MCFINFRE

grid-world example : —/MHLE AE M K2 H0E] 1, Plas NS &R
it Nforbidden grid. REHEADHE . AZEEHL TR ...

state: qRAS, TRAN DA, Fgrid-world Al LR R N — DT (1
A DL I HARAE B BPRAS, Wil A5

state space: IRETE, FrARENE
action: 173}, REWMIFRERUWIE. Cnm b/ v/ %/ L3,

%)

action space: 1raIMEES, WH KB T YA IPIRES .

state transition: R&HH, N —DREBEF 5 —MRE.

55 — 56 TR NRE s5 2idFEa; BIERE ag

state transition probability: RSB KM R .  (Fl .

p(s2]s1,a) = 0.8 FERAERE sy, 1T80ax T, safIMEEIZ0.8)

Policy: iM%, F&ikRE /R, RREFEAREFEMIF T EWSaction
m(a1]|s1) = 0,7(as|s1) = 1, 7(as|s1) = 0,m(aqls1) = 0 KR{EIRE sy H1H
WEREAT 1T Fag - B | w(ails)) =1

reward: fije — A SEE, ARIIATW ), 0 Rreward > 0,MAEAEE
KAE, reward < ONRRAREERE

BN AT AT LR 23008 i 5 B, AT Brpouna = —1, K EE H
ﬂﬂ&j’\jrtarget =1

R R ATT AT DL ik i reward Sk 52 I F 5k H
p(r=—1[s1,a1) = 1,p(r # —1|s1,a1) = 0 FREREs; H1Ta; F3-11
reward IR 21, 53 A -1 reward I H 20

trajectory: —/~Histate. action. rewardiE %15 .

return: —“trajectory A fireward i) A . 8 L return kK P4l
WK ST 4F 2 PR
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° Digggppgdater 7y & Qb - disgeunfigdrgturmyro + 1 + Y re

e Episode: At F|iAterminal states(f5 1EIRA) Mtrajectory. — 4>
Episodetl Iy —/~Episode task5 Z %} W ) i& continuing task ($g7K TG 1k
BWAES) .

Markov decision process (MDP)

o 5.
o State: IREES

© Action: Xt FHARSsHIITIE A A(s)

o Reward: %% & R(s,a)
°  MEREZE (probability distribution):

o State transition probability:p(s’|s,a) fEIRZSs T, BAT1T8ha, FEH

RES .
O| Reward probability: p(r|s,a)fEIREs T, #HATIT8ha, 152 22K

o Policy: m(als) fEIREsT, #HATITshal I,
MDP {345 i (markov property) : 5%
p(str1lati18t. .. a180) = p(St+1lati, st)
p(re1laii1se. .. a180) = p(rey1lasia, e

— gy

N/RE

- &

‘return

N AreturnfR E I ? K Areturn il 1 5K B 17K .
Wi Hreturn? Hv; RoxMs; H & 1S 2| Freturn.
DL THI FEIR 25 B R 41
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o RWAMEE XA

v =71 +yre + 72r3+. ..
vy =Ty + Y73 + V1irat. ..
vg =73 +yrg + Y211 +...

vy = T4 +yr1 F Yo+ ..

o W] LL# 1S #] (Booststrapping): — RS K T H AR

v1 =711 +y(r2 +r3+...) =711+ 09
v2 =71y +y(rs +rat...) =712 + 03
vy =r3+y(ratyrit...) =713+ s
vy =714 +y(r1 +yret..) = re v
RIEHAHv=r+vyPx*v, XREMv,r A&, PRAH#RMEME. TR

it 45 v itE .
state value

Ay e
Sy 5 Ryvy, Sear JGTES, T2 A, B (Rest, Spon)

state value: v,(s) = E[G¢|S; = s| = AR Jys HII g Fr A i return i) 11 22
8.

. Ay A Atio
%%Fﬁﬁ‘]tra]ectory:& — Rt+1, St+1 — Rt+2, St+2 — Rt+3, St+3. ..

WAG; = Ryy1 +YRio + Y2 Riyz+...= Ryp1 +7vGei1
g}
vr(s) = E[G¢|St = 5]
= E[Ry|S; = s] + E[G411]|S: = 5]
2 A 1 5 — T

E[R:11]S: = s] = > [r(als) X p(rls, a)r]

a T

o 3 A 0
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E[G:1|S: = 5] = Z{E[Gm\& = 5,51 = 8'Ip(s'|s)}
= ZE Gri1|Si1 = s'lp(s']s)
= Z{vw p(s's
= Z{vﬂ Z s'|s, a)m(als)]}

NS

’Uﬂ-(S) [Rt|St = 8] + E[Gt+1|St = S]

:ZW(a|s Zp r|s,a 7'—1—')/21)(3 |s,a)v(s

a

T
M

® %:7\%: J\ N

N

o ZJEHEAVIIHEEA 5% B v (s5) 2 30, 285 SR D5 FE 20 B Al 45 21 4 4>1R

S Histate values

WREANNER/RERR

o HINKEAN: vﬂ(s):Ea:ﬂ(aIS)[Zp(rls,a)r+72;p(8'\8,a)v7r(8’)]
A LAHT I 5 v (s) = (s )+ 72 pr(s|s)on(s ), (REA

r(8) <:>Z (als) Zp r|s,a)r

pr(8'|s) <:>Z (a|s)p(s’|s,a)

)

St sHHATAR 5 13 Hve(si) = ra(si) + 72 pr(sjlsi)vn(s))
TRANEERELN: v =r; + VP, X BN, ry WHINE, PN
IRAEF R HE([Prlij = pr(sjlsi))

o SRMII/REANIX, HEM1EFstate value & iFH 5K U 3K (policy
| evaluation) [\ ¢ 8 .

o ORAEVIRE A
o = (I —yPy) 'y ARTVERI A, ERRRAER T .

o EHRVE: Vgr1 = Trn + YPrvg
‘ %k_)OOEH‘ ;ﬁvk:vﬂ'



af://n100

action value

M—AREH R, #EFET — S actionZ )5, HFKreturnfiy H=.
FEA W, R4 Action value?) K /N R BT i 3£ B> Action
KRS s T AT 1T 3halaction value(gx(s,a))

(s,a) = Zp rls, a)r—i—'yZp "Is,a)v.(s

1+ % action value:
1. tR#Estate valuesk H
2. H¥itHaction value

o HEM LM, ikfaction valuetbB K action, KMl E N1, HALKE
N0 AN IR AR, Rl DLk B R A0 ) SR

o AR UE B 5 B DUR 2R

WERXS T A s, #A v (s) > vn,(s)forall s € S A tim & Hmy B b
.

1. A — IXAEEALH RS & A AFAE?
2. @ e XS A SR S S E— R 2
3. M=, ZEH% EstochasticihZdeterministic?

o TG Gn AT R B I A A S ?

WRERMLI
o DURB AR ES
() = maa(3(x(als)g(s, ), s € S
1 =a |
ﬂuﬁﬂ,@&%a:dﬁ,%wn%ﬁ,%z%ﬂqu{oZ#Z”ﬁ%
1B LB K [o(s).

Wo(s) = maz (3 (n(als)q(s, a))) = maz (q(s,a))

a acA(s)
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o o AR NI - A B
v = max(ry + vP,v)

SATE— WA F(0) 1= maz(re +yPro) 24 BB LML 0 = £(v)

I§

FixedPoint Azhs: XWFMGf: X - X, fiffze X, f(z) =z, Baxd
=

Contraction mapping : 7EBLST J5 P AL 1 25 5 /N
1f(@2) — Faa)l| = llz —aally <1 - (BI0f() = 0.50 32— A
contraction mapping)

contraction Theorem

IR f&—contraction mapping. M4 —EH
1. FE— Dz, W2 f(z*) =2*, Blz* 2—/ FixedPoint
2. EFEMz —E A HAE 1
3. ARLE SRR B LR B IX A2 s 2y = f(zr) 0 Sk — oo B, Hxyp — x*
Bln f(z) = 0.5z B4 f(0) =0,z* = 0,4 HEEx, E£AMIHTE = 0.5z &
RJa, =lshT0

RENREBHAR

Al DR TR DR 2 et A X f(v) = maz(ry + yPrv) & —/>contraction
mapping, M4v= f(v) . FRB LB AR K.

v 2R s AN, BIZMEAZ &, Blo* = 77179:13(7"7r + yPrv*)
It LLagk 7] BLF) F contraction Theorem H )5 A 5125 5k SR 15 o*

it UL JUR 8 e St R4S BRI DUR 8 A
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BP9 E Value iteration & Policy iteration

Value iteration algorithm({EiEX &%)

(E IR AREL L SR ARG VUK 2 et 28 SORIEACR AR AL 17 L

k1 = f(or) = maz(ry + yPrvr)

RBLE: BITHER — MEREIR S v , AW CLT P28
1. policy update HHi 5K : 71 = argmaz(ry + YPyvr)
2. value update BH1H: vpy1 = Tryyy + VPr, Uk

FHEFR Lvy RE—ME, AL — I state values

AWERE B vp — v 2B/ AIERET .
Policy iteration algorithm(GRE§iE L &%)

BT U6 A i — M B SR g
1. policy evalution(PE): v, = 7, + vPr,Vr,

2. policy improvement(PI): 71 = argmax(r, + yPrvus,)
™

. PE PI PE PI PE PI
BRI g — vy — T — Vg —> T2 —> Upy —> T3e ..
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o JUAMZ A A] R -

1. {fEpolicy evaluation WI{ =K fi# state value?
2. A AHATPUR, mpalbbm, EAR?

3. At A AR B AR ?

4. Policy iterationflValue iteration Hf 4R FR?

o QL: AT PIRN Tk (B SR AR DR 2 2 s F U7 35) -

1. closed-form solution : v, = (I —yP;,) lry,

2. iterative solution: vZ'errl =Tr + fyPka%),j =0,1,2,...

Q2: M1 = a'r’g;naaz(r7r +YPvyr,) s BN me — 8 tm, B K
Q3: vry < Vg S Vg <o Svg, SO

Q4: & MR

truncated policy iteration algorithm

il 2 B K AR BRI SRS IE BRI HE T, (AR IR SRR B AL 2
truncated policy iteration algorithm it A% i 155 #1. o

o . PE PI  PE PI  PE PI
Policy iteration: my — vy, — 1 — Vg, — T2 —> Vg, — T3....

PU VU PU VU
Value iteration: Uy — T — U —> T — Us. ..
Policy Iteration algorithm Value iteration algorithm Comments
1) Policy: mg N/A
2) Value: vy, =71y, + YPryUn, V) 1= Vg,
3) Policy: ™1 = arg;naac(r,r +YPrvg,) w1 = GTQTGOJ(H +7Prvo) BWAEEME—FPolicyRHERMN.
4) Value:  wvg =7y + vPrvn, v1 = Tr, +YPrvo ANEEKRy, NAERARA—HEN

5) Policy: w2 = argmaz(ry +yPrvy) w5 = argmaz(ry + yPrv1)
7T s

DCAE T Svg, B2 A0 ] DUR 2 A 500K, 38 2 B kK | — P IRk
FZ & ANvy, = rr, + YPr v,
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0) _

vﬂ'l - UO

vgrll) =7Tr + 7va§2) — value iteration v,

v7('l'21) - Irﬂ'l + /YPT('l,U’ET]i)

()

Vi, = Tr, + YPr, v&jj” — truncated policy iteration vq
’Ugr(io) =T + W’vagr(io) — policy iteration v,

ALK I, value iterationft & £ 2 26 — Do Je st 4T T — 2P #A4E; policy
iteration ] & AW RIEARE B W Sk . B4 truncated policy iteraionll] /& —
FHEE, mEAETREPE—PET,

%R = MonteCarlo lear

FhRr RIS 2Z — 1 model-free RLI) 775, CHTH PFH Bk H £ model-
based RLJ7%)

| T

A @l W —NEE R, IEmmATE N, kinoN-1, WHEEZ D2
4 model-based 5ik: HiLIHHEE I E
E[X] =Y zp(z) =1%05+ (—1)*x0.5=10

ZERARKG A, H A28 F AR AE K BX AR A A AR T
model-free 7 i%: ki, FEHLYIEEM, IRJESTHE, &% AT LS ST
fE .

—/ NGB AIMC-based RLE %

(FRATIRX AL IMC-basicH %)
A PLIE IS 24 4F Policy iteration®yA K AF fimodel-free &%
1. policy evalution(PE): v, = 7r, + vPr, Vn,

2. policy improvement(PI): 71 = argmaz(r, + yPrvr,)

Tkr1(8) = argmaz ) 7(als)qr, (s, a)
m a

RBEAE T i Hgn, (s,a) , AT
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1. WEBRA: qn(s,a) =3 p(rls,a)r + 73 p(s'|s, a)vr,(s')

2. ATRER: qr(s,a) = E[G¢|S; = s, Ay = a]
BT SRR RIE B model B i K & R AL R A TGy

MC exploring Starts

BT, AT 3—episodell

az ay a3 as a
S1—>82 —> 81 —+89 — 85 —~...
5E M Visit; —~episode™ 1 7] ¥ (state, action) % B & -

fEMC-basic 7 vEH, f# H ) & Initial-visit method, HI X % Es, 2 x—
(state,action)Xf. XFH 7 &A R HAH 7 #1episode.

A4 % F—Aepisode:

az a4 az as a

§1 —89 — S§1 —89 — S5 — ...[original episode]
a4 as as ai
S9 — §1 — 89 — S5 — ...|lepisode starting from(ss,a4)]
1 89 — 85 — .. .|episode starting from(s1,as)]
83— 85 — .. .|episode starting from(ss,as)]
P .[episode starting from(ss,a1)]
DAl e 31T 3l mT DA — A episode K Aftiit

(sl,ag),(SQ,a4),(sl,a2),(sz,ag),(35,a1),... faction value. A EIAYH
{(81,&2) °

e first-visist : $&7E1& 2 4H [F] /) (state,action) i, HAd 58 — Rl 2 17 .
i P A [F] /) (state,action) i), HNEMMEE, RESGE

* every-visit: R1E
k.
generalized policy iteration(J RBSIEAR): 48 I A S KWK M ACHS, ff
FIEAR RS 2 5K, % truncated policy iteration algorithmA1 MCH#JE T

generalized policy iteration .

soft policies

RN FRATT A — A~ (state,action) H & Be 8 218 2 AN IRAS, B DAFRAT Tt mlt i 6 22
O FT A 1) (state,action) # 1% B N H &K A T .

AW P R R
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€ — greedy policies :
(als) = 1-— m(]A(s)] —1) for the greedy action
mals) = W‘Es)' for the other |A(s)| — 1 actions

X B fgreedy action?s (13t /& g (s, a*) I AMIIAaction. (el HFIR/D), X
FEfEfRIEgreedy action# i FE MR BN E LT, HAt action R FEA —
* ¢ — greedy policiesit % V- exploitation Mexploration

exploitation: #8277 F| Hvalue, 570 T 40l

exploration: f8HZ2R R YT AEmAEREOL, 7] HE 24 2 A SR AR 115 O .

X PR — A (state,action)E A H & A, 5] LLiB id exploration K15 2| Fr A

[’ (state,action) ] ZE % .
MC e-Greedy algorithm

P2 ik, RekEmiifaction, Bla* .
Tr+1(8) = arg mazx Y m(al|s)qxr, (s, a)
welle

A4 % FMC e-Greedy algorithm

m(a|s) = {1 B m(|A(s)| —1) a=aj

AG)] a # aj,

@%?%Tﬁﬁﬁactionﬁ/l\ﬁd\ﬂﬁm
e-Greedy algorithm H e B RRIB 5, REMEE®E, HERMIELEZE,
PATAT DL I AL B AR e, AR 5 3B W I8 /0N At ke 1 17 R 2R MR AT e ALk

55753 Stochastic Approximation & Stochastic

Grandient Descent

Stochastic Approximation (FENLIZMIFE ) FiStochastic Grandient
Descent CFEALERE T

Motivating example

mean estimation problem:
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1. A AR X
2. HERRISENE EX)

3. ERRITHNA TR {2},

b H LI L i NE(X] ~ T 4 S o
5. 3N > o0, z — E[X]

EaitHmean z ?

= WHEPA RSN, REHRUN
J7i% . (iterative mean estimation): SEEMfiitz , MBI H M, iz

k
BATVE w1 RN XIIEIME . Mwpp = X @ o (CHREEw = 21)
i=1

R AMRE Ik 22 3

wk+1:Ein: (ﬁleerk)
i=1 T =1
1

((k — Dwy + zg) = wi, — E(wk — zg)

> =

HATHE AT LA T w1 o
FTREANMESE, 1 Hela FRBOTH T LB R KA
BT

Wit1 = W — a(wy, — )

Robbins-Monro algorithm

stochastic approximation § % fift 21| 7£ A 118 pR £ 5 AR A LR 15 5L 3R
i o

RM %572 /& stochastic approximation  # G TAE.

Mstochastic gradient descent algorithm I f&RM [ — Ff 45 52 175 10

@ Rifg(w) = 05, HbwkRHE, ghmil.
T RM B 0] DLSK g R ) f .
Wit1 = W — arg(wk, N)

Hon, ZME,  §glwe,ne) = glwr) +nr > are—DIES .
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B g(wy) & — D BE R, WATEERS e HRAA L.

AWrERRE DA, AaEB ISR g(w) =0
‘ RM&ji%-Convergence properties

RMELZ: 1 = AN 2% 1
1. 0<ec1 < Vyg(w) <cp , HIREHKTO, JFHAZET I

2. Yrjap=00 FHY 2 al <o .
Y ar < oo fRIF T ap— & SISk E0.
Y oheq ak = 0o LRIE T apit S A R, BN RHA SR TT 1.

3. E[ng] =0} HE[R}|H] < oo (X B E[n | H] K & B 27 2) . WHIX
HLffy g 75 38 3 7] 3 fii (Independent and Identically Distriuted) K¢ 15
K, IF HAE B Abme T A 9 1) 2SR AL v 7 0 AT

b3 S R S0 =

MR4E E 10 A Rwerr — wi = arg(wr, mi) B4 U820, 7 BeIRIE
w1 — wp/AWIRELRI0, AT T AR E .

Mk =1,2,...,00 2N LT 2]

o0
Weo — W1 = Z akg(wkank) .
k=1

W A oo RNV I, wy AV, WA, ax = oo fHE T A E
FATE W) o B8 AR AT 0, 5 2 0 D33t S N ik 78 o

ap AT AE R G X2 ap =7 o (H—RELRKEEGE, Foibap—
BAN, IEREABUME R 2 A D

SGD(stochatic gradient descent)
ER I3 S I ALY

minJ (w) = E[(w, X)]

Hyk—. gradient descent(GD)FHEE T &
Wiy1 = wg — Vo E[f(wr, X)] = arE[Vy f(wg, X)]
EKHEMWa, £PK, MR, (H2g - RICIES 2 Emh B


af://n352
af://n370

3L . batch gradient descent(BGD)#t & 86 K &7k

(Vo f(wp, X)] ~ L f:lvwf(wk, z))

n
FROE: wyn = wy — ard Y Vo f(wg, )
i=1

A ESRIE, M2 UCRFEN TS ERAE R, (HR2 R R 2 5Rn >4
[P R FERT T o (noN R RED

%y =. stochastic gradient descent(SGD) FEALEAE T &

Wey1 = Wi — 0V f(wp, Tk)
FIGDAI L, B A FH B AL SR 25 0 6 A 10 1A 22 A R6
FMBGDAHLL, HLm2fEnk &N T 1.

SGD HIfIFf4x>

BB FBIF: min J(w) = E[f(w, X)] = E[3]jw - X|[}
ML f(w, X) = [[w — X|]/2, Vo f(w, X) =w - X
=N

1. U A R Wt = BX]

Vo J(w) =0
=E[Vyf(w, X)] =0
SE[w— X] =0
=w" = E[X]
2. XA IGDE LR 42

Whi1 = Wi — 0V (W)
= W — akE[VwJ(wk)]
= Wk — akE[wk - X]
3. XA HISGDE LA 4 ?
ARIE T, BEHE - 1w, — o RIAEE[w, — X]|

Wi+1 = Wk — Oékaf(wk, Zb’k) = Wk — a’k(wk - wk)

BATRI & G 1A X M mean alogrithm& 32 —F 11, Frllmean algorithm
FVERUE — MR IR SGD BT
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SGDHERUL &t (convergence)

1. ESEIUEMISGDE —Fi ke bk I RM B

SGDHJ H bn 2 /ML T (w) = E[f(w, X)] , XA 0] AT DL 45k T4 n) 7
Vi J(w) = E[Vy f(w, X)] =0

&g(w) = VuJ(w) = E[Vy f(w, X)]

4 SGDH H Fr it 2 % 2 g(w) = 0KIHR

FRAT AT DL 2

g(w,n) = Vo f(w, )
— E[wa(’w, X)] + (vw.f(w, w) - E[wa(w, X)])

115 22 % B RMUARL T A
Wi = wi, — apG(w, n) = wi — ax Vo f(wk, Tk)
2. BT ORIATHL AT LA RM VL W Stk 2% A1, SRUE B SGD &2 WL Sk i o
SGDEIERIUN &RV

SGDU S AL REH, A2 75 & I SR 18 B Wi SRt L 2

FATRE SCH X IR 22 O

_ ‘vwf(wa .CE) o E[vwf(wa X)”
B[V f(w, X)]

Ok

ARV, f(w, X)]Ztrue gradient, 1MV, f(w,z) /& stochastic
gradient.

VERR: Hwy Bw® BOEN, MXHREBDN,  ZHw, Bw* R AE, 7
A BRI =% CEIREHLMED

e 45 2040 b e 2

15 P4 B H R E 2 f (1) — f(zo) = f'(z3) (21 — 22)

WA HE[V f(w*, X)] = 0OF R {2 B, FRATEH

Vufles) ~ BV f@ X)) [Vufw,2) — BV, fw, X))

T ENVWG(w, X)] - EVLf(w, X)) B[V (@, X)(w — w)]]
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HAMRBVEF > >0
WRABATHEE T BEIT, WA

B[V f(@, X) (wy, — w)]| = [E[Vy,f(@, X)) (wi — w")|
= [E[VL f(@, X)]||(wr — w*)| > c|wg —w®

TR P O T A

‘vwf(wa :B) - E[vwf(wa X)”
clwg — w*|

o <

F A My BB w LLEGTE, 544 BELEER, MR 28, (0 1 R E )
Koy PEBSw LB, A4 50 BELLBON,  BEIAR R 5 26, (1 1 54 28k —
B,

BGD,MBGD#ISGD

* BGD(batch gradient descent) , H 2| A B RAE R T35 5K W
e MBGD(min-batch gradient descent) ,i%$— 75 K AF (m A K AE)
e SGD(stocastic gradient descent) , EH&F— I KAFE

fEMBGDH', HMBGDH IR H=m = 1K, 4 FSGD.

LR AR Em = nff, B TBGDER! WK A% 4% TBGD, K NBGDZ
B BT A BIn N EEAS, T MBGD /& X BE A 4 3E 47 n ik 1) SR FE)

e AL )

min J(w) = £ 3 |[w — @]
w i=1

o =FhFEVEREAR AT

1 n

W1 = W — Qk— Z(wk — ;) = wg — ag(wy — ) (BGD)
i=1
1 & —(m
Wi+l = Wk — Qg — Z(wk —x;) = wi, — o (wg — z™)  (MBGD)
JEI:
Wi+1 — WE — ak(wk - ;ck) (SGD)

%t = Temporal-Difference learning

Temporal-Difference learning (TD) W5 % 4y Hik
X & —incremental ER XM E .


af://n435
af://n449

motivating example

1. ZHFE WA H mean estimation :  1HH

w=[X], (X/&—Liid (ML [ 4345 ) Kk {z})

% g(w) = w— E[X]

g(w,n) =w—z = (w— E[X]) + (E[X] — z) ~ g(w) +n

RFIRIERMELE, W UAR Blwyyy = wy — axd(wi, mr) = wi, — ap(wi — zx)

2. FBE-AER WG R

w=E[v(X)], (Xs&—2iid (F L 743 M) R AE{x]})

2g(w) = w — Efv(X)]

g(w,n) =w —v(z) = (w - E[X]) + (E[X] — v(z)) = g(w) + 7
NERIERMEE, AT LR Blwey 1 = wi — arg(wr, i) = wi — ap(wy — v(z))
3. BIEAHITF: i

w=[R+wX)], (RX RHENLE, v2&2FE, o) ZEKE)

2g(w) =w—E[R+y(X)],

g(w,n) = w— E[R + yv(X)]
= (w — E[R + yw(X)]) + (E[R + yv(X)] — [r + yv(X)])
~g(w) +1

RFIRFERMELE, W LAAS 2

Wry1 = W — opG(wi, i) = wi, — aplwy — (1 + yv(zg))]
TDE X state values
T

o TDEIEEH FHE — KEMRLEE.
o TDHEIEW AT LLREFE —F0 H T Ml it state values & 2%,

TDﬁfl&‘%ﬂ:iﬁﬁg (80,7’1,81,...,St,’f‘t+1,8t+1,...) ﬁ%{(st,rtﬂ,stﬂ)}t ’
XM I 4 T B SRS oK A
TD VLN »

ve1(8e) = ve(st) — ae(se)[ve(se) — [rea + yve(se41)]] (1)
Ve+1(8) = vi(s), Vs # st (2)


af://n452
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XFaR(2) £, WRIARPIRESEs, » M2 HAIRE A valuese A B
i

TATRFE T2 — AT

ver1(se) = ve(se) — au(se)[ve(se) — [reea + yve(se41)]]

H v (se) BTG THE, vi(se) 2IAE R THE .
ve(8t) — [Per1 + yve(See1)] &R ZE Oy

[7er1 + yvi(si41)] 72 H v,

N Avy Z“TDHIR” ? BINERY(ss) = RE vy %30,

vir1(8t) = vi(s¢) — ae(8¢)[ve(st) — V4]
=v11(8¢) — U = v4(8t) — vr — s (8t)[ve(8e) — V¢
=vi1(8t) — ve = [1 — cu(se)][ve(se) — v

KIN0 < 1 —at(st) <1

$XEEl£|Ut+1(3t) — 7| < |Ut(5t) - 6t|

N4 67 “TD error”?

6t = v(st) — [rer1 +yv(se41)]

U R AEAECRI e+ LA 2, BT BLA Y PP 22 57
TD error ik T vy Mo, Z AR ZE.

Yoy = v, B, BANZEG =0,

TD errors&—Ff innovation, XZ&Z&5% (8¢, 71, Se01) P —FFTHIE E .

TD%IZ-EH'J&?-:U

ffg ik v 255w, Rig DR =223
B DR 2 2 5

vy(s) =ER+~1G|S =s],s€ S
EIXZ WG FAVIRES I Reward, ATLAE[G|S = s|a] LR R N -

E[G|S =s] =) (als) ZP(S'Is,a)’UW(S') = E[vx(S5")[S = 5]

a
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HrpS" B —MRE
T & sfstate value ] L5 N :

vr(8) = E[R + yv,(S')|S = s],s € S

XA B PERRON VUK 2 T8 28 5

N ORAE I RMELIL SRR A X A~ DUR 2 3152 24 3
E X g(v(s)) = v(s) — E[R + yur(5')|S = s] = 0
TREATHg(v(s)) =0

g(v(s)) = v(s) = [r + yvx(s')]
= (v(s) = E[R + yva(8")[s]) + (B[R + yvpi(S")|s] — [r + yv(s)])

EXZH, g(v(s)) = (v(s) — E[R + yv.(S")|s]) ,i* %
1= E[R+ yv,i(5’)[s] — [r + yvx(s")])
T2 5 2250 B RMBELVE A2 -

vri1(s) = vi(s) — arg(vr(s))
= vi(8) — ar(vr(s) — [rx + yvr(sy)]), k= 1,2,3,...

)
X B v (s) KR (s)TE L KD IAG T, TMrg, sp, ZHKPH R, S B R
/NS
X o A AT B e
o M—UXKFE{(s,7,8)} B N—HTI{st, 7141, 8001}, MBS BT A 1
| SHRHEATE

o Yfun(s) HRop(sh) , BNFRATEHE s 78 BB 1A TR B AR 2 Sl .
| ESRS —E(RE, (H R B SR E,

TD 5% KW -
MNTHAERSs €S . 4t — oo B,  wvy(s) IBEER 1SR HK BT T HPIR
B R Hvr(s)-

AN FHERREs €S, BEKBETVa(s) FHLY, ar = oo I H.
S, al(s) < oo Hs 4 LR SRAT




TD/Sarsa learning MC learning
online: TDEIRELN, ERWEI—PMEME Not online: MClearning2IEEL&N, BAFEEND
A LAE #state/action value episodeBETHZE, it&returnfBARBHITMIT,

continuing tasks: BNRELCIE—EIFELET AT Episodic tasks: AR ERFWepisode, FRESHthal
%, EBTWEERRRepisodic tasks, BEE,

Bootstrapping: SEFZAIXIKSHIEM, M Non-boostrapping: EHiZRIEXHBIMNepisodeitE
F-EIRBNERREE— T HIIEN return, REREZHTHETHE

High estimation variance: B#REITRZMvariable,
Low estimation variance : EEZATRDH R

EA—RepisodesF REIRZHIReward, MRAEDP—
FNEENEEHRY, FUAESLRNM

REVREE, FRAMSBLRANGE,
bias: EBARFZANEK, FUTESERZ
BRI M ™ Ebias, SHERMI, EREXR no bias: REFZHEIMIT, FAURK™%bias
BEMEREERETERER

TD&E X fJaction values: Sarsa

Sarsase 2 W 4E (8¢, Gty o1, St41, ary1) HIPFEE

TDHE VL& A R AL 145 € K& [ state value, (HIRATTHE ZALTF 1 Zaction
value. TIf 5] ASarsa.

1&12&1”%1@?2% {(St,at,Tt+1,8t+1,at+1)} ’ ﬂBZ?ﬁﬂ‘]fE)‘(Sarsaé}ﬁﬁﬂ
I
Qt+1(3t, at) = Qt(st, at) - Oét(s 7at)[Qt(3t7 at) - [Tt+1 + VQt(StHa at+1)]]
QtJrl(saa') - qt(s,a),V(s,a) (Staat)
REANRFAMTDEVE LT —H#E, AR v (se) 20K T qe(se, ar) XFEF S
Sarsaf £ & XATDW 2 JLF—F 8. (i DURE A, sk
SarsaPfr 3K fift 1 DL 7R =2 A 5

q:(s,a) = E[R + vq,(S', A")|s,al],Vs,a


af://n550

. q&%gé% (St,at,Tt+1,8t+1,at+1) ,j%i.ﬂﬁﬁt(st):ﬁhﬁfat ’ ?%@thﬂﬁ’ﬁﬂ@ﬁﬁ,
BRI IR A srr FERET(s001) KRITHars, -

2. H¥rqfd (q value update/policy evaluaton):

Gr+1(8t, ar) = qi(St,at) — ae(Se, at)[qe(st, ar) — [Tep1 + ¥qe(Se41, a41)]]

3. WM& policy(policy update/policy improvement):

€ .
mer1(alsy) =1 — W(\A — 1)), if a = arg max,qsi1(st, Q)

mer1(alsy) = | ‘ otherwise

JA[’
VE R IX B PERIPLR SLZIAT (0, T AN R Sreturn 2 J FHRE H 1-5 «

FEIXAD R AE — e — greedy g, 2 B4R T K B qvalue fz K1Y
action, {H & HAthaction A FEA MR R,

Expected Sarsa

oy W

qi11(8t, at) = q1(8t, ar) — (s, ar)[ge(st, ar) — (riv1 + YE[gi(se41, 4)])]
Qt+1(s’ a’) = Qt(s7 a)a V(S, a) 7é (st’ a’t)

VLA IE[gi (5441, A)] = D mi(alsii1)qe(sev1,a) = vi(si41)

™

I 38 f) sarsa i X 71 & (Ti+1 + ’YE[Qt(St+1, A)]) = TTH—I + ’)’Qt(st+1, at+1)

ANEFEEap T BENLE SN —2, (H 2 5B KA &
Expected Sarsaf% 5 & 2 AE KR E VIR 2 A5

ar(s,a) = E[Rep1 + YE 4, on(5,.0) [@r (Str1, Ae1)]| St = s, Ar = a
n-step Sarsa

ZSarsalfl — /M), B% 7 SarsaflZE £ % ik,
EATHaction valuelll N5 X: gx(s,a) = E[G¢|S; = a, A; = a]
LGy T LIRS o R
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Sarsa <—G£1) = Ri1 + Yqx(St+1, A1)
ng) = Ri1 +YRii1 + 7 an(Seia, Arya)

n-step Sarsa %ng) = Rii1 + YR+ .. +Y" @ (Stn, Atin)

MC FGEOO) = Rii1 +YRii2 + 7 Russ. ..

Fit LAn-step SarsaXxf 1 W/R 2 AR

Qt+1(3t7 at) = Qt(staat) - at(St, at)[Qt(Staat) - [Tt+1 + Yrepot. .. +’Yth(St+n, at+n)”

n-step Sarsafi 2 AU A2 (84, G4y 411, St41, @ttty - - - Ttdns Sttny Gitn)

Fr CAAd i) s 75 55 20t 4+ n P2, A BEREATHEHr . /Zonlinefoffline () 45
AN

1 o

’| UntbBCORAIEAE, BEGE TFMC, &F i Kvariance, HE /N

bias.

o NntbBUNRE, ELE T Sarsa, 2A BN variance, HERKH]

bias.
TDhEfiiaction value®¥3J:Q-learning

RSP
1+1(8t, at) = qi(st, ar) — (st ar)lqe(se, ar) — [re1 + ’Yng} q(St+1,a)]]
d11(s, ) = qi(s,a),V(s,a) # (s1, ar)
FSarsa#itt, Hri1+ ymag qi(st1,a) B T recr + vae(Sev1, ae41)
Q-learning K M i) %~ ) @& (AZAERME VURE T -
KAE— A WR 2 TR

Q(S’a') = E[Rt—l-l + vmg'wQ(St+17a’)|St - SaAt — CL],VS,(I

off-policy ¥ on-policy

PR T o S
1. behavior policy H k4 sl & 56 #F A

2. target policy A Writh 5 #7 K ¥itarget policy ¥ #i #loptimal policy.
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BT XM SRS, A LLAr NS

e on-policy: HHH ffjbehavior policyfltarget policy &M F K, BIHEC
(PR BE R AR A B, R R L5 3 00 B RIS, 2 )5 FHAE A )
BT

e off-policy: H—PMHRIEMUHIFAZ BB RKELR, AFHIXRLELLRA

COWREGHEAERS (BB, R T S A B 20

on-policy [} 4 &b 5 /2 T LAAS W B2 SOBT IR 22 59, SIZINF B 87 SR

off-policy 4 AL 5t /2 T LA E 40 FH N & 3R B 456 . i A 2wl o 45

E RSN RPN P2

Ui fa] ) W — AN TD &% /2 on-policy & /& off-policy ?

1. BRXANTDEE R M AT 4R B 35 n)

2. BAEFERIAT SR PR EZA 4 KV Re i BIE ROk

* Sarsas&on-policyH]:
SarsafE 8% Bt R AR R — DUk A4

q:(s,a) = E[R + vq,(S', A")|s,al],Vs,a

AR ~ p(R]s,a),S" ~ p(S'|s,a), A’ ~ w(A'|S")
SarsafE R iEH

Qt+1(3t7at) = Qt(sta at) - Oét(St, at)[‘]t(sta at) - ["’t+1 + ’}’Qt(St+1,at+1)H

1. WMREGE T (s¢,a) BAarya s MRS TG,

| p(r|5)a),p('sl|3’a)ﬁ3\€°

2. ap e RIS T (s001) F2E . FTUAIL BE/2behavior policyth Etarget
policy

* MC learning &Zon-policy:

MCH 2K~ DR 271
qr(s,a) = E[Ry11 + YRyyo+...|St = s, Ay = a
MC ] Sk 3L /2

q(s,a) = i1 +yreat. ..



TATH RIS k15 Bl trajectory 2%, 8515 Blreturn>RIE LY 11 g, HET
UL

* Q learning s&off-policyH7:
Q learning 3K fifE (1) %k 7 ] & 42
K VUR 2 me it~ 2

q(s,a) = E[R; 1 + 'ymga:q(StH, a)|S; = s,A; = al,Vs,a
Q learning 1] SEEL I #2 72
qt+1(8t, ar) = qi(st, ar) — (st ar)|ae(se, ar) — [rea + ymar q:(5¢11,0)]]
TEM AL IE (8¢, a1, Te11, St41)

FEXBENAEE A E a

IR (s, a0) 5 7E, AT Mspn AWM KB
behavior policy & Ms; K15 Flay
target policy /R q, KikFfaction

Q-learning BYSCHE

U1 R ¥ Q-learning # ffibehavior policy Fltarget policy 347 ¥ & A — 5,
4 e n] UL Zon-policy 1

0. XA episodeP AT UL =48

1. WAL (¢, at, 741, St41) » EIX — BRI (s:) RIATBhar KA

| (rt+1a 3t+1)

2. ¥ ¥rq-value:
Qt+1(3t7 at) = Qt(St,at) - at(sta at)[Qt(St, at) - [Tt+1 + ymazx, Qt(8t+1, a)]]
3. X ¥ipolicy:

€ .
miv(alsy) =1 — W(|A| — 1) ifa = argmaz g1+1(st, a)

mey1(a|st) = —— otherwise

IAI
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WA LLZ off-policy )

0. XffAepisode’ ikl m, (iX H [FbfLKbehavior),iX /™5 F >k A2 Bl

experience
1. Xfepisodeff— 2t =0,1,2,... HATUL TP

2. H#rq-value:
Qt+1(8t, at) = Qt(st,at) - at(staat)[qt(st, at) - [Tt+1 + ymax, Qt(8t+1, a)]]
3. ® ¥rtarget policy:

mrev1(alse) = 1if a = argmaz gu41(s¢, a)

a

mr+1(als:) = 0 otherwise

ERXHEKE =P Egreedy NiEe — greedy , R RNRATA 7 BLH 1K) SRBE KR
A0, BT LA 75 B H e — greedy SR INIRZ M, R 7 EARF &L
LG

i F off-policy 1%, d ] fbehavior policy i I & R R FF LU R K S mg, 15
MR 543 A 2 4 [P target policy s

TDHIHR—FRT
BT AT [ TD SV 3 A R A K3k

qi+1(8¢, at) = qi(st, as) — (8¢, ar)[qe(st, as) — gy

XH g, SLAZTD target.
TDHVEH H brult 2 #2IETD target , 8 /NTD error

8i& q, BIRT

Sarsa G =741 + VGt (8t115 Qri1)

n-step Sarsa qy =T Fyreote Y (Stn s Grin)
Expected Sarsa qp =Ti1+ 'Yza:m(a|8t+1)qf(8t+1, a)
Q-learning g =T+ 7mgacqt(st+1,a)

Monte Carlo G = Tes1 FYTire + Y st

88 )\ = value function Approximation

EZ Hi, Frfiffstate valueflaction value#B & F # A& Fon ik my, #ltn.
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ai a2 as a4 as
S1 q7r(81,a1) qﬂ'(sl,az) qﬂ(sl,a:s) qﬂ(817a4) q7|'(817a5)
S9  qn(s9,a1) q-(s9,a2) qx(89,a3) qx(S9,a4) ax(89,as5)

155 FH 22 4% 1 27 &b e 72 AT DA DU 53
IRAb 5 & VL AL AR K i state space B{# action space. JoykAab ¥ 4[]
statefllaction. ¥ZAbLHE 7Aoo

Value Function ApproximationfJ& X

i B2 R &
8(s,w) = as +b = [5,1][3] = ¢7(s)w

X B Jw & parameter vector(Z# A &)
&(s) ”&sHifeature vector(KF1E A &)
0(s,w) EwHilinear(Zk X &)

i F BR HOR A5 7T BATS 48 174k 7 8] (R 75 ZE A w iR E (a,b) BIAT)
e A JE AN KRG

[F)FE AT DU — R BRBOR 5

d(s,w) = as® + bs + ¢ = ¢ (s)w

(7% BE RS, XFE I 2t T-wk 3t [7] FF & — M & ME G
e {§ifjValue Function ApproximationHJ{f &

1. (BT, RREAEwWIIRT, A7 fE 250

2. ZALRE IR, s23EAT T, RS RS E S22 RN
‘ %%, 1Mff Avalue function approximationl £ 202w {E, M 520

fib e (ns1MIs3) , XFE I RIZ ALHE /)

objective funciton

L ug(s) TENE IE R state value.  9(s, w) & BB £ I AUME -
AT H AR R 2B AR wRAT 1R 0(s, w) 7] LR T I & Hog(s)

H ¥ & #objective functionill | :


af://n739
af://n759

J(w) = E[(v2(8) — 9(S,w))]

AT H ol 2 3 B e 4 w15 T (w) /M.

SR i B2 5 DL ) R Bh T
uniform distribution ¥ 431
IWNE— MRS R FSEEER . A ARSI BCE 2 %

J(w) = E[(vx(S) — 8(S, w))?] Ll Z (vr(s w))*

seS

i P 28 20 WS R R A A2, BRATTRE AR IZ AL AR ZS AN EE B H bl A IR 25 B EL AL
Hp. PECHNE S

5 AR A
stationary distribution:
X & —#Markov I HJlong-run behavior

ik{dr(s)}ses 1ENTERK MG T T IMarkov stationary distribution, il E X
d:(s) >0and > d.(s) =1

seS

T /& H¥r ek #objective function®] L5 A

J(w) = E[(va(S) — 8(S,w))*) = Y _ du(s)(vs(s) — 8(s,0))"

seS

Stationary distribution tH#;#5 ~ysteady-state distribution B{# limit
distribution.

BaRd(s) ? it —MRKIRKMepisode:
AT Lng(s) RaasH LR E . T2 FATH I RIT UG T dr(s)

nr(s)

> nx(s')

s'eS
P ATV 0 BB IF AL Nepisode - Gi itk B, wT LLIE o #2k o A5 3
B &t T RoE I dE B AL

d.(s) =

df = dr P,

REMP, £, R MNs B’ B2 HBAp(s'|s)



optimization algorithms

H Fr e& E ) AL 575 (optimization algorithms of objective function)
N T B/MEE PR T (w) » FRATTAT LT A B R b gradient-descent

Whi1 = W — oV J (wp)

X B ftrue gradients2:

{EHE SRR R, FrPAFRAT I sotcastic gradient descent>k & {gradient
descent

Wi = Wi + ag(vr(se) — (se, wt)) Vo, 0(st, wy)

ERAD LT, FRATRETIEE Mo, (s) Ko
HanF ik

1. Monte Carlo learning 1 value function approximation%i &

ik gy KnMs; HFifepisodeffreturn. #4
wi1 = Wy + (g — D(8¢, we)) Vi d(se, wy)

2. TD learning fllvalue function approximation%s &

FETDHEIEF ] L repy +y0(sep1, we) KAE Nva(sy) B—hiHE. T2
&l

Wiyl = Wi + Oét[Tt+1 + ’Yﬁ(stﬂa wt) - "7(5267 wt)]Vwﬁ(st, wt)

H AT e R Al 45 72 SR I% ) state values.
selection of function approximators

SR QNP GRS
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1. EELMERE (ZH) D -

i(s,w) = ¢* (s)w

A (s) RFFIER &, {2t T 2 0z (polynomial basis), % T H
-] (Fourier basis),...

2. EBMLN (BT NERD -
B M, A Restate, U (5 6z, )
FREME T O(s,w) = ¢T (s)w , BATH

Vuo(s,w) = ¢(s)
RNTDH LA LI43 2| TD-Linear:

Wil = Wi + aglregr + ’Y¢T(3t+1)’wt — ¢T(8t)’wt]¢(3t)

Linear function approximationfJ%5#: .

o RMEZRIESFE NG feature vectors

Linear function approximation[fJ{ft % :

o HUpREIEMT, AEE AT DA B IRATT BE IE A A A

o RALRENILH A LL. FH#EIE X tabular representationszLinear
' function approximation HJ4%E#RE A .

Tabular representation s&Linear funciton 1 — F 45 5k 155 I -
G BT BRRAE F) &

#(s) = e, € RIS

XHEMe, £ MNRA A1, HAAZOK &,

T2 IXRERIED(s, w) = eTw = w(s) , XFw(s) AWK BN LR T . ik
f&tabular representation.

NG BHATHS(s¢) = es i AZ|TD-LinearH .
w1 = Wy + arerr +ywi(se01) — wi(se))es,

K oves, RAEw, KM E R, HANAERO, FrbhfEw, H R H S HIALE B
BT



wii1(8¢) = wi(8¢) + ap(re1 + Ywe(se11) — wi(se))

TRBATVEI XA T M Fitabular ) TDEE & —FEHY

Sarsa

Sarsafllvalue function estimation%i & :

Wil = Wy + Oét[Tt+1 + ’)"j(st+1, At41, ’wt) - Q(St, Qt, ’wt)]vw(j(st, Qt, ’wt)

B 7 bR IR R T A 22 ], HoAb ATtabulars —FE 1.

1. BN M) 2 2 M state By T parameter, BT DLEEHT 1) 9 25 A
" q(s,a) BN Tw

2. fERAETHER AT — > s K state, BTRAIRSEHIq(s, a) 2200 1 H R Hfl
- HEAER(s, 0, w)

3. WAk Lq s ERMEAAE LI E.

oz LN
1. %tEFepisode FHAT U #AE:
2. BT (se) PATENEar » RIEERr, S s RIFENET(S001) AT ag41

3. H i (parameter update) :
Wiyl = Wi + at[rt—i—l + ’)’@(St+1, a¢i1, wt) - Q(St, at, ’wt)]vwd(st, at, wt)

4. FEHIH WS (policy update):

€

[A(s)]

mii(als) =1 — (IA(s)[ =1)  ifa = arg mazaca(s,)q(st, a, wei1)

otherwise

mr1(alst) =

[A(s)]

Q-learning

Q-learning Flvalue function estimation 454 :

Wiy1 = Wy + at[rt—l-l + Y max qA(SH-l) a, wt) - qA(Sh a, wt)]quA(sta at, wt)
a€A(s411)
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W5 634> Avalue function estimation X A& [#JQ-learningftabular it A 2 [8]
) X 5 -

SR Con-policy)

1. XA episode $AT U1 F#AE:

2. Bfhm(se) PATENEar » RTEHERr, st
3. HH{H (parameter update) :

Wiyl = Wt + Oét[Tt+1 +v mazx Q(3t+1,a wt) q(St,a, wt)]VwQ(St,at,wt)
acA(s:+1)

4. TEFKEE(policy update):

)‘ - 1) ifa =arg maxaeA(st)(i(sta a, wt+1)

mer1(alse) = A(s)]

otherwise

mer1(alse) = A(5)]

Deep Q-learning(deep Q-network)

B G E KRR E: objective function/loss function:

J(w) = E[(R+vagc€§)q(5 ,a,w) — 4(S, A,w))’]

EE—ANURERMRE, FNQ-learningJBellman optimality error:

Q(S,a) = E[RH—I +v maz Q(St+1,a)|5t =s,4; = a],Vs,a
acA(S—t+1)

Kb R + v maz, G(S',a,w) — 4(S, A, w) HIHIHERN %O,
ac !

WA fe /M IX AR R ? B EE N Fik Grradient-descent:

RJI(w) RTFwBIBHEZ, MEETREXHHW M T w, TREARMY
N BATIC AT & 70 A — D H Ay -

R S’
y= +7£’ﬁ§,)Q( )

EFE R A G(S, A, w) WS w T, ] DL R fa] 5 i SR i 1 2
KRG TTVE
AN R S


af://n877

* main network ¥7~§(s,a,w)
* target network §(s,a,wr)

RPN G ECPSF

J(w) = E[(R+ v maz ¢(S',a,wr) — (S, A, w))z]
acA(S")

BIFRAT PR Frtarget network— B¢t (8] AN, BRI Gt 681 51 215 356 20 1F 9 20,
SR JA K B FHimain network. 2 )55 5 #rtarget network. Xt B8 LR IUE A A
W) 2% B Je #P U8

DQN-Experience replay

Experience replay& 5 bl , HAKA:
o IRAVEWSETEEIE G, FEAAR I AATT B S £R I ke A FH AR AT T
o T RATIABA L i Bl — 4 Areplay buffer 1, B={(s,a,r,s')}

o HUWIGMERE N, RS, RUEE P (mini-
| batch)skHE AT %

o 7EHUH FBE A B B — 2 B AR A543 AT (uniform distribution)
N4 FTEZE R ? A BRI 5554 ?
FATTIL 451 2K bR 2L -

J(w) = E[(R + v maz §(5', a,w) — 4(S, A, w))]
acA(S)

o (S, 4) ~d BATIRIREEI(S,A) #EHEHE T B — AW — FI B LS B d
« R~ p(R|S,A),S' ~ p(S'|S, A) » RFIS’ H i i iz

o FEMUHESRAE MO (5, FRATTATBE IR R4 BE AT A A R0 B AO AT T
RN A

o N T FI AR IE SRR 22 8] B AH O M (GBS ARATT A AR S A B (A AR S ), FRATT AT
| PLMreplay buffer 3t 17 B L2 5] Kk

o Xl AT AL R L R, I HL R A Z5IA 51 00 AT R A
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Deep Q-learning

off-policy version:
H#r /2 MiEIL behavior policy mp A 1 — 22 56 h 22 2] — ML AL I target
network>kKi&@ i fix flaction values .

WIRAR -

1. f#fifiHbehavior policy R A%, 7/ E|replay buffert
| B= {(s,a,r,s")}

2. X — UGEARE W B E
3. M\B F 5L — LK K (mini-batch)

b W TREANFEA(s,a,r,8") i Htarget value yr = r + v mazqac4(s) (4, a, wr)
| , fEIX 2 FHwy s&target network(H A4 2 —)

5. ffi flmini-batch{(s,a,y7r)} ¥ Hmain network Kix/Mk(yr — 4(s,a,w))?

6. HATCIREA, T Htarget network: wyp = w

5 NE Policy Function Approximation

policy function approximation t#Hpolicy gradient

Z I ¥ /& value based , AWK F L Zpolicy based

FEIX 22 BB SIS HR e R MR RIB W RIS E (84, a5) » =3 — K0
m(ails;) -

AT Al 5 F R %
7(als, 6)

REMO £ —ADHE, RS

I R A R A (R 2 Ak -
o WRstateTRZIRZA, WAL LRI,

o WLGEFIZAL, fERMF, WREEKr(a)s), Ha—iE B H(a]s)
TR 2 A R A R, AT LLE i S MOk S B — R A1

™

tabular Flfunction representationsf# X 7l
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1. 5E I AL S -
TERMGIEOL T, HToEm MTER— 1 state value I #5 K RIS 15 2 5 A1 1
FERRECR R T, R 2 BE08 i K{bscalar metrics (N i /2 & L Y

2. BA43RE—AactionfIprobability ?

FEFRAMGE T, AR 51 K43 8] —actionfprobability .
ERRE T, TFEIBANFRE ML FEAT T AW

3. W B Hrpolicies?

FERAM Y BHEGERRK T Hr(als) BIE
FERREh, I 0 TR DU

policy gradientf] H % B&i# (metric) Z&: &K J(6)

9t+1 = 9,5 + aV(;J(Gt)

policy gradientBJF ™ metrics

metric (E&)

1. 2 —/metrici&state valuelJ AL F1,

U = Z d(s)vx(s) = dT v,

ses
EXEY od(s) =1, BEATLUMREIE, F LKL vL(s) HIMZ.
{8 d (s) ?
SRl LR AT K
o JBA K, HIBREEEA T EAF B AR B .
o BlinLd(s) = 5 AFENLI M .

'| B AT Hr ) R RS IR OSSO do(s0) = 1,do(s # so) =0, IXEf K
67r - UF(SO)

55 RS Ol d AT Ok, B K T
o —FREEAR MG L d R dE Py = dT
o MaAH LRGBS R IR D

2. %~/ metrics/zaverage one-step reward
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EIXERS ~dr AUH

ro(s) ~ Z m(als)r(s,a)

acA

RRRAE—MIRETS B W reward KT I3
7‘(8,0,) - E(R|sa a’) - Z’I’p(’f’|8, a)

N 4% tHaverage one-step reward 55 —FE .

BRI — A48 € W IR 2E B T — A trajectory, A&
(Rt+1, Rt+2, Rt+3, . ) E‘Jrewardo

4 AE X M trajectory i, “FH5single-step reward &

o1
lim —E[Rt_H + Riio+. .. +Rt—|—n|St = 80]

n—oo N,
N R
:é'&_@o;l@[; Ry 1|St = s0] = éLToZE[; Ry t]

EEAHRE Y n — oo B, TTLUKS, =59 B2, BWNYET L5 DI E,
MR — 20 s mt 22 g 1 .

HE AL

i 1IX e fmetrics#f2m FIEEE . K AT Z2HESH0 hiE, XE¥metricsth 2
KTFO0 R E, W ZUARMO &= AR metric values. F-ATHL AT LA
P AL A0 KAf 151X metricsH AL -

HE A2,

X emetrics AT LAY € A $T IH B 15 #t (discounted case), By €[0,1),
] L /£ undiscounted caseff], Hly=1

N
R 3

EEW E, 78 v AHEG, RSN AL, BRI B 2 i 25 R ST R
reward, [Mv, % EENEE K reward.

SKIMAIR, i metricsskbr ERM LN Hy<1, Hha:

Fr = (1—7)(5r)

metrickhH —FiE IWLFI R R IE 0T



= E[Z ’YthH]
i=0

B SEbR B, RAHFE, N4 H S R .

7(6) = E[?;(’YthH)]
Z ;d 8§)Rii14)]
= (d( EQWRHM%—Q)
- §d<s)vﬁ<ts> -

Bir@ BB EITE
BEFEE T

VoJ(0) = Z n(s) Z Vor(als, 0)gx(s,a)

scS acA

AT UL £
VoJ(0) = E[Vln 1(A|S, 0)g-(S, A)]

5 R B A A AT SRR R AL &
e I B A U AR

B R A

Vor(als, 6)

m(als, 6)
Vor(als, ) = 7(als, ) Vlnm(als,0)

Volnr(als,0) =

TR TR B A
VoJ(0) = }:d }:vmmmm%@ﬂ)
= Zd Z (a|s,0)Velnn(als, 0)gx(s,a)
= Eswd[z m(alS,6)qx (S, A)]

a

= Egs g a-r[Volnm(A|S,0)q,(S,A)]
= E[Volnm(A|S,0)q:(S, A)]
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KUAIRATK T In(w(als, 0)) Bt LAFRATTH) il 205 /2 w(als, 6) > 0 AT LLH
softmaxJj KK (—o0, c0) HIMEEIH—4LF](0,1)

e”i

Z?‘:l e’

2 =

[F Y 2 =1
REINFORCE

reinforcesz — M policy gradient algorithm
RAE b —7 0 B brek £, FRATAT BAAS BEA T 12

0111 =6+ agJ(6)
= 0, + apE[Vylnm(A|S, 0)q.(S, A)]

EFATEE, EREAER K, FRATE Hstochasticly 2RACE B 91
¥,

Oi1=06: + a9V9ln7r(at|st, 9t)q7r(8t, at)
HIATR e EAFNER, TRI/ATT LA ¢ KA E ¢,

Gt—i—l = 0t + OCVgl’nﬂ'(at‘St, Ot)qt(st, at)

0] XoF @b AT SR AE 2

1. RTZEERTM I, AT FJREINFORCE
2. HAhI5iE

R

A R 2

1. WFIXSHCRFE? S~d, @idn FABIEASE B 2R RS 2]S. H5E
o R FRA T I ) 5 o P B PR A

2. WX AMCREE? A~ w(A|S,0), iYE fEsy IR IET(0;) KA ABAT K
R

Ak, XA-policy gradient J7i% 2on-policyf.

EE

RIS =
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Ori1 = HtaVGZnT"(at‘sta et)Qt(Sh at)

M)ng(at|st,0t)

=0
e 560

&'ﬂ]&ﬁﬂt — Qt(staat)

W(at\stﬂt)

TR A AN T

0111 = 0 + afVer(as|ss, 0;)
TR PLA I, AT @ e, Riitbhn(as:, 0) HI1E
BT A BEATD KaBy B2 /N A REWEL
° %Bt >0, %B/Aiﬁj%(st,at) E‘Jﬂﬁﬁ%j@ ?%ﬁﬂ(aﬂst,ﬁtﬂ) > 7r(at|st,9t)

® i—,lﬂt <0, ﬁlz/é\ﬂ(at\st,ﬁtﬂ) < W(at\st,ﬂt)
BosiEFun .
01 — 0 RUE/NRE, H
m(a|se, Or41) ~ m(ag|se, 0r) + (Vom(ae|se, 0:))" (Br1 — ;)
W(at\st, 0t) + aﬂt(ng(at|st, Ht))T(er(at\st, 0t))
ﬂ'(at‘St, Ot) + a,BtHVgﬂ'(atLSt, 0,5) ‘ |2
ZAH B B IR U WP exploration Flexploitation
H558: Hai(se,ae) IELE.

o WRaqi(se,ar) LR, 4B HEHEK.

o [AlSb b B B AW 1) T A A B OK R R 3 9 gy, tH 5 /£ exploitation
/E\:M_’\: ﬁt 57’[’(&13|8t,0t) EE&HCD

° ﬁﬂ%ﬁ(aﬂst,@t) IR7IN, ﬁB/Aﬂt RK. Fﬁ\ﬁgpi(aﬂst,@tﬂ)ﬁjﬁ Magh
ORI FENEZE .

o [RIULFEM R TR BRI IR R #ME . Hlexploration

REINFORCESLVESEIL 41T

W1tk 2 $im(als, ),y € (0,1),a > 0
H b /2 e K16 J (0)

St T kIR EAN



1. EFE—"Nsy , EHT(0r) 4 Hepisode , fiiiepisodesz

{s0,a0,71,..., 871,001,771}
2. WTFEAt=0,1,2,.,,, T —1 $#A4T3H4:
3. value update: g¢(ss,a¢) = ZZ:tH ARt

4. policy update:0;.1 = 0; + aVlnm(as|st, 01)q:(st, ar)

%+ 2= actor-critic

actor-criticA & 5t /& policy gradient
‘ The simplest actor-critic

WFRQAC CGXHIIQEAXF g, Hitaction value)
policy gradient#iiZ:

9t+1 =0 + OCVQJ(Gt)
= Ht + Oé]ESNn,ANW[Vgan(A|S, Gt)qW(S, A)]
0111 = 0 + oVglnm(as|ss, 04)q: (¢, ar)

XN NG () Sk s actor,  critic ) KA i qs (s¢, ay)
AT 73 2 gy (se, ar) ?

5 o s

1. MC learning: XFE45 & #4535 T REINFORCER % .

2. Temporal-difference learning: actor-critic® %,
Ak B bR s 50T (0) , i i KAk
Xt T & ~episode 5, PATWI T

1. ii%}?}ﬁw(abtﬁt) Hay s ff%‘%”(’r’prl, St+1) ,ﬁj\i)ﬁ%ﬂﬁﬂ(a‘st—klaet) 955207%1
2. Critic (value update) :
W1 = Wi + Q[T + ¥q(St41, @ev1), we] — q(S¢, ag, wi) Vouq(se, ar, wy)

Actor (policy update):

0141 = 0 + gVglnm(as|se, 0:)q(st, as, wiir)

XN 2 on-policy .
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The simplest actor-criticfr 5t /& SARSA + value function

approximation

advantage actor-critic

HIJAAC , A2C
1A Apolicy gradient 5| A—/NHrffbaseline (bef %)

VoJ(0) = EguparVoInm(A|S,0:)q:(S, A)]
= Esnax[Volnm(A[S,0:)(qx(S, A) — b(S5))]

N AFINET b R, 55 R IR AT 2

Ry~ 2 IR AL -
Egna~xVelnm(A|S,6:)b(S)] =0
TE YR b 1
E5na~r[VoInm(A[S,00)b(S)] = Y “n(s) > m(als,0;)VoInm(als,6;)b(s)
seS acA
=3 n(s) 3 Vor(als, 0,)b(s)
seS acA
= 3 n(s)b(s) 3 Vor(als, 0,)
sesS acA
= Zn(s)b(s)Ve zﬂ'(a|s, 6;)
ses acA
=) n(s)b(s)Vel =0
seS

SINIZEAD BB A4 ?

HATH VI (0) = E[X]

B4 FATH1IE

° E[X] fb(S) LK.

o XM EMDbE K.

Fit CAFRATT AT DA 3 152 8 b R BR8N 7 7%
BEbR BN N AR, AEAAS T 2 B,

Epx[||VoInm(Als, 0:)[|*q(s, A)]]
Eanrl[[VoInm(Als, 6)]|?|]]

b*(s) =

|| Volnm(Als,0;)]|* W AN AR —AALE
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HERRENAXKER T A —RKEEH
b(s) = Ea~rla(s, A)] = vx(s)
8 F i AN A, ATAT BA1S Blgradient-ascentH %

O:11 = 0: + aE[Volnn(A|S,0:)(q:(S, A) — v(9))]
= 60; + aE[Vyln7(A|S,0:)(6:(S, A))]

FATY (S, A) = ¢(S, A) — v:(S) HNadvantage funciton Cft &%)

v(8) —EMRE T Haction ) FIME, Frild.(S,A) #iid 7 HhTHaction M

AR 0 3 A action H EL £ 55 -
O SIE T DA R

0t+1 = at + OZVQ In W(at\st, Ot)ét(st, at)
er(at|st, Ht)

=0 )
t + o (@150, 0) t(s¢, at)
)
= 0,5 + QMVQW(G,t|St, Ot)
7r(at|st,0t)

FREAIA R 2doea) g T step-size (FIZ9UFREINFORCEH I8, —

W(at\st,et)

FE % 1R 47 o ¥4 exploration Flexploitation
A2C , B(HTD actor-critic ML F2:

H b5 a2 3 m KH)J(0)

fERE A~ episode P Bt %, FRATIAT LA T -

1. En(alss, 0))F ay REFRIr 1, 8001

2. TD error(advantage function):

3. Critic (value update):

0t = i1 + YU(S41, we) — v(s¢, wy)

Wil = Wt + A0tV oy (Se, wy)

4. Actor(plicy update):

X & —~on-policy .

0111 = 0; + 96 Vg Inm(as|sy, 0;)

off-policy actor-critic

Policy gradientsZon-policy 1 )i K& 86 F 06 ik Mo SR BE, X B BE A2
behavior policy , [FIBX A tHeFATE H B Htarget policy.
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Al LA fd Fimportance sampling >k on-policy ¥ Noff-policy.

ExenX] = X pla)e = 3 pa(a) 245 = B [0
TR T LB p, BEATRAE, )G THpe KAE T RIME. B2 AT
ﬁEXNPl [f(X)] ?

S VL NN E

n

1
f=— f(z;), where z; ~ p;
n =

WA

EXNpl [?] - IEXNZH [f(X)]
warxpf] = -varp, [f(X)]

FrCLf  CFRPF 50 #h AT LU SRS T Exop, [f] = Exp, [X]

n 1 n

ExonlX]~F= 23 fla) = 3 22,

i—1 n <~ pi(z:) z

535 5L {1 2000 T DL AN, S 4 B R Tpo AL HEHR 1 £
A, T E R
XA E MY importance L E .

RN AT R BEMEpy(z) » HRAHEx o, [X], FTEAA 7 ZEimportance
sampling.

1% B ”&behavior policy4: 1) £ 56 K FE .
FATM B b &2 B Brtarget policy w K KikJ(0)

J(0) =) ds(s)va(s) = Es,[vn(9)]

seS
Aty FRIA B AN R
_ m(A[S,0)
VQJ(Q) == ESNP’ANﬂ[mVG In W(A‘S, 9)qﬂ(S, A)]
X H 8 f&behavior policy , p f&state distribution.
k.

FATSPR T LLIE S I EbaselinesR AT : 6,(S, A) = ¢-(S, A) — v(S) -



7T(G,t|3t, Ht)

Blaz|st) Volnm(ac|se, 0:)(q(st, ar) — ve(se))

01 =0 + ay

qe(st, ar) — ve(8t) = Tep1 + YU (Se41) — ve(Se) = 0¢(s5¢, ar)
TREANEILZ

5t(8t,at)

1 0 0
5(at\3t) Vo nﬂ'(at|3t7 t)ﬂ'(at‘sta t)

01 = 0 + o

Deterministic actor-critic

DPGAHIZ Hi ) (QAC, A2C. off-policyfactor-critic) #H b #— K4 fi ik 2
fth () & (als, 6) AT DL 74T

T &A1 Hdeterministic policies K f# #continuous action (LRI, &
Z:ffjaction)

Z AR B W 7(als, 0) € [0,1] KIE ZRBEAD 3 1Fa.
17 IAE AT LS8 T T XA -

a = p(s,0)

ERERMNEEESsHFRalE, A LEBE—action Pk g ik
W a.

J(9 ’U'u S) Z dO 'U,u

seS
do HIIEFEM p To 5K
16 5 o B PR A RS T B4 17 O
1. do(se) — 1 ,do(s # s0) = 0 . 753X Fsg & —ANKFFRIITF WIRZS -
2. dy B ¥TFbehavior policy fEu LI %
VoI (60) = pu(5)Vor(s)(Vadu(5, @) lap(e)

seS

= By, [Vor(5)(V oy (5, 0))ap(o)

X HLTH R B A action A

fIt LLiX~deterministic policy gradient & —{~off-policy I k. (H AN
ATAS 75 B0 0 IX > ase 1l ik BN SRR 45 21 /1)
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BhRE BTt
011 = 0; + agEs, [Vor(s)(Vaqu(s, a))|a=p(s)]
Ori1 = 0¢ + 2o Vou(st)(Vagu(st, a))la=p(s)
HEE
o B RAFM.
o B AT LIHEE Ny + noise.
47 2 B g (5, @, w) ?
1. BHEEEG o(s, a,w) = ¢7(s, a)w

2. LM% . DDPG
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