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Abstract

Embodied agents refer to intelligent entities capable of completing one or multiple tasks based on instructions and
possessing the ability to interact with the physical environment. These agents have immense potential applications
across various fields, such as service robotics, intelligent education, and assistive healthcare, and represent a crucial
pathway toward realizing general-purpose robots. With the advancement of multimodal large language models,
embodied agents possess enhanced abilities in natural language understanding, reasoning, and environmental
perception, significantly accelerating progress in this domain. Although many outstanding works have emerged in
recent years, the field still lacks comprehensive surveys and targeted evaluations. To help researchers quickly and
thoroughly know the developments in this area, in-depth review and analysis were conducted. Multimodal large

language models were introducted, followed by datasets and a review of the physical carriers used for
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constructing embodied intelligent agents. Then, three key research directions are analyzed, including embodied large
models, high-level task planning, and low-level action control. Finally, the challenges and limitations of embodied

agents were summarized and potential future directions were explored. This review serves as a foundational reference

for the research community and fosters further development and innovation in the field.

Key words

embodied agent, multimodal large language model, robot, vision-language model, embodied intelligence

& REAG AR I $i5 < SE A

B Z MRS I H B A 5Y B L B g
MR RESC IR . BB B REIRIEN — s AT
BRE . MU B S . NE OB A5 24
B EEG ST, AR T AN
B HURA  ZEEANFTEIHIRE .
BTREMATEERS, BB RAE
HHSMAHIEA (L&A e AP
) HRSIHELE, LA AN
BIULFF AT I XR R REARA AR
BT R R RE S, B A S R
v AT A DL R 25 5 AN B AT
ZH, gt v, BB R AR OB
T2, B RE AT BN DR T 3 R B T S f%
THIRER (RPARERR) ,, BBk T ZFtE
G AT 8 LT B AR S IREE I 2 B A
Mo W™ EKRE, RS EREART LIgE
SO R ER OBE), AEfgEd K
- PSR - AT PR R SR 58 il S BB A B

MR BEAR . HBIE Ze Ve WG i 5 H EALAR
RGN . AT AT A AL
REHEZANTIE . BEITHAKEA,
HEB B RERSILa A . BaEamiE
I il Bl ST R B ER R R 9 T B
H 5 B Re A B R J Dy S AT LI 3 2

TRGERFHHEZRE . 19504, Turing®#%
HT “Ples2EeeB%” fmeE, JFm

TALEBRNARIZE: Bk AEs
B HIRG . 3 EAR . K T3
PATHIRE S . Hikm 2, FERBAKREN
B, BEERMITFRIFARN, B4
I AT 58 B e R B AR TP 7 N A BB AE K A1)
fH A TSI B 0 ko 1991 £
Brooks"## i 7 “fT N F LAERE”, M
REAT N AT LA E £ N H AL 5 H IR 1 7
A B R E A, XA R BAMK
T PR R R B . Smith &1
2005 4R FE Y “HEMBR” MIAFIRLE )
71 RS G e SRR B R BRI TR T 6 L
K, GFFLZHA, BEyy A, &
R AL EI—T1EF . 20184,
Ay S R 7Y A B 2L T /R A Rk
xR BRI EEAT T IR
[4F, Laskey"'fE Stapp #lie 1y &l L ig
Y —E8IE, AR SE AT ED
B B A SR BT ) USE BT B AR, Sk
B, fERSEBRK RN B, g5 A
REBEFES M E ES, HA A
TRZ BN EAR, F, &
HHEB BTN BN B S5 1) f A
BB ReeMk, JFHAS T — @kl
R, BIRR TR . m A B
REE—ENRRYE, &EIERTEFE
AW ZE, t#H, 2SR
(multimodal
MLLM) H H 308 B B 5 RB A Y A J i R
TR, BLHEERY ERAR
SRR I —

large language model,

2025035-2



110

BIG DATA RESEARCH K

2025035-3

2 IS KA AL S —Fh REAS [R] I AL B £
PR (EG ., SUR . EEE) M
Jeit N TR BT, (B 25 A R RS K
#4E, MLLM SCHL T B 3 B ) 8 S R
AN RS HERE , AR HB R T T RS B AR 3
HfE . BEOEDLZESES TGS
FM. MLLM S AFES (A& GF
AR) HE R R RS, ff
TR BN A2 BRI IR P AR BCE AN S
T 3 R S0 A B R RE 7 o X RS ALIA AT
DAE 2 M8 88 2 [ i 7 006, @k —#f
BESEURE (KB A s i 5 —Fh s
AEE (WSOAR) , SCERES A 10 B -5
L, EAE A BG4 1B IR A
MR G N AR S R R s
HE o MLLM ) #8840 4 CLIPMY
DALL-E" LR M5 #6855 15 75 A5t 2 AR 465
A MW F B (vision-language
model, VLM), 1 OpenAl A GPT—-4o0,
A Gemini 1.5, A H Y Qwen—
VL 24| PR R LLaV A 2411945,

A 1) 22 18 78 MG J B 4 5 K 1 BR
A HE i DLOR HfE 3L Wy B

R R BIENTHIMB S, I
PILIE I LR AT R TG,
s MLLM 1 4% 350 RE 77 2 52 40 51 9 L
H

ik BB B R AR S B S A S
s HEE AT T 3T
HHIBES . —RINGEINaET, MASE
REVRBEMS IR A MO PR AR L BT PR B, W AR AR 45
LM ERL . SIEES. WS, &
T MLLM (9 BRS5E # % e B H AR PO 2 AL B
71, TeAE NI S A A R G st P R PR B
CES M. M E AL 55 B B U E
Jetoe . TR ARSI, HVE SR AR
TRREAS K5 2Rt & 0 N 2 A AT AT I 7
E55. B, f5< “BIKRGE” Yo

NENLBE, AFEANTF . SRR,
HEIOKBL . AR AT FTIFIR
AL RPN, ERIRTF . HEIHF .
CNRT5F . KGR XS A 7
RNENTAES, FHHIXA RS 5 R
BT — P AR, EEENESH
REARGIU R, "AE RMES AT —1
ME Ao BRI, ORI R A L3 K 110 38 i
HRETT, fEfRU bR A8 R W
¥, HEr, CAWZETKEMKKRE
ES AR R R, =R MR FE
GBI kS RN BEE = NSy WS RN
TS, WM. SAT5% . MLLM RS2
MRENMEEE LAEIEE 2k, @
W I AP EAE B AT AT AR RS SR 58
RS, % 35T MLLM (2 B S 50E At
HRETT, AR I T RENS BB A AT A
FTBNE ) 2L 5 R R0 G A AT A
WO RS IS B DU & B8 R B
E, HEZBAENRT =S T ERE R
Xk RN, MLLM A3 it— 4 #sh B
SR RERTEE ZRI s s I A .

BEFE MLLM s & g, B33 EK
M A8 TR RS . B1 &N
“embodied agent” Jy I IA 1) A #HF AR
BRER, #E10H, 2024 10 EE
91 3500, RHZER T N HEET 104~ H I
BIRSCEMATFER AN AR CE. H
2023 4F ChatGPT [t DIk, B 5% g8k
HRFRME EEEK, RECHTS
AF 5 0T L B 5 B8 R 408 E AT T 48 IR 1k [
Jet, (HIX 28 TARIF RS RE T 2 HAKR
TR B B RE ORI 55 o AT ¥ 43 IRl T
TF B AR PR 0 B B8 GBIk 1T T 4%
RTTZ W E =, EARRARN R85
URIRE S R RABR R o N T RAN A 2R
e, B AE N B RS 4R
LRI R R, AR SO BT 2 AR K



STUDY %R

111

1600 |

1400 |

1200

RICBUR

400 |

200

20154 20164F  20174F 20184E 20194F  20204F 20214  20224F 20234 20244

Ay

1 PA“embodied agent” NBIINSIRFRIBRER

HMARSE AT . RENERE,
BT Z AR H B8 AR IR ER R 4
PRHEZRANE 2 I 7R o AN SO 56 1B 5 3 18
NE 2 VN B b3 kN D
47 RSB ARG E B S B
w7 B R R AR R E Y B R
B PUHR I3 SRR T L B R A TR UK P B T
iRt s I RTT T 2B AR IR
PATFS KI5 SN T 48 T
P e fl M g e, REFT A
S8 e H AT I 0 £ PR, R %A
BN R BT T RE.,

1 SESKER

FERSEREMRT, MR- 1HFEAE—
Tl i) 2 BSR4 47
KA TR 7 R B P g M 4% B B AR
Mmoo AT ANMSE H AT 4% . X577
EANIE AT TSR E TIPS B2 W E R A c At bR
BT T RGO, R,

MBI — SR AR 7] I 2L A

HE BRIk

HE KRB

E e

RN

LU S

v

1ir

[ e

] [ ERA KRR ]

2 ETFISRTAEHNAESERARAIEKIESR

WHEM I S5IEFE RS AR, @it
I 2 ] BUGFA SCARFHE, VLM E# S T AR
WEHEZ M REE, # 2N HTEE
TR AR B L AW R] B R B SR R S5
Dosovitskiy ZEBUFE 2020 A #2 H A0 o 48
g (vision transformer, ViT) 240
W E AR — R WA A, BT
G W S FE LGBV AR . %
TR R EGR N e, R T R )

— i B OB R 4E SR, BB
Transformer % % 2% 1 . 2021 4F ,

2025035-4



112

BIG DATA RESEARCH K

®1 EBEAKRMIHEESER

Ay it T A XFFIT EIP N TEE R plEzsem
2021 4 CLIp! ViT/ResNet pofE = POEEiEN / SO 570 Fe &
. JERAEREERT] WA LM .
2022 4F Flamingo'™”! NFNet f 7K)Hj : ThR Chinchilla AR
e SE=wil loss
. Q-Former+%k ITC loss ITM FlanT5/
2023 BLIP2PY ViT CIR ARk e
i : M Joss. LM loss OPT PRI
N ) 7 100 5 B SCASLASORY
20234F  Kosmos—1 CLIP ViT-L/14 LR LM loss / ji{@I* S
Kl
GRIT £ ##£E(9 100 J75K
20234F  Kosmos—21% CLIP ViT-L/14 JEESTON LM loss / B 1.1 5AZ G0 R SCAR
L.37TAZ/K B AL A )
BSOS 57400, 3 500 %
. P Seas 4, 3 5004~
20234  mini—GPT4P ViT-G/14 Q-Former LM loss Vicuna o .
AN S TR A T
B
(BB A VA2 SCEAEN , 35 T74%
20234  QWen-VL!M ViT-bigG o LM loss Qwen-7B o
’ T EE SRR
16.8 A iGHR5146,5.8
2024 4 LLaVA®I CLIP Zettk 2 LM loss Vicuna T EISCE A COCOEL
Ptk
— 55.8 T X SCHUR R T
20244 LLaVA-1.5"9  CLIP-ViT-L-335px Z‘“‘}_z o LM loss Vicuna 25, 66.5 7 MEHRF T
e
20244 Tnstruct BLIP® Vit Q-Former+%  ITC loss.ITM FlanT5/ 26 FiS 3R T 55 H AL
. :
2 loss.LM loss OPT £
. o7 B UK 1.4 J7{Z tokens E A ESC
20244F QWen2-VLF? ViT-bigG o LM loss Qwens Ny
HH HIEN A Hi
. SigLIP SoViT-400
20244F  MiniCPM—yE e 20N Llama3 LM loss Llama3 21 6.02 12 4 3CE

m/14

2025035-5

OpenAl 2 1 7 X L& &
(contrastive image pre-—
training, CLIP) #2, T T [E & br s
Mg >, BT BEEAR D AL S,
CLIP RYZEF R OO AE , T8I 2 A A $ UL
ARG EARFFAL , DLBC O FEAy IERE A
AN TR B R AR Sy SRR A R AT X HE I 2R

% 2

language -

AT AE B2 23 [R] H R 55 S0 5 G R AL o
2023 4F, LigEPUEHI T BLIP-2, HLUEL
TSRl AR S B T AL 3 A T 3] K4 5
T (large language model, LLM) HJEE
fiR e, BRI E , BLIP-2 3] AT 2
e &
Former) , R4 5 162 29 i i HE 7 D9 B R

(querying transformer, Q-



STUDY %R

113

FIHLHI TR key Fll value, FRE5G A4S &
WA, TR N ER A CRE R
BRIl 2R 43 A B B, deim i Q-
Former ¥ EUGFHIE 5 SORFHERT 57, F7E
PREE R LLM BB 7l 4k, LA 5 LLM
XF 5 HIHFALE
MHE5FRETRKEZEEIT KN
LLaVA jEid GPT-4 4 R 2 S MIES -
KGR & I ECE , P T T8 S,
Ui )t I 2R HE T KRR F ORI R i B
F ZITHEE SR A GPT-4 4 B4
MOFERE (Eetn “f54: Rafi— T X kK&
A MLETTE; H4%: A <elements>” ),
&G CLIP R HRHIE, &My 2 )E
530K RO B REAE PR, 28 B LLM T
M &%, LLaVAL.0 LA CLIP H [ 1% % f5
#% . LA Vicuna & LLM, fF 524w
LLaVAL.5 Hifi § CLIP-ViT-L-335px #ll
Z B IRAN A 0 #E T, X LR
Z AR SO B IR #EA T 2, IXFER
HIEA SRS, I H XTI 0] g 50
v oA B AL B E TN S RE T . 2022 4
Deepmind [ pA#2 i 9 Flamingo 8 i3 J& 51
FRFEHOR AR X ER ST HA, KA
wEBAERS LLM LG, HE A
ZABARFATINEY, A E R BBk A
B a1 1 (| IS = R S W 5
M/, <image>, BIEAERT L7, %
T3 R—TEL 17% U RE . KOSMOS-1
FEF Transformer 2 R I 5 5 BRLIE Ny
WHEZD, FE2ESmA (WEGSE) 8
i A B I g A g SR EURE , 5 OOR(E
RALFE AT SR . R R 2 S
TR BT B s il gk, R AL S
AREHE . B SCUCELE R DA B SO A
Ak, KOSMOS—1 3878 it 4678 & At 17
TR TR o SLie 45 SR,
KOSMOS-1 fE E AR D AR 22 > K &

T, AR S R RS RR TS,
H 2230 H A0 4 1 38 5 - I L i BB 1
KOSMOS-2 78 _EAN AR iy £t B3I T &
SCHAERUR, BE— R T T R A [ S
W E SRR RES PRI, Jocis R
RS8R gE g JL R FE A3 (i <™
RHMBERE " ) Fix R E RS,
T ] S 9 55 ) 2 SRASE TR R 4 19 N [ 1
SRR AT 6, B REE 1 L S R0 o

OpenAl & i () GPT—4 DL H: 58 K [ H0
W H BB Mz K, | T OpenAl
RRT PA, o N DR5 a0 aod  YRUAE T
A i A SRR I 2 AR, IF
Hi 7 MiniGPT4%9, MiniGPT4 12245 5
BLIP-2 4k 23k, R 7 09 g D 25
Q-Former f1 LLM, H X & 5% B 7
5o B TR R & 0 G SO EURE 2 H 59
LLM 48, MiniGPT4 3 H 7 % 8 % 8
TR 25 v Jo 2 00 B P SR, e L
377 s BLIP-2 (1 RE . S ILIA R,
FE I Qwen—VL R 7 5 5 AL A F)
TARE A Qwen— VL 5 HABAR G E
FAERIML, RA T W% M Qwen-7B
EREF s 4s, JFEH T OpenCLIP il
YL VIT VE R A 4 o TEAW 5L G 15
RN FFI AR, Qwen—VL{# T 47 B
TR T S BN AR,
— BASERE Ty, JFE AT S (1 A [
W TRIERL B SE, DU E R
5BEFHEBMAERNF . Qwen-VL i
AER B BEE S LLM, 75 KRR -
BTN, RIEME LLM 280 T2 (T
YN, FJmd A R e 4 e ik —
S ERIMGE, Qwen2-VL B3| A T 5]
AP, B AR EARR S
T B B d 0 Token $ i, 458 2 1A
BERE AL BN, B SR T R 2 S b B
HETHAE F7, (o0 Al A0 TR AR R R A N A 2

2025035-6



114

BIG DATA RESEARCH K

ECRS . teAh, TEEER BERY MiniCPM %
HIFET R RIS EC R AT T, ST
AR G 5 B B 1 AR A
GPT-40, Gemini-Pro—-1.5, Claude 3.5-
Sonnet FF W& AR H LT B PHIE KT, &
MK E T AL RSB HEACE,

2 RSERRRHEESRES

BB Rl 451N FE2 A,
ZARS AR, WM. 155 . SIE. 3K
R HELZMER, XS WEEGH
REIRICHERTHE . ok, MEmEME. K
PR SR ORI R, MR 2,

FENLEE NS4, Matterport3D!®
HmERBTEHSIONERTEN
194 400 5k RGB-D E & #1110 800 4=

ME, JFeft T REER ., HIRER
2D/3D 5 oy bR TE . HORE I 4 /%t 5%
e = SR S s DU . R P B & i
W 1B EELZMES, APlE AT
5 ot s st gt T EE LR, 2019
A, INFNAE JE K A FE R 43 15 4 AL
MRS [ i — DK, 2 FE 1
Hloe NIRVER IS RoboNet™! | HIMzE T
Sawyer . Kuka & Z FiJLil g 764 [\ A5
TR, HES SRS AR . R AUR SR
BT EE A . ShETR & R G REREURE
NG NEEAE BRI B AR A7 27 5] A
FUEROL T B AR, O T SCEEENIE A 1
UG I, Dex—Net B 41914 13 T4
HUESS, AT K &Y R 7 FO R [
PUIRLSR B A AE S50 . 3 3D WA I |
P bR R IO M) U, % AU 5k
WL APUES JREHL R (i 58 2 ik T IR

®R2 ESERUMEXHIEE

Kbtk fEfy sk Kb Hmny IS BRI
, 3D % FHAIL
Matterport3D* 20184 90 1.0877 E@}‘iwiﬁfﬁL E G AR FLE
SUNTER o
RoboNet™! 20194 113 1627 BB AT BRI S & AL
Mz JBEE 1R
Dex—Net!*! 20194 / 50075 + sl AR HURE IR R
5
: — NP IR . .
Ego4D!" 2021 4 30+ 3000 + ® Aﬁgwbd TR BRIt HL
B ?&,HE‘{ b/\\\A : =15 - i\fm /‘1%
ALFRED 20194 , 05T+ ﬁ‘ym%T”%TEL ﬂﬁﬂ{??iiﬁ¢mp -
7SS E 2 T HREF IR ARG
Open X— BHFEE RS R , FSL TR IR
2023 / 200 7+ i B
Embodiment!"® F 7 & AT A A
A LA AN . ,
RoboMIND!* 2024 4 / 557 y ” HUBRA | R F4 FLEL
B IR o5 -
) =) SOE 2 I T B TR TR
ARIOPY 2024 4F / 3007+ o ZAALas N y
RS - Hoimge
ZEE R SR ‘ .
AgiBot World 20244 / 10075+ *iJ”EE;% T8 N £ L

2025035-7



STUDY %R

115

SR A, FEMLE LR TR, Meta ATEE
HENFEARNAGILF T Ego4D", X
T — AN R 8 — AFRAL A B0 A4S 4
&, BEMESH LB 3Ry HoO AT A B A A
HEBH M. EgodD M TEEMH
WG . R EIFES IR, M
B RE ORI AL BE AR R D FR PR AL T
2R Moh, RIS AMESIAT
M A ALFRED 5088527, =8 Il
Gl NER ZE R IIT R T HRES
a4 M FIES . BIRENESEELEE
JEMIAT R HATH EES, ESESHEE
PLEREF 2.

H 2023 LK, FEAE B 5% sl
PR, —FRAVE R & a1
R RIm IOk, i LA A K B R
W25 5 PF 0 SR 4 T R B S R, Hi,
Open X-Embodiment"¥ 22—/ EHL o5 A
FhH L BES . BB R IR EE,
SCREYI 2R FH AL e AR IS8 (fn RT—
XHER) , ZEAEEWTET 22 B HLE A .
527 FiiRE . 160 266 M55 LA K 200 i 4%
5B, B8 ZMREmg&EdE,
R WLAEE NS TE A s B T IR S A
fithe 5L, B PR 58 ] AR X — 43
WS T W R, B, RoboMIND!M
e im 06 b B Uy M B 58 gE LA LAY
WD SRR, B 5T ZKES
PR 279 DAFMES, LRUME . R
FEZMIRANIN L, A E SRR
TERBBEHET ZREMAES 5. A, I
SEG = S LA B A ARIO £ 88 420 A
258 N F A FR I AR T 49 300 T 4TS5 BB
1321 064 MESS, BALEAHLE AINEL,
PRI 55 FLRI S5 A 58 42 A v B = i 2 s
Y He NTH—DLFREZMN., BHEA
B KA 25, Boohlas NS E NP HE
7 AgiBot World £l 45, Ha& FHH

=

FEFSHPL, REZRRIABEER, hE
AT 55 T Z AR IR Y8 B 2 it 7 F B
I X SRR AR IR B A h T A B
REATUE Y AR BE S, oy A A A sEAL
w AR AR AL T ST T R S

3 TEHE

5B NTHEREAN, B8k
R EES AL EE S S 5t
A8 E., WIS T AT 55 o AN R4 B
=N OBV e NG AL B = S TN UF A
BoE T HE O ShaRT RE. Fn
B BHae kY s AR IE NS . RI5F
BTN E D TN, WENE A AP
MLas N, mE3Frx. B3 (a) N
Universal Robots 2 &) #E Hi (1) UR20 ML
B, B3 (b) MU R HE H Y ROH-
A001 RI5F, B3 (c) JH ZFHLHEH
I SHIR3002 46T A%, B3 (d) A
it 5 DIT Mavic3 Pro & AfL, B3 (e)
NFEMRHHEH ALY ENZEA, B3 (f)
R CHE H BIAE A2 AFEHLE A .

3.1 e

PUBKE 2 B AT A ez i blas A2
—, BUTEATIAHE | BESY IR S AR
BN MUBCE B 2 A 5T RTRAT SR ALK
REG AT — R AN E ZR e, P, S84
MR EE . HA O aE Rl k1 iz sk
BHRIAR S IATRMAE S5RE, X—J’
WM T BB A Mz s 22 iy v RO 2
BRPIBEE R, BT it dsr
B R (A A 10 — BRIz 7 7 A B2 4 B
HITRE) , BEMSHERG I IR VUG B 3 IR
NHZRES, B ENER RS,

2025035-8



116

BIG DATA RESEARCH K

S

(a) U (b) RI5F

cx) 4

vV =

A E
&

() #RXTXANE

(d) FEAHL (e) MLz A () Njeplas A

B3 EINESBEUEIERE

PUBRCRE 7T DLSC B B 38 A0 ) i 2 4
MR 56 Bl e AR 55 o RV HUBRAE #E F
Z WA RI A, EHEE BA
AT H B RE, SO T e R AR 55 T
MR LIRS, KBS O 18] E 3 A
B T R E R R RS Shu . 2RT,
F T AU R B s B ER R A
XA R PR AR LA 352 5 i RE R i, B
W RO H B R A ) AR B AR 2 —
TRk, WHged Bl 2 BB RS AL
R AU 55, X AN (O 5 T LA
S5MPZERNRS, dRFRE T HES
FEAUIESS TRz L aE A oY

32 RI5F
RIGFE—F i ENMT, B 7ER
NEFHREIZD), TSI 2= T
TS5 . RITFEE 5 RFIR4K,
HRFIRRS L MR, WEE

2025035-9

NEBEE. R LR, BRI FE
WA Z IR 24 HHE, DI A
FRIEEMINGE. RITFHRPFHE
B R, B il .
TR A% T2 S ) R R 1k R PR B A X
G JZRE TN RIS FAETAIL BB BES7
i B AR 55 AL A A S S ) N R A T A
fith, JCHIEFH THRATRE AL . WMAIFAR
NHERESEMLS . HETIWE, 1Y
F I Fertm BV, HOR i A
REAC R E L s A Pk ikt . BT RI5F
HE®SAMBE, LRNETHN301ER
4 7 2 A A DAY X B2 AR R RS, AR
K, BEHEBEMFESTEARMRE, EmAFES
BT RN R IG TFARER E T E
FRE AT RSN G RITTF, AN &
G877 O B S AR AR R I TR, it
Ah, FEE MLLM 2%, s RS %
MLLM R R 3G F 1555 T m il . &8
SAFEE R T F A MLLM S23L 7 R T5 F 0 ok




STUDY %R

117

VPR (I PTEBUE 55158, 1% J5 ¥4 MLLM
X IR R RO R B ST . IR, B
fffgeid MLLM 4B TR T HREF1E 4
M RTGFIEERE, RN T —E1HES
X 55 M AMEL B /F A= BHEZRSY, SCal 7 R 1Y
FR BT ST ZREMAINEUE S 18T .
WAE K AR Z AT MLLM, AR
FERTGF PR P 2100, BT MLLM (1)
RIFH G AR BRI e, H
LEThE G E 2P, ik SRS
fn ey s v B R A A B AR AR Bl N 2% DL {e]
B b A MLLM &5 [f] 5,

33 BXETAE

RATANEZ—METRABITA
SR E I H EEEE TS, FHEH
faj B BB H 5 TR, U T
Tk, RS54 UK BRI 5 408K
M T A s o7 U R B AN, B
ML e NG I ] 4 2 8 1 A AT ' ] oK SR
FESFIHMTE R AL, FRER S, 4L
a NH WSO iR e 22 . PUAEIKE)
it (Zrgmie) &g, LASCHLET
B JEIR R E R 2 SR
T HMBEE 7 (=0, T A
T B AARREFER = SRS RE R IL S, el
EEMT A eHkis . IR5s
Mlas A iy B 2 S0t LR 2 By 82 25
gt AR, R N FEAEE HEGE S
BTN IALEh RE T BN 2 R, HURERE T th
A, b, HETRZHHA TN FEEE
O TAE C R T HRAT R E TS5 . 2
M, BEEZEERBERNRE LR, %
Te NZEAE D B 5 B RE 0K (0 98 70 32 i .80
B MLLM, #3070 A 70 A48 ARy IR 58
RAD . B EREAUES BLERE S, AR
g A M B AR P B SRR RIS

I ELARIE S0,

3.4 TA#

FTe AL — M TN T BB AT &,
WM AT AR M. B . EEM
PR M S5 U0 Te AHLIE B B LR
ARG HHIRG . FREGEIEE RS
A, At i g Sk R A,
W RATIEH S SR SRR AT A
SEMEI o B Y R VA e AL R 2]k
NHMECARE NI DI, Bl SR 42 S I 0
TR M 3 (55 TR IR o AETC ALY
it RN AR BT, A TR
LRI E A 2 8 ART, ARSER)
ATSEAETE AW ) A7 A — SR PR
e Bl AR e FE B AR B S PR T . Bk
Pk, X L5 X S5 A A R RO L R TR
WA R BRI T IC AN R . It
S, BA W T APLR G kAT 8N R 2%
S, THEHITHRETNRE, =
s ACH I H E RS T EATe ABLN 2
PRA B8 BRARAT B e B U PR A, i
H AR TE 5 28 B RO SRS S R S
P E E SRR, I A EER R
B, X— KRN T NHAEE 2 B 75 5
H R R AE T TC IR AT RE

3.5 MEHBA

VU AL g AU 2 Sh P s B
HA 4 ML KB NI , 46 i 2
ANRTTIE S G AL, BB LB A4
AR H AP E . AR TR LE
N, PR g A AE 2 2 A0 U K b 7 oo Y
MRS SR, E T A A A (AR
W HATRERR S ), SR B HI R = A PR
WM EALE ABsh iy e, &
AN SR BRERSE, Rl AR

2025035-10



118

BIG DATA RESEARCH K

2025035-11

BB RES A, DRFT- 5 R 5 s
gf o HURH AR Gl G A WOE E A 5
%, DAMESRIRBURANAE T, ML E &
SN FERT AL s DY AL A T
LR E AN R, BT M T T
AP IR AT 55 o PR AL AR 23
RE A H 0 B BRSEE W AR HRE S A2 5
W PHRATE ML ST Hlan, P9ELE
N CBRY T Tl e i fn 447 TAE, 6B
BEC A A E MM EREDRE, EEK
N TR] 2 AME 55, L 20 ) T A BR s
MRS (I HEAES™) o A 2N
NFEPEREANIE WP T R I, (BHEE
S R ) 1 1 28 R A (o A A0 00 8 T A
Ko BBAh, FAEE B iy B b e ik
THNEIR, W FHEME TR i
7 PR AL s AL U0 S A REE AT
ST IE AL, BN BB RER IR
B 1B B AR

3.6 AFHLERA

NIEHLER A — R IR A ZRIME Rl
gy kAL AL, R Ra S Ak
WA T . T8 BRACLE S, HE
W AR ELEL S A2 A
IR H . PR NHLE NGURI SR R E, A
AL NS & T Bl RIS TFAENNZ
MR . BT A 5 AR IR R
My, NEPLg NRefTE . . BT
Heth . s S, EHTELT I AKE
THRPREE AT AT S . B ALER A GE
TR 22 557 KBl S5 A 4 ) ek DA e
B RIS . B, Wwmsh A
FRAT Y Atlas Hlas N JRZR TR 102 5
MhAEE S, REWS ISR | BBk E NG
PRI o ARp ST S A0 B R B8 AL A
ALK R G BUCE SE R 3K s, #E

PRAE B G (32 5 58 1 AT 42 T BEAIK T il
BA, N NTEHER N N T 298 7 B
AR AT Pepper Algs A E T4 EaH 51
588 EEXH, #ATHPNEIK
5™, FIGURE /A &] #f i 1) Figure 02 #L
NG T KRB R, A&
FENFNE R S . AATENLER AN
UNEENES S YN SN SR = N
MM ErZ—, E MLLM I RRE, X
— HIRIEAER 2 LB,

4 RSXREHRRER

HEReERNZ ORIz —22&0
KA 4R B LN B RIERATRE T,
BB A AT E A EAIBIE SR W . T
K, VLM B K o B 58 68 4R 19 4w
JRENRE I HRAE T 1SR, N R
Sigp R 4 B RB ) L S R R R R B 1 AR R
%o AR, VLM ZEIRH B SR AL 4
BCAT AT B9 B A 48 & J7 T A7 AE B S TR
T, TR HEBEIRE RN EMEESE
%o NTRRIE R, B H KR Z
Ak, B B G RRe R, B
KA AL IR KT 25 168 75 A 1) TR 455 Jk
HMEfRLSHEMES, TR E SRE
A BRI B ER W, T SE AT PR A T
A B E R W o B B KA i 4 SR EUS T 2
FEHE, MAET—RIMNF WP R T
PR R 3,

2022 4F, AAHIPNIRE T RT-1#
B, KRG 215 B W 2 7 — 23 (7],
FF A8 M Transformer 28 44 2 47 3t 21 35 1)1
2, HARMTHR BRI S E R I, RT-1
T @ o FILMY g 5 1 5 A5 5L, JFF
TokenLearner™ 4q i f5 & 15 5., B2 sL
LT DU . BRRE . SRIME RSN



STUDY #ixw 119
x®3 EERARUENESKER
Ay il B GmA ek LBEIESNN TN YIGE Pl Eitan
FiLM~- RSN B
2022 RT-1%0 BT 35 MB 1.312.4% 3 Hz;10 H sk
e EfficientNet ERET . 105% z z EESEL
RoboFla - 10004% B
i PN pRE — 5]
20224F mingol™ ViT LSTM N 3B/4B/9B (CALVIN) S ES%L
; ) RSB 1~3Hz (55 B);  hEfmsnt
20234F  RT-2™ ViT SET 5B/12 B/55 B 1305 4
023t : P wre o000 o 5Hz(5B)  Rffitoken
20234F  RT-X1 [MRT-2/1  [ART-2/1 m};iﬁm [ RT-2/1 200 Ji+4% [ RT-2/1 [ RT-2/1
=T
) \ 10004 A
20234F  GR-1" ViT ZERIINL AN 195 MB — KR Rl
(CALVIN) 23
TS TSN _ ;
20234F  SayCan'® — s s 540 B 27654 — FESHL
Q_
FiLM- ETQ- TIEIIU
2023 Transf 35 MB 3814 3 Hz —val
0234 rdnlzrm EfficientNet  valueif#f RESPL N T ? Q-value
er
12 B/84 B
20234 PaLM-E®! ViT — — o — — FIE4
562 B
i TATSS AR
A . _ o TBEINU o
20244F  RT-H®Y ViT BT i 55 B 10774 — W R
G .
(% token
FHES TN
Embod - K 2]k 2 927 /NI HHA _
2024 ViT-G/14 LRI ) 10B — N ENE
Fegprea VIO FREEAL oo pitht
2
30 MB/95MB/ T
20244 GR-28 VQGAN ZERIINL AN 312 MB/ 50004 — Kt B
719 MB BE
RT= FiLM FRSEAU, 7.3754(2D
1LV = ) % t )
20234 Trajec S 35 MB 3 Hz S
(e raJ[Zc]to EtficioniNet ik agil] s . z EESEL
ry
SARA- ) s - S IR
20244 SViT BB AU 5B i 10 Hz ST
Robo-  CLIP/SigLIP . .
2024 = Tk 1k R 97 B e B .
024 4F Mamba & ViT-L ZERAPL MU % BIERRE

B Err B, RT-28BIAERT-1

1A b, JTEE S AT 2k PaLM-E®Y

TR R 5 TR AR T, FIRTGR SR,

7 RT-1 19 i 2 9 30 75 Al 11 88 7170 77 AT
RT-XfERT-2 Y A&al bt —H9 R, £  FETFHES

KIEL T Open X—Embodiment #[ £ 4 |
BEATIN SR, HE— P8I TR R RE AN AL
A, RT-HHE
TIESS, HAREMTFES, R
A AT IRAT Y B SR

B AR

2025035-12



120

BIG DATA RESEARCH K

RT-H fy i Z AT 715 S B 1SR
1 A Bl AR R — A B B R B SE ke, X
FHESS AT B 2 A A

H B KA [ 2540 5 NI AE SR AT 55
I (5 S4B TT A m U B,
Wi MBS R MR LS &
Ja, MRS BL i BT BTSSR X
e CanEix . T N s fede, BT
BERe A5 5 L i Bimsh & B AT E™.
R, N BB HT D T R
VTSI VE S WS AR, T2 i i A KA T
JE SIS S Sk ok B EE R, X — it
LN AR B R HESR (A1 4
TR o S KA RIS 5 BRI 9
L HETHIALE R A LU BB E ST T
— I E ARSI ESE. HEE A 2
S ERAE . SOR . PLEREE R

W Bf ) W] — =2 (6], I8 KR S R e
FEAE, PR o R AR 225 5 s Sk i AL
a S ES R, WML a2 — MR R
W%, AT R TR, AR
kM K & OB il 6 Wi
EmbodiedGPT 42 ff T EgoCOT Ml
EgoVQA ¥4, ZHREET AP H—
AU Ff B LA AN ] B, R ChatGPT
ERCRE I FIE 4. HT AR, £
WET — D2 RERER, gB%R: T4
SEBUE B SRR, IF A Bk B A Bl 1R
84 1#4, It4h, RoboFlamingo ¥&if 177 B
B RBITCAN KN R, B EE 01 2
(9 VLM W a8 2R 153 R AP IR I . FE LA 5T
i, (EE AR AR ICIC % e ns Sk, it
— BRI TR, GR-1 T AR
PR = SCARF A B AT RO 25, B | Ak

EESEL

PURBF . SRS

| %L‘& I
0 F
ZS Z7
A i

2.3

, ,
4 e SRIRfER

PERSCAAE BAEATHON DLW AL STORE S S/ e

4 BRNESKEIUER

2025035-13




STUDY %R

121

TS, SR T ORI 2 B A
TSR g, 2R B - SCA B FI 25
BRI TR R MR GR-1 ISR
SR M T ZBEREANL, GR-24E GR-11
ol By T GBI, S T A

HIRLR
BT RRIER, BABRRERT W

Kb 5ERGRBBMEZE G, flan,
SayCan BRI il LLM 7 KA 5550,
IR e 3R A SE S Y Q-learning Bl
AN EREL, DLAIW RS HmIATIE, &%
J& R AT N & A R BB R, Q-
T — MoK
Transformer Z28#9 5 Q—learning fH 45 & 11
T, it TeRSFIEN I, @i TD
R IE N U 2588, J e 2RV
Bihmid s >

HL B AR [ 2508 AR R A
SRR IS AN B E R O B,
I, WFFEE R 1T 2R O R S R BT
o BN, AutoRT HIPAEBIA BRI AN
W, sH VLM #7340, IFFH LLM
AR A AT S5 AT AT B IS 3 SR . JE
HiX—K W, MIfE4RERPET 205
GIRT YN W N €2 I ERSIS &/ TN |
T 2 B KA ) HE L H B, SARA-
RT #&H TE&MEZREWN A EZVLEH,
MK H TE T B AR, A, RT-
Trajectory i@ i 5] A RGB #il K 1E N 42
™, I TEENZARET), BERET
EEHIH,

RVRT S, B G KR T i v 21 56 1
U i S = = = RN
AREET — DT R BEZ . AT,
I 25 28 R A B 7 1 5% B K = i &
TSR AL #8354 208 75 2w B A RAS
LHT K ZHA G KA R E T
BEDH B ENBRESE, HIA MR

Transformer W 2

TRTE $fi BT JRE 075 1A e AR 8 B 3 i 1Y Bl 1
PATHR

5 BRESAY

NN E ISR, EH SN E5dE
T3 %, B el RS DAL R4 B xR
[F R R 7T R E T B S ae R, 48
LGRS IR, AL — ™ 1] R SR
W26 M LASE R 55 Tl s SR A
RINEHPUESS 3N 2 FAESS, IFRIX
SO AT 55 BB A AT o a5 TR
PR X R RS T LA o i “ 48
PR “$BKaR" “gldka” “Ba2m
TR FEEANTAES . IR LS
Fheeds, i “EEIMT TEAEGEGRIKE
TR IIRERANRE ST, B E L RTIRE R
HEIHR, BFEHHER, T E'AE"
LSSV RAVE I EGRE . BB Ry
PLE B2 4B B IX 28 7 (F 55 $47 19 30 7R oK
W20 e ANA AT AT i TS5 T
1) THBHA R B T == AR R g
TSR S5 7

50 1Y o P 55 R 5 A 5 BRI T
¥ (4n STRIPS®Y, PDDLM) FI#l R &
e (g AFOS O MCTS ), S 7 2 i
FUAN S K AL AR U5 2 3R X287
ARG MRS R SR BB, (BLAE N 5l
BANWFE 357 5 BN AFE—E W F R
MR TS NAE S ZBA 5 i) B F A&
RERETT, WHFEESIANT 2RI (4
M HFER) KPfTEGESAN. 5
RHE TN, ZBEREREE G TR .
T AR R R, RS S B JR AT
R ATIESS ML aE 1. BT 5IA
B R S T Y, ZBUS RBIRLGE
¥ BIRIME SRS 0 BN —RYEH

2025035-14



122

BIG DATA RESEARCH K

BB, ARG XA R
BERG I W ) LRI ER BT, T B AR A%
GERITIE SN o i BTSSR,
BT 55 I T8 A2 G [ 2 U £ 322
T ) 7B TR 5 i AR A B A
B, X R AL AR IS 2 |
ZAW RGN, FD H T aR A E aR AT R
k.

2 A RSB AE v AT 55 FL I o Jre A
g Z s, 0w IG—2 k. .
TAESS W o S AE DL SL T R Al 47, i
SRR AR B T 55 BB A8 A T AT HY
T N EEAT s OB A A AT 55 Fr 471 I
W RESBEIDC I EE R K, S
DRI 55 HE W7 B8 Bt s KRB £ 5
[ A 7T R B0 A 1 B - 55 X AR
B ok LR IE S B, N TH
G #R AR ROR BEAT v AT 55 A, F
FEN GO [J 7 | #EAT TR, W
B 5 J R 4 FR.

5.1 I#RIE

KA FLA M fE CE AR, A
X ARG ORI 7R I BUR B AR o o I R
O TR, P AT AR TR e A
SRR, JEb Al e R B TR L
WA AT REME o 278 TREIE &R X — AT,
Tk & e AR AR T HY B 1 AT
X, DR d . ST KA
FORGD AR pl 75 T BRI, AR E
IR S5 R 8 A A R[]
e 29N A, CaP ESGE LT — 28 A
AR EDRERI AT AT BREL, AR5 X 28 bR
g NN, R ARk 5] A
o4 pk AR DL s ok f8 AP
PROGPROMP T ] 1 38 i 2 7 A= ol ] Bk
AR, (BAEFR R RSN T BREE R T H B
BRAERON B UTE, M m 7 ARk
BAERI AT HE . Instruct2Act™ i id &
IRBERAN I R AL (R SAM RS SR H 52
RBEAT 48], FFA A CLIP JREUEE (5

PR LREAL B
Ja RIFE R

R TR ) ( AL 1 ermwstmin ) swen )

__________________________________________ e B EereSr B o p e B erETE

WAL B, o :
AL MERARPE 1 amstmmin IAS PERE,
ELEY EFSRER 1 IR, AR IR HE
L BRGHRES 1 R G4
sl YR AES) T BEA 1

- CHN

lﬁ:ﬂﬁ ¥
Cer)
& (B @ i o
w3 A i B =
i o (58}
RIS : LTSS . i P
CaP (Code as policy) ; R : i RAAEDFIE: RFEEWFSE -
Inner Monologue; .- HELPER; X
PROGPROMPT; 1 ReAd;

. ’ VOYAGER ; .- CLIN; .
VILA; OCTOPUS "' SayPlan; SMART-LLM;
Instruct2Act " ConceptGraphs; MaP-VLM

'l KARMA

EZ v

2025035-15

B5 FENEFSRESAERNSRESIISE




STUDY %R

123

x4 ETFIRSKRINS RIS

ESiA| Aoy DARES HAR AR KA PSR
0T N — LB — D BRI AT T RRET, AR
20224 Capt Heregm, Jf i — SR SR i s JAs R A GPT-3 HumanEval
AR R TER RS
S Ed s B IETE, D
20224 PROGPROMPT 11 /1% EPEIFH f”ﬁ,{fmﬁ%@ﬁ“ FIFIOALE. P GPT-3 VirtualHome
W PSR T I RBRE R R LLM
s 20224 Translated—LM" P RATR A ) (45 AL LN T PR AT A% GPT-3 VirtualHome
TR 20224F Reflexion 1% 1B S ORI IR Bt sk GPT-4 ALFWorld
20234F  Instruct2Act®!  ££CaP [y3&At e F CLIP il SAM SRSz REEREG GPT-35 VIMABench
e TSR 4 . R
20234 ViL A0 I AR 4 ﬁﬁm%’:% A IR R GPT_4v RAVENS
TR
LS SRS ——A"“’E‘El\ f\—,‘;,—‘é ‘J'LF"'_EIA*\\ AN
202445 — EIFREAT—E %LI’J! TPUTSS R BRI RS GPT55 VIMABench
FAES
Inner Mono - BRSNS (BRI P ZH TR
2022 ‘ ; - i TnstructGPT RAVENS
b logue!!*? RIS A LLM R R AE S 40 e
St . T PRBE I e PN TS SR R fe Sl
) 20234F  VOYAGER!® B -~ GPT-4 (TRt
et LLM SXE 2 B2 5] 1 BB RE IR
I PRI S s P 3 A 2 ) SO o o A (R
2023 OCTOPUSIOH MPT-7B OctoGibs
E BB SCB S A OS5 b
FARUTESS AT G S5 SR S EE e
2023 4F HELPER!"%! i R R RIS AT LLM W S 9 T45 1 50 GPT-4 TEACh
PaTRES
JEE RS LER AR F T LLM RS T 1
20234 CLINE JEA FHs B R AR AR IS A Bl 42 GPT-4 ScienceWorld
FOZMESS IR T
MREVAED 3Dz, &R LLM T &R R4S
AN 20234F SayPlan 17 ZEML A ESARIRRI S AR 6 FH 37 PR AL 8 GPT-3.5/4 Office/Home
iR Tl g R A IE
TR 2D Erisml i SRR S5 G 2 ¢
20234F  ConceptGraphs "% B B HAHGE] 3D Frmrh, dEii g i 3D 1A, GPT-4 Replica
NI SEENE A T-55 1 i i SRR
RO R 3D 375 (F F R k)
2024 4F- KARMA 1 il HARIA SRS B LLMGE &L GPT-40 AI2-THOR
SRS G A S T 55 R
20246 ReADI {28 aeiiamtb = ) 720> — N RECk . Llama-3.1-70B—  OvercookedAl
J| BN RB R HBE S TS5 4T 4 Instruct F RoCoBench
2GR T LLM A RINLE AANFE RTS8 56 70 i
20244E  SMART-LLM!U X B GPT-4 AI2-THOR
I (S FH A AFNLEE AR T
‘ Wy AN ] ﬁ:\fﬁ %—E{H - kj TR
202445 MaP_ VLM i 3 REIR B IER R 58 (ESHRINCA T, GPT_4v ALFRED

PRAEI AT T

2025035-16



124

BIG DATA RESEARCH K

2025035-17

B, GG R A pl Al & PREE AT BE T 1Y
ATPRATACHS , e 2SI T WA 1 £ 1F
AN, Translated—LMUSHF 5 R BL, KA
T A 155 G AT 55 R W 2B 5 1) 11 55 AR TR
BN EEE, AT EE T, B,
EESSZE “HIETT, KRBT RE AR “FR
B S INHGE A T - "X TS,
{HSZFRN N “IREUEISAT] " o B 988 1 A
SR SR PATIIE TR, T A
LA R ATICIE . fERSFT 1, gt E
AR R RN TR E e AR HOT S SRR
B3R 177 Aok R AL 5510,

R TP B A A A AR
— SO A B SR R B A S T RS
BRI =S QUE S5 . AE VILA Y, BT
FOE SRR gy, A TS
FARS IR T, TR IR A 3 A5 B R R
N, R AR AT 55 43 iR N R 8 FE 4 R
RS R 22109, Reflexion il i % A& Bl AT
%M R B RS TR e R, JFE
J& BEARAT HON B IR LRI A TS . R
PR LRRM 7 ¥ R T 7 B T A
H BB R IRAE S PSR R 3R

5.2 iRk

AFETHMERE ek, %68
PR SRS A P R, R
RE A HE OB R B IR EH I R 5t an T
FI L JK 2 2 {5 S 2 B R BB IR Y v
LM ey, ML RS, &%
K 1 s ENC: S B R ] il
Monologue! 2 B LR BRET [ 45t 5 [ A\ KA
TUOKE) 1 B BTSSR i e 2 —, HAG
BT —EHARMES AR RS, KR
W P RS DA R IRAT 45 SR EAE N S 5
N R, g T (A A 3E 47 Z O
PLSERLE 21155« AR sl 5] SR msAl

Inner

[ i 3 ) 2 7 rh B SR BORER 5 5L, DA
FI P RS AR, A ol T R A 1 A 55 R )
gE LIS VOYAGERYY I 3 38 2R 5E 15
MIRATEE RFP S R H S BREE, BEE
PATES WG 2, & AR B RE e A in =
B, OIS T T LLM A G5 B g
BREMR. 5 ERITEAR, oCcTOPUS! ™
EEA S R EEE, sy
XSG TR S A B BT ORI T 4 T
ESMRNBE S . o, HMwrs (W
ReAD"MY  PaLM-E®" | CLIN &) 7
oA R E R, B R R AR A
BT IR B

5.3 iCiZak#@mIsb AR

NBRINECIE FRAES5 I, HHE S
W AR 255, FEAH B3 Ah 1 1R R B
S M5 fERA KA it geH, o
FENGAIE A T iX —EA R, flan, &
R AR AR E ) I N TR KE
TR, DA MRERLA G A L%,
AR AT S 25 1, FE R B ge k1
ARSI, FHERARE &1
ECAR AN I AR R R B 8 412 FHE 55 R 13
Witk . HELPER"™ & 48 ¥ HHUE 55 I &
Ji . RS ICSEFN Sl AR S B IC
TCEER, TEARSS LRI AR o iS R A R L dE
TR HINAS R, AT LLM £E 5
PAE S5 o AT B . b,
CLIN"O@ i (R SR e gh oK, B K Asi sl
WPAE S5 BAT R SR, 3 0 i 2 W 1 i
I HAE AL T, N E ST 55
FEALERED

B 7R B BRI AE S5 AT A T A
Tff 55 75 30 AT DA o 55 5 4 el R A A0 S i ok
PE AT S5 RIGE ST o SayPlan!" 7 H Fif A4 2
WEHXT R 3D 5 E, B RBIRIEES A



STUDY %R

125

RINE B LLM # R X EiR, BEEEG%
BN BEAR LRI, BT 3D s Rk AT %
RN T . AEILEEAE I, B RBpRiE I A
S W PRI T I T =, S R A R
£ % M R g7 IE o 2K B,
ConceptGraphs B8 BRI 55 AT 17 =
A A KA A AT 52 1) 3D HRNL I o B Se 3R B
2D BA A iy Y, PRI 2 A A R B
AR 3D R, A AT AR
ISR 3D AR O SRy T e
3D KM EHT, KARMA "R fK#E
WA 3D S5, FFE ARG B &
0K BARMAL B FURAS, T A A T o 2
X LE A7 S BRSI 1 1 AT 55 K
Toie A& F S RTIATAE S5 R 510 5%
NI R S g 2N, B E I
HIAEGE R, LIS BINHR B
W T SRR IRES g . R
MM, AR EE AR E . s 85
WA AR EE , L] A2 s
REHAMERZE, TR IEEZ P

5.4 LERER

ZRBRIRER I AZ AR REIR, (2R
55 REME A 43 I 4 FE A AN TRV R R AR M E SE
B, BEEER IR R LUAE & H I H
Fro EWIFSE RN SRR BIE T A
[F I RE T . SR BB R £ B AR IR A5 R
(FETH BRI ) (RS HRIE sk 1 B¢
HlE R (BT LLM); &R BRI
WA T, 3 BB B ME, KRIEHEF
TS EhEMA, AN, SMART-LLM!!Y
TE AR 2 G0 A T4 B R 43 B A [R] 1 R
o, WS AR S . AT EREE, 2%
REMRHH B M ESERUTSS

AN T IR Ty BB A WO 2R ik
B, ReAD J7 ¥ 8 4l i KA A 4= pl 4%

RS, RRET 2Rl E3 N
T — R k%L, T 5 e
IR AT TR S5 AT o FERARIR
FTZ 0T, SR e & ARG (T 55 70 i H R
R PARSS AT ATE, AT 2 R R AT 55 3k
(= PE-279537) E Ss

SR, i 1 25 0 REPROK 56 B s AT 55
AL, R AR THT 55 AT O B2 26
(EREM TR, HAh, WA sEEE ae
R AR P 22 5 R IEE AR B AR
BEIE W AT AR — PR

6 fEEs

T 1o AT 55 AR SR AT 55 3
AT TAESS Ja, B REIR T B I 2
BEARSEROX BEESS, X N Bl
SR O B AR 2 HE & 8 B 5 R
W, LLSE—RIMLE R s 1E. B,
CHNHOPR 77 (i 2 — > i 2 (g Bl 4 A AT
5. HEFaRIRM B E RER S 2, H
SRR H HEE AR, FHi™ET 2
TPz ] SR o T 5B AL 24 ST MO B 4R 1 5
e SN o it & S il R RS RO
PSS 2 > ELAR AR s T PRAT B AR AR
e FL R R LI R L P B R Y B R 3%
i, WIS (e . BEATEM RIS F
14 32 1 SR

6.1 HlE s 1Ed=H

BB 1 30 1 42 ) 5 288 1R A 3R 4%
EZANRT B, LI PARIE, &
ZHRIERIE . Bl . H& 640 H HE LK
B FIRBOR S AT & 1 H ARG BN 2 4
(IEH H 3D RGBS M 3 M e 24
Py, (B W] IE 0 B s A o R AR

2025035-18



126

BIG DATA RESEARCH K

2025035-19

T R OB E AR . B, HURUE R0 3h
{4 1) 1] R RT A3 A Sy eF 3K 26 2 4010 R A
il v o Ao I 75 1 1 B S UL
G R W S i e ]
Instruct2Act J7 B I SAM!M S TR 55 v
W) E B R AT 4%, FIH OpenCLIPM
KRR 518 & I fE B 57, gk
BHFRRM A B A S, LI EEH .
SR, {50 P 3K L AN 9 S T L AT BB
NFRANBIIEIR 50 S B A 545 (14 Wi 7 3
FRE, WA, RGN ARMERRR KRR A
AR T AN T L TR AR, A RUR
ANE, BRI S AT 55 R G, T RES
B BRIR TG TR SE R AT 55 o

5 FRTHEAR, —SREiEEES
Shlas MK E S EIE IS X5 5 80 T8,
FEFI AT 5 2 AT 55 4 R 2 A Dl 2 fh
BRAL (RIMRAD 7R o X 2L il s 0 45
SHB AR R A S B, BB LA A
O RMNK MG . A5REW, VS ME
IRBAF(ES T, XF 46 REF R 558
TS 77 AR A W R T 55 S AORUR
TE2 el a AN Fa ) A e R HE LK 1 1
FUE L gRAh, B — e g SR T T
SRALZEST I B B gE R TR, JFAE £ Fl
IS 455 RS TGS SR B0

B T SR A 22 ST RIS, A WA
R R 223 iR R i, (RS
Be AR E RSB, W RT-1,

6.2 MBITEREH

O A7 7B 42 ) 9 N a4 A 8 2 L
NHBEIBE, SEBLFRRAT 7 AN 28 451
MR AT HURE EH, X5
S Ry, M DU i 2 g ) 773U
W 25 H RE A5 SEHUBUR AT 2E IR 5 R
G BUE AL AR Z AR T 5 T3 T

RS ER I A NI (1 5 A Y i
e BT gl AR () g R A ) O vk
SN ERAR IR PNk 7Bty ST I  O yicE |
TS, ERIEE SRR R R, dEE
E—ERE Bt EE, A, BURTT
EEH TR ORI PP IS s 2
#, Uhtizsh et

AR, WRIE A S FERUR AT E R
R R B O R . AT N DO TR
M EIEE (MuJoCo "l Isaac Gym '?4)
HRI 2R R R SR, IR Rk T Y SR g T
BRIMLAA , BT E TR,
Wu SEUE T — R B, BRAE A 2
P B EATE, BT RE
Jil BREAR AT K . oA IS R TR
M ARG NG &, HH
T DU 5B 1% 18 s o0 Bt 19 55 23 1Rl Bh 1R
HsE 200 TR A TR S AR
BT R B Sy i il 2%, LTRSS
22 [ B VER 0 Fnl i 65 5 A 8
IeAh, Yao&§ WHHEH T AR FAEAE] S
v B AL, T IR B R L A%
NOREE, PRI AR, ZHERES 3
FHERBEA B . H T3 ok 2 il o8 200
LLM #&8e; FH EA R 75 b 22 > 3
R SZB sim—to—real [d] 25 A 11
Bk, XSO EE R T T RURHLE AT
2 PR R N N e R R IE M. AE AL
JEALER AN B AR B S se R, R
TSR AT DA FH 3 20 T 311 25 1) Bl 7 428 ) A 1Y
AT ET1ES .

6.3 RIGF#HI

ARG F 6 BRI R MU T i £
ANRATRI T4, SO 4R 9 SR 3% IUEL
BN BAE . RITTFEE BN TFHEH
MIIRE, MT e AR B, W



STUDY %R

127

. fEFERMR. SPMEML, R
T3 F A RS B SR B vy, R i s o o
BOENE 2, R R FEIERER T
FEWmERN G, AERIIANTETIZE
Rl R AT L . SR, IR LU IR AE Y
X 2R AN e eI R — . BT,
RITF ) EEE =] . B
Bl S AT 5 3] 5 J7 BB

RUE BT 5840 5 5T B A Bk 50y kAT
DAFF 2 4t 68 R W (R () 42 1) SR W, ELAE I
XFHT R IS S R . — LR IR o
W22 5 241557 2 UE 4 PR R
TG, BT RLFEE Nz
HUE W W5 R A # RGB 218 2%,
M NBBAE R BIE, DA AR e e 4
TERBORE R R, B ARER L
S, BRI R R T4 R
I F R BE Heah, —Fh T gk
TR > 1 R TS T A SR ok 55 e AT
YIZRR A S5RE AR, LT MU £L
REIL® . SEgGmAESIHEI, XTI
WD T NFETE A 25 T 55 HO &R A I
[B], 7287 37 ¢ v i 28 B0 5 0 2 A A
E i, DexGANGrasp'™ Fl] J £ #5
ARBIAL, SLIT R PRE H A EN R B R
Wi e AL, BT U BY R 15 T o0 AR o
RealDex"" Il i Br A A 56 Bl A\ £ #&
KA B F T T RITF I IEUL T =,

RIS, R T5 T 10 1 M FE e
e DAL 98 10 5 2L B AR i S B v 3 i 1)
BEREE . AR, BlE 218 A KA Y 1y
W, DARITFREMRE G REIRIE S
PG R [ 5L R B H

7 HEeSHiE

H BB GEIRGUEEAL T ERiE R SR B BL,

D5TE i AR 22 B, () It 2 3 T O AL

7.1 G&—MiEME R

LT, HNAFRMESE S BART
HAL T Z MR R SR, (HIX LR A R
W, HEREZAFAERKRES, EUSR
— H 2w 2 S eIk se S Bl .
VIMABench* f F3F Al AL B (35 E 5
ESSHLRRE ST, (ARG I&EN YO BB R ¥ I
=422 (Al ALFWorld!" T 1P44 2 5 %2
REMR ML S HLRIBE F7, HIBhZ X 1551
TEHERITTEAL o BBk, XTI R R R Z K
T BRSO B 1R IR 2 R
PRI SE . R, FE SRR LS IR
M3, IRAUME H —Fh g — B 4 T v
MR A WER RO TEAl B B B BRI Y %5
TURE ST, GWAREA RTINS . (E
SN RN S EREGIRE ST .

7.2 SREHEE

R TR A B S B A I B AR AR R R
A as TR GEE . AR, HE R
SR 1 b e AR AR K B A T B A B A
B R . HET, ERAMEEETE AL
BB AR WA, (L SRR LA 2 3 K
ML K . A8 2l Ed B S
BRI G & N oy 2ok i S K
(BT ER TE W RN 2R R O T itk
— [, — RS R RIS (A (T
TSR ) RA S E S B BRI AR R
WS S Chn i PR R (RS
fBas) ) TR AT N EE, TTREAL
A BB R AR R T AT 7 5

7.3 Z[AIFEEMN

HE ek S L R AT 22 1L

2025035-20



128

BIG DATA RESEARCH K

2025035-21

AR BB 8 BB R HL A S0 B0 5 A
ML 4L e R g 0, BT RN
= A A E AR B ST UE R X
R B BB AR A TN 3T = 4R R
REJT, ANREELEEARM A LA T ST
AT 2T N w55 2 SRR 9
BRERI =R RE ST, (B TT R AT
A NN I BE EL AR AR, i
ST 1 AR 22 (A R B AR RE
Awtgs il 3D ML i = HE 43Il 25k 3D WL

G, BRI 3D AT 55 AR B

e 2
ANZ=g=i

tﬂ@[liﬂ}o

7.4 SREFAY

R RS R Jr B H 52 o 14 4 LR K A
71, JFHERRTRE ., 2R ERRG R
FRIG SRR S T St O T B B R IR
MR ZAESS R, (HH 53 e K 1 A 1 58
FIPIAS R DL X o M B B 2 AT 55, TR
BB N0 —T5 T, RBERLAE AR B AE
RN 2 AR G TR, T R BB A 280
RTFALRS Z AW RRKR . XA RWIFEH
FEFE NIRRT 55 2 [H]
PURBER W . 5 —J0 T, KRR 2k
RS Z N E R BSES WL, A
KW XRAGEFS % B,
NT CEMOKGE” X —E55, TEMIE
RSN BT RS

Wi, LT TARSE RS
PREAGE S B AR AR, I 2R
SR KA R BEAT RO, AT 8 B
B AL i A\ I 25 T R R,
TBAERI MR TT o AATTAT LA REAR AR
HIRLE (5 BT, B KRR >
FEOUAE, ARAIRAL X H S B
MAEHE, NARMEARNESE. MR
. i, DI RIMER RS, &

2 G5 Azl RE 5 S I L S T SRR A AN R A
HTH S

7.5 £5HIEEH

HET RS RER, THZHASR
BRI R REOR, H LR Z N H i
JE B A IHUR R S5 f] HLSE R . 28TT, BAA
IR S YNSE R UNINEE =g S U s
AR TT 1], o U o H bR . BR
B —F Ry 2B o BES, KR
T B 5 22 Tl G 1 B 1 32 1 A B 57
BRI, AR, X FRIT A7 A AL AN SR A
I SEE 652 e P [ 5 B0 o 81 o ) L B KA
REH, AMUBRZ TR ZEE, W
Kz B BRGNS 4R, K
BRI TESWERE. Hik, WEREZH
SR HIEE, FRAERE RN 2
B, BONRIAT A D SR

7.6 BiEMEMLIRIE

BEE KRR R IR R, 2R 20 K
R Bk, ] T (AR A LT EE
FRE M At Y | TR Phi 241, X L
BERLE S H B /N B IS 0 A8 2R A7 28 o
HE . A, —LESEFE Transformer 22
1o EREATOCAG, DAFR T 2 B S ) i 3
B A A AR T B SRR
DL /D> A7 5 A e A TR, AR, X gk
T7 B R BRI A . W FE R T HE
B FE R [FLINF, ZE R v R R O 0 I o 7
F L RIR I BB ORI T M T 1 B B B
iz — o FRUIZ ] B B R RE AR KA
T4 ML A B RTHE

7.7 RB5i#k
TR Y- B B B BE R Dk oy B e e 2 451



STUDY %R

129

A3 AW e, 2% —1=E
B BIA MR R Z B R TR
BONCCALH R SLBLX AN GE ST, (A
RSB AT R B T C AT IR 4
FPRMRIRZ— R, BEAh, S EZASI 0
fe— MRS T S, (AR 4T I AL
R AR T R R O BRI
ZrifsEtE, R BRI M A

it 5 L B BB PR B I 4 R Y B
&, BORMZ BTG B8 T X — U
FDATR DL 2, X Bk R B P e i
AT HE B B B B RE (R B (9 R A0 R
b

8 LWiF

H e e e ARl 7 g <, 8
W H B L ERERE RS . E4F
Kk, BEHEZBEENERREL R, B5
BRER AR TIRREM KR, RSO
AR H 5B e AR — ST R R AT T
. REGNERE, FR AR A RAHL
BT T RE . BAM, ASCESENAT
2R RAERL LR B REOR 1) 5 400
SR WK, SRS I 3 1) 3y 1) 5. B
G TT AN N ot AT 55 3 2 3 17 42 1
WEPTT RN RSB REAR RIS, ARSL
A LARS B RIE G o a1 A AR 1 A R B
[, HES) B BRORGUS A A SR AN AT o

H> R

S

[1] GRATCH J. The promise and peril of in -
teractive embodied agents for studying

non—-verbal communication: a machine

learning perspective[J]. Philosophical

Transactions of the Royal Society of

[4]

(7]

8]

[10

[11]

London Series B, Biological Sciences,
2023, 378(1875): 20210475.

LIU Y, CHEN W X, BAL Y J, et al. Align -
ing cyber space with physical world: a
comprehensive survey on embodied AI[J].
arXiv preprint, 2024, arXiv: 2407.06886.
KOKKONEN T, EHRENBERG N, KOI P,
et al. Beyond robot therapy: embodied
Al, mental healthcare, and value sensi -
tive design[M]//Social Robots in Social
Institutions. Amsterdam: [0S Press,
2023.

YANG WP, HU XY, YETERIH, etal. Ar -
tificial intelligence education for young
children: a case study of technology—
enhanced embodied learning[J]. Journal
of Computer Assisted Learning, 2024, 40(2):
465-477.
TURING A M. Computing machinery
and intelligence[M]//Parsing the Turing
Test. Dordrecht: Springer Netherlands,
2007: 23-65.

BROOKS R A. Intelligence without rep -
resentation[J]. Artificial Intelligence, 1991,
47(1/2/3): 139-1569.

SMITH L, GASSER M. The development
of embodied cognition: six lessons from
babies[J]. Artificial Life, 2005, 11(1/2):
13-29.

AY N, LOHR W. The umwelt of an em -
bodied agent: a measure—theoretic defi -
nition[J]. Theory in Biosciences, 2015,
134(3/4): 105-116.

LASKEY K B. A theory of physically
embodied and causally effective agency
[J]. Information, 2018, 9(10): 249.
BELLOT D, SIEGWART R, BESSIERE P,
et al. Bayesian modeling and reasoning
for real world robotics: basics and ex -
amples[M]//Embodied Artificial Intelli-
gence. Heidelberg: Springer, 2004:
186-201.

HAFNER V V. Agent—environment in -

2025035-22



130

BIG DATA RESEARCH K

2025035-23

[12]

=
o2

(14]

[16]

[17

(18]

[19]

teraction in visual homing[M]//Embodied

Artificial Intelligence. Heidelberg:
Springer, 2004: 180-185.
SANDAMIRSKAYA Y, RICHTER M,

SCHONER G. A neural-dynamic archi -
tecture for behavioral organization of an
embodied agent[C]//Proceedings of the
2011 IEEE International Conference on
Development and Learning (ICDL). Pis -
cataway: IEEE Press, 2011: 1-7.
SANDAMIRSKAYA Y, SCHONER G. Dy -
namic field theory of sequential action:
a model and its implementation on an
embodied agent[C]//Proceedings of the
2008 7th IEEE International Conference
on Development and Learning. Piscat -
away: IEEE Press, 2008: 133—-138.
CAROLAN K, FENNELLY L, SMEATON
A F. A review of multi—-modal large lan -
guage and vision models[EB]. arXiv pre -
print, 2024, arXiv: 2404.01322.

WANG X, CHEN G Y, QIAN G W, et al.
Large—scale multi-modal pre—trained
models: a comprehensive survey[J]. Ma -
chine Intelligence Research, 2023, 20(4):
447-482.

RADFORD A, KIM J W, HALLACY C, et
al. Learning transferable visual models
from natural language supervision[EB].
arXiv preprint, 2021, arXiv: 2103.00020.
RAMESH A, PAVLOV M, GOH G, et al.

Zero—shot text—to—image generation
[EB]. arXiv preprint, 2021, arXiv:
2102.12092.

BAI J, BAI S, YANG S, et al. Qwen—vl: a

frontier large vision—language model
with versatile abilities[EB]. arXiv pre -
print, 2023, arXiv: 230812966.

LIUHT,LICY, LI Y H, et al. Improved
baselines with visual instruction tuning
[C]//Proceedings of the 2024 IEEE/CVF
and

[EEE

Conference on Computer Vision

Pattern Recognition. Piscataway:

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

Press, 2024: 26286-26296.
SHAH D, OSINSKI B, ICHTER B, et al.
LM-nav: robotic navigation with large
pre—trained models of language, vision,
and action[EB]. arXiv preprint, 2022,
arXiv: 2207.04429.

ZHOU G Z, HONG Y C, WU Q. NavGPT:
explicit reasoning in vision—and-—
language navigation with large language
models[J]. Proceedings of the AAAI

Conference on Artificial Intelligence,
2024, 38(7): 7641-7649.

YANG J N, CHEN X, QIAN S Y, et al.
LLM-grounder: open—vocabulary 3D vi -
sual language

grounding with large

model as an agent[C]//Proceedings of
the 2024 IEEE International Conference
on Robotics and Automation. Piscat-
away: [EEE Press, 2024: 7694-7701.

BROHAN A, CHEBOTAR Y, FINN C, et
al. Do as I can, not as I say: grounding
language In affordances[EB].
arXiv preprint, 2022, arXiv: 2204.01691.

LIANG J, HUANG W L, XIA F, et al

robotic

Code as policies: language model pro -

grams for embodied control[C]//Pro -
ceedings of the 2023 IEEE International
Conference on Robotics and Automation
(ICRA). IEEE Press, 2023:
9493-9500.

HUANG S Y, JIANG Z K, DONG H, et al.

Piscataway:

Instruct2Act: mapping multi—-modality
instructions to robotic actions with large
language model[EB].

2023, arXiv: 2305.11176.
BROHAN A, BROWN N, CARBAJAL J,

RT-1:

arXiv preprint,

robotics transformer for
scale[EB].
preprint, 2022, arXiv: 2212.06817.
DRIESS D, XIA F, SAJJADI M S, et al.
PaLM-E:

et al.

real-world control at arXiv

an embodied multimodal lan -
guage model[EB]. arXiv preprint, 2023,
arXiv: 2303.03378.



STUDY %R

131

(28]

[29]

[30

[31]

[33]

[34]

[36]

WALLKOTTER S, TULLI S,
CASTELLANO G, et al. Explainable em -
bodied agents through social cues: a re -
view[J]. ACM Transactions on Human-—
Robot Interaction, 2021, 10(3): 1-24.

XU Z Y, WU K, WEN J J, et al. A survey
on robotics with foundation models: to -
ward embodied AI[EB].
2024, arXiv: 2402.02385.

ALAYRAC J-B, DONAHUE J, LUC P, et al.

arXiv preprint,

Flamingo: a visual language model for
few—shot learning[J]. Advances in Neu -
ral Information Processing Systems,
2022, 35: 23716-36.

LI J N, LI D X, SAVARESE S, et al.
BLIP-2: bootstrapping language—image
pre—training with frozen image encoders
and large language models[C]//Proceed -
ings of the 40th International Confer -
ence on Machine Learning. New York:
ACM, 2023.

HUANG S H, DONG L, WANG W H, et
al. Language is not all you need: aligning
perception with language models[J]. Ad -
vances in Neural Information processing
Systems, 2023, 36: 72096-72109.

PENG 7Z L, WANG W H, DONG L, et al.
Kosmos—2: Grounding multimodal large
language models to the world[EB]. arXiv
preprint, 2023, arXiv: 2306.14824.

ZHU D Y, CHEN J, SHEN X Q, et al.
MiniGPT-4: enhancing vision—language
understanding with advanced large lan -
guage models[EB]. arXiv preprint, 2023,
arXiv: 2304.10692.

LIUH T, LI CY, WU QY, et al. Visual
instruction tuning[EB]. arXiv preprint,
2023, arXiv: 2304.08485.

DAI W, LI J, LI D, et al. InstructBLIP: to -
wards general-purpose vision—language
models with instruction tuning[J]. Ad-

vances in Neural Information Processing

Systems, 2023, 36:49250-49267.

[37] WANGP, BAIS, TANS N, et al. Qwen2-

[38]

[39]

[40]

[41

[42

[43

[44]

[45]

[46]

VL: enhancing vision—language model’ s
perception of the world at any resolution
[EBI]. 2024,
2409.12191.

YAO Y, YU T Y, ZHANG A, et al
MiniCPM-V: a GPT-4v level MLLM on

arXiv  preprint, arXiv:

your phone[EB]. arXiv preprint, 2024,
arXiv: 2408.01800.
DOSOVITSKIY A. An image is worth

16 x16 words: Transformers for image

recognition at scale [J]. arXiv preprint
arXiv: 201011929, 2020,

ACHIAM J, ADLER S, AGARWAL S, et
al. GPT-4 technical report[EB].
preprint, 2023, arXiv: 230308774.

BAI J Z, BAI S, YANG S S, et al. Qwen—

arXiv

VL: a versatile vision—language model

for understanding, localization, text
reading, and beyond[EB]. arXiv preprint,
2023, arXiv: 2308.12966.

REID M, SAVINOV N, TEPLYASHIN D,
et al. Gemini 1.5: Unlocking multimodal
understanding across millions of tokens
of context[EB]. 2024,
arXiv: 2403.05530.

CHANG A, DAI A, FUNKHOUSER T, et

al. Matterport3D: learning from RGB-D

arXiv preprint,

data in indoor environments[C]//Pro -
ceedings of the 2017 International Con -
ference on 3D Vision (3DV). Piscataway:
IEEE Press, 2017: 667-676.

DASARI S, EBERT F, TIAN §,

RoboNet:

et al.
multi-robot

2019,

large—scale

learning[EB]. arXiv  preprint,
arXiv: 1910.11215.

MAHLER J, MATL M, SATISH V, et al.
Learning ambidextrous robot grasping
policies[J]. Science Robotics, 2019, 4(26):
eaau4984.

GRAUMAN K, WESTBURY A, BYRNE
Ego4D:

E, et al. around the world in

3, 000 hours of egocentric video[EB].

2025035-24



132

BIG DATA RESEARCH K

2025035-25

[47]

[49]

a
2

[51]

[52]

[53]

[54]

arXiv preprint, 2022, arXiv: 2110.0705
8v3.

SHRIDHAR M, THOMASON J, GORDON
D, et al. ALFRED: a benchmark for in -
terpreting grounded instructions for ev -
eryday tasks[C]//Proceedings of the
2020 IEEE/CVF Conference on Com -
puter Vision and Pattern Recognition
(CVPR). Piscataway: IEEE, 2020: 10737—-
10746.

O'NEILL A, REHMAN A, GUPTA A, et
al. Open X-Embodiment: robotic learn -
ing datasets and RT-X models[EB].
arXiv preprint, 2023, arXiv: 2310.08864.
WU K, HOU C K, LIU J M, et al. Robo -
MIND: benchmark on multi—embodiment
intelligence normative data for robot
manipulation[EB]. arXiv preprint, 2024,
arXiv: 2412.13877.

WANG Z Q, ZHENG H, NIE Y S, et al.
All robots in one: a new standard and
unified dataset for versatile, general—

purpose embodied agents[EB]. arXiv
preprint, 2024, arXiv: 2408.10899.
SURATI S, HEDAOO S, ROTTI T, et al.
Pick and place robotic arm: a review pa -
per[J]. International Research Journal of
Engineering and Technology, 2021, 8(2):
2121-2129.

BROGARDH T. Present and future robot
control development: an industrial per -
spective[J]. Annual Reviews in Control,
2007, 31(1): 69-79.

MEGAHED S M. Force analysis of robot
manipulators[J]. Proceedings of the In -
stitution of Mechanical Engineers, Part
B: Journal of Engineering Manufacture,
1989, 203(4): 217-232.

LIU J M, LI C X, WANG G Q, et al. Self-
corrected multimodal large language
model for end—to—end robot manipulation
[EB]. 2024,

240517418.

arXiv  preprint, arXiv:

[55]

[56]

[57]

[60]

[61]

[62]

BAI' Y F, LIU C K. Dexterous manipula -
tion using both palm and fingers[C]//
Proceedings of the 2014 IEEE Interna -
tional Conference on Robotics and Auto -
mation (ICRA). Piscataway: IEEE Press,
2014: 1560-1565.

WAN W K, GENG H R, LIU Y, et al. Un -
iDexGrasp: improving dexterous grasp -
ing policy learning via geometry—aware
iterative generalist—

curriculum and

specialist learning[C]//Proceedings of
the 2023 IEEE/CVF International Con -
ference on Computer Vision (ICCV). Pis -
cataway: IEEE Press, 2023: 3868—-3879.
QIN Y Z, HUANG B H, YIN Z H, et al.
DexPoint: generalizable point cloud re -
inforcement learning for sim—to—real
dexterous manipulation[EB]. arXiv pre -
print, 2022, arXiv: 2211.09423.

FENG Q, LEMA D S M, MALMIR M, et
al. DexGANGrasp: dexterous generative
adversarial grasping synthesis for task—
oriented manipulation[C]//Proceedings
of the 2024 IEEE-RAS 23rd Interna-
tional Conference on Humanoid Robots
(Humanoids). Piscataway: IEEE Press,
2024: 918-925.

WEI Y L, JIANG J J, XING C Y, et al
Grasp as you say: language—guided dex -
terous grasp generation[EB]. arXiv pre -
print, 2024, arXiv: 2405.19291.

LIU Y M, YANG Y X, WANG Y Z, et al.
RealDex: towards human-like grasping
for robotic dexterous hand[EB]. arXiv
preprint, 2024, arXiv: 2402.13853.
CHUNG W, IAGNEMMA K. Wheeled ro -
bots[M]//Springer Handbook of Robot -
ics. Cham: Springer, 2016: 575-594.

GAO XY, LI JH, FAN L F, et al. Review
of wheeled mobile robots’navigation
problems and application prospects in
agriculture[J]. IEEE Access, 2018, 6:

49248-49268.



STUDY %R

133

[63]

[65]

[66]

[67]

[68]

[69]

[70]

LUO S'Y, ZHU J, SUN P, et al. GSON: a
group—based social navigation frame -
work with large multimodal model[EB].
arXiv preprint, 2024, arXiv: 2409.18084.
CUI C, MA' Y S, CAO X, et al. A survey
on multimodal large language models for
autonomous driving[C]//Proceedings of
the 2024 IEEE/CVF Winter Conference
Computer Vision

IEEE Press,

on Applications of
Workshops.
2024: 958-979.

LT X H, SAVKIN A V. Networked un -

Piscataway:

manned aerial vehicles for surveillance
and monitoring: a survey[J]. Future In -
ternet, 2021, 13(7): 174.

ZUO0 7 Y, LIU C J, HAN Q L, et al. Un-
manned aerial vehicles: control methods
IEEE/CAA
Journal of Automatica Sinica, 2022, 9(4):
601-614.

DO H T, TRUONG L H, NGUYEN M T, et

and future challenges[J].

al. Energy-efficient unmanned aerial
vehicle (UAV) surveillance utilizing arti -
ficial intelligence(Al) [J]. Wireless Com -
munications Mobile
2021, 2021(1): 8615367.

WU Y C, ZHANG P C, GU M Y, et al.

and Computing,

Embodied navigation with multi—-modal

information: a survey from tasks to

methodologyl[J]. Information Fusion,
2024, 112: 102532.
RAIBERT M,

NELSON G, et al.

BLANKESPOOR K,
the rough-
terrain quadruped robot[J]. IFAC Pro-
2008, 41(2): 10822-

BigDog,

ceedings Volumes,
10825.

BOUMAN A, GINTING M F, ALATUR
N, et al. Autonomous spot: long—range
autonomous exploration of extreme en -
vironments with legged locomotion[C]//
Proceedings of the 2020 IEEE/RSJ In-
Intelligent

ternational Conference on

Robots and Systems. Piscataway: IEEE

[71]

[72]

(73

[74]

[75]

[76]

(771

Press, 2020: 2518-2525.
ARM P, WAIBEL G, PREISIG J, et al.
Scientific exploration of challenging
planetary analog environments with a
team of legged robots[J]. Science Robot -
ics, 2023, 8(80): eade9548.

NYGAARD T F, MARTIN C P,
TORRESEN J, et al. Real-world embod -
ied Al through a morphologically adap -
tive quadruped robot[J]. Nature Machine
Intelligence, 2021, 3: 410-419.

LYKOV A, LITVINOV M, KONENKOV
M, et al. CognitiveDog: large multimodal
model based system to translate vision
and language into action of quadruped
robot[C]//Proceedings of the Companion
2024 ACM/IEEE

of the International

Conference on Human-Robot Interac -
tion. New York: ACM, 2024: 712-716.

MANIATOPOULOS S, SCHILLINGER P,
PONG V, et al. Reactive high—-level be -
havior synthesis for an Atlas humanoid
robot[C]//Proceedings of the 2016 IEEE
International Conference on Robotics and
Piscataway: IEEE Press,

2016: 4192-4199.
TANAKA F, ISSHIKI K, TAKAHASHI F,

Automation.

et al. Pepper learns together with chil -
dren: development of an educational ap -
plication[C]//Proceedings of the 2015

I[IEEE-RAS 15th International Confer -
ence on Humanoid Robots (Humanoids).
Piscataway: IEEE Press, 2015: 270-275.
XIANG J N, TAO T H, GU Y, et al. Lan -
guage models meet world models[C]//
Proceedings of the 37th International
Conference on Neural Information Pro -
cessing Systems. New York: ACM, 2023:
75392-75412.

LI X H, LIU M H, ZHANG H B, et al.
models as

Vision—language foundation

effective robot imitators[EB]. arXiv

preprint, 2023, arXiv: 231101378.

2025035-26



134

BIG DATA RESEARCH K

2025035-27

[78]

'
2

(31]

(32]

(361

BROHAN A, BROWN N, CARBAJAL J,

et al. RT-2: vision—language—action
models transfer web knowledge to ro -
botic control[EB]. arXiv preprint, 2023,
arXiv: 2307.15818.

WU H T, JING Y, CHEANG C, et al. Un -
leashing large—-scale video generative
pre—training for visual robot manipula -
tion[EB]. 2023,
2312.13139.

CHEBOTAR Y, VUONG Q, IRPAN A, et

arXiv preprint, arXiv:

al. Q-Transformer: scalable offline re -
inforcement learning via autoregressive
Q-functions[EB]. 2023,
arXiv: 2309.10150.

BELKHALE S, DING T L, XIAO T, et al.

arXiv preprint,

RT-H: action hierarchies using language
[EB]. 2024,
2403.01823.

MU Y, ZHANG Q L, HU M K, et al. Embod -

arXiv  preprint, arXiv:

1edGPT: vision—language pre—training via
embodied chain of thought[EB].
preprint, 2023. arXiv: 2305.15021.
CHEANG C L, CHEN G Z, JING Y, et al.
GR-2: a

arXiv

generative video—language-—
action model with web-scale knowledge
for robot manipulation[EB]. arXiv pre -
print, 2024, arXiv: 2410.06158.

GU J Y, KIRMANI S, WOHLHART P, et
al. RT—trajectory: robotic task general -
ization via hindsight trajectory sketches
[EB]. 2023,
2311.01977.

LEAL I, CHOROMANSKI K, JAIN D, et

arXiv  preprint, arXiv:

al. SARA—-RT: scaling up robotics trans -
formers with self—adaptive robust at -
tention[C]//Proceedings of the 2024
IEEE International Conference on Ro -
Piscataway:
[EEE Press, 2024: 6920-6927.

LIUJ M, LIUM Z, WANG Z Y, et al. Ro-

botics and Automation.

boMamba: multimodal state space model

for efficient robot reasoning and ma -

[87]

[38]

[39]

[90]

[91]

[92]

193]

[94]

[95]

nipulation[EB]. arXiv preprint, 2023,
arXiv: 2406.04339.

PEREZ E, STRUB F, DE VRIES H, et al.
FiLM: visual reasoning with a general
conditioning layer[J]. Proceedings of the
AAAI Conference on Artificial Intelli-
gence, 2018, 32(1): 3942-3951.

RYOO M S, PIERGIOVANNI A, ARNAB
A, et al. TokenLearner: what can 8
learned tokens do for images and videos?
[EBI]. 2021,
2106.11297.

EBBESEN C L, BRECHT M. Motor cor -

arXiv  preprint, arXiv:

tex: to act or not to act?[J]. Nature Re -
views Neuroscience, 2017, 18: 694-705.

AHN M, DWIBEDI D, FINN C, et al. Au -
tort: embodied foundation models for

large scale orchestration of robotic
agents[EB]. arXiv preprint, 2024, arXiv:
240112963.

FIKES R E, NILSSON N J. Strips: a new
approach to the application of theorem
proving to problem solving[J]. Artificial
Intelligence, 1971, 2(3/4): 189-208.
JIANG Y Q, ZHANG S Q, KHANDEL-
WAL P, et al. Task planning in robotics:
an empirical comparison of PDDL- and
ASP-based systems[J]. Frontiers of In -
formation Technology & Electronic En -
gineering, 2019, 20(3): 363-373.

HART P E, NILSSON N J, RAPHAEL B.
A formal basis for the heuristic deter -
mination of minimum cost paths[J]. IEEE
Transactions on Systems Science and
Cybernetics, 1968, 4(2): 100-107.
METROPOLIS N, ULAM S. The Monte
Carlo method[J]. Journal of the Ameri-
can Statistical 1949, 44
(247): 335.

WEI J, WANG X Z, SCHUURMANS D, et

Association,

al. Chain—of-thought prompting elicits
reasoning in large language models[C]//

Proceedings of the 36th International



STUDY %R

135

Conference on Neural Information Pro -
cessing Systems. New York: ACM, 2022:
24824-24837.

[96] JI Z W, LEE N, FRIESKE R, et al. Sur -
vey of hallucination in natural language
generation[J]. ACM Computing Surveys,
2023, 55(12): 1-38.

[97] SINGH I, BLUKIS V, MOUSAVIAN A, et

al. ProgPrompt: generating situated ro -
bot task plans using large language
models[C]//Proceedings of the 2023
IEEE International Conference on Ro -
botics and Automation (ICRA). Piscat -
away: IEEE Press, 2023: 11523-11530.

[98] HUANG W L, ABBEEL P, PATHAK D,
et al. Language models as zero—shot
planners: extracting actionable knowl -
edge for embodied agents[C]//Proceed -
ings of the 39th International Confer -
ence on Machine Learning. [S.1.]: PMLR,
2022: 9118-9147.

[99] SHINN N, CASSANO F, GOPINATH A,
et al. Reflexion: Language agents with
verbal reinforcement learning[J]. Ad-
vances in Neural Information Processing
Systems, 2023, 36: 8634-8652.

[100JHU Y D, LIN F Q, ZHANG T, et al. Look
before you leap: unveiling the power of
gpt—4v in robotic vision—language plan -
ning[EB]. arXiv preprint, 2023, arXiv:
2311.17842.

[1011ZHU M J, ZHU Y C, LI J M, et al.
Language—conditioned robotic manipu -
lation with fast and slow thinking[C]//
Proceedings of the 2024 IEEE Interna -
tional Conference on Robotics and Auto -
mation (ICRA). Piscataway: IEEE Press,
2024: 4333-4339.

[102JHUANG W L, XIA F, XIAO T, et al. In -
ner monologue: embodied reasoning

through planning with language models

[EB]. arXiv 2022,

2207.05608.

preprint, arXiv:

[I0S]WANG G Z, XIE Y Q, JIANG Y F, et al.
Voyager: an open—ended embodied agent
with large language models[EB]. arXiv
preprint, 2023, arXiv: 2305.16291.

[104] YANG J K, DONG Y H, LIU S, et al. Oc -
topus: embodied vision—language pro -
grammer fromEnvironmental feedback
[C]//Proceedings of the 2024 European
Conference on Computer Vision. Cham:
Springer, 2025: 20-38.

[I05]WANG G Z, XIE Y Q, JIANG Y F, et al.
Voyager: an open—ended embodied agent
with large language models[EB]. arXiv
preprint, 2023, arXiv: 2305.16291.

[I06)MAJUMDER B P, MISHRA B D,
JANSEN P, et al. Clin: a continually
learning language agent for rapid task
adaptation and generalization[EB]. arXiv
preprint, 2023, arXiv: 2310.10134.

[1071RANA K, HAVILAND J, GARG S, et al.
SayPlan: grounding large language mod -
els using 3D scene graphs for scalable
task planning[C]//Proceedings of the 7th
Annual Conference on Robot Learning.
[S..I: PMLR, 2023: 23-72.

[108]1GU Q, KUWAJERWALA A, MORIN S, et
al. ConceptGraphs: open—-vocabulary 3D
scene graphs for perception and planning
[C]//Proceedings of the 2024 IEEE In -
ternational Conference on Robotics and

Piscataway: IEEE Press,
2024: 5021-5028.

[TO99WANG 7Z X, YU B, ZHAO J Z, et al.
KARMA: embodied Al

Automation.

augmenting
agents with long—and-short term

memory systems[EB]. arXiv preprint,
2024, arXiv: 2409.14908.

[110]ZHANG Y, YANG S X, BAI C J, et al.
Towards efficient LLM grounding for
embodied multi—agent collaboration[EB].
arXiv preprint, 2024, arXiv: 2405.14314.

[111]KANNAN S S, VENKATESH V L N,

MIN B C. SMART-LLM: smart multi-

2025035-28



136 | BIG DATA RESEARCH A#iE

agent robot task planning using large
language models[C]//Proceedings of the
2024 1EEE/RSJ International Conference
on Intelligent Robots and Systems
(IROS). Piscataway: IEEE Press, 2024:
12140-12147.

[112] BRIENZA M, ARGENZIANO F, SURI-
ANI V, et al. Multi—agent planning us -
ing visual language models[EB. arXiv
preprint, 2024, arXiv: 2408.05478.

[113]HORI K, SUZUKI K, OGATA T. Inter -
actively robot action planning with un -
certainty analysis and active question -
ing by large language model[C]//Pro -
ceedings of the 2024 IEEE/SICE Inter -
national Symposium on System Integra -
tion (SII). Piscataway: IEEE Press, 2024:
85-91.

[114]GAO Y F, XIONG Y, GAO X Y, et al.
Retrieval—augmented generation for large
language models: a survey[EB]. arXiv
preprint, 2023, arXiv: 2312.10997.

[11I5)NGUYEN H, LA H. Review of deep re -
inforcement learning for robot manipu -
lation[C]//Proceedings of the 2019 Third
IEEE International Conference on Ro -
botic Computing (IRC). IEEE, 2019:
590-595.

[116] FANG B, JIA S D, GUO D, et al. Sur -
vey of imitation learning for robotic
manipulation[J]. International Journal of
Intelligent Robotics and Applications,
2019, 3(4): 362-369.

[1171KIRILLOV A, MINTUN E, RAVI N, et
al. Segment anything[C]//Proceedings of
the 2023 IEEE/CVF International Con -
ference on Computer Vision. Piscat -
away: IEEE Press, 2023: 3992-4003.

[118]CHERTI M, BEAUMONT R, WIGHT-
MAN R, et al. Reproducible scaling laws for
contrastive language—image learning[C]//
Proceedings of the 2023 IEEE/CVF

Conference on Computer Vision and

2025035-29

Pattern Recognition (CVPR). Piscat-
away: IEEE Press, 2023: 2818-2829.
[119]YU W H, GILEADI N, FU C Y, et al.
Language to rewards for robotic skill
synthesis[J]. arXiv preprint, 2023,

arXiv: 230608647.

[1201YE W R, ZHANG Y S, WENG H Y, et al.
Reinforcement learning with foundation
priors: let embodied agent efficiently
learn on its own[EB]. arXiv preprint,
2024, arXiv: 2310.02635.

[121]PRATT J, DILWORTH P, PRATT G.
Virtual model control of a biped walking
robot[C]// Proceedings of International
Conference on Robotics and Automation.
Piscataway: IEEE Press, 1997: 193-198.

[122]BAO L F, HUMPHREYS J, PENG T H,
et al. Deep reinforcement learning for
bipedal locomotion: a brief survey[EB].
arXiv preprint, 2023, arXiv: 2404.17070.

[123] TODOROV E, EREZ T, TASSA Y. Mu -
JoCo: a physics engine for model-based
control[C]//Proceedings of the 2012
IEEE/RSJ International Conference on
Intelligent Robots and Systems. [S. 1.]:
PMLR, Piscataway: IEEE Press, 2012:
5026-5033.

[124] MAKOVIYCHUK V, WAWRZYNIAK L,
GUO Y R, et al. Isaac gym: high per -
formance GPU-based physics simulation
for robot learning[EB]. arXiv preprint,
2021, arXiv: 2108.10470.

[1251WU F Y, GU ZY, WU H R, et al. Infer
and adapt: bipedal locomotion reward
learning from demonstrations via in -
verse reinforcement learning[C]//Pro -
ceedings of the 2024 IEEE International
Conference on Robotics and Automation
(ICRA). Piscataway: IEEE Press, 2024:
16243-16250.

[126) DUAN H L, DAO J, GREEN K, et al.



STUDY %R

137

Learning task space actions for bipedal
locomotion[C]//Proceedings of the 2021
IEEE International Conference on Ro -
botics and Automation (ICRA). IEEE,
2021: 1276-1282.

[1271YAO Y F, HE W T, GU CY, et al. Any -
Bipe: an end-to—end framework for
training and deploying bipedal robots
guided by large language models[EB].
arXiv preprint, 2024, arXiv: 2409.08904.

[128] WEINBERG A I, SHIRIZLY A, AZULAY
0O, et al. Survey of learning approaches
for robotic in—hand manipulation[EB].
arXiv preprint, 2024, arXiv: 2401.07915.

[129)HUANG W L, MORDATCH I, ABBEEL
P, et al. Generalization in dexterous
manipulation via geometry—aware multi—
task learning[EB]. arXiv preprint, 2021,
arXiv: 2111.03062.

[130JARUNACHALAM S P,
EVANS B,

SILWAL S,
et al. Dexterous imitation
made easy: a learning—based framework
for efficient dexterous manipulation[C]//
Proceedings of the 2023 IEEE Interna -

tional Conference on Robotics and Auto -

{EEE N

B H B R RE S

TURE (1989-), Y5, PR GRUD AMRAF & EHEE LRI, EZEETRIT A LERE.
W AR SRR EIRAR. RARAYSE,

mation (ICRA). Piscataway: IEEE Press,
2023: 5954-5961.

[131JLUO Y K, LI W Y, WANG P, et al
Progressive transfer learning for dex -
terous in—hand manipulation with mul -
tifingered anthropomorphic hand[J].

IEEE Transactions on Cognitive and De -

velopmental Systems, 2024, 16(6):
2019-2031.

[132]JIANG Y F, GUPTA A, ZHANG Z C, et
al. VIMA: robot manipulation with mul -
timodal prompts[C]//Proceedings of the
40th International Conference on Ma -
chine Learning. 2023: 1-48.

[133]SHRIDHAR M, YUAN X, CoTé M A,
et al. Alfworld: aligning text and em -
bodied

environments for interactive

learning[EB]. arXiv preprint, 2020,
arXiv: 201003768.

[134]ZHU C M, WANG T, ZHANG W W, et
al. LLaVA-3D: a simple yet effective
pathway to empowering LMMs with 3D—
awareness [EB]. arXiv preprint, 2024,

arXiv: 240918125.

BIEE (1997-), H, PEREE GRID AR R mEFEE TR, EZEURTT SR EY ] EEH

FUOR

2025035-30



138

BIG DATA RESEARCH K

s B ER: 2024-10-22

REEXPA (1988-), 53, A, PLBHEGTHLE S I FIES AN TN, R SEIRIINE PRl T A Bk s
S [P R SRR 25 % NN v N O i s TP S B E VN L oo e b 3 WAL DA R
SJOKEUE. RGN, NLERE. Mtk S A% .

KABA (1988-D, i, Ml FRREL GRYD ARA R SRS O, &R S L,
FERRITFNE GG B SRR R RS AR UURL &2 ST RIR S 27 51 J7 ik
FEN T RESUSNL T, AT IS GRS E LA P R AR R 2 e B R BT AL e g, H i
IEEE. [ B ah o Do TSR 2 R, AR BER SR R L R 2R R, 2023 EAIE L
AR HHIFEBH

ERER (1983-), B, WL, PR GRUD ARAF S LR, SR LERESN, BT
AREEBLH, BRESRATEEAPI K. KEBY RIEE N TR LG, SRR AME TR
BRZB AR R, PETEESERE R, PRI SR SRR AR R, PIEE ML
SIRTB B AR RE L b 22 Y R AT BT 1R KB . 2 SRR 2 3] 45

BIEEE: TS, jzwang@]188.com
EEWB: | H4 E ST AR H— A TR RE” EA LI (No.2021B0101400003)

Foundation Item: Guangdong Province Key Field R&D Program “New Generation Artificial Intelligence” Major Special Project (No.

2021B0101400003)

2025035-31




