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Pre-training World Models from Videos with Generated Actions by Multi-modal Large Models
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School of Artifcial Intelligence, Nanjing University, Nanjing 210023, China

State Key Laboratory for Novel Software Technology, Nanjing University, Nanjing 210023, China

Abstract Pre-training of world models is key to improving the sample efficiency of reinforcement learning. However, existing
methods struggle to capture the causal mechanisms of state transitions due to the lack of explicit action labels in video data. This
paper presents MAPO(Multimodal-large-model-generated Action-based pre-training from videOs for world models) ,a novel pre-
training framework. It leverages the semantic understanding of visual-language models and meets the needs of kinematic mode-
ling, overcoming the limitations of traditional pre-training methods in the absence of action semantics. MAPO uses the multimodal
large model(QWEN2_5-V1L-7B) to analyze video {rame sequences and generate {ine-grained semantic action descriptions during
pre-training. This establishes action-state associations with causal explanations. It also designs a context quantization encoding
mechanism to separate static scene features from dynamic control factors,improving cross-modal representation. During fine-tu-
ning, MAPO uses a dual-network collaborative architecture to align the pre-trained kinematic features with real-environment ac-
tions. Experiments show MAPO steadily improves average returns over baselines in 8 tasks on DeepMind Control Suite and Meta-
World.especially in long-horizon tasks. This study offers a new cross-modal world model training approach.highlighting the im-
portance of semantic action generation in causal reasoning.

Keywords World models,Reinforcement learning, Video pre-training, Multi-modal large models, Semantic action generation

_— SEFRAE, R R AR B O RN Rz 1) 0, R T
TH A A B L AR I 3 /D 5 S R B Y 1A 3L

TEH F BB 1Y 3R fk 2% 2 (Model-Based Reinforcement UOB, WA B T RE AR SR SR B B R 425, AR LB A
Learning, MBRL)HEZ2 rnt=) , i JFASE 00 44 Sy 480 g 14 x4 2 S B RHL AR AR AT S B A R S W OR MG K b
PR A58 AT OA R0 B Ao 2 AP T S A A T T ) B 35 B FE A8 5 I 90 22 20 R 2 5 B 119 3 T SR AR 8 il N T g

il

5 B 97:2025-08-11 3R f& H 191 .2025-10-20

HBTH R AR G 75 A 2 R SR BT S H (P BF AR (624B200197) 5 [ 5 F U F & 3K (2022ZD0114805)

This work was supported by the Young Scientists Fund of the National Natural Science Foundation of China(Ph.D Candidate) (624B200197) and
National Key Research and Development Program of China(2022ZD0114805).

EAGVEE 1)1 (zhandc@nju. edu. cn)



52

Computer Science THEHLELZ  Vol. 53,No. 1,]an. 2026

G EZWFE

T, SRR 0 I S R RO T I A 0 PR S HL A
P00, SR LS s RO 1 SR A T I A v Y 22 A XU R
SRS AR AR BIF 5 3 A 1 R O R 8 AR
Hdla 10 o O B BT EE A A Y KR 07 S R B R AR HOR
YN GRREAY (I T B A7 AE 0 35 MR R A AL vl 0ty B T
05 FLECHR DI 25 10 i S AU 7E 2 B0 ik AR 0o 72 T S T e A b 2
Ak 7R M 008 5 0 R S A S DA B L Sl R B S Bl ) 2
FRAEN™T o SR S B3I — BRI B A 25 TR B 2 20 LA 39 1 A 2 4
M A 2R S B A R A% B s B 8 1
PRI SR I 5 B 12 AL AR 1 19 45 — (I ST A0TSR, i
TN [ A% 25 0040 A 2R AR T 30 RS FRAE AN Bl 4 23 [ 45 T A7
PR 2 25 5O B I A RS R A o AR o T I
FAE RS S TR L 18 78 25 [ A A JE 2 PR A

W50 FF IR R T 4 R0 38 Pt SR B A i
TD-MPC2 £ J—F 2 2 (Decoder-free) T FL 4 % Jy ¥, 18 11
TEVSTEZS (8] AT R AR 0 A B S 8L T 7E 104 A2 AR 4k
55 LAt @ R 0, IR 3 T B ZR-T0R " i R R T £
1155t RS AL BRE 1™, IZ TAESI AT W2 ST 55 ik A 5 )
B AEHE RSB, LLAL B 22 A 0 28 R0 30 A 25 1] X 5% 09 ] 8, Jié
TR s U O ok M RE SR T . AT, TD-MPC2
AT SR AR 8 A 458 38 HBCHE HE AT T 25 o 0 LA 5 43 ) D 16 & TG
FERBUBE P2 I E S M A FE . SIRER, GAIA-]
A thE AR AT 55 3 1 SRy 2SR AL 35 3 AL G “ T R — > to-
ken”4E: 55 . 3 3k 6] 4k 4k AL SR BT AL A token JEH
ERIIN AT H B R, GAIA-1 R T it R ALY
AR UED] T 2L LM /Y 4 B A IR AR & T 2 22 B
SR (ELIX R vkt SRR AL R AL A I B B AT 55 L B R
TSRS 5 P AT S5 E S AR TE SOZ R OCHR  MELL @ T B
SERAT R AR O FR R 0 R T T LR A 3 4 4R ) 1 35
R,

BEXT b3 ) R, 3 0 00T 9 B 4 U R0 /Y 1R
2 S e 1 T 1A 23 Pt PSR, P D e U
B R ST B R AT 45 & e . R T APV E i
TC W B 27 23 I TT AR i AL A3 rb 4 B0V 7 2l g 2 R AR (B AR B
E B B R A S SR AR AL, S BURRE B AR T
PreLARM 243038 it 4 3l 18 LB 5 Wk b 3h 15 15 B Bk 2, {H A0 5
ot () 1) £ Bl VR SC 6 ) 7= AR B )3 2R 56 R IR VS (Temporal Con-
founding) , X DL #E 37 B L AAT - RS WESS O6 R . X 86 )R PR
AR 1R T AR B 5 P AT S5 Ae s R SR m R
A% G5 WA TN AR G 1 WL 3 25 2 A, T Z2mg T 3R Bl AR A B
B HERGHERE,

AR SCHR I 2o MRS DRASE AL el Bly 1) AR 20 4 A= il 39111 24 AE
R (MAPO) , i 13 T B 8 15 D08 1 75 A0 00 ) i S M fiE T 5
SRAL 2 2T B ) 2 AR SR T B 1 e e TS B S TR
T S VR TR SO R IR . BRI & L A 5 vk AR WU 25 B B
FH 20 455 25 SR TR X AR i 1y 3) 6 47 A AL B Sl 4 3 SRR T L
B PR SR AR R A 1 B VR IR S DR 5 7 SO0 o B U 3 1 A
R AE A HLEL SN 25 3l ) = /AL 5 BB S E =
[ F) - 3 AT 4 . 3 Al U B B I DI 9 2 R AR BR TR e
7 % S AR AR T AR, T T B A0 SR T

SO 48 4 B S 3 i 7T e S5 Ot BRI T T L SE )
37 S5 v 1 DR 2R Hf L e
AR SCHY B BTk S 3 AN TTH
1) 4 1 B T 1 S AR AR 0 B 45 25 I 00 v =X, 1 IR
SCHLT TCAR T DR 5 TR SR AT 55 B TR TR SRR 5
)BT 2 RUE LR SCak Ak 2 B AL L A7 25 RS 3 5 i 3
FRAE 5 8 AP PR L35 T AR R X S 2 PR Y R AERE T 5
30 P PR AE B AE 22 1 o v I BF 85 oP TR AR A 1 E 4R
T AR AR I AR AE 55 P R S PR RE

2 MHXIE

2.1 EFH#EBMNELES

MBRL 3 it 44 €t 51 85 8y ) 2 A5 A0 o B 7+ ple 5 g g L s 2>
55 FUS IR BRI R 38 B B A 2T ARt R A S Ao T R
2 R T B 100 R S 5 A R K gl T Sk 3% 5 Bl g 2 A R A AR
LB R HE LRI ANAT 2 ) Ha Ml Schmidhuber B ¥
P& O A AL g SOk e SRR 23 ) DY A 0 TE Bl ) AR AR
BT AR A H g AR T AL £ v R 4 5 B0 AR S
Fon. JRELHESE, U Dreamer R 5100 i 51 ABEHL 8 T 2% |
B HICTEE 7 22 7 AT R0 AR T Sfe A sk — A5 A, i H R 4% o
G bR e B A . BT M IE R DY Transformer 42445
A TR AL, 55 & R KA 7 5 @A AN A R T 7E Attari
100k FEAEM R it ST T T R RE L B Ab RS 2 TRl AR A
Bl A 4 v PR R Y K ) A R AR RE . — ST ORI
L 4 A TR B 1 oA Bl 4 SR A AT ASE TR L B T S 1Y
PO R T A AR R Bl T RV A o, I A A
WA T B 5 SR BT AT KR 28 B AR 2 SRR . A
SCFE AT KA T N L5 B B0 s ) ok 1 ot LAY Y PERE
2.2 WilgtREs

R T B v AR A ) 2 3T s S T Sk R A0 Y AR
PR T AT R T . APVES R BEST T SRR B 1 15
IG5 R0 B 3 X« A TN 5 9 B, A G 30 1 W30 o I 2 — A~ T
BhAE Bh 7 A AL AR SR B B B i — AN 3R T S MR B AR
RIETCAERET 2 1, JE XA BB AT A Ak, LAIE B T
Ii#1T %5 . ContextWM™SViF — 25 Bl T 3% —HE 42 , 78 T il 25 9]
[F] 53 0 05 R SCOR B 7 2 R AT SR A, AT J 2RI
HRAR 2 3, SWIME)FE KRS A S8 1 B0 48 1 3001 45 3
VB 2% At BRI, 4 AT B B ML A SRAEAT 55 b, 18 B0 A
4 A0 A 7 DA A58 R A5 o g SR I B VR AR 2 . 1 VideoGP T
K H Transformer 22 B¢ B0 450 5% S 0L o8 4 O E 47 3R A7 4k
B S0 HR  CR A A R T S A A A
ST 4 Rk 5 58 oM SRR I LR 5 S A A AR
T RBARIIE LSR8 T2 AR 55 . (B B4 T
R 2071 L PR 2R 56 22 A0 40 a0 e =X DG TR L A 7 A A g 2 I
B, PreL ARSI T — A~ gl 7 4 ¢ U0 5 7 48, 38 i A
Tesh AR 2% S sh R om , W& T B 25 A0 G 8 22 18] 1) 22
L, AT B A 5 b T I A R ) R S B RR S R AT
S5, X By I U 2 G 5 T SR AR A 1Y ROR RE 7L 4R
TSI OR AR BOYIZRAA fl B A AR A L e SR A A
FLOE A6 42 0 B 7 1 000 7= A AR N A PR G R B R 2
3t B AE 19 PreL AR J5 ¥k . o 47 75 9003 Wil 22 (8] (9 £ 4% ¢ R



T3 AR A R T B R B A B AR A 0 A A 4 TR A Y 53

(shorteut) , A2 H LAY SRR o A SCHE ] T FUI 25 P
A9 2 7R P A B B 2 3 T 20 A RO B Al B A= R 2 i
B b R LB AE I 1 S R A R i Y PRR G R

3 &R

3.1 B3

— AR ) iR Ak 2 2T ] 8] DL GE SC R E IR AT R He 3R 0t
LRI —ATE M= (S, AP, p,r.7), Hth S BRZA 23], A
EEMESEN L, P.SXA—>S REBEE, p ROHRE ST,
7 SXAXS—RIZEXR R E, y EYrnH 7. #ib2# 20 B s
S — AR RS w(als) s LLase KAL) 28 9 AT 40
Ru(o=EL X y'r (s varese)To 1 T B 58 4000 7B
Chn e 2k %) LAUFE IR SR T3 43 AT 0L 25 /K T 3% v 3
11 (POMDPs) 857 . Z B ¥ A T W25 8] O, 3138 i
$:S—>0 AR, AR TAES, B TR A R
PRGN , A i SR F POMDPs 1% 35 5k B AR R 5
3.2 R

P B AR R ik Ak 2% > (MBRL) 38 2 #4 2 36 55 25 75 80 A (P
T FRBEAD BT AR H 0 RS — M TEsh B
# (Latent Dynamics Model) , F T T bR 25 5% % A0 00 A A%
B S,

ST H Lo, ) MBHEIFH (a, ), o 1 A by 1A
RGN

DFERWR 2, ~q (2, | zim1sa—1 50,0 5 T IR 7524
T L 000 4 D 7 RS

DFER B2, ~ py (2 | 2yva ), BT — 1

D BRI 0, ~ po (0, | =) AIELEAR A5 T A 0L 00

DB EE 7~ py (ry | = T BN J50

LT3 5 AR AL A 43 SRR Ik

[(O)Z]Ew,[zj:l(*lnpg(q [ 2)—1Inps(r, | 20+
BKL[Lqg | ps D] D
Hh, 8k KL BEALE,
4 BT oK BB 3h 16 4 A B0t AR
il gk 5/ A%

A SCAR R kT 22 8 2 KA TR Al O W3 30 A1 £ 4 L B4

ma; | [L7REY

0t+1:t+K+{%

e [ ([

R 2R J7 i MAPO, F ] 280 245 KA AL, 72 15 Y1l 2 B B X
A0 B8040 41 LA B A TR W A 55 A0 9 B Xk 22 it 9 5 00 T4
53 300 HE LB AR T e G i 2 5 R B eb AT 55 T 06 I B B
2l Iy 2 W 4 B I Sk 2 3 Tt SR ASE TR X A 1 SR A 3
MM IRMRE ) IS AR S ARMFET . AR
BRI | R SCR AR gD DL R IR AR 3 5 R I A4
MAPO Ay DBACHB a5 s 1 R .

&k 1 MAPO

A TG EE Duideo » FUFAE S AR E, ZHE KB MLM

i DR AL S P 2

1./ = BB B « /

2. WAL 18 UBIE M4 1, , ResNet 4 i 4%, ik A0 2%, K/ M AY RS
% CB

. for each Y43 .

M\ Dyiaeo 2R AR BE 01,1

/* BT SCEAR ST « /

B AL R ABF BT o, $2HX | F 3L e« ResNet(o.)

BT HAFE) LT SRR o <argmin | e |

/% F T3 B R

9. fort=11to T:

N o Ol e W

o

A
10. HE XEE a < MLM(o,— 4,0
11. 3 3 e /MU R Lpre wain BB {, S50

12.  end for
13, TR CB
14. end for

15./ % AR B = /
16, ) WAk FRBE B AE 4 o, 38 5 4 7y PR K 45 ve
17. for each Y24 .
18, MIFEE E MR EIHGE (oai.10)
19, B LA G /MBI Linewne
20. / * SRWE 2 I BB+ /
21, FET A Bt R R (f, . fo) 2 BT A S o
22, HHE AT RV
23,3 3 /MU Leriie EHPFIR K WL ve
24. 30 1 5 R AL R (/MU Lacwor) BB 53 ) 45 =,
25. end for
26. &[] =,
4.1 RN
MAPO £ T HESIE AR LIE D A5 DU 0B,

r i

: E HEE |

| D R |

| f #BEK l

—5, —@—»ém : ? |\ pmAABD |
Ha, Qi | Qo := [ER=RZE: :

Ot42:¢0+K+2

s s

FEl 1 MAPO 75 it B AR FE R
Fig. 1 Overall framework of MAPO

D S AR B 2R I 2%, - A B I ) B350 v = o) ¥ 7
EIRORC T o (1 < o d BB NSO 1B e S o ]

q.Cs, | xhl,o,,é\q)'ﬁ p‘;(ﬁ‘, | é(—]?é[)?EEPQIFH QWEN_
VL 2_5 f BB T i 4% 4 Wi 1% o, 4 M . 5 sin-cos B}



54

Computer Science THEHLELZ  Vol. 53,No. 1,]an. 2026

¥ AL B G B pos, AR AT E]
2) N BN AE RO 48 £y - 72 B0UH B B & 0 3l 7 2 e B A
B S, ~q (5, | S0ear 08,0 HE T AT 45 P51 A 2052 1 BF 55
SR AR BT P B . BT S WU RO S X WU 2R
i Bt AN A1 £ 0 001 1 S 3l AR X 45 2 5 S0 i B A A Ak 1 A T
45 10 250, P B8 TN 25 1) 08 4 5 25 5 i A 2 AT
4.2 LFTXEWHDE
P 20T RS T R YR8 O &P
5 h 248 Cln Al f U1 ) B8 sk g 4 BT fE A AR N A E A
GBh#EGD A, R A B 1) 375015 BT X 43 AN A
Y5 7E ContextWM | F 3C 4 %77 19 F 6l 1+, MAPO 5] A
LTSRS e, HAEB AT AR R BE o1 PBEBL
KFEH W0, .o~ Uniform(1,T), 3 FAEWIN 48 L F L Res-
Net it #ail i L 258 25 M T ORBEEAE L il 2 ROE F-AE %
e AER BT BT SO e AR S 28 R R A R S —
B 25 B B RS4RI 16X 16 i 8 X 8) ik 1% 33 31| K1 4% i i
ARG RE . 3% 25 B, aX SR ] 4 B 3R 4 AE 8 A7 6 7E short-
cuts TF L, DL2s [a] 4 B R g, SEBE T X R SO B 2R
gk, 2R . MAPO %2 — 4~ K/Nh M 5% CB, R ¥k VQ-
VAEP (RS 37 7 s 13 B i e, i € arg rnlin Il c. —
e |l osi€ (1oeee s MY, FE 1 F SCE b G0 0 04 2% > 5 B op, AR S
G ContextWM B35, BV A WU 2 (0 & 5e W B F
S B, T REALR AR R W s AR A (B R . AR SO LT X
Al R BT DL O T A B 1) BT SCER i AT 0 A A A
A T 4% 3 50 A5 B0 25 1 32, DA 0 36 e i 2 AR TR A 1Y)
fdH;2)F T VQ i AL 40 15 n] LU 2088 — R 55 1 f
B Lt — A B o R A Y 4l 4 RE
4.3 HREIZENY
D FI Z5 oh Be
IXAE AT BN B 1 45 A 22 B8 25 M08 A i 1 38 L B 1 a
oAbt RS By o SCBhAE R 4% . B bR R -
Lpewin =By, [[é(*lnm(o, |5, ve)+KLLg, Il p. D]
)
2) T B Bt
BCA AL T8 SC Bl 1B W 45 55 38 355 3h /E X 4%, B f5 oR 80P
JBR
Linewne=Ey, ., [é(—lnm(o, | §50v50ve) =B lInpy(r, |
SevsO+KLLg, || p,1+KLLg | p D] (3)
3) SR WS 2F 2] B B
T Dreamer V2P 3 51 -1FIE FAELL , 764 BUAH 22 1H A9
BT LR R N,
(WIFEK . /MW R BR 2% .
Loane=BL Y 1 (s =55 (V1)?] D
Ho Vi A B A xR,
(2) 7 51, e KA 3 BE (o] H2 5 4 10 ) 17 .

t+H
Lo =EL X (—V}—gH[x,(a. | s0D)] &

5 XBWELZRSN

AR SCAES B TG P A7 5 3t 8 AL 3 Ak 2 2T 4F 55
%t T 5258, DeepMind Control Suite (DMC) & — /N #)™
AT BL A NGB 3 B DY AR SCRE B T o 4 AN 55 1
Cheetah Run, Walker Run, Hopper Hop 1 Quadruped Run #
F1I3 s Meta-world /& 50 R [RIAL & A HR1E AT 55 (9 JE o0
A SCf# ] T Door Open, Drawer Close, Lever Pull #l Dial
Turn X 4 MES . ACEAARBZELT 4 AR DMAPO J5
PRI T LUAR A B4 AT 55 PR B 7 2) MAPO /Y 45 A 3t XF
THRAMERZET A 3) ZHEERERG N WIHELETHE
R4 W B 25t ? 4 bR SCi AR e i 02 75 RB A5 21 i IX 43 BE Y
i Gt 7

TN GBS 4 < AR SCEHE T P A 1) 25 WA K 4 4 o 11
Yt TR, 3 S0 AR A T RE A SE S R A T B, o,
Something-Something-v2(SSv2) & 4 11 &% 193000 ™54
WE Zh A AR s Human3, 6M UG E A S 4 AR E M
FR M AR SEART eEad 300 T,

X R AR SO T Context WM™, PreLAR™
APVUS L iVideoGPTH 3 4 A B 45 J5 % LL K bRk 9 Dre-
amer V20T = T I 2 tH AR 0 3k,

ZREB R AP T QWEN2_5-VL-7B"" . %
BB X TR RIS ESRA, B 70 LS8, X128
o BEAS Ab B SCA R S 2 Rl AJE S, 58 LR &L B E L o
Bro4E 55,

SRR AR AR BT T 4% 75 1 R R L T A AR
AL SRR R G [F] L3797 L1710 Criwi] [10 JEK ™)
JE G 3R 7 18 B B R« prompt = “Please describe possible ac-
tions (if there appears significant action then describe it else
output null) in this video with format:[ Executing body][ Ac-
tion ][ Target object][ Moving direction ][ Displacement gener-
ated]. Example 1: A hand lifted a brick and moved it the dis-
tance of one arm. Example 2: A leg kicked the ball two meters
XA R R AR E A H T B8
HEAEAL 55 AT Be A2 TE R SIEAT AR MR S iR T 28
KA A j Y B/ B A 1 CPER SRR X .

5.1 tEEEXTLE LI

HEAG MAPO By PERE 7 DMC 1 Meta-world {55 144
H 5 ContextWM, PreLAR, APV } DreamerV2 #£47 1 Xf I,
& 2 Fron g5 R R W, MAPO £ I A AT 55 34 15 21 sl 2 % L
Ji R PR RE L A WIE 55 A8 MO0 T 3 207 25, JU HAE Quadru-
ped Run X RN & 44 19432 2 4 55 PR #1271 B 3 . MAPO
A9 15 [0 7 48 Context WM & 2 7% .38 PreLARGIZ 5 i 2F
B Jy R T AR WM R A ) R A BB
B A, X733 F W5 1 . D MAPO 38 it 2402 KB #
A B SO ESR AT RO R B9 T AE 7 5 2) MAPO 1Y &
Ak 2t B T A7 R4 B8 Y s R A RRAE (A s a0 5 3 A i K
RUnWikizsh) BRI ARAE R T, XWIE T MA-

away. Example 3:null. 7,



J1 A A BT 2B DR R A B U 0 AR A B TN 4 S A

55

- 3 Y 7 ; £ b L %
PO %5 & I 2 FiE Sl AR 4B il & BLPE, HERR 0 A sk i Tt TUAES R .
| = MAPO(Ours) ContextWM PreLAR == APV« iVideoGPT DreamerV2
1000 - 600 -
800 -
800 - 500 g
g g £ £
3 5 600 - 3 400 - 3
T 600 - o ° °
5 2 2 2
— — — 300 - —
< L < 400 - < <
Q W 2 2 2
200 F
E 200 -
200 100 -
08 i ; i ; 0B i i i . 0°s 1 ; i i i i i i i
0 025 050 075 1.00 0 025 050 075 1.00 0 025 050 075 1.00 0 025 050 075 1.00
Step %105 Step %105 Step x10° Step x10°
(a)Cheetah Run (b)Walker Run (c)Hopper Hop (d) Quadruped Run
6000 6000
5000 -
5000 -
£ £ £ g
3 4000 - 3 3 3
° ° ° 15
3 2 2 2
— 3000 - —_ —_ —_
g g g g
= = = =
2000 -
1000 -

25
x10°

20

25 0 05 10 15

x10°

20

15

10

Step Step

(e)Door Open (D Drawer Close

& 2

25
x10°

20

0 05 10 15

25
x10°

0 05 1.0 15 20
Step Step

(g) Lever Pull (h)Dial Turn

MAPO 5 %F H 7 e 2 AT 455 b M RE £ I (3 AN BENLFD T 1 BIE 5 95 %6 B (5 B X 8

Fig. 2 Performance of MAPO and baselines on several tasks(mean and 95% confidence interval with three random seeds)

3 T Transformer 22 ¥ 1Y 1VideoGPT J5 B8 R4 75
Meta-World ¥ 8% (¥ %8 -9 AT 55 1 HUAS 5 MAPO AHIE (1
PERE MB7E 2 A4~ DMC 8 g 45 H 2 4E 55 L 25 T MAPO Jr
P XK iVideoGPT WU R AK 1 JG 3h 11 W05, 1 2 2] 1
BB A 0 20 T 3 A BK 3h 4 BRI AL  SOR B BB 51 S AR
B ARZRAE 1552 00 KRS 30V R 7R 5 BOAn R B 3 ) & T
BORAR R Jo vk 35 L DMC ¥ i RS 32 %5 5k . MAPO 5
238 i 2o M A RO B AR LS A AL S R R R cne (e [
mIC10 B 17, WU s 7 SRR PR R 4 Il ok R 3¢
MG B R SRS RN E RIS
BRREET.

5.2 GHBRIRES

2 558 o8 T Bl SE I 56 E MAPO 3 08 B0t . e &m
WA 10 ZB0 T aE an sk 1 BT O W A 55 AT 55 1
BN ER e RS, aTE R, KR LT Rk
i (CVQ) ¥ Bk § 3 MAPO 7 DeepMind Control Suite
(DMO) 1 4 AME 55 P BE 2 T B . L L LI Quadruped Run
A BB (879.5—>759.8) . X —HLZEIET CVQ M0 1E
A VQ-VAER (B HL ] K 9040 b 0 25 3 R A

AE CUn ' BE LT 357 B0 5 2l A4 1 PR 3R R L AR s DX 43 BE 1Y
RS RG
F 1 bR SR ARG Y S g
Table 1 Ablation study on context quantized embedding
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Table 2 Effects of pre-training video datasets

MAPO ContextWM
SSv2 Human3. 6M SSv2 Human3. 6M
CRun 866. 9 900.8 814.1 877.6
QRun 864.0 879.5 868.0 814.3
DTurn 2414.8 1958.0 2376.2 2338.3
DOpen 4441.8 4030.4 4382.7 4386.3
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3 LR T T AT S5 €5 3R 0 A /N RS N T — R A4
B3 RS AR A IR B % 1
Fig. 3 Examples of some MLLM-generated actions
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Fig. 4 Relationship of sampled CVQ embeddings
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