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Used Materials

Disclaimer: Z&KiR4AKEFX AT Rich Sutton’s RL class, David
Silver's Deep RL tutorial FAE LM LKIRIZRME, HFE AT GitHub
RHERE, MERHSNEBEAS
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Fully
VS.
Partially
Observable

Perfect
Vs.
Noisy

Percepts
——

Static vs. Dynamic

What action
next?

Actions

Deterministic
VS,
Stochastic

Instantaneous
vs.
Durative



IMERI A REE
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RIRBE

Success
Reward: $100

Failure
Reward: -$1000

Success
Reward: $50
Failure

Bl Decision node: You play Reward: -$10

@ Chance node: Nature plays

> Planl RIS AR
EU(PIanl) =100 x 0.80 — 1000 x 0.20 = —120

> Plan2 BEIZERA: EU(Plan2) = 50 x 0.70 — 10 x 0.30 = 32
> RAHERA (MEV): &7 A ERHERARK



O/RAI R MR

> ST EELEAERSRAEEERTHELT. B
ARSI FHRMES IR T SRR

> ELRERAERSH, BNIRETERS (HE) BEM4MH
SIHY

EX

A state s; is Markov if and only if

P[5t+1 | St] = P[SHI | 51,---75t]

REBETXRTHENRERER

—BAEYEIRT, SEMNAEAUEEIF
YRR B SR A Sk
X—MEREBE L R RRIKE, BRETHERES
HERFES ERER

vV vV v v



MDPs #fi&

» O/RA[KRRETFE (Markov Decision Processes, MDPs)
» AIEg. RESH. BFF. EHREFFERREXE
» KEXPREIZATILA MDPs Rik. #5%
» MDPs BB FEERIE AL B ARE N ERFE
> MDPs 38
» TLAIEH) MDPs (Full Observable MDPs): FOMDPs

> SEEAATMEEHY MDPs: NOMDPs
> ERHATINZEEARY MDPs (Partial Observable MDPs): POMDPs



Table of Contents

(Full Observable) Markov Decision Processes (MDPs)



MDP BEZRHEZR

’l Agent l

state reward action
; r a
S 1

) &=
N 'lol

' s, | Environment ]<

> MDPs 3L BF agent S EERZE

> REEERAE, fif agent SIMEMNZEIEASEH—
R MR, BT ERE BRA-REATH MK

> BRI SR



MDP #&ZHY

» SE—MERE HBFGARKE sc SKR—IMKRE

> AR—MNERE HBEA E ac ARKKR—NMTH

» T: SxA—=TI(S) MAKTEBRE, BE—X KT 17
B BREA S EH—NMEESE. BHIES T(s,a,9) RRTE
RE s EHIT a 1K E S BOBER

» R: SXA— R AL (reword) ERE, R(s,a) RRLE s
EHITITE 2 FTREIMEEEIR (EEEER)

> AAME— MDP AR —EEMAiEE, ~=Z MDPs
AEARMIAR

> MDPs HIRHIERR, AE—1 MDP #&E, WIRHEME
B%, BDHAZE O & A HISRRG



RAHE SR

> MAHRIABTHRIRAK A
#n B

» S={s1,%,53}
> A= {317327‘337‘94}

> a; = move(A, B, F)
> a; = move(B, A, F)
» az = move(A, F, B)
> ay = move(B, F, A)




FRARM SR (con't)

» ME T
ai as as aq
51 So S3 51 So S3 51 So S3 51 So S3
s | 1 0 0 1 0| 0 [01]085|0.05]|0.1]|0.05] 0.8
s2/09|101|0] 0 1 0 0 1 0 0 1 0
s3| O 0 1709|001 ] 0 0 1 0 0 1

a4/0.05
a:/0.85

24/0.85




FRARM SR (con't)

> ME R KBRS HREHER" A0 CHIT-MTEIR
K" WEE

» Rig » B "SB@ KT, s B "REAFH, s B
B, 8MTHEERN, mMA "BLEX" ik "ETER K
X, RBEMEMRBR “#HX"

al a9 das aq
s1|-1|-1]1 2
S| -2|-1]-1]|-1
s3|-1101]-1]|-1




=LEBg (Optional Policy)

> KE AR
> FTCBRBYERIEIER (flan, MIL&4Ed)
> FBRBYER 18] 58
> REES A “ETEHY (stating)” 5 "JEFEFEAY (non-stating)”
> EREMARTA T S— A
> EFERERE 7 = {rr,...,m}, BN T 21 S8 A R
g, BE—RRER ., FENTHE 1ls), $—KA



MDP HyK##

S,a

)/—b (s, a, &) FERTHB
sas ‘ T(s, a, s') = P(s'ls, a) N{
}s R(s, a, s v h

7

B : LRE— T MDPHEEL | tNaKERH SRR ?



(ETEEE

> (ELEREE v, TEWE (KHE) @R, BESEE (value
function) E 2T HAEIH
» & Vii(s) R s Fris, HUITREE © & « MY FTIRER
A R it Bl
» Y t=10
Vﬂ,l(s) = R(Sa ™1 (S))

» U r=2 Rt
Vy2(s) = R(s,m2(s)) + Ss T(s, m2(s),s) - R(s', m1(s'))
> ZHHER
Virt(s) = R(s,m¢(s)) + Bs T(s,me(s),5) - Vire-1(5)



BER % (con't)

> BEERA AN FIMEF v (< 1) (EXRMEH
EHLER, RIEWKE)

Vﬂ',f(s) - R(57 7Tt(5)> + ")/Es/ T(S, TI't(S>, S/) . Vﬂ—’t_l(sj)

E—A MDP #REYFNI—-5RRE =, HILFRF Voo, FTA 7
':F' Ve KR m FRARMKEE, 124 77, X‘IF’E’JEEE?SI
LA Ve, Ridsk, mMRMET Vi, HBAE 83

i (s) = argmax, [R(s, a) + 7S¢ T(s,a,5) Vi_ ()]



R LK TE

o« EXA: RASHEMRERR
Vi(s)F, BUSHIIEIRES, T
B E B IR SRR 25 1

. EN2: TS, a)MIRHQE
Q*(s, a)A, LUSHVIIERE,
MITENEaE, eMERRT
RIS BRI B

* EX3: HLEBTARTIRE
RS AR RS




NREFK

* FIRIUREFNX, ATLARERANTG
R BERTSHIHIZE I 5 (5 -

V*(s) = max Q*(s,a)

Q*(s,a) =>_T(s,a,s") [R(s, a,s’) + 'yV*(S')} Richard Bellman
s (1920 - 1984)

V*(s) = mC?XZT(s,a, ") [R(s, a,s') + ’yV*(s/)}

S

RIERHHTE



BEEREE
» {EiEK (value iteration) EiEK Vi F5, EBT4HE
Qi(s), HEMAXA: EsHITa, ABRHMIT -1 THI®E
1R BT 7= 4 B T A 195

B s€ S, Vo(s) :=0; t:

loop

|
e

t:=t+1;
loop XfFfH s€ S
loop XtEFH ac A

Qi(s) := R(s,a) + 7Zs T(s, a,5) V-1 (s)
end loop
Vi(s) := max, Q3(s) (Bellman equation)
end loop

until [Vi(s) — Vie1(s)| < € 3T s€ S BaL



EEREE (con't)

1. MFERSS, TEK V() =0
2. HAE—AV(SMME, WITEMRAET TSR EH
Vig1(s) <= max>_T(s,a,5') [R(s,a,5") + v Vi(s)]

3. REEEHE, EEM

EEREEN—LES ,

- S-S EERITESRER O(AlS])
AREAESIEL | BRE RIS E
-« WIS E B BT RO
poly(ISl, IAI, 1/(1-y))

KR ER—MaSRIAITTE



RIEIZREE
> REBEREE
1 SELLTEVISATKRES ©, KRMLMRE, HEH «~ ARHESRH
4
V(s) = R(s,m(s)) +7 >, T(s,a,8)V(s).

2. ETFHEHMERY V. BT EHRE
7(s) < argmax, {R(s, a) + WZ T(s, a, §)V(5J)}

3. AHFEESE 1, 2, EHIkE
> EREREERANNBSSE
>W?ﬂ%ﬁﬁ%$%%ﬁ$i$wﬁ(ﬁEﬂ%%m&&
H



» —E{kpy MDP #ERIZIE T — M BAFSKERE &, BMHRMHT
ZE R — M AR R
> MDPs [B@J3% AR REEHIKBREH, =1 ER:
> 1§ agents FIT NS D RREHIIIT
> 4§ agents HIR IR 8] &R VALK K &AL SR AE
> ML ARKL BA "R BMERRE
> ZEMXE MDPs KR (RE)
> ITHRURMEE vs. FHE
ZAPPLF LBRERRETEAATUE
SAMXILUEBIBARRER BRI RE, REEMX
M MDPs LU RISR KL “BIh” #RE, ERERAIFEE
B, WATRLEALERER
- — MBI EERT LA H— M) NOMDP a1,
SrERRS s £, BX—1 REBTH £66
T(s,a,s) =1

| 4
>
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Partial Observable MDPs (POMDPs)



POMDPs EZRE X

> MDPs ZIE TITHRIAHEN: FEAME, ERFE: U
BRWER, MEITHHIRR

» —RIERT, 1TEHFINERERE A EER

> —/|\ POMDP *ﬁﬂ%—/l\/‘_\igﬂ (5, Av Tv R7Q7 O), EEP S,
A T, RMEXS MDP &R2&HE; Q© B—1ARE, HF
FTEMA "ME" 0: Sx A 1(Q) FRAVNRERLY, B
iEA O(s,a,0), a RFRMITHIITE, 5 B 2 ZBRERK
&, o ELBRFHTHIRMNE, 05, a,0) BHIT 2 i£E] 5
WEER| o RIHEZE P(o] 5, a)

> 7£ POMDP @@, "IRE" HER— "BE" —MRKE
EERENHBNABERL, UREXNEEN HdH”



POMDPs




Z R0

Pr(o=TL | S0, listen)=0.85

Pr(o=TR | SI. listen)=0.15

Actions={ 0: listen,
2 1: open-left,
2: open-right}

Reward Function

Observations
- Penalty for wrong opening: -100 - to hear the tiger on the left (TL)
- Reward for correct opening: +10 - to hear the tiger on the right(TR)
- Cost for listening action: -1



» £ B=1I(S) A S LAMBERENHNES, bec BRA—I
; '“"Y{jt’k (belief state)

» & S={s1,...,sn}, MVi: 0<b(s;) <1, B2 ,b(s;) =1
b= (b(s1), .., b(sn), bls) EFIERF s KAHIBE

» 3 |S| BFE, 7(S) RESH



FEART (con't)

> ¥AE— POMDP #8, —A be B, — ac A F1—4
o€, HLITE (f5it) # b THIT a 158 o BF, IRELL
TRE ¢ € S HIRZR:

o|s,a b)P.(s | a,b)
P.(o| a, b)
_ Po] s, a)XsP.(s | a,b,s)P.(s| a, b)
- P.(o]| a,b)
O(s,a,0)XsT(s,a,s)b(s)
P.(o| a, b)

b'(d) =P, s |o,ab) = Pr(

b & o,a bBIRH, iEA b =SE(ba 0), FRA "KMt



ERZEE (con't)
> 3 () MBS

Po| a.b) = £40(¢,2,0P(< | 2.b)
=%y 0(s,a,0)5:T(s,a,5)b(s)

BT a,b THI o By "EIHHEZR"
> V() BSFR a b s THIL o HIMER
> Plo|ab) 2RIE S46/(d) =1 K "EMELETF"
> B,T(s,8,5)b(s) = P(¢ | 2 b) RAEEMBTEBT—1k
A HEE, M b () BEETME 05, a0 FIBHA
T—REHHER. AEXR:

0O(¢d, a, 0)

Plolap) 1Y

b(s) =

» & 0(s,a,0) > Po|ab), MUS)>P(s|ab). TS T
HIT o BHEE, ST HI o BIFHHEE



SRS (con't)

> U BETUEIMRENEIER:
1. F—MZIMSEER b
2. BEUSE T,
3. MEAER O(s,3,0), 5 €5

> Ellt, % POMDP [, B i{EM#ELTF MDP figy S



A 52

» EERAHFRR POMDP #81, Hep S A T, R 5HifIEE,
Q= {o1, 0}, 1RE agent IMERE N S1TRIFX, MAR
BEX S 2 5 s3

» BX O: Va

O(s1,a,01) =1, O(s2,a,01) =0, O(s3,a,01) =0
O(s1,a,02) =0, O(s2,a,00) =1, O(s3,a,02) =1

> EWIREERIRTS b= (0.9,0,0.1), #11T a3 = move(A, F, B),
WA oo



AR FREE (con't)

HET—RZESRE:

P,(02 | a3, b) = X5 O(, ag, 02) P.(s | a3, b)
= P/(s2 | a3, b) + P(s3 | as, b)
= 3T(s, a3, 52)b(s) + LsT(s, as, s3) b(s)
= (0.9 % 0.85+0.1 x 0) + (0.9 x 0.05 + 1 x 0.1)
= 0.765 + 0.145 = 0.81

b/(Sl) = 0
0.765
b (sy) = ——— = 0.841
(2) = 57 =08
14
b(s3) = 0.145 0.159

0.81



MDP vs. POMDP

A O—| World: 7(s'as) &—— B World
» g 5  Observation & reward action
HE 5| b |
= = = [4
-l 2 |_'_ SE T

< .

_’I Agent l_ Agent

SE : belief state estimator
b, : belief state



POMDP to MDP

» B £ POMDPs H1fH%F MDPs /i S B9{ER, &iFxHF—1
POMDP |a)@is k. A— M ZHA MDP [a1g, ESHEMNEA
MDP &4 (B, A, 7,p), 7: BXxA—=II(B),p: BXA—=TR

7(b,a,b') =g P.(b' | b,a) = L,P,(b | a,b,0)P.(0] a,b)
p [ 1, if SE(b,a,0) =V
Pr(b'| a,b,0) = { 0, otherwise
p(b, a) =qr Xsb(s)R(s, a)

> BT BRAGH, REEERRBEEKEEKRE



POMDPs HIKRER T

» POMDPs HJKREEEK T
» B A (8%), 588 = (7r,...,m), {E BEXFH

> SREERE: —A t RIREERE (policy tree) #F t BT, RY
RERIERRE—NMTE, ENSIRRRAITIZITHERSE
RVIE S 22— "BERT"

T steps to go

T-1 steps to go

o
2 steps to go
9, e o) (;):2) :
o, X
A A A 1 step to go

e o o (T=1)



POMDPs H{E & £

> RAKBMERT, € p2—1 t FREH, Vo(s) BEs Lk
HAT p TR (4R AHAEN) -
Vo(s) = R(s,a(p)) +v x Ja t— 1 FHITEIR A
R(s,a(p)) + vXs Pr(s | s;a(p)) S0, Pr(oi | 5, a(p)) Vo (p) (s)
= R(s,a(p)) +7E5 T(s; a(p), 5)To,O(s', a(p), 0/) V() ()

oi(p) B p WIHADH: o 5IHKY t — 1 HFH
» JHEE be B, X Vp(b) = Xsb(s)Vp(s) ATE b EHIT p

HIFHAZR A
> X P AFTE t SRBHHES, P BF. b LRI tHER
HMAEX A

Vi(b) = maxpep, Vp(b)
{8 Vo(b) = Vi(b) B9 p B b ERIERIERRE



POMDPs HJ{EERE]L (con't)

- REEBA B ENBERN, —RERERRERR
(B%, BR5. EEH)
> PC P, R Vbe B Ipc PIER V,(b) > Vy(b), Vp € P,
> [P RBSH,
1Pl = 1A= = 4

» &A= Q| = t=10, |P] ~ 10, WA 1022,



POMDPs HJ{EERE]L (con't)

> SREIER. A5H, BREFH
> & S={si,....s}, b={b(s1),...,b(sn)}, 0 < b(s;) <1
Yib(s) =1, "BHH" R s M= b
Vo(b) = Esb(s) Vp(s) = b(s1) Vp(s1) + - - - + b(sn) Vp(sn)
V,o(b) & b(s1),...,b(sn) BI—NEEIEERE. Vo(s) 5 b Tk
> Bl EE (S| =2

Vo(b) = b(s1) Vp(s1) + b(s2) Vp(s2)
= Vp(s1)b(s1) + Vp(s2)(1 — b(s1))
= (Vp(s1) = Vp(s2))b(s1) + Vp(s2)

XARER p BAREH Vo(si), Vo(s2), SMEARERLZER



B= K HAZE S F R &8
> I p € P A V() By ERE" ARUEE Vi(b),
B4 B LRAKMES, UREMRRERN BREE"
AL MR HE
> IHERE IS, WREM, Vi(b) B— "HHREMMHOTIH

Ve 7'y

0 1 b(s,)



S

S

B(sy)

_Sl
S=



BB AES (con't)

> B Vo(b) Ham " ERE" KA p ABKSESE (KR
Ve(b)), MRARKEIEHASRE/ SAEERE Ve(b) B "R
%EZE%P%,ﬁ¢pemé%5m%¢EWLMT%

REERE, p Y "RARE" 2
{be B| Vg € PV;i\ {p}, Ssb(s)V,(s) > Ssb(s) Vi (s)}

AT &R R 75 185K
» PV WIEMETFEEBLERIE Vi(b), MALTEEN. 5
“ERE BEESMRE pc P WESIEH PTV:, TRA
CRERR
> PVt g P+Vt,
» Vpe PPV, dbe B, Vp' € Pi: Vy(

b) > Vi (b);
> R PV/PYV. IFHIR, BEEN

> Vy
NZiT/NF Py



ZIRIEE (con't)

Belief vector
S1

“Tigel'-left"




ZIRIEE (con't)

BelioTverion
S1

"tigef-leﬁh

obs=hear-tiger-left

‘s>

action=listen




ZE AR (con't)

b, ——b,

P(O‘Si’a)sZsP(Yl \si,a)ﬁo(vl.)

Belief vector

Belief
obs=growl-lefi &S

action=listen




ZIRIEE (con't)

¢ Optimal Policy for t=1
a¥(1)=(-100.0,10.0)  ol(1)~(-1.0,-1.0)

a%(1)=(10.0, -100.0)
[0.00, 0.10]

[0.10, 0.90]
opgn-left

[0.90, 1.00]

Optimal polic

“
Belief Space:

opep-right




ZIRIEE (con't)

* Fort=2
[0.00, 0.02] [0.02, 0.39] [0.39,0.61] [0.61, 0.98] [0.98, 1.00]

R




INGS

>

>

>

>

v v v v

MDP ZIE TITHRIAHREN, ZEHRMYAEEHRX
BB A

MDP #&E ZMITA (S, A, T, R)
MDP mTIA REERE LT ERMRE, HESERER

P-complete

POMDP #£ MDP B FZIEPRRIAME S, FRHHE
KHEE A

POMDP #2IA755t4 (S, A, T, R, Q, 0)

POMDP FIIAEM—NEF I F =K MDP

POMDP K 3RE& AT L& it SRAE # 5R7R

POMDP Mg LREEHIITTE S Z 14 A PSPACE-complete
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Markov Decision Processes

» Markov Property: P(sey1 | S1,...,5t) = P(se41 | St)
» T(s,a,5)=P(d|s,a)
» Policy: m: Sx A—[0,1], w(a|s)
» B%1 MDP #&#!
» Prediction: 457 MDP #0 policy n, TEERE V. 5 Qr
» Control: 457 MDP, +ERMAKEE * FRMERLE V* o
Q*




State-Value Function and Action-Value Function
» 3R (return): [E3R G BMEZ] t FIRBEITINERD:

oo
Gt =Rep1 +7Rep2 + - = Z”YthJrkH

» IRTSEFEL (state-value function): RFSEZEL Vi (s) M
Wi s Mk, REBER © REYTAGRIRHAEEE
Vﬂ—(S) = Eﬂ— (Gt ’ 51_- = 5)
= E; (Rey1 +7Gey1 | St =5)
= Ex (Rey1 + YV (Se1) | Se = 9)
» {TEN{EFR %L (action-value function, action-state-value
function) : fTAEEE Q-(s,a) BAIKE s Hk, RBITAH
fa. AEREBER © REITAGRIRHAEEE:
Qﬂ(sa a) - E’R’ (Gt ‘ 51.‘ =5, At = a)
=E; (Rt+1 + VQW(SHL At+1) | St=5Ar = a)



State-Value Function and Action-Value Function (con't)

» Vi(s) 5§ Qx(s,a) ZEIKXE
Ve(s) = m(a] 5)Qx(s,a)

acA

Qr(s,a) = R(s,a) +7 Y _ T(s,a,5)Vx(s)

seS

(% (S)(—!s qﬂ(sya)HS,a
gr(s,a) <1 a vr(8") 18



Bellman Equations
> V. BEHBEHEXER:

Ve(s)=> m(als) (R(s, a)+7) T(sas) vﬂ(§)>

acA ses
> Q- BEHEHEXR:
Qr(s,a) = R(s,a) +7 Y _ T(s,2,5) > m(a' | ¢)Qx(s,4)

seS a'eA

gr(s',a') <1 d



Bellman Equations (con't)

» RRSERY: RUEREY V' (s) REMARE LRSX
e
Vi(s) = max Vi (s)
» RIMITAHERE: SRITHERE Q'(s ) REMAREL
HIBR KT AEERE
Q (s, a) = m;;ax Q=(s, a)

> Vi(s) 5 Q'(s,a) ZIEKIRF
Vi(s) = max Vi (s)
= mﬁxZw(a | 5)Qx(s,a)

acA

= max Q*(s, a)
acA

E4: MDP R optimal policy & deterministic policy, i.e.,
m(s) = a



Bellman Equations (con't)
> Vi(s) § Q(s,a) ZIEIFIKRF
Q*(s,a) = max Q=(s, a)
= max (R(s, a)+ Z T(s, a, s’)Vw(s’)>

s'es

=R(s,a)+7 ) _ T(s,a,¢)V(s)

seS

> V'(s) BEHIEHEXER

V¥ (s) = max (R(s, a)+7Y_ T(sa g)v*@f))

aeA ses
> Q(s,a) BEEMBEXR
Q*(s,a) = R(s,a) + v Z T(s,a,9) max Q* (s, d)

ses



Dynamic Programming

Algorithm Iterative Policy Evaluation | Policy Iteration Value Iteration
vea(s) s vppals) s
a starting v a
Va n
r "
wls)) =8 o) o'
Bellman Bellman Expectation Bellman Expectation Bellman Optimality
Equation Equation Equation Palicy Iteration + Equation
Greedy Policy Improvement
Problem Prediction Control Control

)
I
il
it




Deterministic Policy and Stochastic Policy

v

Deterministic Policy: 7: S — A, 7(s) = a
Stochastic Policy: m: Sx A —[0,1], w(a|s) € [0, 1]

» Dynamic programming algorithms #J8H#I NTRT LR stochastic
policy {BiR[E] 2 E— deterministic policy

BiZBAEETFE1E optimal policy 7%, E & stochastic policy,
FH HITET A deterministic policy 7/, Vi > Vi ?

» “Markov Decision Process — Discrete Stochastic Dynamic
Programming” by Martin L. Puterman (John Wilson and Sons
Ed.). It is proved that if the reward function is deterministic,
the optimal policy exists and is also deterministic.

> RiE%E, fRE— stochastic policy 7* &K, FEALTF
£ deterministic policy XK FETFEMMERA. & o ERAMK
RRFERNMTEE, BRERERARKHABNMTI &
AEEENAEE, REER®E—

v

v



Table of Contents

Stochastic Game



Stochastic Game

» Multiple-state / Multiple-agent environment. Like an
extension of MDPs and Normal-Form Games.

» Markovian but not from each player’s point of view.

» A stochastic game is a tuple (n, S, Ay, T, Ri,. ) where:

>

>

>

n represents the number of agents

S the state set

A; the action set of agent jand A= A; X --- X A, the joint
action set

T:SxAxS—[0,1] is a transition function which depends
on the actions of all players

R:Sx AxS— R is areward function representing the
expected value of the next reward, which also depends on the
actions of all players.

» Each agent i selects policy 7r; : S — PD(A;) (probability
7i(ai | s))

» Joint policy m = (mj, m_;)



Optimality Concepts in Stochastic Games

Optimality Concepts in Stochastic Games:

» The discounted reward over time is usually considered, as in

MDPs:
Vi(s)=E Z’Y Mok | se=sm
k=0
=Y 7w(sa)>_ T(sa5) (R(sa5)+7V(s))
a s
Q@ (s, a) = Z T(s,a,9) (Ri(s,a,s) +vVi (¢))
s

» Best-response function: defined for policies with the state
values as reference.

7T;-k S BR,'(TK',,') iff
¥ € Sx PD(A),Ys€ S V™ (s) > Vimmi(s
» Nash equilibria: All players are using best-response policy.

Vi=1l...n m€ BR,'(ﬂ',,')



Solving Stochastic Games

® Usually, each algorithm solves one type of game.

® A common approach:

Dynamic
Programming
Algorithm

Matrix
+ Solver




Minimax Value lteration

e Suitable for (two-person) zero-sum stochastic
games.

Value lteration _|_ Minimax Solver in
Algorithm each State

e Algorithm expression (based on the Bellman
optimality equation for the zero-sum SG)

VR < e mig Do n(@Q" (60,0
e : acA

Q**1(s,a,0) — Z R(s,a.0,5") ++T(s,a,0,8)\V*(s")



Stationary Opponents ([EEXT3F)

® The game reduces to an MDP with:

GMDP _ gSG

MDP _ ASG
AMDP _

TA'IDP[S,(LI',SI) — Z m_ils,a_;) TSG( (aj,a_;). ‘3!)

z m_i(s,a—;) TSC(s, (ai,a—y), ') RSC(s, (a,a_s), &)
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