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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 £ WFHE TS poked E&5ERE FHEHRK WH/TEE
Matterport 3D 2017 H{5L RGB-D/EBS+HET  10.8k=E Nz BT F T AR MVCRES TR
3D R A
HM3D 2020 fE RGB-D/E=E+HET  7.5kI42ki BB HRTM A#R1EF Habitat
bR AT S
ALFRED 2020 ffiE RGB+ETS 21k ZR/1.6kIRAIE/  MAEIE = ST HHRiES  AI2-THOR
KR FHUAREE  RIENLAA
T 55 R Bd 145 B0 45
RoboVQA 2023 PASE AT+ 798k I L5/ 18k I L H B HEFLAE S DA AT B
[} s it
SQA3D 2023 C 3DHE/ S EIBEVEE 26kl Zk/3kURTF/3k BB 17 5 R HARIET  ScanNet
HEE WU I 24
OpenEQA 2023 HHGFE RGBASAHES 1 636HA B %t HLEB R SRS [14KkiE7  Habitat/ScanNet
LU PRSI

ET-Plan-Bench 2025 {ji& ZMMRGB+ 15

10K+ FATAAEAE S ZBEHLAS ARSI
MK EHE

H4R1ES  VirtualHome/Habitat

A7 T R
3.1.2 A EHAE

LBy /N AT DA TR 3 A A S P R
R ) B 25 B ) B 5 2560 % Sh A (RS A A 18 4 T
71N AL AR S . T N TR
HHLE B B A iR R s I i B A iU As 1
TE o PR ELO LA I FP 7 S8 B AR 2R [m] S 4 H B/
AR ) Y 3

X T EALEY B S/ A, B B
AR R B . Mobile ALOHAL5f 1 72 4
e 5 i N S B3 e o e AROHE WO BE  AgiBot
World"2* WIS 1 4= B 3l 5 7 fih [F) 4 R 4 16 B O i
LTI . TEMEHORMES T, — A TF R
BEECHUBCE AR LR B S SR T-1 2V A T 13T 408K
BREE , B 135 LA A 70022 E I {55 ; Open X-
Embodiment' [ S22 MEE & 605 , # 24
1 T 4855 £ 9158 ; RoboSet' 23! BridgeDatal 2423
DROID S 7E Bt e 447 i g T IR FIRE G 5
BRI SE RO . BB I 2545 3] 1Y H B A A
AT 4 A DS AR 55 B T A 54 AR
o B AR MELAUASEAL B i R FEAIC X DA S 4% 3
CACE GBI FET 07 B0 2 S/ Mg e it
AR AR 1 55— 4% . Tsaac 27 FMISAPIEN 7]
GPUMNE (1 Phys X FIDG LB B H AR A B e P HARAE B
IF ; Genesis' 2 WU i o 8 e S A BESR 5 Sh AL B Ak
k-3 BV 2 oS A ) A Sl e Y 5 - A= = N 1
Bl A S A A R TR R BB s R
AR A BT, IR IR R A S AT IR

TR
KICERRH

BRI S5 AR R RN . ST R AR
PERY 17 B R SELIBERO Y FliRoboCasa > 4 it T 4%
1y B B #R45AT 55 5 T 2 S AN 25 0 s 208U -
2R T AN B/ NI BRSO TR N A RS
TG YR FEAR DX Bl

Bl T BRI B A O A 1] A AR E
LK . RoboGen 32 5 A I 5 1 b 7 204 Hs
WK ER, SCRF AT 55 Az i 3 5 il oR B0 i 9 H 3l Ak
Eureka > 25 & GPT-4 " 53147504k > , AH#RoboGen
PRI T RO R I R R* B s PR R N
R 5SRO0 55— s, Bk L iR
BRI T AT 55 A —E i R — il it —
SRS PLAL” 1 A IR (B R H g 57 5 B
s BEX . BHET, S BB SE R R 0 S
F B U REAIL AL DA e S 1 RS, T A o A
FLPIA S (AN EE 18 22 850 5 0 0e 55 BEA LA R 42 05
FLRBTE RS B, 5 3 Ay 2R i S i U
JEXH 5 H B A TR 5
3.2 BSXR/NmEE
321 A GanE|amat

H R RERAR IR BT 51155 1 2885 B (il
SOV T R A AR AE ) B AT TR R | R
i S AC R SE MU 55 . EWHE , B BRI X 22
DG BTG FRARAT 55 TR R 0T 55 2B WU 55 400 T
F], HE TR0 D SE R TR . AR 5K
JE5 ) SRR RE Ty, Mt 2 BRI 5 4 1 7 U R
v B AR AR | BRIV DO £ AT I A0L 5 i A TS [ ) R
WIS, PR3 7 A ) e PR B 5 7 ) 4% B 2 b Bl . RT-



888

112 CE T S 2026 4F
F2 RERMEES/MRBEETLL
Table 2 Comparison among Representative Datasets of Embodied Cerebellum
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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.

Keywords artificial intelligence ;intelligent decision-making technologies;embodied intelligence ;large models ;robotics
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