent REP . EHEHASERERIABIENRE. X4 agent HEESE T,
THAMBERERHTH BT RSIE, &SR H T HAMA agent 17 1E B HY. B I 4] #1185 A
NERPREFMERSF L agent REKM L. FI B T F agent EF I E A agent Z 6]
MEE SN EEENRESE T, XFE AN LN EE. AE agent {5 M #y#EH R R
— AR A B a)

8 5% MamiLFE T IWE

8.1 Dyna-Q

FiE 2 Wittt — B, YEAEHEBD S ME,B4AEIET AR EEA. BAilk, 34
AgentfF PR EE T IR B BRI HIR (50 a0 s Supr s 71 ) » BE T LA 2 8 A R S 17 D040 SR B 1Y =7
M, 0] DAk SR AT LR A 1T, R B AT BE R Fh BRI Bh 4

Dyna-Q ¥ JEHER-MHBHE FRERAMPWE LD, ©5 Sarsa WA H 7 F: Sarsa &
Sh R REE MR Q B H ;M Dyna-Q I BHEHHEI REMNRE. KFRHK
EFHRSFABREIZBPHRBAEN, ATIFR TD B85 Q-2 > 15 A4 3 B 818 /Y 4]
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. Dyna-Q ZJ R EEZRGSEHE 6 Fris.

SR B

RULRAR
(s,5@,s5,T1yr,11)

Lk AR
(s,sa,+s,11,r,+17

B 6 Dyna-Q #JBEIEERLEHE
Fig. 6 The framework of Dyna-Q algorithm

7E Dyna-Q % Bk P, agent B Z X E IR, BE agent FHFEIZBRKHE
NIAEEREY  ERKEALEBRATERRE, R ARRERTRE. REBRLERT.

DR NH] QH . RS s BFENE a.;

Z2)agent Mﬁﬁl%%ﬁ?& S141 ﬂ%ﬁ'@ ro+1 a’@@],&ﬁ%ﬂﬁ(& sQy 3 Se41 97141 ) 3

DRER Q2) FTERHEN

DRFEEILREXRAMBGITHARE LR, B T KA R sRBHIMA T

SFAFER L, FEVEUTE ¢ NMERBRAIR(s a0 sS1 970410 s HFHITEH R EA

6)agent M 4E HAT QH , FERLE s BF—TNMABE 5518 2).
8.2 3Bt 3Py MY EY

PAREREIBEARWEE T agent FEN T ERBEE BUEXIPREBR .. &
RGBT AL AME LR SR AR RETE , LE T H A agent EFEH K
ZA8; BRILFEITEIHOENTTEE MR SEEE T E A B 2 B K.

ROLX R B E — PN T EERAAR N R ER. %0 B8R O agent L iR
F A PR B ) RS BT BRAN , FARH M AR TRE AL )RR IE R, AT
{# agent A] AR A H B AR #H1THEZ KK MR ; [ oF 5305 & & 26t , 8] AR b
KB AN TRILEI P, UREF —RKEZINWSGEE.

Sun % A# ! T Beam Search B, N384 % 3 agent 2 ME B H P MB L &4
MR FAFHEAR. ARBH, XM ARGESE B R FN. B Beam Search BP:HFE—
46 B B ERES . R ITE . B 5¢ Beam Search AR K m b= H I B /LT R T 0K
20 ; HIK Beam Search B R FH B A I BT AR AR ; A/ BIEBRE X BRILEN
BEARELZN LR RPN R BB 8. IR X R, & H%S AT Sun F AR Y
Bl b, — AR EBCFIEHBHENEIRT G B — A KEMA TR R . HEM
R 25 W) B iR AL 2 ST B9 FTRY 20 T b B 0
8.3 BUFEIRE

BE RN IRILFE TR R agent REEF R E X MR BELFEMAHD, LB KZHMIR
R I BERWAEEE. EULFEFESMHERANREB XN, B R A R R ERAA
FHHRARMME (bas) FEAR, URFERAFZ I KA EE. AKX REREARTFEEIE (sha-
ping) . &R 98 4k (local reinforcement) .8 {5 (imitation) | fF 55 43 f# (task decomposition) %
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FUNBATEFRFREX . BUEEIRENRART T EQRE B E . — & 561 515 LT #
AL W agent IR FE T TR R agent MR B XN BRHA. HAIAIREETHE —
FE,.mM¥TFREAREY SDEHRITARSGH.

BMWFEIBIEEARATIEERM T . —RWE RN agent; —_ BB ERMPREELES T
BIFIFTED. RN R TITEEPES M. B 7RAEFERIF agent BI5RFEI G
14 .

Instruction

M7 BAESagent WIRILFEIBEEH

Fig. 7 The shapping architecture of reinforcement learning with advisor agent

7 PRI agent AIHEZHEREMNBA  REREHEARYE - INMTTABRAE¥
3] agent. %> agent [ T A IFH RIEE S -2 agent PITHEF . FBREILEFR
#>) agent FIFT R REE. &£ Lin FR TAEH, %] agent FERBIKFIRFTLEZTFIN a-
gent BTE RAT R, FHF UM EH B BT AREEES ¥ £ Clouse EMIRMW ARG P, 2% > agent
QR B/REZ T agent 18 F1T /.

HTHESIMH agent I MKGRANAREILE AMEBMBRAEZEIBEHAR S
RS _Ff k. Maclin &% A if-then U, B3R THRHNMEMEEARERITH
KSR TNEESRFDH¥ ] agent KRB D M, Gordon FH R A if-then W, ARG
AL T R E RN EAZIREBEEAMESRY  REMEAERA T AN TR LR
MRS BEmAEFEI ARG, B —M 7 5k 48 6B 1R 47 3 8 7 W ST

9 mmie=EINMH

h eI ERSH ERELBRETRAE RIFHEITHE . F HELXRPREG B
kBN BAFEINNATERI L ANE . HEIEER FRREFHE LA
Rt X%

Moore Z Bt 3 i iR N AR LR ESIBER . — M RENTLREIRE
B hAEFTR LA HERAEARMA SR E B, Moore Fiik T —FEEa X EM
RIFE#FTEEREH. FECEAEAIEERNPNA Q- 2IJBEM IR EHRILE
SFEEHEEE T TAFLIREMERES E.

ERE, BALF I BN RS EREELES P, BN AOEB B RAE. . E/EL
NS 2l (5 S H1 LA R 4% B i 5%, Robert Crites R T EHE B+ F F &
HEINEZ I EHENRAEEE . XNMNBEESTEMAFINNRHFEME. TRERE
B, XA I B LLIE 8 Fe B8 B B 4 8B & 4. Thomas Dittarich 5§ 7 % [8] ¥& B b A
TD) B B, — R 5 A 2 B 3R 4k 22 > W] LR Th #b 5 o 40 -5 10 4L a] RS,

BALFIENBAPTHMAHABN Z. BT ATLUMNARUEFEIBERERIFZANTFE
SR T LRI BN AR EFT 8. BB AR A 0 Christopher $2 i 1) # &l Hl 8% A
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FBZ ¥ I E M Peter Stone EH R W/ ARRFEIBHRN.

BALEI B ZN A —SBEERP, PR R N AR Samuel B9 75 7 Bk #L &
S GET R EARRB R 23 PA AR REY BV RS % T WA
BMFE. B, BAFIEZIFEBPHNARETFRARROARL . 23R —FTH
H e BB A S BT R B 53 — 5 T B SRAL2E > AL A R 4 KA, T AT LA ZE
i35 18 B I SR ) P AE 2R LI B ) 43 B HL ).

10 &RiE

BUFIR—FMERMPEREIRAR. EEHRARKARES . RRBERYUBLFEIRE
E & guk WU, BXTHE D R RIS R LUt — 2 o Al B A4l > R BT %
agent RILFET U RBRUFEIREEARTFR. HATXNIEDS /R RIMNE T RRILFIHRIE
LR 55 B 75 R
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