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IR , 8  afterstates  (An afterstate as; is the hypothetical state of the environment
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Stochastic MuZero: Planning in Stochastic Environments with A Learned Model
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1. Selection: T T T 1 T
For decision node, agent select action a* accordingto the UCB score: | a Cril u,;+1 (e 10 Jersn
B Q( + P L VT Nsd) +15% 3o Nisb)+eatl 3
af = argmax, [Q(s,a) 5,0) - S (61 +log (== r—— ‘ T [ T Ciia
For chance node, agent select chance according to afterstate chance priors: e
ef ~ Pr{ciipia|asf) e ‘ |
e > I
2. Expansion: K e
The chance and decision nodes are interleaved along the depth of the tree. D. Loss
Chance node expansion:
Afterstate Dynamics:  asf = ¢(s¥, i) Ltotal — [ Musero | J chance
Afterstate Prediction:  of, QF = y(asf)
" - K
Digcision niode edpaugion: b+l k4l & LMo = 37 o1 (s vE) + 1 (e vF) + PP (msny pF) + 8]
Dynamics: Sk J T'gk i = Q(Gi: sJCHH 1)
P - A+l _ +] _ = k = )
Prediction: Py = fs) Lenes = S 19 (Reyi Q) +1° (copinns of) + BEASS llotsinr — o5

A new node, corresponding to state s* or afterstate as® is added to the search tree.
Each decision edge (s*, a) from the newly expanded node is initialized to
{N(s*,a) = 0,Q(s*, a) = 0, P(s*,a) = p*}
Each chance edge (as*,c) from the newly expaned node is initialized to
{N(as*,a) = 0, Q(as*,c) = 0, Plas*, c) = o*} Zeok = Uprked + Verkiate - HY ek + Y "Vt ikin, Where Ugygyy is the
3. Backup: MCTS serched value.
For k =1...1, we update the statistics for each decision edge (s"’l, a*

In Lapyzero term, gy is the observaed reward, 7y 4 is the MCTS serched policy,
Zt+k 18 the bootstrapped n-step target:

) . . o1 kY . N(s¥ef)-@(sF et et . P E n i
in the simulation path as follows,Q (S 1 a ) = J‘,W’ In Lchance term, ot is the chance piror policy, ¢} is the estimated value w.r.t the
. -1 oh) : i e p
and update the statistics for each chance edge (aa- 5 € ) in the simulation chance node, €, 5.1 = onehot(argmax, c,” 1.1 ) is the one-hot chance code and
k-1 k) . N(C‘E"‘illﬁi‘)‘Q(agki‘@k)‘FG" . ihd
path as follows,Q (as® 1, c*) := T ReLAT ¢}, is the output of the encoder.

N(s“’ l,uk) = N(,s"’c '1,u") +1,
where, in hypothetical step &, we utilize the [ — k bootstapped estimate Q
value:
I-1-k . =
Gk = E1=]0 Y rrsisr + 7k
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future codes 9937 or BIBinE ARG E LAY chance code, )
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7. Ak, EERStochastic MuZero (EEFEIMMENEREE) 5 MuZero (FRFEINHEZEDR) ,

AlphaZero (ER5ERAVIRINGS) M—TRANEESZ (BEATEARME) #HITHHR. EUTE
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a perfect stochastic simulator) 48EfBILER, M REHXIHAE HIFRHITEZERN MuZero RIS ETR
%,

(b) ML EAAREIE R HEHIRAZEEEANMEE, Stochastic MuZero TEIT G2 EERB R IF LIRS
REKFREER (KEHT 3-ply lookahead) , EEBHT RAHWEHELZL (Ja skowski,
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EZHIMAEMFIH (Szubert & Ja “skowski, 2014; YehZ A, 2017; Oka & Matsuzaki, 2016;

Rodgers & Levine, 2014; Neller, 2015) , EEEA VD TEEHBEIEGRUFEIFNMIERFER
fRR20481A17, RELIRBEFEEIEIL LRNEE, BXFL, FRMTER HEFEHELUEEMR
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(Ja“skowski, 2016) iR HRVE FMEI £, XFAEF AT SeREES_ERY expectimax 1{E

R, S5 7THEWIAIR AR —EH N2 E R AEHRI eI R E B R,

A, EENAENRAT —NMEIINERE, HFESEXNTENTRIRIR, WME2FR, FEL
17 Stochastic MuZero 1204855 AlphaZero, MuZero UK &##I Jaskowski 2016 Z58E
xEV%eE, RERERTHS Z2—mIZGEE, EENAEREEE T Jaskowski 2016 Y% EE,
BEEEEME, Stochastic MuZero EEIREISIEFR, LI T 5 AlphaZero (EFREEIRIM
23) MEREM%EE, HEIZMTF MuZero (EFERAEERE) .

4.2 BACKGAMMON

Score vs GNUbg

Backgammon Training

Backgammon Scalin
0.1 9 9

—— GNUbg

= Stochastic MuZero

o
o
-
=
G
w
>
2
o
= = GNUbg ﬁ
-2.0 —— AlphaZero
= MuZero
-2.5 = Stochastic MuZero A
0 2000 4000 6000 8000 100 10! 107 10° 10°
Train steps in thousands Simulations per Move

(B5: Stochastic MuZero TEFEEXNPEEPAIN A, a) BEERFIERIAMEYIIEE 1716008 EH
FENZR, Stochastic MuZero BIMEEERE]T 5 AlphaZero Y RIKF, EEEATENREIIEINZS
1T 7 1600RIEIMIIZR, Lthoh, ERMEERIAEIT B ALKZIRIIER GNUbg Grandmaster B97K T, 48
tb2F, ERRBEMFEIERA MuZero RILAR{E, b) Stochastic MuZero BIIREITE KIIEIE R AR
T RIFAOAAENE, HERBE 10° RIEMET, HiEthEZEBIT T GNUbg Grandmaster, )

PRE AR E — RS AR A SRR, BT TD-gammon (Tesauro, 1995)89#E, EE
AR FIMATERITENRT e, (FENMREBRXEIE/FUANLTE, HPRERFDH
IRKRBE R SR, 20RALE DM, 3SRERREAREL DB



o TEFREMSSIRS, (EEEIEHES GNUbg Grandmaster (Free Software Foundation, 2004) #47
XFtb, XB—FEB AR R FWHEEIEF. GNUbg GrandmasterE & 7 EFFTHIENZE
SN ER A FE R EMEVEIZEA T I min-max /%%, GNUbg GrandmastersRFMIZ—ME
3520 G5B oM 21N chance P HIT=E R EE R (a 3-ply look-ahead search),

e WIE3bFAR, Stochastic MuZero REZFEIERINIFEMAER, FRH#ITEL16000IEM, FiX
275 GNUbg #ERBVHEMSE /. Stochastic MuZero Z2IMEREESHRE: HFENLHS5(ER
SERMEAEINESH AlphaZero 18, Bine T HEHRAAEMREIREM MuZero,

o IWIEEMBEEREMIRRIIEAMNMIITAE (MNESbATR) © BESSIEINREAIG, Stochastic
MuZero MVt sEBEFiRm, HRZE# T GNUbg Grandmaster,

o EERIFEENPHENIMETEHEES (FAERIELNSR) , (FENFENFEESIIEXAT
Hubert Z A (2021) iRH A sample-based &5 %,

4.3 GO

B —AHHENEN IR, BEEE. STHERL, EATSRMUHEI T ZHR.

AlphaZero FFfE/EHIMuZero 2M—iEd B EXNFEX T EE B MR P T INBA L RINE .

HF Stochastic MuZeroB Bir@iEMuZerotiE FSEEY B EIFENIIFME, RBNEREHIMREPEREEG
ERMERE, (FELLR T MMEEEREHE PRI,

RERTFER T REVIMCTSTA R EMEMCTS, Stochastic MuZero BEME T MuZero FIMLEY &

ZEEAREIEREIERE, (FEAMRXLEREETITE LEXN, \BIF Stochastic MuZero FZ&H chance
E8 530 dynamic BF 3 RIS R E R o

9x9 Go 19x19 Go
2000 2000
1750
1500
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o o
w1000 w1250
1000
500
750
—— MuZero —— MuZero
—— Stochastic MuZero 500 —— Stochastic MuZero
0 0 100 200 300 400 0 100 200 300 400 500 600 700
Train steps in thousands Train steps in thousands

(Bl6: Stochastic MuZero TEEIEFRIFRIN, Stochastic MuZeroFIMuZeroTEEHF*E HBYEBELL
1%, (a) 7E9x9ElHHHp, Stochastic MuZero #1 MuZero BYI4BEELER. MuZero BY num_simulation 1£
YEZRBIBHEIS E /9200, TEIFERIBHEIR E /9800; M Stochastic MuZerof9 num_simulation 7EIIZRAY AT
1RIGTE 400, EITEHRVEHEIZE /91600,

EloMIBEMRIEE, UFEMuZeroBEMRA MRS F200089Elo,  (b) TE19x19EIMHA,
Stochastic MuZeroFfIMuZeroBJ1£8ELLES, MuZeroMInum_simulationEi)lIZrHIBHEIE E 79400, 1E3F



{HBYBHEIZE 79800, MStochastic MuZeroBInum_simulationfEIIZRBIRHMRIZE 79800, TEIF(HAVAT
RIS E 1600, ElOMBEWETE, MUEMuZeroEL&MRAMEEHEY F200089Elo, )

4.4 REPRODUCIBILITY

AT IHMESTTAERREWRE THRENR, (FEERT A NFRBEHENFES T LEAYKE
(WES5.4) o (FEMREIZMGEXNTHRNDGLESEN, FEEZRETZEEEERNEUR
No BFENERATERAE, FEASIREERTRIUNIIGTE,

Backgammon 9x9 Go
400000 = 2000
1750 ‘
- 300000 1500 V | V
©
3 1250 ‘
L] o
g 200000 w1000
(=]
2 750
w
100000 500
250
0 0
0 1 2 0 1000 2000 3000 0 100 200 300 400
Environment frames in billions Train steps in thousands Train steps in thousands

(B7: Stochastic MuZero EE N HIE LG RIEE 4, EAAENRBERERINAENMHFEITT
Stochastic MuZero, UEEEXTHENFIEHNREN, XX TFRREREBERNFF, Stochastic MuZero By
MRET IR/ AFENLRMNITERASERELR, (FEAENLRERTRIUMIEGTE, )

4.5 CHANCE ANALYSIS

FHAI%F Stochastic MuZero & chance TRMERDHEHITTHR. BEESFHENPEET =

RIS, BIFEERSTUREILES of = Pr(cipiilast), BITHERHRKET HUE

£, XETEEBESRANAMERHRIETHIAR, ME, RN M TTRom#THE, HRZITEH
T, WESFIR. FHiTMERE, EEHXENHEMIFMES, DHMSA— 12— code,
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