EfficientZero

1. B

BEARMZE (sample efficiency) BRUFESIIN—NXBERRE, —RRRFEESEHRBHHEHRTHZH
IMEHE (env steps) A BEFBSENISAEXT RIIBAERVINIG MR, LHRZEE Atari FEERGNRXA, 0
AIEA RN EFRAEARNRIKFEKIBEZE— T EENETF. T MuZero WER L, fEEIHELT
— SR BIAI S RL BE EfficientZero, XA JETE Atari 100k B9 benchmark £, REEAL 2
NN B ISR EURFLRE IR B A KBk, BRI, fNE 1 PR, EfficientZero 7 Atari iHEX% L 8E
IRE ANLEFIIKFR 194.3%FA KR EKFR 109%, SIt[FEES, 72 DMControl 100k
benchmark ERYERWIBIEI T state (JFER) 1E) observation B SAC &% (state SAC) » Xb
EEARENGEHREFLERNVBERT, KEEBHALENKFE, HEEF DQN FZE 200 million frames
MR EFEAIE, EfficientZero REEEHWAEERZ—, (code:
https://github.com/YeWR/EfficientZero)
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(B 1: EfficientZero 7£ Atari 100k benchmark L5 E G EFAZLKFRELER, EfficientZero A
KEYEB PSS LRE T ELERR 176%F 163%, BF—NEIZIFIE FEBBHTIYAZSE
IKFEREE, EfficientZero IS RAFEFMEEELL RL EMLAESSN A, )

2. AIRERSHEXIME

2.1 BAMESHEMLES (Sample Efficient Reinforcement Learning)

BEAMZE (sample efficiency) X—iZESEGRZHEXTIIE, TR RLEERIEEZISFH
MM TFEFRER RL, Hli, BHNE—R4RASHIBLRNESREBR RIS SR (1], METFIE
BURY RL BB ARME MAREY (40 RNN) FORENMAZEE (40 SSM) 4% dynamics model, EEGEBA
HRRINM B AIZHIREE T RFUR (2], EHPEFRENAGERIEBRFHER (3],

EfficientZero IR T —FEFZEEB RL F7E, TEIEERRR Atari LRERSBEAIKT,

2.2 fER MCTS B958%¥ > (Reinforcement Learning with MCTS)


https://github.com/YeWR/EfficientZero
https://vsde0sjona.feishu.cn/wiki/wikcns7YOFfglh0zeyPnXjERBMm#Tm8edWU24o2OoIx08B9cNim7nie
https://vsde0sjona.feishu.cn/wiki/wikcns7YOFfglh0zeyPnXjERBMm#SkiWdgeIooSCgExWM5LczAc8nug
https://vsde0sjona.feishu.cn/wiki/wikcns7YOFfglh0zeyPnXjERBMm?create_from=create_doc_to_wiki#AAa8dAQ8eoqAKaxIBvmcSDLanIf

X5 F temporal difference learning #1 policy gradient based & 757%, MuZero 753A{ER MCTS £
73 policy improvement operator 7 BTEAEE X 2 FEVS E KBIALTH, FISNTEREIH (4] , EFRSRE
Sz (5], FZE, EXEIRRET ELETE (6] MBEAEIE 7] . A, XEET
MCTS A EFEASHHIE, FLEFEARRERRE,

2.3 ZH{EMKITAZE (Multi-Step Value Estimation)

£ Q-learning BYBY{ZE, target Q value fF7Ei@id one step backup F3XK1G. 7ELESF, ALAMIEZ
A step BIRFIPA value BIfEITZH, BILUEEIEREIUWEL (8] [9]. BERZFMNESE off-policy BY
FEimE, BNE% (bootstrap) IFEHR value HARE&EHHY policy FRIM, AT FERIX/N 6],
EfficientZero $2H 7 — model-based policy correction 757%, EIRIEYRIHRE, EHMKERELEZN
LURISRMRR, HEREFRENMITAERAITEE, TR off-policy MEAMIERMEIEFIA L
RE T T,

3. EfficientZero B3%

3.1 BIRE

EfficientZero: Self-supervised coonsistency loss, Value prefix, Off-policy correction

A. Planing B. Acting

,,ﬂ,_} & [Mmﬂ]n ] “'*‘Lﬂlm.;..m] W”z[uuﬂnnua]

N C. Training  °,+° ot p* v
" 1 ) 4
:45\ ,‘f f f
phvtef s Pt T
37 R (0 y—g —>( &) > 9 »{ o
a’, e ) i
g A
vp' h
7 x |
K R ] T
Ot
D. Network and Loss ~— ~wmianiy K
k k k simelarity P Pt
et 1(8) = SO (vptiky vB) + 17 (ks 0F) + I (mesy DY) + 1705, 1 5,1) + 6]
k=0

nnnnnnnnnn

where, 2; = uy + YU+ . Y U1 + Y OMOTS, L <=k,

il MCTS ;
........ N vy, ° is reanalyzed MCTS root value.

* Reference: MuZero target is z; = u; + Yussq1+- . . +Y" upir-1 + YFvps.
The self-supervised consistency loss. B : s v Gied I R

NOTE: g™" (abbreviated as g in the figure) is the recurreni dynamics network, vp is value prefix, ), is reward
hidden state.



https://vsde0sjona.feishu.cn/wiki/wikcns7YOFfglh0zeyPnXjERBMm#JC2YdKUaaoAio8xMnbOcVxtenSh
https://vsde0sjona.feishu.cn/wiki/wikcns7YOFfglh0zeyPnXjERBMm#U6mEdQKUAoaKQGxwxM2cSo8bnjf
https://vsde0sjona.feishu.cn/wiki/wikcns7YOFfglh0zeyPnXjERBMm#ZYeAdksasoSkekxI3z3cUNwsn8f
https://vsde0sjona.feishu.cn/wiki/wikcns7YOFfglh0zeyPnXjERBMm#X8o8dAGA8owyeQxiiLlcMZkenqc
https://vsde0sjona.feishu.cn/wiki/wikcns7YOFfglh0zeyPnXjERBMm#OGamdeYYMoUEWOxwtEnc5EysnWf
https://vsde0sjona.feishu.cn/wiki/wikcns7YOFfglh0zeyPnXjERBMm#PYoCdMGe4ocsWKxiY1dc7i3knWg

(B 2: EfficientZero BB E, A: EfficientZero agent #F MCTS #47#1%I, Heb
representation network h $:&4: t MIXNNZRFD A latent state s ; prediction network f 1 s* F
M policy p* # value prefix vp® ; dynamics network g FUNTE s* ! FHATEIESEB TN
FRE ™ . B: EfficientZero MIFEMZETIZH, MENILN o FFE4, 1RIEMCTS PRTATEN
SIERY visit count B9 78 7 IEIETHTE ar 1 SRR ESEIFAIME 0p 1 FMER w1 o XEREE
BRI, R7EF2 replay buffer 1, C: EfficientZero fEilllZRBYIRIE dynamics network g &
7k &, BIFUNE—2 8 reward, value prefix # policy RFESJHEE!, D: EfficientZero FY#5isk
REEXBEANESD, F—E2 A dynamics network FLTAY value prefix F1ESE value prefix Z
BAVEEE, F_EOFE=1E% A prediction network FUNAY value #1 policy 5 ESEZ [B)A9EE
H, FOUMBoREBE—HMMK, FEMHBOAENRT, FSHNEXEE [BEMKERFSX.

pdf] o )

WHEIEE MuZero B1EZN BRI/DFZAM benchmark LR, EHRIMHFL, @I HFISLW, (£&
WIIE Y EFEERN =Rl

o (1) EEIVBERRERDIEBES, £ MuZero BIkREIND FIMILBIZ reward, value
policy. reward REIFEES, BERZHIER, reward BEEEN, value BB BZEIIZ%E
289, FHLERA noisy, RIEZMEERIRINIISFFIN, HLRHBEKR. AJUES, reward,
value # policy =EE# L ERE B BIIGIMERENBEEF S

o (2) HUAERNAHEM. BTFIFENRENAHREN, HIFRRERIEN, HE MCTSREMN
K, ARFVFNIRENSEZ TR, FISNE-RBERIFES, WFERENRAIINYESBIFEL
SEERNAHEMY, FLXSFHRSHRETIRER K.

e (3) multi-step value BFTEEH off-policy A&, EA multi-step value 1LRFHEER B IREREE
value function, BEFIEEIRMIBERT, FH off-policy BIIAREUERNEIES, KEIZ2HIA%K
BRISEIRY, XTHXT target-value FUEFH A&, S value function REZ U,

3L Ea)@R, EfficientZero {7 S0 FH=s=24#, BD:

o (1) itERE (BF) —HMHK.

o (2) HHmIIHIES value prefix, FUNBESEIERREEEZF, FBEETUN reward RESFHENIR
%

e (3) BRZ Multi-step reward W&, ER—TBERNEFKERLIE off-policy targeto

TERRFANTEU L= Re#H:

32 BRE (F) —EiEHRX

7ELLET MCTS TR, MIRREFLEEZEHZEMN, BLE:T )%k rewards, values # policies K
B8, AMm, XLETEFFERENE, TERUHEBNIIGER. SIMFHRMEHHN, HEBL
SEHRY value NIRRT, X—REALATE, A THEINEBIRE)ILKES, (FERHTAELEE—H
H#45i5%, B dynamic model FUMAREIRY 81 BIIZFISERRAY s, 1 — o X—F AR LULRFRA 844
ERBERES, X dynamic model BYFMISIIZR# TR E, M s FERILBHERKE, BEXTFIR
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(B 3: BME—3MEH% (self-supervised consistency loss) o )

BRI, 2FEA Sim-Siam BIEEES, ©ALREE—KE R MERMNE, HIFEZ ML
MBS ZNEERE—MIENEEIDE, EPE— DX FREFENRDEME, B 0%
HHEEE & & ERIB ML prediction head £4B5%, EHH prediction head B] LLZ{&E R MLP X
o

[RYaHY Sim-Siam BEsEEE [10] XEEF I FIEMEGRNKRIE, BXEFHNAREGR ZERXEX,
Itt Sim-Siam ¥¥ transition BIERMNRIEATEREARRE, FERAFF transition function, J T H##
RX—AR, (FESUH T XN BRERE, KT mEm)IgG, BENZEIUSEE 3, BTk
HERRIXEINESBMNEEXR, BWER §, | 70 s o ZIERESM o P1EE s, RIE, BES
i transition function L4 8,1 o MB—NIZM 0111 FEER s¢11 BIRIE, BTN ZFUNEY
AR—PEEK, Fb, AN DZINB 8.1 EBELEL—PHFERY projector L8, BT si41 @M 0r11
RRAFEIB, MEXTTF transition function FUNEY 8, BREH, B op WD ZENBIRS X,
BAZREEHE,

tb4h, fEE W RINTE observation EARINEEIEEE B TIREF I EINRIENRE, BRTiL S M
i1 §EAE, {EEWIE dynamic function BFF 5, ik 8. M s A (k=1,...,5),

FEXMREIA, 8§ M s ZEIN—HMMKEX A L85 X% predictor FUNREIR 2, MGM 5
3 stop-grad B9 projector HitHHY 21 ZIBIRZABINER A, LR RIME—EIEmK, BIEAKRA
ENRZBME, HEeBER[-1, 1]

Rt+1 " Zt+1

cos_ similarity(zi1,2i11) = R
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3.3 mEEREY Value Prefix $i;M

EETFRENFEIP, agent RFZRIBHAFACRES, FMBRBITHEERT, #AIUFHNRRAIR
. XHAEI=IEZR state aliasing problem, BIEFREIAFTINSHNEITHRE, FUNRIE B, T


https://vsde0sjona.feishu.cn/wiki/wikcns7YOFfglh0zeyPnXjERBMm#HyYidAA4UoGAaExeGtGcEo3Wnue

HUEFRMMER. XN R@ESBURMIRENIRMENEEE (sub-optimal exploration as well
as sub-optimal action search)

t t+10 t+20

(B 4: Pong FEYHNTEEEG, )
EBLH T —1MFIF: WE 4R, BMRSCREEZEEIX MK, BNRIEE t RZIBRSFR KRN
fEFS, FNNEETNE, SPEIEEPEMEZIREFRIZMERN T BXRXNMER. BRBEITESRZ
RI, MRt NZZzGF—EEGERREBAINIGE, M—ESEK. AL, FNE—RKESTHRME
RER, BFNHKENEZMEEILRES. BIEX—RI, FERE T —MiEliEa AR
value prefix, BPF unrolled states 7iilll value prefix,

TTE UCT Ry Q ERYEHME, FIUNAY reward 2E@3 0T AARAE:

k-1
Q(st,a) = Z7irt+i + 9" v
=0
k=1
E T 17T LB I ERY Z Y'7evi B3 A value prefix, AFERTENE Q RIFHERNAIL
=0

(prefix) o

5140, value prefix=f(s¢, 8141, ---8t4k-1) » HP f ABENLE, WA HFRSHARRE LB
TR, 72K, £/ LSTM MEERFUNNFES. ERMRIZE, EASMHERESHEARE
FEEFMITE value prefix, Ftk LSTM REESMEIZEHHITE L EZ. HELFEETUNESD
%%, XFh per-step rich supervision F value prefix B75 757 LIE§FHYEE S state aliasing
problem , ik MCTS BESEIFHIIRR, HREREMR.

3.4 BEFERE Off-Policy {B1E

R MCTS BEHR, EREGITESRIHEMEXTNH value B, T7E MuZero Reanalyze S5
k-1

SSEIAR, value target @i@id K 4% replay buffer REIMITSEIR: 2z = Z Yupr; +9" vek o H
i=0

FiX—3Z rollout BY reward 2 IBHIZRESSEIRY, FEbitEH value target FARER. HEUE

EBMRE, T8 value target *FREE AE A LEIMN policy RIFFRNEIE, XEMREIT value

target RN/EHRYIRIL,

FittEERE 7TETEER Off-Policy {21E, BETEBLEFFIFIRIEER, #1T “E&H#FL” (online
experience) , BIMESRENERERRENMEFBEEE (dynamic horizon) . BRI, HXHE
k-step B9 value target {518, FSEHTF reward WEEIEAL < k, BEESNTELE, W B
KE#E, XBEIREL rollout BIFZEURL off-policy HRAIZEEE & Ba] &L,



FE, FERERE—DRES s EAHFIRIER#T R MCTS R, HitERTAMNESF
¥ value, XBEMMIEIET off-policy A, WRIDTIRE ! < kHRNREE

value target B SEABBYESERFFMTEIRS L 8140 BY MCTS fiHEAR. EFHENTRREIE
HIRRSISEIM, ST off-policy [a@; M MCTS {HiHEMESSHRFIHAE 2 BIEEREL A
Wo AMLARMREEREIT MCTS BREBR/IMRE, MRE | < k8eBRHEHTHRMm, M
M1&1E off-policy BYIa)H,

B, Birfvalue ATLRIER:
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b oMOTS 2 UEIHIETE 5, £ R MCTS #84 root value, B b, X—EEMNITEREAR
reanalyze HEMWFHRE, BREFINFSHTH, EUHFSZSIEM,

4, L%

4.1 MLZEN R BRI
* representation network {1 MuZero 18EHIZR,

» dynamics network #8X3F MuZero, EHigitH reward B9 head Z A% value prefix, BN
AT LSTM , HE2EAKEIER hidden state HitHo

e prediction network £ MuZero #8[EIRYZR,
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(B 5: EfficientZero MITh/1ZMRLEHE, )

EfficientZero WAMKKIRA T HITHNAIN, EEK pipeline 41E 6 ME 7 Fiir. B, &AMAY
worker Z=i@i2 600 &1 self-play g 2#E, FH K| replay buffer 1, HriE]8Y rollout worker M
replay buffer REHTH K7 batch transition, FEHH context XA RAMBI batch
worker, X—# REE CPU 25, i batch worker B8 GPU X3 batch transition #47 reanalyze 3,
BEUERH learner 3, HFX=NITIERIZED 5IEREF self-play, CPU # GPU, AthszewlH

(Rt



Sample transitions
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Data CPU GPU
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Data GPU
worker #2 | |, batch worker #2
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GPU
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(B 6: EfficientZero B{&ASZIIAY pipeline, )

(rotyttt Jmoesomm ) (2002

. CPU threads
sample training data
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update model
reanalyze prepare targets train GPU threads

reanalyze

(B 7: EfficientZero EASZIAIELSEE, )

4.2 Atari 100k Benchmark BB L I%4E

Itb&k human normalized score X7 :

SCOT€pgent — SCOTErgndom

SCOT €pyman — SCOTEragndom

EfficientZero 5 BEAF ALV IRGERUT .



Game Random Human  SimPLe OTRainbow  CURL DrQ SPR MuZero Ours

Alien 227.8 T127.7 616.9 824.7 558.2 771.2 801.5 530.0 808.5
Amidar 5.8 1719.5 88.0 82.8 142.1 102.8 176.3 38.8 148.6
Assault 2224 742.0 527.2 3519 600.6 452.4 571.0 500.1 1263.1
Asterix 210.0 8503.3 1128.3 628.5 7345 603.5 977.8 1734.0 255578
Bank Heist 14.2 753.1 342 182.1 131.6 168.9 3809 192.5 351.0
BattleZone 2360.0 371875 51844 4060.6 14870.0  12954.0 16651.0 7687.5  13871.2
Boxing 0.1 12.1 9.1 25 1.2 6.0 35.8 15.1 52.7
Breakout 1.7 30.5 16.4 9.8 4.9 16.1 17.1 48.0 414.1
ChopperCmd 811.0 7387.8 1246.9 1033.3 1058.5 780.3 974.8 1350.0 1117.3
Crazy Climber 10780.5 358294 62583.6 21327.8 12146.5 20516.5 42923.6 56937.0 83940.2
Demon Attack 152.1 1971.0 208.1 T11.8 817.6 1113.4 545.2 3527.0 130039
Freeway 0.0 29.6 20.3 25.0 26.7 9.8 244 21.8 21.8
Frostbite 65.2 4334.7 2547 2316 1181.3 331.1 1821.5 255.0 296.3
Gopher 257.6 24125 T71.0 778.0 669.3 636.3 715.2 1256.0 3260.3
Hero 1027.0 308264  2656.6 6458.8 6279.3 3736.3 7019.2 3095.0 93159
Jamesbond 29.0 302.8 125.3 112.3 471.0 236.0 365.4 87.5 517.0
Kangaroo 52.0 3035.0 323.1 605.4 8§72.5 940.6 32764 62.5 724.1
Krull 1598.0 2665.5 4539.9 32779 4229.6 4018.1 3688.9 4890.8 5663.3
Kung Fu Master 258.5 227363 172572 57222 14307.8  9111.0  13192.7 18813.0 309448
Ms Pacman 307.3 6951.6 1480.0 941.9 1465.5 960.5 1313.2 1265.6 1281.2
Pong -20.7 14.6 12.8 1.3 -16.5 -8.5 -59 -6.7 20.1
Private Eye 24.9 69571.3 583 100.0 2184 -13.6 124.0 56.3 96.7
Qbert 163.9 13455.0  1288.8 509.3 1042.4 854.4 669.1 3952.0 137819
Road Runner 115 7845.0  5640.6 2696.7 5661.0 8895.1 14220.5  2500.0 177513
Seaquest 68.4 42054.7 683.3 286.9 3845 301.2 583.1 208.0 1100.2
Up N Down 5334 11693.2 33503 2847.6 2055.2 3180.8 281385 28969  17264.2
Normed Mean 0.000 1.000 0.443 0.264 0.381 0.357 0.704 0.562 1.943
Normed Median 0.000 1.000 0.144 0.204 0.175 0.268 0.415 0.227 1.090

(X 1: EfficientZero 7£ Atari 100k benchmark F 524 & EHLLIR, )

ERIEARKESEHITIRENE, EfficientZero BUFEIFAE]T 1.943, IS TAET
1.090, fE/LLER, DQNIAE|T 2.20 B9FY1E S0 0.959 BIRI#1F5, AMBE 500 FF
EfficientZero NEIEE (212M0) . XBE—NTRFE 2 /MBI EIEF BT AXKFENRE, £
26 NiEX EB 14 MERMTF AL, T FHRRMEE SPR, EfficientZero BYF391§ 2 P A IS
naAEE T 170%#0 180%:

4.3 DMControl 100k Benchmark ERIBE LR i4:

EfficientZero TERIMES P HEVIE T EZRNE, 915K 2 A, EfficientZero B FHaI R EE
CURL BEEE R4 RERRF+. LB, EfficientZero H3AE!I T # state SAC FBZAY7K T, T state SAC HF
EFRRYEESE state, EULE#ARE oracles,

Task CURL Dreamer MuZero SAC-AE Pixel SAC  State SAC  EfficientZero
Cartpole, Swingup 582+ 146 326127 2185 +122  311+11 419440 835+22 813+19
Reacher, Easy 538+ 233 314+155 493 4+ 145 274114 145430 746125 952+34
Ball in cup, Catch 769+ 43 246+ 174 542 + 270 391+ 82 312+ 63 746191 942+17

(% 2: EfficientZero 7£ DMControl 100k benchmark EFIEAERHLLIRE R, )

4.4 = #H Ablation Study
B, FEMNERARDIREX=MuE, HT Atari ELIEMRUT:



Game Full  w.o. consistency  w.o. value prefix  w.o. off-policy correction

Normed Mean 1.943 0.881 1.482 1.475
Normed Median  1.090 0.340 0.552 0.836

(% 3: EfficientZero FEG=MIERISE Atari LHIMBEMR, )

B E—H RN EGRERRZN

ATRRBEE —HEREAX—ERERNZMN, EEIIT TS, M latent state PEE
observation, MERHFMEE|, HE&BE—HIEMKES, representation network 733z H9 latent
states I dynamics function 533289 state REE—EN MR, M—BIERKBIIMNFTLUR MR

%, RHESZREES,

Current state Mext 1 state Mext 2 state Mext 3 state Mext 4 state Mext 5 state

o . . . . . .
o . . . . . .
o . . - . . .

(B 8: HmE—EERANEGRERZNZ . )

Value Prefix 7£ Training # Validation i3f25%¢ Loss BIFZ0A

EBER—MINGEMNKIESE L#HITRE, RIAFEA value prefix 7 training BYEEIAZIE Y
loss, 1B7E validation B, f&F8 value preflx 19 loss BEE 1. Xii#EA value prefix B LB 52 32 FhF5M

B INE, MimEESE state aliasing problem,



Training Validation

1.0 |l —— Reward 1.0 —— —— Reward
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(B 9: f#EH value prefix M1 EH value prefix 7E3)IIZRFIEIERTBIIRA T FETE, )

Off-Policy {E1IEXFRRARETN L1 Error BYRZM

79T IIE off-policy {EIERIE, EELLIRT target value #1 ground truth value ZBIRVIRE, LU
%% UpNDown Affl, iRFERIT—METMEIRENEE LITHMBKER, HBKEAFIHMZE EsZE
FEIRBTRI UGS, HWEMEEIRNAE—FKEdm, ERIFER, TIEREITREER unrolled 1R
BT, B off-policy EBIEH=PER error,

States Current state  Unrolled next 5 states (Avg.)  All states (Avg.)
Value error without correction 0.765 0.636 0.657
Value error with correction 0.533 0.576 0.569

(% 4: UpNDown L target value # ground truth value ZiglfJ L1 iRZE, )

EE R T IEREBIFEEMER L (20k, ..., 100k) B9 value error, &I YHITHEFRET, value
error titd/)\, Xi%ER off-policy R ZFE AEIENHEESEM.

Stages of trajectories 20k 40k 60k 80k 100k
Value error without correction 0.657 0.697 0.628 0.574 0.441
Value error with correction 0.569 0.552 0.537 0.488 0.397

(& 5: UpNDown EREIMEZRITFIY L1IRE, )

4.5 EfficientZero 7£ Atari ERIBE& St EE
1 Atari B9 26 sk b, EfficientZero LA FEBEEH T :



FEIRVIIERRZ AN T

Parameter

Setting

Observation down-sampling
Frames stacked

Frames skip

Reward clipping

Terminal on loss of life
Max frames per episode
Discount factor

Minibatch size

Optimizer

Optimizer: learning rate
Optimizer: momentum
Optimizer: weight decay (c)
Learning rate schedule

Max gradient norm

Priority exponent (o)
Priority correction (/3)
Training steps

Evaluation episodes

Min replay size for sampling

Self-play network updating inerval
Target network updating interval

Unroll steps (lunroii)

TD steps (k)

Policy loss coefficient (A1)
Value loss coefficient (\s)

Self-supervised consistency loss coefficient (A3)

LSTM horizontal length (¢)
Dirichlet noise ratio (£)

Number of simulations in MCTS (Nsim)

Reanalyzed policy ratio

96 x 96
4
4
True
True
108K

0.997*

0.99

(3% 6: EfficientZero 7 Atari 553% B ZH B 58 Eo

)
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