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1 CS 285 HREFLES 5 15 PredivX

JESORPE: lec-15.pdf A HIM: 2026-05-09 SGiH: 22 01 | B 3 & iES: @R W4
Fi: Model-Based RL (BT HRIF5RAAES]) PHli: Sergey Levine, UC Berkeley BiH: A
ETFRELTRREY Sk, SLIAT RIS RAEAVHE, #5727 EREA, Ax=UES. SLFla
T SR,

1.1 Hsx

1. 58 1 & FAIREYS -7 B 15
2. % 2 B MilmE S HENE
3. & 3 E: AEMERAIE ML

1.2 5 1 5 BAGEFSI A BUia” 1

i Slide 2-8 | BoDIE: I 22 SIPRBERUIE T e R TR /RL” 3X— AR M AT {74,
JRRRPE SR

1.2.1 1.1 #JERIESER (Slide 2-4)

BT

Slide 2-3 H—/NKIEMRIEIFE T HEFHEAEAZS (Model-Based RL) RUIFie: “FrAIIRE2E S — S8
4?7 (Can we learn a “simulator” 7) Slide 3 JB/RT Veo 2 1 Sora SFMMMA BT — X SEARI RS
FHIRE OB BB RN, BR T RKIE RIS S 8 2R shS TE .



1 CS 285 RS —5 15 PR 2

CESERIES PESEIBAN: RN DNEIE S — A RIS (world model), HRAEA]
AT A2 S BRI AT BN —EFEELIMREFRITRN & S0, XREEEER LIRS
HAA: ABEME R IS EMEFRET” OFER” (mental simulation), 4L Al HXFER?

Slide 4 J&/R 7 —MEEIER” 2SR FOARR: WREEE — 88 D(s, 4|8, ;) — TEFFIRIRE
BizfT model-free RL sUMXIEZE — RABIR0RISHRE S HCISE, X MAEELEAEM, H Slide 4 Di—
NRBIMFEWRE: “X2AERIL? Nt ge=kme” (Will this work well? Why might it fail?)

REE I

CESIREIEST X RER IR LT R S AR, PR S S T REIRAE- A M X B B 5 (R
RBUX LR, VR A HIA PR R — X A 5 ST R 2R S KA

XM T R SEANIERICEE” FNSE: - GERBMNAA DR — FRIREES R SRR S A X 2
TR - AERFRATIERUIES PR /M — SRIE B AR5 | SR REIR AL AR M AR LI I DX (R E R B AR AR ) il
AT BE R I B AR —— X IE 2 BAT TR W A 737 (A AR TR - AESRIRAEIX B XA LT — ATREH R
FAEERI I

AN, A NHRRCRAEE: BIfERGER e 2, £ DeadEuin WEBEER) TR RL h2
W IRAERT, EERMRIETL n MCTS, iLQR) &R R A LA H— e 5R B RIS [ A T
fHEHL,
KA

o ESBIERHIE R MWEURHEMESNS — EREESTHRKN] — FERESREMRA

o Veo 2, Sora SRR 15 S B ks8R AT REME

o WWLFJE: WERESITRE 28R, (BEERRIBUE 2L as A ERLE A T
o BRTEFHIMKIZ 7 — ML AR

AP LB TERE R T 2 IBHUSR” TTIEAT R [ —iX K 5| model-based RL
BRIRA R A%

1.2.2 1.2 M2 IBESREKM (Slide 5-8)

WL VE
Slide 5-7 RGN T SRR ILLER 77 TRRITBHE R B,

KIBK 12 SRESAERHDL AR 2 BIRT Rl RET™ EARIBBILIER AR 22, X2 W% (distributional shift) AL
R, QSRR AP XA RGUERIRE (BN, A6 T EAIEIRXER), RISt ds 2 B R Fm”
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RMRE—F I FE ARSI B R B SRH RRWMEhE, Slide 5 f5tH” this policy matters
a lot” —HHLIES R PSRN P RE 2 EL SRS A IO,

KW 2: BURIBETHE BRI, Slide 6 17— MESHAIBIF: MRA SR RT DA RR” — 2R AL A8 AU TE
RT3, RNELSGE=0T70, EERITHSES, LR, BEOETEE KEEMII—AHIZI R RS R
REERRRY BRI R, BRI R]REUZAEME B BRORGEE”, RS 7O ERANYY (iR, BT, RETE.

W 3: Kpp&ERifeil B L R, S5E5EMNWES1E (@ MuJoCo, Isaac Gym) fHLL, HEFIRE2ESIN
B SHERE A B MRS, LR, (2RSS TR R B OXERRI P2 ER) ATREAR AT,

TRIERIbT
Slide 8 ¥IXLEPkERHL U —N = BEHEL:

1. giit/RiknE (Statistics/algorithms problem): “If EISESRBE S, FABNIIXEGRIFH
HIfR” —IX 2P AR RACRN R, QA i mFS? W RlAE A A e 0 DX e 2 SR ? Qi n] -1
REZFNFI A

2. WEYS) /BANE (Deep learning/models problem): “TAKFIHOHIRGE, K AFATATLAL
GPU BIgfEm” —ix2 BN IS . a0faisit s g it U RIZE 2 Qifald e 2 B AR ) 5 A A

o

3. ¥l /RL [ (Controls/RL problem) : “IgtR@HEMLGR, FAKMNCEMEZEAM
— IR R MGMERA Z RS ER R R T, WA R CRZESERY) BRI TH ROKI? anfidse
MUKIET%?

RAZBRERN N EEWEE: HBNEZ2REEET B2 BRAE R FigsE, HefraEtiEk.
PGPS A SRS LA A B MR ZER” (37, BRAAEESKINE I RIMA IR E,

KEE N

o RIS MRS IR ZE — il S BUlERhar, BIskrpaz”
o BURIATHE" BIAH” (HZNE T XY BRA T

o TREESE SR AR HHERE BACIZ = TR SE Bl S | B

o ZRMER: GIHHEIRE + WEESIBER + EHIMXE, s—An]

W A2 model-based RL EARAKIBEER, N —F R £ 24 7040 (A2 1A BRI E )
DR SRS
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1.3 % 2 5: w5 AMErE

MG Slide 9-15 | Bk 3/ WA model-based RL H o fifmbs A TR, 2 fa s fig
RITEAS, DARAE G HHn AR A7 8

1.3.1 2.1 sfifwiIAR (Slide 9-12)

MR

Slide 9-12 AN T offwEs (Distributional Shift) # model-based RL AR, S AlmFSIaHIE: AR
TR S-IED T _EIGRY, (EIRIE A RES 5 | SR REMRHE ABEY AR DT AR 28 X I —— e A AR Y T 2
AJEEM,

Slide 10 JE/R T —MEMEYEET 7 BRERFBIBECRRIE IgRamnN) RERL, (H—ERIEIKE"
AR REHDIR, BTG AR T, HE AR, SRR WX AR A B SRR BRI 1 =
&7 TR — B A RER R T A, 5B SRS BT R 2 X

Slide 11 JRBiMRH T —NFHERIE: “MERAIZAEZZ?” (But how far do we go?): “UIRFMTEAGH, it
ROZRATREEE -7 (HEFBE, FREMARE, X2 model-based RL HHRE-FI RIS {E BRI E AL
LSTIN

Slide 12 H—f/HHRIHESS T R EN: “IXAEHELEEE” (The problem is pretty bad!) — “R&%5
FEXH---” (very tempting to go here---) —F5HYIERARIILEAR WL DX IS IE A R R = 2l L

TRBEBIHT

w47 model-based RL #1Eb7E model-free RL HH#EIER? £ model-free RL H, Q BREERR
A fhit (overestimation) BAAMAFLE, (HiEHE ] DUBE AT (W Double Q-learning, Clipped Double
Q-learning) KM%, {HfE model-based RL 1, #h12HBINIRESWE EBOK:

1. SRESHUA SRR B 2Pl

2. HPHBERS I T RUINRBRIR 2

3. 2 HRE (rollout) ™, JXEEIRZERM—:F —PH/MRESBORM M 7 — NSRRI EERE, X4
B EXRAE R A BRI, A RAYIRE -

4. &2, AL S HSLIAE R R A rT REESA AN

RXMIRZE GOSN model-based RL KAIT HAWEX AR OHIDER, EMRE T 02 BIERERE" —F
W ERERRRE @ >95%), ZA MR RTRESI,

KHEE AT

o MRS = RIS ABAIR WS R — BAFAS AT 52
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o “UETEMET ROV BRUEARMIDEEE RN 20, 51 RIS BT 2 22X
o HR-FIHAE model-based RL FREIHTYERE : & ZInA REF- 7 S @RI AT FE 1
o BANREAMKNFE SER—DRENET 2P T

MR WA AmES, Slide 13 Z5H T IRORSRISHIM 2% T — BRI R, DA IR
SR B B AT E T

1.3.2 2.2 RRIHEMESHIREE (Slide 13-14)

W VR
Slide 13 HEIA T X 7347 i 14 O PRSI s -

RIg 1: AEEZHERK (Don’ t change the policy too much), X&2” {FEXE" (trust region) 77
ERERR, EIERISEHEMAR (W KL BUZ4H), HORH RIS 200 5 IH RIS UER BRI 6 K, X5
TRPO/PPO MEME—pktHE—1E model-based RL 1, (SRR IERIEARTR, IEHER RIS AN AR
RATEEAY XI5,

Slide 13 ZH T HEAMKKTTE: - SEABPRIER. AUE tERAME: SRR MZE A, B2t R w
A2HE” - BT XA GBS0 - SAE DRI A" AEWHEIE” — T AT AR ~F IR Ah 2
Ji, ARG

R 2 "RFE” WifE” XL (Stick to places where the model is confident), XZEREAIGED
B S AR E E——HIE L X2 ORI, R 2 A4 1,
REETIbT

Slide 14 FIECEEMI T A 2AAHEEM AT, BT Hl A fBERE 10, B ZRA (R
MG EAE); Wil B RSB thoy 10, (B75 2R/ (BRUREE) . BARMIEEME, (BT (pessimistic
estimate, AUAR(ERRET TInEZE) K% HERNRIZER:

EIE Y, = 10 — - oy, K EMER =10 — - 01y,

X ARG FRGERTN B (FERREEIXEITSD, BITHN A FEREREAHEIKEER) . XM e RS
17 BOFLHI LA AR R T 0 A0 (% Tr) i — A R B U2 RIS AR R VEE, M Eid (55 B 805 | SRR &
ANfE o

XA A FR M X (Pessimism) sif#5F ¥ X (Conservatism) JFIU: TEHXAHEMER, TAESFITHE, X
Mt F5E4% RL (offline RL) AR Q %3 (Conservative Q-Learning, CQL) PAINA @il ieH
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HIEIREMALIL (worst-case optimization) F:=AHRRIE 2EEAL,
KHEE R

o PHTREE: LHURIEAM (FIEXED) vs BAFF DA HE M

o MWERBA + JEWUETT: A XA B Zh R

o EWUE = MEHE —a - A AEERS, ZERZEA
o CEWLESJFEMIERIE ESRREEHIAEL RL =8 AL

IR AR SRR TN AN E PER R A5 1, (B Slide 15 42 T — P EEABE—FA R3]
ML BT AHE X, EREZIRREN T,

1.3.3 2.3 BRSFUEXMME (Slide 15)

MR

Slide 15 #&H 7AW T SUFEE— PN EER/IR: “FERRA LG EL" (Need to explore to get better), 4f
FEAAEI 32 S 23T R VR Az 5 BE TEAS R (1) DX 33— (E AR L X S ] RE UG IR 3L, R 7 R BLE LTSRN, & RE
TRA N AT AT E Y DX IR

Slide 15 H="FRIAEWHZIE 1 AFE 577 SAERR-FI R R

o WIAEA%ET MM (Expected value is not the same as pessimistic value): EV{ERSE:
HIUIRAL T AE AN E DX I B SR

o WIBMARETRIME (Expected value is not the same as optimistic value): RIMESS1HEH
GIEESORiA=]

o oo (R R — M (but expected value is often a good start): fESZEEF, T
SRR ORI E X, TR TR E A EA LA TIE A 1E

TRBEHIbT

BEERFZEMKIE model-based RL HRA—#iIENEM, % model-free RL W, HZEFEIET ¢
greedy. MHIENLECANTERN (intrinsic reward) KI5, £ model-based RL H, R&RA T E £ & R FCELM]
—EA] ABIE AR IR B A i PR S BT

B, WERERIE — DR EAE, W2 - WA BRI (FYATREAE) - SRR : A
X (BRI RER I, M HARRGEAZRGEE, KKEE )

ARG NIZAE P 2 BB — Xy “TN A IE PERRM A (Optimism in the Face of Uncer-
tainty, OFU) . OFU J&N|7E bandit FIEM tabular RL #fH RerEieERE (0 UCB &%) , BERE
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model-based RL A YSZEMAE — MG BRI 52 TU,

Slide 15 (Y& IK” A —LEEHIT--- B T ARV R RIS - (eSS R, AE XA RER TR, A
& IRR A A IE XA T EARAT, HATRE RIS R,

KR

o AW L SER REROK NMRR — R AR L 2R (A1

o EWUE WEME SRUUE—BRMETHEARIFERR-FIH &

o HEXAHIEMAIRUFEN (OFU) fEHIS RUHELE SRR P RS E
o HIBMEMNER, HLLUSERENBIE, /24a07SEReh i i MR

&

AP TOICRAEN TSGR R E S, AR AR R A RE S B B S E . X5 T =801
RO R QRN T A PR R P2 ) 22

1.4 % 3 5: FWE TR L

Hm T Slide 16-22 | B3 AR BTN HfE HER 2R — WEATHE S
INFIAREEMERX 5, 2 U281 Bootstrap Ensembles AYSEH 77

1.4.1 3.1 FHEtErmMER (Slide 16-17)

R
Slide 16-17 X7> T HLaS > FFRIARA A 7] B9 A e P27 -

R e (Aleatoric Uncertainty): tiFChSGtAHEYE (statistical uncertainty), EIRTHIEA S
(14 1 AL —— B FAT 1 ToBR 22 BRI — D E R, XM E Mt AR SIS, B, B —H0A P i i 25
Rt A BARHE M —I% A ARERfE A N — OO IE RS2 R H, Slide 17 177 X BT 22T 42 “(what is
the variance here?) —f&RIEZHH 2 HARS 7T 7%,

IWHIATIENE (Epistemic Uncertainty): WFoBRIAHEY (model uncertainty), BIRTHRATETRZS
HHVHIRA E— “BERDNEIRRME, HEMEERARH#E” (the model is certain about the data, but we
are not certain about the model), FERNWEFZHIE, INAIAHEER DURLD; HRIBEX T ColREER) ,
IHIARHfE MER] DU IR T2,

Slide 17 4t T —MERFX 7y “BARDNEHRREE, EFRADSERARHE” —XAIEX S T BRHNE A CTER
2 F17 Bll] WENBRBIRIREE) HNERBITEM 47,
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TRIEHIbT
FRX M EMERX 738 T model-based RL EXREZ, K ENFRERXBINFE:

AR TE (BHEEARMES): £ model-based RL H1, iX&ERAHE MR IR SN SA B 1) — R 7> — R EEERAT]
TERMERBR, RESEBMIRZRILE, O8N T IR PT 28 E, SR TEIRSE R HITHEFEZI1EZ R
HIFEIARIZERAS, R AT R EM.

WAIREEPE (BRIRDRATA ) - IXREANESO DI — B S IR RN TR PR IR = IR 8, FEARLE X I,
BRI AR %S . BERWERE 2R, INIAE MRS, BRI AT EE,

Slide 17 feHXEH LS (output entropy) RALHAREN” 2 AREH” (why is this not enough?),
NEHERE T MM HEE—E X 2" BOYEEEA S 2R SR M7 BOVERARHE NS BE 1,
7£ model-based RL ', FAFFZEATZFOS A I E PERCIENE IE— A ROZ K D9 E A R L (BT
M) METTIRR,

o EANHEN = BUREHIRYLE, A4

o INHIANHEN: = BATBRSEHEGHINE, FTRERE 2 mis )

o HIHBRS T MAAEE E— R R EERTARI e MG T

o 1£ model-based RL HFRZEXHIAAIAFEN (MAMBANHEN) BATEIELE

WY X0 TR IEZ S, RN WRSERRETHARIAR#EME? Slide 18-20 4Ai
TIUMAIATHI 5

1.4.2 3.2 f§itBAmEE (Slide 18-20)

WS ER

Slide 18 $2H Tl THREEI AR E 2 O EA : BE” IAF” BE (how much the models disagree), %
BATEZDMZAEEL EATTR E — A28 AR, BB 20X SE T 2 [R] 04 55 R il S B TN E M, 15K
PEFE R, FrE BRI i 4A HAR N (K515 ; TEEARMERHIXIE, AEBR AT RELS HEOA R R TN (&
3D,

Slide 19 fAIENH T WH LM% (Bayesian Neural Networks, BNN) FJ3EAEM, £ BNN A, AR
PCEEARE R R, TEMERM—MME 0, B—NIEMTT 2, B, FATMAE 7370 R 2SR
IXEEREAR Z R P A TIANRIAHENE, SR IBUCARE S
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Slide 19 5/H7T Blundell et al. (Weight Uncertainty in Neural Networks) #1 Gal et al. (Concrete
Dropout) £ BNN FiERIRASE Rk,

TRIERIbT

DU M AE TG 2 OUHERY, (EAESCRR AP il ™ SR AT Al R IR I - SeBE UL T 5 2O A B A = e 5 56
IITHEATI D — XA R UM I TR AN AITRY - B0k (W, MC Dropout) 24 7 RlY e L7
X, EEHHFR

Slide 20 N8 7T —/MNMELEFREEHEN AR Bootstrap Ensembles (HBIEMR) . #ZOEMEZE: 1. WE
EEREHIET IR (bootstrap sampling, ABMEIERME) Ak K A7 M2” FBIESE 2. £ 1M EURE L
WER— RN 3, JXLERIRI > B 53 B A T INEI R E

TEIRIE 3], Slide 21 $5H 7 —ECHMEIL: - (B) HEREEFRABEN: Fh SGD HBEHIEFBENLILG
LEAHRA Y [FEH” M - BUBEBEREHMRY (< 10): X2 —MHREMIEDL, (SRR - B4
RS HBRENLRNGGRIER SGD IgR: IXAS RS IN T R UEH 21

o BT (disagreement) 2w IAKINHHE R SLRRARIRFEIR

o DU ML G LA SC B e DAY F2

e Bootstrap Ensembles: iJlIgf K MR, FEATHIT 5 55 8 A e

o REEESIPERIFANZLHIN—SGD B + BENIRIA K CE R LR BB Z FEtE
o JEH K < 10 st2 U e ZIEIER

W AT HE R RATA RN AR AN, R O RHERX AR A O 72 E) model-
based RL Hk, Slide 22 JAYE L 745, o F—3HE K TIRE,

1.4.3 3.3 24i5K% (Slide 22)

MR

Slide 22 ER%E 15 PHURE, Wi T R —IRIRIIAZ : “ff A AR 5 A mAe” (use uncertainty-
aware model to deal with distributional shift), XE/RES 15 PHHE 16 P2 B BARERE: AP TR
B (O fiimie) MR CREEE), T3k mRun ) X T BoRESEAY model-based RL &%,
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Slide 22 &R “AIPUSITRATAE R —RE D, [HEEIFRERE” (could run one of the algorithms we
learned about, but there are better options here), X#EHZE: it L, BT model-based RL &
HOSEERR” 2P — BRI ER model-free RL”, {EIXFEMBERT S —B T 1N model-based %I
R (NETEUARIE L MB-MPO, #RERSHIERFE PETS %, $EESHESNH),

TRBEBIbT
[ R A PR =R o, ATTA] AR B —NE M 75 TR IE T80

L WBIRE (55 1 8): P EBEERRE AN, (HoMm s EAE L amLYR

2. BNHERR (55 2 ) S fifms n] DOBIE (5 DX AN SRR Bl 2 SRR oK R —— B 3 SCAEANff e DX S it
LA

3. RMETH (8 3 2): FHEtRA ORI Bootstrap Ensembles 2552 F 77 552 P — B AR UM 77 1:A09
RFUZIREN, HFATE R B R L

X—HEZREEE TJE%E model-based RL NN, FilE, Rah BRI AmE G THS SR fss &ix —
B, KEasmbEh R E HI—MNETERRNET R (MVE) | Dreamer R5IEE,
KR

o NUREEES T MR 5 SRR AL

fRIBAfy” 2R + i model-free RL” BRI TEME AR

L8 model-based RL HEZHHFIA TR 5

AHEMZ model-based RL M OMEE—EHRZF TIRER. MUARIEIL AT

AYRRALS: B 15 YT CS 285 MfEM model-based RL ik, M” ESJEIEE" B IRER
K, WERGHIER TIX UG RAMEP S — s, DA R IX —kRAIAZ O B — AN
SETERER] AP HENESINIAE R 73, UM 2485 Bootstrap Ensembles HAX#,
AW F FE N SRR F R Z AR 5K ) —IX MK T model-based RL BJ75EIRTERNE, APHE IR
2 TE S, (HiX R EiE R E RN RIT RIS,
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