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1b ~ IJ, TD $9--Cf:i, :nffi:t ::,.,~$9 t L, -C SARSA, :nffi:t 7~$9 t L, -C Q-Learning 

:tJ!{i:~H"J--C ~ -o. 

TD$9~~::,.,~~~P$~~©~5~~~~~-~a::,.,~~-~~--Cffimtx-~i::,., 

~©fflli~ffl~at:i~T~$--C~-o. TD(~$--C~~~M~$©~5~m~0~M~l~ 

~o/~%©~MtfflM--cm~T-o. Mmtx-~1::,.,~00©fflli~ffl~~~T-0~~~7~ 

~J@fit:i.L-~r0~~0*!l.--c~m ~ :n-o. 

( "") /.-ifih1faA A _ { 1 2 M} 11 fJ~J= ~ - a , a , ... , a 

(iii) -~00~ T: S x Ax S--+ [O, 1] 

T(s, a, s') = p(st+1 = s I St= s, at= a) (1) 

(iv) ¥1Ui}lf00~ R: S x Ax S--+ IR. 

R(s, a, s') = lE[rt+l I St= s, at = a, St+l = s] (2) 

* t-::, :nffi~ 1r t L,, ~ -o ~:kl~ s ~;::tJi, ,-c ~ -o fi~ a :tJtm!R ~ :h-o iii1~~ 1r( a I s) t ~T. 

TD $9--Cf:i~~M~WtcJ. t''tWtcJ. IJ~:kt~~{~ (3) tfi~~{~ (4) t 1,,5 2 ~m0~{~00~ 

~ffii,,,o. :.:.--c, l!iU5l~')'E [0,1], 1rEIIs(~1lt:nffi) tT-o. 

V''r(s) = lE [~ ')'tTt+l I so= s] , 'vs ES (3) 

Q11:(s, a)= lE [~ ')'trt+1 I so= s, ao =a] , 'vs ES, Va EA (4) 

TD(O) $--C© SARSA, Q-Learning ©7 ;1,dl) ;;(1-~.L-~r~:~T-
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------- SARSA, Q-Learning 0) 7 Jv:J.0 1) ;;t.'.b. -------

1 fi'f)Jfiffifl Q(s, a) ~W:JtJHl::'t o. 
2 %.::c.e0 1/- iq:_~ L --C .!;ff~~ IJ jg't. 

2.1 :vJWJ;jj(Jt~ s ~1J(JE'g o. 

2.2 E-Greedy t,1. (: t:. ~ -::i --C:vJM~:kl'lli s '1:'0)fif}J a ~1J(JE'9 o. 
2.3 .::c. e0 1/- J-:'q:t0)%;.z. "r 'Y 7"t:.JtL --CJ;ff~~ IJ jg't'. 

2.3.1 fif)J a ~~fiL, 'ffillf r t~O)~:x!'lli s' ~ffl1JIIJ't'o. 
2.3.2 E-Greedy tcJ. t:'f:_ ~ -::i --C~O)~:f(:l'lli s' '1:0)fif}J a' ~1J(JET o. 

2.3.3 ~tifS:\f:.1/t-::i --Cfif)Jfiffi{l Q(s, a) ~ ]!!ffi't' o. 
SARSA O)r~~ 

Qnew(s, a)= (1 - o:)Q(s, a)+ o:(r + ,Q(s', a')) 

Q-Learning O)r~~ 

Qnew(s, a) = (1 - o:)Q(s, a)+ o:(r + 1 ma.xa'EA { Q(s', a')}) 

2.3.4 s +- s1,a +- a' t't'o. 
2.3.5 ;jj(:l'lli s ;o,.::c.e0 1/ - 1'' O)~l!//il~:xlt~tcJ. ~~ IJ jg L ~~7T o. 

::. 0) 2 "'.)0)~1,,f;J::~~S:\f:.&') IJ, SARSA 't:'fifif)J~;J:RO)nffi;o,{[Hj{lO)]!!ffif:_@:fii31i 

L,, Q-Learning 't:' 11:!ii::fdl ~ ffl 1,, o t-:: ~@:fil3W L, tcJ. 1,,. fif)J~;j:RO)nffi t L, --c ffl 1,, o 

E-Greedy Ii, [O, 1] 0)-;jtjf;L~~§E~~-tt", E J;l.l:t,1. ~fiffi{l;ol:ft*O)f'rf}J~~~ (~Jffl), E 

*rrfilltcJ. ~ 7 Y1"t.b. f:.fif)J~~~ (r,/!m) nffi't:'&') o. fif)Jfiffi{ilfH:.~ L--C Greedy tcJ.fif)Jnffi 

arg maxaEA { Q( s, a)} t:!. t JmmWH:.~(a o r:fJlt~'li;o>&') o t-:: ~, -5EO)ijf$ E 't:' 7::,, ,:;('.b. f:_fif)J 

~m~. 

::. ::. 't:'li, Puterman[l] 0)5EM§flr.±7JS:\O)ff-~:Emr"~m!~t& 5. tE-~f!I!.O)ffrt:h~~ 2 t:. 

~T. 

I #;.1 :::i 7- HJ'iJ'iJ'0 I 
#;.1 

I j 
HJ-:;, ---c L, 0 tE$ t #;.i):]'-0) 
f:~:1'f ::J A ~ iJZ iJ, iJ, 0 

I ~ ~J -1 if~ 1~ G n 0 I 
#ils. 

I, . 
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Puterman[l] O)t1:)!1['1~t:Elr"'~Jm~5i{r.~ifr"'~Jm t L, --c~& L, t.:. fifJJ-fiHi{iiO)ij~:!:IHi:fij IS:h.fc!: 

iJ•--:ddJ't, fJJ®itilffir$;~:: J:: --:i -CM~ L, t.::ftJiffiM-"-O)ili:-5~7:f-C SARSA t Q-Learning ~ 1t 
lli2 L,, Q-Learning 0) ~I 5 iJ-l'Yfc!: 1, ,.::c.l::0 1/- r~-C:ftJiffiM-"-ili:-51, ,--c1,, Q ;:. t iJ-l'iQiJ, --:it.:. 

~-~~-L,~~--:ik~~~~~L,, ~~~~~&~~B~T. *k, ~-~fif}JO)~~ 
*~i~:::tfflx_ Q J:: 5 tJ:-=c-r'1v~~ x_ Q:f:~i'i, .:::. .::z. - 7 1v.* o/ r ?-7 ~ ffl1,,t.:OO~ili:f.I;Ffr$;-c 
O)~&~~mT Q !0~iJ;~ Q. 
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