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Sampled MuZero: Learning and Planning in Complex Action Spaces (High Dimensional Discrete or Continuous)

A. Planing 5y B.Acting ,, Op41 u 142
Upyl 142 Ui
................... >
.................. S 8] % i
@41 gy Qi3
| /) V41 Vit2
legal actions =
Ficas fo: ~ B | i €[LK]}
PV . which are sampled acceding to
al_ the proposal distribution f;
& . Tl I T2 I
ptovlef { !i I.‘ Il | [ L] ] | "™
o
a i
\ C. Training , 5.2
N A T
o f ™ _r
Pyt ¥ §i i

¥
i {. ________ - E Qi1 5 % [P0} > @»7 T e
]
Selection: D. Loss
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We usually use 8 = p, thus #/Bp(s,a) = f(s,a).

where, 7, ;. is the MCTS search policy (normalized visit counts), also called

Sampled-hased Policy Impr ; i T ;
e - the sampled-based improved policy Ign(als), which is a discrete categorical
a(als) B(als) Im(als) distribution.
sz pl is the predicted (potentially continuous) policy distribution. The policy
il [ l Tl m A loss (KL divergence) is calculated in the sampled actions.

From left to right, current policy {als), the empirical distribution S{a|s),
the sample-based improved policy Fgw(a|s), the improved policy Im(als), respectively.
As the number of samples K increases, JTgm{als) converges to I(als).

NOTE: p (aka. 7 )is predicted policy (potentially
continuous) distribution , 8 is the proposal policy distribution (typically equals w), 8 is the empirical policy distribution.

(Bl1: Sampled MuZero BE %N El, 5 MuZero WEEXF: A: XY ETH R, EBMA—NMEINS
mHRXREF K Pupff. D: polcy losstVitE: SapfE=EIANEEET, +EXRER K D EpfERY visit
count 737 policy WL EE S 2 BIM KL BUE ; HoETEI/ELR, tEREN K 15
{ERY visit count 7378 F1 X K M Eh{ETE policy MM RNIEL SRS (HIUlEH 2 R EMIRE
%) NN HNHEREE ZEN KLEBE. FSNEXEE [BEBEE/FSR.pdf] . )

3.2 BT R HREZE (Sample-based Policy Iteration)

n(als) B(als) Iz(als)

f(s,a,Z(s))
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(Bl EFRFREMKKH (Sampled-based Policy Improvement), SEDRRYAIHRE 7(als)
o 1EE, RIERINS T (proposal distribution) 8 (BILEX, BEEH © THED]) MfExEHFR
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3.2.1 SRR A EFMA (Operator view of Policy Improvement)
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3.2.2 M3 FEHERRBEIRFHE F (Action-Independent Policy Improvement
Operator)
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3.2.3 M FonERNE T RiFRIHRERIRA HEF (Sample-Based Action-
Independent Policy Improvement Operator)
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(B/B)(als) = B(als) / Blals)

3.24 B XF 9% I. BYHAEE (Computing an expectation with respect to Ir )
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Sample-Based Policy Improvement Operator kBB ZEULELTF True Policy Improvement
Operator:

limg ,inelg7(als) = I.(als)

3.2.5 BEF EFpRSI TG REZIR A (Sample-based Policy Evaluation and
Improvement)
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3.3 Sampled MuZero

3.3.13%3%, '’, %1% (Selection, Expansion, Backup)
MuZeroTE# R LIEFREY BRIV = E1RHE PUCT (probabilistic upper confidence tree):



V2 N(s,0)

1+ N(s,a)

argmaz,Q(s,a) + c(s) * m(s,a) * (

HizpvigermiE:

o ATIEMuZero B MCTS XY BEIREMNEEES {a,} £, —PEBENEEARRERE PUCT IR
RAT, ZE2FAE MCTS #2828 visit count distribution f &R T RIEH f/ﬂ —B/B f
, FATFFERBEMEEINEMAITohER RENFM, BX EXNFEFES, BRELMREHTF
f/BIMEESBEARIEZE, EAN f = normalized visit count distribution, R HEHRAVEE
E, (TODO: ~Afta?)
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o XEAURHEILRIE MCTS search BY A 75(s,a) o B/8 m(s,a) RER m5(s,a) , TITEHTS]
Bk MuZero—#¥, E31ZF MCTS search iR[E]#Y normalizaed visit count distribution fE/9 target
policy,

EIE:
47 I 2 £ MuZero EETEETIE A, FERAI 7 #1T search 5289 visiit count

distribution, 457 73 & £ MuZero Z[R5eEnhiE=Ial A, ALK 7 #1T search 1FE|
B9 visiit count distribution.

153 I7g iHNETF B F I Bsampled-based policy improvement, Bl I7s ~ fﬂw 5

3.3.2 #EMB =B (Search Tree Node Expansion)
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o WEIURHBNERR A £ Sampled MuZero /1, {EEAMIBINGH B HXiE K << N PEhfF
FHREIEFNEIE e REHENAEEER m(s,a) # B(s,a) -

3.3.3 X9 % 8 (Sampling distribution )

o IEip EEEEAEA wide support IR HEALL, BEEAUSENSSH, FAIHETF simulations /X
HER, ohERNREXRBER, RFIRESFIGITIIRMEE m RRE, FJLUEM—NEER.

o RTIHELEMENIEBRERREER], X 7(s,a)# B(s,a), EILINT Dirichlet M2,
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k& HREHR—MBENRAERquasi uniform prior 8 FIiES.

o MET>1, BHRELRESH—NENRENERSH Arl V7 IS, AILUERITH
FIE NS MRS,


https://en.wikipedia.org/wiki/Support_(mathematics)
https://en.wikipedia.org/wiki/Support_(mathematics)

3.3.4 SMEREEE&HL# (Outer Policy Improvement)

o MCTSHEZRFTEMG, RS s iR visit counts £& {N(s,a)}, X% visit counts Zi3)3—1k
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o ZIHIEMIDH, XEBFRA visit counts BRZEFE T root actionZiRIE 5 REERIRZM,
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3.3.5 SMERERERIF(L (Outer Policy Evaluation)
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4.1 BEEh{E=ia): Go, Atari
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4.2 ELTN{EZ18): DM Control Suite Hard and Manipulator tasks
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RTEBERANFEN, vihRT episode return, DM Control Suit Hard 7€ X (Hoffman et al.,
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4.3 EETh{E=Sia): 56D CMU Humanoid Locomotion tasks
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79 humanoid B{&fI56 % T, Sampled MuZero 7£ forage. go-to-target #1 run-walls A%z run-
gaps FES LM T LINEXIRENLER, RRNERNTEXESHRL T — M ER UL, )

4.3 Real-World RL Challenge Benchmark

Agent Cartpole Walker Quadruped Humanoid

Easy
DMPO 464.05 47444 567.53 1.33
D4PG 48232 512.44 787.73 102.92
STACX 73440 487.75 865.80 1.21
SMuZero 861.05 959.83 987.20 289.36
Medium
DMPO 155.63 64.63 180.30 1.27
D4PG 175.47 75.49 268.01 1.28
STACX 398.71 94.01 466.43 1.18
SMuZero 516.69 448.51 946.21 108.56
Hard
DMPO 138.06 63.05 144.69 1.40
D4PG 108.20 59.85 280.75 1.27
STACX 135.26 58.11 351.56 1.26
SMuZero 244,71 71.16 348.09 1.19

(®R1: Sampled MuZero 7£ Real-Word RL benchmark (RWRL) LBYSR04ER, 7£ RWRL, SIES
EHERERIORIEHE R, PEMEMERD, DMPO #1 D4PG MR ¥ H3i8 X (Dulac-Arnold et al.,
2020), STACX3kHiEX(Zahavy et al., 2020), Sampled MuZero B/R 7@ KR4 EE, LEHRERS

489 Humanoid 55 £ (81N 3KFHF). )
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2ie, AT BAREIREN S NRM planning B9, BEXMHAREERSFIIN, RERKE
RIECNEE KBRS, BBAXA sample-based policy improvement operator Fiiks3 ULs
%l true policy improvement operator, B _EIEfE, XEXLZEAR, FAH KEEXS T
JRENT Ry BFTA RI{Th{ERY MuZero Bi%,

o BRFRH, WMRFHFEKITNFERIEITEHEN, BEFIEMRMARIREREE? (FERKESR
LHTEEER, BEENERERRZTAVE?

o BABRESIM TR LEMRXET K PNEERM MCTS, BEEFREANTR, UKEETRES
RHTIR— N search tree B9BHE, SXEEN K MNolfEEI—RA—1EM, FrLABREE policy
network 1 value network NZELZ E#, Bl LR SMENBFENRRERES, SREE
HEMERWRIEE, REATEAZREIMER—X MCTS FRIE—M TR,



o FAR—1MXERET, RNRBNIZEHEMRRE, FIURE—TTRIABE— TR
T, XWARIET RAE K << N DEpEMRE LR E BB
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