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Fig.1 Illustration of the Training Paradigm of Large Embodied Model: Four Components—Data Construction, Offline Training,

Online Fine-tuning, and Data Reflow—Forming a Complete Loop, Establishing the Training Paradigm of Large Embodied Model where

Data Collection and Model Optimization Proceed Alternately with Iterative Evolution
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Table 1 Comparison among Representative Datasets of Embodied Cerebrum
iRk £ HELAFE PUE S AR E%5ERE FEER W TEA
Matterport 3D 2017 F{5L RGB-D/H=5+HET  10.8k=E Nz BT F Tl BRIES MVLRESER
3D R A
HM3D 2020 fE RGB-D/E=EHET  7.5kI42kli BB HRTM H#RHHT  Habitat
Hbr A5
ALFRED 2020 fhI RGB+ET 21kIZR/1.6kIRAE/  IAETE = ST H#RiET  AI2-THOR
KM A RIEVLAEA
155 S Bdis T 55 R 45
RoboVQA 2023 PASE WPHES 798K 25/ 18k IGHIE LB HERRRE J1TAl AT B
EESo)
SQA3D 2023 FZ 3DHE/ S IEIBEVEE  26kiIZ/3kUnTF/3k BB 17 5 g HARIET  ScanNet
+HE HENEEaa)
OpenEQA 2023 L+ E RGBA+HES 1 636MHIRIZZ X HEp R Hss H#RiET  Habitat/ScanNet
EZ iy AN
ET-Plan-Bench 2025 {5E ZAFARGB+ 15 10k+SMUARET S WL MES MR ASRIES  VirtualHome/Habitat

MK EHE

Ak 47 i) 2
3.1.2 A& A

LB /NG VE Ry 5 S0 A AR S e 4 o
SR R AR B | LB T A 5 sl VR I G A b A5 4 Tt
N R B BRI B BN TR
FUHLEE B B % 5 3 8 i B AR A
FE R PR BT BRI T AR 7 5 AN, S [R] Sc LB N
IR (4 3 3

Xt F T EALAH B/ N B At e R T
HIER IR . Mobile ALOHA L3 o vE 4545 32
o 4 VR, S 3043 9 v T MR U4 5 AgiBot
World" 2" IR FI 4= B 3l 15 7 fih [F) 4 R 4 6 B O
2GR TR . FEMEROARIEZN T, — b AR
BEECHUBE AR LR 1 B S R T-1 2V B A T 13T 408K
BRI MEE 135 L8 A 7002 28 511155 ; Open X-
Embodiment' 2> N[ 422N 4 604N EH 5 | A
1 T 44855 £ 9158 ; RoboSet' 23! BridgeDatal 2423
DROID S I7E B e 447 i g T IR FIE G 5
PR SRR o BB ()1 2545 30 ) HL B AR A
FE B 4 b g e B S L BT 55 (L R T A 55 A A
o B BRI ME LIRS, 7 S R AT, M LA S 58
ZACE BB Z . FET05 H A B B /NI B # 2
BRI A 895 —i& 4% . Isaac'?” FISAPIEN®JF]
GPUINEE ) Phy s X FIOG 2R 38 5 B A A= 1 s B
IF ; Genesis' 2 WUl i o 8 S A BESR i 5 Sh AL B Ak
DT IFEE 2 oS 6 Ta o) A ol e Y 1 - = = Y
Bl B S A TR 2 5 — R A5 B sh LRI Ay
ZAGTIE R AR B, — RS TR A S TR I TR

BErboR T 55 RSB R AR, . BE T iR B AR
P07 BB SE LIBERO P IR oboCasal it T 224
B ST 55 5 H T 2 B BRI 2R BOEE -
FEIR TR BB/ MR 82 06 T80 P 28 RIS |
B G YR FEAR DX B L

Wit R E A B N B8 2B o A0 ) i R
ik % . RoboGen 215 | AJif 75 A4 7 EORCHE
UK ER , SCRE AT 55 28 5B 2 Jih ek B0 3 1Y A Bhk
Eureka 3 /%54 GPT-4!"" 53147884k ] | HI#RoboGen
PRTF T B R A I R R B i A e 2 i 15
WHRLE 5SRO 5 2 s, B AR L R
BT IR T 4155 4 i— b R — i e —
SRBALAL” B A P (A AR R H g 5 5 1S
Y RS, HAEn, #x i BRI SE R £ 3R
F B AU AL AL LA UEGE N IS, BT A e
FLP A S B CINBE8E R80) 5058 55 BERL AR B2 T 05
FURMT R S, J5 3 W BB S RS L
FERH G A B AT PLARRT 5
3.2 EHR/NmiEE
32,1 A Fsn3)ampial

H B R RO 51T 55 1 285 8 (0
O 1B T R A AMAIEFIAE) A AT T R PR
o SRR BRGE AT S5 o W, H SRR X 24K
D5 BTG BT 55 FF R AT 55 A AT 55 T
R, 0 2 LR s S Pt s O . S R SR
JE 2 2] 0RO RE T, A8 H S AR A e Y R R
Ui ) g A 1R | BT PN 4 AR TRD T 05 A B o T ) R
WS , PSR 7= A ) ok AR e B 7 I 2 B2 Ab . RT-



112 CE T S 2026 4F
F2 RERUEES/MRBIEEST L
Table 2 Comparison among Representative Datasets of Embodied Cerebellum
HiEE £ WEL/MHE WM poke E&AEE SRS WIS

BridgeData V2 2023 s RGB-D/ZMf 60 0963243885 izt HAREIMER/ WidowX 250HLMUE
1355 ARET

RoboCasa 2024 fFE  ZWMMARGBARE 120 mm5e2.5k+ FKEIHRE HARIES  MuloCo/robosuite

(FATRCE = P1(150+28)/1001155/ (R T/E 4 (RoboCasafij &)

KFI100KHE (A KEHFATES)
IRTE+H B

DROID 2024 Sz ZWMARGB-D  76kHLE/350/ N/ ZHMRAE H#RIEE  Franka Panda

+HES 56437 5/8641:55

Open-X Embdiment 2023—2024  #5% RGB-D/Z 2FP LG N/S27HRE SR R—  ARIET/ 21U SIS
160 266445 EWIESS HirE54%

RoboSet 2023 ML ZUMARGBARTS 297 50088 /128i68/ 8 )£4E45  {L55%iR  Franka-Emika/Robotiq
381155 EEE

Mobile-ALOHA ~ 2024—2025 i3 ZMARGBIRE #HASALOHA 825+  BI+XUEK  WARALS BIlKM+ALOHA
BalgdE, BE5Y% E ik
5055 NF7RIE

LIBERO 2023 fiH  RGBMREHET  1304MES, BMES LHF/MR AHAET  MuloCo/robosuite
5055 NZoRTE E (i (Franka Pandaf)j &)

JBf B4

12N AR e A L B o B AR | T ) L B U 55
RT-13% T Transformer > R4 A4t | B2 8 R BICHE Pl
AR ) AT s B I 2o B T RT- 1 TR iRy
I 2 A N TN 2, s 7 AL e B RE A 2 iz 4k
MRS . X0, RT-20°8 UM 36 38 5 B8 (Vision-
Language Model, VLM ){E Ry 3E 8 | I3 T H S a 50l
TR VNZRAOR | B ER VLM & (i EHE X5 5 A
PR E R Bl b . BB ST, Navid*7) |
UniNavid > 25555 R FHSH BISRHE SR Bl it 2 5
FRIE 53818 SCH 34 2 i Ae 5 LB T
XF N T S S VEEREAIL R A AR, 5 28 o 2]
Uit T

H By viig B v A5 AL L T 2B IBNE B B 3h
YRSk s B TS50 3, (H Pk 1 v AR e Jox
i UL BE DL S ik Y B B vt 3 s AR R I 207
Jy—J7 I, b B S R Re b T £ SN IR — 37 5 T
5 IS R KT E AT 55 1FE RS BB i B i A5
B B8 A I 5 X e | I 257 1k R At ) 3 3 in
JED el 5 5 T e 20 i 5 78 S UL FH AT A L S R BR A B
N iS5
322 AR EER

L B vy B v A A 90 AT 55 SR g R R
(14 [ Esf, AR 4 5 B T 3R A MR 2 5, SR IO B RN 43
SRR B B N R T A . 433 BB RN R A
S A BB AT 55 0k by v JE R0 (R B R i AL ) AR
JEHAT LB/ NI ) AN 2 UK, S5 IR Al ) P ] o

o LB R £ T AT 45 B A K B R 1 2
R, LB /NIRRT LB R AR R A H A R AR A
Fr R EI 535 sC B

LB KR Ry 2 2 4 v B 1 J2 RS 55 e E AR e
FE LS Y il S A A 2 A R | ) S
AERARANE A R AT 5518 A H AL o BRI
ALK, MWBARBLARTE , YT £ T = FT 597
fifp 5 MG S (1) AR YRR S, T T 55
AR TAE S A3 , ISayCan'®! LIMVNI i3k
FARIE 5 2 TS KOG 5 R 0 U A ) SR
FEAIZ AL (2) TR A BT S HERNE R, 456 S0 FiEl
QRS2 A Bl B L 3R ROV O A 2SR A,
PERIA"* 5 it U —HE P —A0 2 — AT B 2 A
o AFRIRS G I 454 VLEM 2 i A 1R (5 5 &
FULHE A B WL 28 TR A A), M A Rl A i R
RN B AT s 1 B A A P B SRR 5 (3) B2
PR M PR X, R e o R AR AT LB KNI 22
WGROOT N1 FIHelix ** 4 T M4 b — 18" W F
B LB U EE MRk e, Bk =253
A ELR A 2 SCAR R fifp5  F B ) A8 R
T SCARRE T (BAFAE Z A5 B TR A AT
FIANFE 7 3 BT | AT A R o (R 4 BRI 5 B2 X
S R ER AN R L, (A 2R LT e
P2, R T REZRG, 456 5L R BRI R
FeBs SAT S AR F & 5 1 4R T B R AL 14T 55
Prig ALl re



405 01

B A L HL B R A S B P ORI PR 113

BB /NGRS B T 1R 0 EL B A A g S A A
LR 5 3 505 2 AU IS E R PR AT PR 5 ER
BACH . FUE B /NI A A AR EL B 200 7 TR AT LA 3R
H£T Transformer' > (4R H FIEE T4 Bk 45T . St
T Transformerf) & 4L 2% (A ACT 1) i ] F [0 9 34
T, AL RE )5 BRI 5 A 200 H RS 1 ) 2% 48
T B Z Bk PHE R ) M 2 i s A A e T s M ez
T, T4 BB (1 B 42 M 2% (N Diffusion Policy 'l
RDT D) Vi 7 5 1 37 ORS00 1) 25 W R0 A7 Bl 21
T, I OB A e g 7341 4005 BB T BB LB i B B
BREVERE SR AZ PR T4 BB A A a6 AR S e A2, S 30
PR LG . B RN A TR i B B
ZINHRAE 40 i FH Transformer 42 (K 280 ) FH Bl
RUBESL OS50 ) LG, (7 T 2% 0 VLMK L
FSCARFR A HATRAESG , /NS EO Y B A g 1R Sk i
Tk X REABER] FHVLME K A A5 A 5 BRAfiE
71, WA 55 T B A B & 2 o A G RE T, K D
HATENVEDRSR . A FE AL B /N AR A 38 5L T 0 5
VLM TIN5, oz AL he T3 AR S ity , Joik
% 8 5 s BB T 55 S U R R AR B DA
Pedfe. It 7EOpenVLA VRIS h KR T X511
SBT3 PR T SBT3 PR B8 SR R B, LR A AR T:
55 WM R T0, X ZR 88 T AAINHRE Il 2537 5o iy ik
LA, R, BTG IR TR s UL Fn 2 B
/N R SR B R A R 3 A XA BT (R | 43 A
T 1) U 2404 AR HE PR RE ) (DA OCHK 18 shad ) 47 )5
WGk, 3R TH B B/ NI R 32 (e v fE . Pi0.51
TEYISREE rhm A K & 38 s B | Ok B8 A0 o0 2R g
77 ; Gemini-ER 23 TR g R 4R RO A S 4 L B
PR VLMERS  JEAE R 31T Gemini Robotics VLA
JE VIS5 FSDE3 I fff FTARSE AR T AR HL B TG 56 (R AT,
P Hh T2 R) O R A B4R T FH AL SE R i e e —
T RS SRR R, B R O =
S22 [R) A G 0 0 B R S BE  AS AR BE AT 55 1z 4k
A

g5 b BB RO A A B v B B R AL 4y )2
BB RN A 4% FEROR AR . Fr T R
it Z X AT S5 10 B U BRI 43 5 A1 55 F0A v 2 g
YIZRAZ PR T H B R LB AL AR, I M RE A =8 i il
GRJT AR B R B AR % i S ) DB 5 Je A DR ok 7
B ) PR SR EE RN F DAL 3 = 2R S
JEZBIE BRI A0 3 45 Oy T 348 1 B 3
— R DR T B B A IS0 5 T 1y 3E Ik
KfiE

33 BEilGE5EERE

BB I 257k B R SR B AL BN i £ | 1
J B OB O, e L R M A SRR ) AR
H AT 2] T Sy 2 > Pk e LB, S o
Iz ALRE IR A 22 B8 TT . SR JREIAAT Sl —
BB (1) BT Bt MR R B 2 5 543 e
Kb L RPN B, T3 T X e B 2 |15 0B 421
SR LB RS TR L B . RS e R AL S A
B2 ) B 3 WS RS A (N RE 0 (AL i i 1k g
I BRAZ R T G < B R i BRI LIz AL B
FEIR R S BIN g R, A — 2 = & R ook
IKeo (2) Ry T RN 8 A5 B A AR, e 3 142
TERLAN 2 ) 22 b A s e o0 se Bl B ko
5« AR [ S S8 AT 55, DA AR RS R B B )1 2k
Bl 5 B SRR A B BOE S IR EUE A g — A4
TSR KA B B AR IR, B A 1A 7 i
T R T T B R 2 R A BR SRR
R RARA A ], TRz AR T . (3) A G iik
CRIR USRS 2 e IS Sy BN =E N 4
WA A 0 SABE 5, i — 2P D X) & R 1
Ko WNHIL-SERLS 7 gl i gl 5] iAot 5 R 4%
B, TRV AR At ) Lo G 0R RS [ B IR R &
2] MR IEAR T X % SR B8 (19 75 5K & 5 MTRLPT-
VLAY UYL 5L R il i ey ) R I 2R g
ZAMEE IR T SRR ik, S BB TR
Sl A TP B IR AU “ R HlAT R,
M E Al [ IR R 2= IR L KRR 7,
FLE S AR5 > A PERE R AR -

it 5 LB R e 74 T ) 38 R, =i H
S VLARBA BARGE T 58K (B i T2 B R (3h 8l
BAACHEZ A R BOUHEEE BEARE | Joik i e 5L
P 2R o DA IR S AR AE 3R AR R A5 AR e A R 315
PR, WA HE RBOE i OpenVLA (7B) 01 F0
RDT-1B (1B) “** HEH M %(% 46 Hz, iiRT-2 (55B) 13
2 HAA3 Hzo W TS 5P SR i A se
H AR S5 (AP | R TG4 ) 5, FHAR A% 42 i 45
R ERRLTEE LML, X, Mt
Sy IR RFEAT AR S 2, A3 BT T A [ 2844 A i
BRI (Y L B ORI R 8 . Helix ** Ry g2y 2t
FNEAHERL RS W2 2 HiE SRR S5 P 4 J v 4 ol
3 ESTF  E A RS (AR R (80 MBI )—18 (7 B
ZHE ) R, o R R TR AR A 2200 Hz, PD-
VLAY BT [ [ 350 525 R AR T BB g ke
P SV E SRR A TR I R, JC TSI 24 T



114 o R

¥ B & 2026 4F

Y I U1 S50 S A PR SR AR, SR 2. SAHE R AR AR T
iM% T BSR4, DiffuserLite! ' fit FH MR 20 ) 18,
RSN JE R, AR A OUE |, A PR DiffusionE 4L e
SRR, AH LT AR K232 0 Y 355 1k Decision
Diffuser' ! 2 THSRATFR 12017 , P tfe S n 3k 3]

100 HzLX |,

4 FFHERES RKTTE

U L B R R AT N BF 5 B dE i g BRI A
YISO T I T 2 MR | R
ALk =75 T OGSk ERATY AR o8 A i e T Tz
A EL B B A S BT T I AT s )

A by il 249 5 B 4 B 1] B 5 B8 7 Y 1) SE Atk A
R, Aol SEL R SE A4S A A AR B S A B I | S
Z A | s 0T B 1 R O R T B A T R R
HAMF T HARTT IS LI T = RS (1) 45/ Bl ]
HEPL” (Real-to-Sim ) ikt EE = i 2RI BY W P2
PR o0 AT S AR LT B R L) (2) T AR,
PERY B IFAT oAb 2% > 45 Ty v S o v A8 ) 5 B R/ N ik
WO A PR, S R v R B R A 1203234
(3) e e LB I 527 (Sim-to-Real ) iF R MERR | 643 &
P4 HBE R e 74 L D TS R
e, A7 SR AL i AL B R AR P AR R L HE s L B R fig
B EHEH

GRS 54 | ZBESRG SE I 7 T E L
o 48 5 R R | 1t — 20 T 1) S T S S B L B AR AT
TGS Z ki . 532 BB KU/ 2844 S T i
EHRRRLI 5 R 18 sh BT B MRS, anfer 7E RAEHE TR
JE 1 [ g A S AP A R A s AR PR rh ik
FRAENE R — e SRR A (] R AT RS
T, I 7 B AR B2 D/3D SR B (R e RS X
3 G 2 ST AR R AR 0L seah 24
R FE = 30 ] G — M shE R BLE] , S8 AR 25
1E55 R Wz AL BE 1A PR, ME LS B8 e T M
)3 A AR A BR T o T ) 38 H B R BB A O R A A
TR R S AR 2R 7 AR phy LR 3 92 fl vk
FE—PNEHEM AR .

H 502 5185 1w, A W ORI A DAL
222 R ERINZREE, M5 A > IR A Y2
RS SR, AR Tz AL AR ) Z AN AR SR,
F U B KA 2 GBI A TR0 | IS
BT IR RE R, iR R DR AR PR E 1 5 i
D7 AR GEME o AEHEEy T, A IR WA X HE R
TPRCRPE N T 2Rt T ik, =T B AR () P o

JESREART 100 Hzo I TAEIRR T S50 BRIk
FTRIVLASZIT 2255168 (B ey ScBIAR I8 | oo m] 4
(18 BRI AL A 32— 25 O T L B AR AR 174 R
T J S AT B P PR T SR MROR R B O H AT
i)

AN, BUA H B R 25 5 0 0 B E AL i A
Bt BERURUE Ry ST AR R R 22 57, A5
RIVERE TCILAE R RTE I P L e . KB 4 BA AR
505 ik Z A8 W — I 2 5 EAT 55 4 | IR — B 1 5 5
B TR — 8065 B T bR Al L AR R G e
AT LRSS ME AT S . PRI T — S 1 ) 45 25 HL B A
AU GE— PP B CRNAT: 55 B, X (2 ik 2L S AU 1 R AN
b eSS TR B,

5 :%xgﬁ

ARG, RG24 T Hdi—
BRIt A =5 T (4 S B PR, O RS Bl 5 7 |
HER/NGRR  H B I G55 4 B = A J7 Wi TR0
PR G R R G L E 58 G B 5 I g s
JE T IRBIRTE F AR | SRR, (R b AR
H e BB REIT I P RS B SR e S A AT s B
Y RE 3 75 1h0 L B e P oo ) e P s ) BOIR
HL R AT AL TR I A R R B Be . T 1) 38 1 ATz
R B FREIX— HAR, A SCARE A AU B R
A H B LG AR AR PR 5 SN PR
T 16 5L B AR B Ao AT 25 A B ST T T R AR
JRELT AT o IXLET7 [ Y HAR S miofs #fE sh B B
RER 2 LT, Bl 7 B TR RR i k™ 9 A fEL

& £ X

(1] Brfedt. HLEEREIFTE mRHK? (2025-03-06)/[2025-07-30].
https . //www.gov.cn/zhengce/202503/content_7010979.html.

[2] Guo DY,Yang DJ,Zhang HW,et al. DeepSeek-R1 incentivizes
reasoning in LLMs through reinforcement learning. Nature,2025,
645:633—638.

[3] Qwen. ZEMMFR : Qwen3-Max-Thinking (g JIERIT. (2026-01-26)/
[2026-01-26]. https://qwen.ai/blog?id=qwen3-max-thinking.

[4] OpenAlL Introducing OpenAl 03 and o4-mini. (2025-04-16)/[2025-
07-30]. https ://openai.com/index/introducing-03-and-o4-mini/.

[5] Google DeepMind. Gemini 2.5:Updates to our family of thinking
models. (2025-06-17)/[2025-06-17]. https://developers.googleblog.
com/gemini-2-5-thinking-model-updates/.

[6] Hoffmann J,Borgeaud S,Mensch A, et al. Training compute-optimal
large language models// Proceedings of the 36th International
Conference on Neural Information Processing Systems (NeurIPS).
NY,USA :OpenReview.net,2022:30016—30030.

[7] Chang A,Dai A,Funkhouser T,et al. Matterport3D;Learning from



405 01

B A L HL B R A S B P ORI PR

115

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

RGB-D data in indoor environments// Proceedings of the 5th
International Conference on 3D Vision (3DV). Qingdao,China;
IEEE,2018:667—676.

Sermanet P,Ding TL,Zhao J,et al. RoboVQA :Multimodal long-
horizon reasoning for robotics/ Proceedings of the 2024 IEEE
International Conference on Robotics and Automation (ICRA).
Yokohama, Japan;IEEE,2024 ; 645—652.

Ma X,Yong S,Zheng Z,et al. SQA3D:; Situated question answering in
3D scenes// Proceedings of the 11th International Conference on
Learning Representations (ICLR). Kigali,Rwanda:OpenReview.net,
2023.

Santhosh R,Aaron G,Erik W,et al. Habitat-Matterport 3D Dataset
(HM3D) ;1000 Large-scale 3D environments for embodied Al/
Proceedings of the 35th International Conference on Neural Informa-
tion Processing Systems (NeurIPS). Virtual ; Curran Associates,2021.
Shridhar M, Thomason J,Gordon D, et al. ALFRED ;A benchmark for
interpreting grounded instructions for everyday tasks// Proceedings of
the 2020 IEEE/CVF Conference on Computer Vision and Pattern
Recognition (CVPR). Seattle, WA ,USA:IEEE,2020.10737—10746.
Zhang LF,Wang YN,Gu HJ,et al. ET-plan-bench:Embodied task-
level planning benchmark towards spatial-temporal cognition with
foundation models// Proceedings of the 2025 IEEE/RSJ International
Conference on Intelligent Robots and Systems (IROS). Hangzhou,
China:IEEE,2025:21566—21573.

Savva M,Kadian A,Maksymets O,et al. Habitat:A platform for
embodied Al research// Proceedings of the 2019 IEEE/CVF Interna-
tional Conference on Computer Vision (ICCV). Seoul,Korea:IEEE,
2019:9338—9346.

The Allen Institute for AI. Speed up your embodied Al training with
AI2-THOR 2.7.0. (2021-02-10)/[2021-02-10]. https://medium.com/
ai2-blog/speed-up-your-training-with-ai2-thor-2-7-0-12a650b6ab5e.
Puig X,Ra K,Boben M,et al. VirtualHome:Simulating household
activities via programs// Proceedings of the 2018 IEEE/CVF Con-
ference on Computer Vision and Pattern Recognition (CVPR). Salt
Lake City, UT,USA:IEEE,2018:8494—8502.

Majumdar A, Ajay A,Zhang XH,et al. OpenEQA : Embodied question
answering in the era of foundation models// Proceedings of the 2024
IEEE/CVF Conference on Computer Vision and Pattern Recognition
(CVPR). Seattle, WA, USA:IEEE,2024 . 16488—16498.

OpenAl. GPT-4. (2023-03-14)/[2023-03-14]. https://openai.com/in-
dex/gpt-4-research/.

Zhang M,Fu X,Hao J,et al. UniEQA & UniEval;A Unified Bench-
mark and Evaluation Platform for Multimodal Foundation Models in
Embodied Question Answering. (2025-05-16)/[2025-07-30]. https://
github.com/TJURL-Lab/UniEQA.

Fu ZP,Zhao TZ,Finn C. Mobile ALOHA ;Learning bimanual mobile
manipulation with low-cost whole-body teleoperation// Proceedings of
the 9th Annual Conference on Robot Learning (CoRL). Seoul,
Republic of Korea: PMLR,2025:4066—4083.
AgiBot-World-Contributors,Bu QW ,Cai JS,et al. AgiBot world
colosseo: A large-scale manipulation platform for scalable and
intelligent embodied systems// Proceedings of the 2025 IEEE/RSJ
International Conference on Intelligent Robots and Systems (IROS).

IEEE,2025:3549—3556.

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

Brohan A,Brown N, Carbajal J,et al. RT-1:Robotics Transformer for
Real-World Control at Scale// Proceedings of the 19th Robotics:
Science and Systems (RSS). Daegu,Republic of Korea:Robotics
Proceedings,2023.

O’Neill A,Rehman A,Maddukuri A,et al. Open X-embodiment:
Robotic learning datasets and RT-X models// Proceedings of the 41st
IEEE International Conference on Robotics and Automation (ICRA).
Yokohama, Japan:IEEE Computer Society,2024:6892—6903.
Oliveira LBR,Amaral FA 6 Martins DB,et al. RoboSeT;A tool to
support cataloging and discovery of services for service-oriented
robotic systems. Robotics. Berlin,Heidelberg: Springer,2015.114—
132.

Ebert F,Yang YL,Schmeckpeper K,et al. Bridge data:Boosting
generalization of robotic skills with cross-domain datasets// Proceed-
ings of the 18th Robotics:Science and Systems (RSS). New York
City,NY,USA :Robotics Proceedings,2022.

Homer W,Kevin B, Abraham L, et al. Bridge data V2:A dataset for
robot learning at scale// Proceedings of the 7th Annual Conference on
Robot Learning (CoRL). Atlanta, GA,USA:PMLR,2023;Robotics
Proceedings, 1723—1736.

Khazatsky A,Pertsch K,Nair S,et al. DROID:A large-scale in-the-
wild robot manipulation dataset// Proceedings of the 20th Robotics:
Science and Systems (RSS),Delft, The Netherlands:2024.

Mittal M,Guo K,State G,et al. Isaac lab:A GPU-accelerated
simulation framework for multi-modal robot learning. (2025-09)/
[2025-10-31]. https://research.nvidia.com/publication/2025-09 isaac-
lab-gpu-accelerated-simulation-framework-multi-modal-robot-learn-
ing.

Xiang FB,Qin YZ,Mo KC,et al. SAPIEN:A SimulAted part-based
interactive Environment// Proceedings of the 2020 IEEE/CVF Con-
ference on Computer Vision and Pattern Recognition (CVPR). Seattle,
WA ,USA:IEEE,2020:11094—11104.

Genesis Authors. Genesis: A generative and universal physics engine
for robotics and beyond. (2024-12)/[2025-07-30]. https ://github.com/
Genesis-Embodied-Al/Genesis.

Soroush N, Abhiram M, Lance Z, et al. RoboCasa; Large-scale simula-
tion of everyday tasks for generalist robots// Proceedings of the 20th
Robotics: Science and Systems (RSS). Delft, Netherlands:RSS Foun-
dation,2024.

Alexander K,Karl P,Suraj N, et al. DROID: A large-scale in-the-wild
robot manipulation dataset// Proceedings of the 20th Robotics; Science
and Systems (RSS). Delft, Netherlands:RSS Foundation,2024.

Wang YF, Xian Z,Chen F, et al. RoboGen ; Towards unleashing infinite
data for automated robot learning via generative simulation. Proceed-
ings of the 41st International Conference on Machine Learning
(ICML). Vienna, Austria: PMLR ,2024:51936—51983.

Ma YJ,Liang W,Wang G,et al. Eureka:Human-level reward design
via coding large language models// Proceedings of the 12th Interna-
tional Conference on Learning Representations (ICLR). Vienna,
Austria; Open Review.net,2024.

Li P,Hao J,Tang H,et al. R*.Efficient reward design via reward
structure evolution and parameter alignment optimization with large
language models// Proceedings of the 42nd International Conference on

Machine Learning (ICML). Vancouver,Canada:PMLR,2025:34509



116 hoE R ¢ R & 2026 4
—34527. bimanual manipulation// Proceedings of the 13th International Con-

[35] Vaswani A,Shazeer N,Parmar N, et al. Attention is all you need// ference on Learning Representations (ICLR). Singapore ; OpenReview.
Proceedings of the 3 1st International Conference on Neural Information net,2025.

Processing Systems (NeurIPS). Long Beach,California, USA:ACM, [49] Physical Intelligence. n0;Our First Generalist Policy. (2024-10-31)/
2017:6000—6010. [2024-10-31]. https.//www.pi.website/blog/pi0.

[36] Zitkovich B,Yu T,Xu S,et al. Rt-2.Vision-language-action models [50] Kim MJ,Pertsch K,Karamcheti S,et al. OpenVLA :An open-source
transfer web knowledge to robotic control/ Proceedings of the 7th vision-language-action model// Proceedings of the 9th Annual Con-
Annual Conference on Robot Learning (CoRL). Atlanta, GA,USA ference on Robot Learning (CoRL). PMLR,2025.:2679-2713.
PMLR,2023:2165—2183. [51] Intelligence P,Black K,Brown N,et al. =_{0.5}:A vision-language-

[37] ZhangJ,Wang K,Xu R, et al. NaVid:; Video-based VLM plans the next action model with open-world generalization// Proceedings of the 9th
step for vision-and-language navigation// Proceedings of the 20th Annual Conference on Robot Learning (CoRL). Seoul,Republic of
Robotics:Science and Systems (RSS). Delft, Netherlands: Robotics Korea;PMLR,2025 . 17—40.

Proceedings,2024. [52] Google. Gemini Robotics brings Al into the physical world. (2025-03-

[38] Zhang JZ,Wang KY,Wang SA,et al. Uni-NaVid:A video-based 12)/[2025-03-12]. https;//deepmind.google/blog/gemini-robotics-
vision-language-action model for unifying embodied navigation tasks// brings-ai-into-the-physical-world/.

Proceedings of the 21st Robotics:Science and Systems (RSS). Los [53] Yuan Y,Cui H,Chen Y,et al. From seeing to doing:Bridging
Angeles, California, USA : Robotics Proceedings,2025. reasoning and decision for robotic manipulation// Proceedings of the

[39] Ichter B,Brohan A,Chebotar Y,et al. Do as I can,not as I say: 14th International Conference on Learning Representations (ICLR).
Grounding language in robotic affordances// Proceedings of the 6th Rio de Janeiro, Brazil ; OpenReview.net,2026.

Annual Conference on Robot Learning (CoRL). Auckland,New [54] Zhao T,Kumar V,Levine S,et al. Learning fine-grained bimanual
Zealand:PMLR ,2022.287—318. manipulation with low-cost hardware// Proceedings of the 19th

[40] Yu B,Kasaei H,Cao M. L3MVN;: Leveraging large language models Robotics: Science and Systems (RSS). Daegu,Republic of Korea:
for visual trget navigation// Proceedings of the 36th IEEE/RSJ Robotics Proceedings,2023.

International Conference on Intelligent Robots and Systems. Detroit, [55] Jang E,Irpan A,Khansari M, et al. BC-Z ; Zero-shot task generalization
MI, USAIEEE Computer Society,2023:3554—3560. with robotic imitation learning// Proceedings of the 6th Conference on

[41] Ni F,Hao JY,Wu SG,et al. PERIA ;perceive,reason,imagine ,act via Robot Learning (CoRL). Auckland,New Zealand;PMLR,2022:991
holistic language and vision planning for manipulation// Proceedings of —1002.
the 31st International Conference on Neural Information Processing [56] Bousmalis K,Vezzani G,Rao D,et al. RoboCat:A self-improving
Systems (NeurIPS). Vancouver,Canada;OpenReview.net,2024 . generalist agent for robotic manipulation. Transactions on Machine
17541—17571. Learning Research. 2024.

[42] Yokoyama N,Ha S,Batra D,et al. VLFM; Vision-language frontier [57] Ball PJ,Smith L,Kostrikov I,et al. Efficient online reinforcement
maps for zero-shot semantic navigation// Proceedings of the 2024 IEEE learning with offline data// Proceedings of the 40th International
International Conference on Robotics and Automation (ICRA). Conference on Machine Learning (ICML). Honolulu,Hawaii, USA .
Yokohama, Japan. IEEE,2024 .42—48. ACM,2023.1577—1594.

[43] Nvidia. NVIDIA Isaac GROOT N1:An Open Foundation Model for [58] Luo JL,Xu C,Wu J,et al. Precise and dexterous robotic manipulation
Humanoid Robots. (2025-03-17)/[2025-03-17]. https://research.nvi- via human-in-the-loop reinforcement learning. Science Robotics,2025,
dia.com/publication/2025-03_nvidia-isaac-gr00t-n1-open-foundation- 10(105).
model-humanoid-robots. [59] Tan SH,Dou KR,Zhao Y ,et al. Interactive post-training for vision-

[44] Figure Al Helix:A vision-language-action model for generalist language-action models// Workshop on Foundation Models Meet
humanoid control. (2025-02-20)/[2025-07-30]. https://www.figure. Embodied Agents at the 2020 IEEE/CVF Conference on Computer
ai/news/helix. Vision and Pattern Recognition (CVPR). 2025.

[45] Ho J,Jain A,Abbeel P. Denoising diffusion probabilistic models// [60] Song WX,Chen JY,Ding PX,et al. Accelerating vision-language-
Proceedings of the 34th International Conference on Neural Informa- action model integrated with action chunking via parallel decoding//
tion Processing Systems (NeurIPS). Vancouver,BC,Canada. ACM, Proceedings of the 2025 IEEE/RSJ International Conference on
2020;6840—6851. Intelligent Robots and Systems (IROS). Hangzhou,China.IEEE,

[46] Gao CX,Wu CY,Cao MJ,et al. ACT ; Empowering decision transfor- 2025.13162—13169.
mer with dynamic programming via advantage conditioning// Proceed- [61] Dong ZB,Hao JY,Li PY,et al. DiffuserLite;Towards real-time
ings of the AAAI Conference on Artificial Intelligence (AAAI). diffusion planning// Proceedings of the 37th International Conference
Vancouver,Canada,2024,38(11):12127—12135. on Neural Information Processing Systems (NeurIPS). Vancouver,

[47] Chi C,Feng S,Du Y,et al. Diffusion policy:Visuomotor policy BC, Canada: OpenReview.net,2025:122556—122583.
learning via action diffusion// Proceedings of the 19th Robotics: [62] Ajay A,Du Y,Gupta A,et al. Is conditional generative modeling all
Science and Systems (RSS). Daegu,Republic of Korea:Robotics you need for decision-making// Proceedings of the 11th International
Proceedings,2023. Conference on Learning Representations (ICLR). Kigali,Rwanda.

[48] Liu S,Wu L,Li B,et al. RDT-1B: A diffusion foundation model for OpenReview.net,2023.



HA0E H1M B A L HL B R A S B P ORI PR 117

[63] Pfaff N,Fu E,Binagia J,et al. Scalable Real2Sim ; Physics-aware asset vision foundation models for robot learning// Proceedings of the 8th
generation via robotic pick-and-place setups// Proceedings of the 2025 Conference on Robot Learning (CoRL). Munich,Germany:PMLR,
IEEE/RS]J International Conference on Intelligent Robots and Systems 2025:724—748.

(IROS). Hangzhou, China:IEEE,2025.6296—6303. [67] Yuan YF,Cui HQ,Huang YT,et al. Embodied-R1;Reinforced embo-

[64] Hofer S,Bekris K,Handa A,et al. Sim2Real in robotics and died reasoning for general robotic manipulation// Proceedings of the
automation ; Applications and challenges. IEEE Transactions on Auto- 14th International Conference on Learning Representations (ICLR).
mation Science and Engineering,2021,18(2) :398—400. Rio de Janeiro,Brazil ; OpenReview.net, 2026.

[65] The Allen Institute for Artificial Intelligence. MolmoAct: An Action [68] Black K,Galliker MY,Levine S. Real-time execution of action
Reasoning Model that reasons in 3D space. (2025-08-12)/[2025-08- chunking flow policies// Proceedings of the 39th Annual Conference
12]. https.//allenai.org/blog/molmoact. on Neural Information Processing Systems (NeurIPS). San Diego,

[66] Shang JH,Schmeckpeper K,May BB,et al. Theia:Distilling diverse CA ;. OpenReview.net,2025.

Key Challenges and Technologies of Embodied Intelligence

Jianye Hao” Hongyao Tang  Yan Zheng

College of Intelligence and Computing, Tianjin University, Tianjin 300350, China

Abstract In recent years,embodied intelligence has emerged as a critical interdisciplinary domain integrating multimodal
perception,large model reasoning,and intelligent decision-making,demonstrating tremendous potential to expand the
boundaries of intelligence and empower problem-solving in the real world. However,due to the complexity of embodied
manipulations and the diversity of task scenarios,embodied intelligence research faces severe challenges,including
difficulties in high-quality data collection,large embodied model construction,and training and inference optimization.
These challenges hinder the development of embodied intelligence toward larger scales,stronger generality,and broader
applications. This paper first introduces the relationship between general large models and large embodied models,and
discusses the key challenges of embodied intelligence in three aspects:“data-model-optimization”. Then,this paper
systematically reviews the core technologies of embodied intelligence,covering three main threads—embodied data and
simulation,embodied “cerebellum-cerebrum” models,and embodied training and inference—with a focus on analyzing the
trends in technological development. Finally,the paper discusses open challenges and future directions,including scalable
data collection via integrated virtual-real collection, general embodied reasoning and manipulation , few-shot adaptation and
real-time decision-making,aiming to promote technological breakthroughs and real-world applications of embodied

intelligence.
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Rl RERFHEREWTALAFRHIZ, 2R FTwABRNLET LFH4k, ENature Communications s HF),
International Conference on Machine Learning(ICML) ,Annual Conference on Neural Information Processing Systems
(NeurIPS) . International Conference on Learning Representations(ICLR )& £ & £56 X 1004 % . FHBE R A RA5 4
SFFMHFELMA (BER)FI0ATAMMA . AXRRAEEF T LKA A 8355k SGM 4R Tkt
FAREF AR 2B

(FriEshit Tk % 3%)

* Corresponding Author, Email ; jianye.hao@tju.edu.cn



