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Abstract: Embodied intelligence refers to agents that sense, reason, act, and learn through a tight “body-environment-
task” feedback loop. It is widely regarded as the most promising route to general-purpose artificial intelligence (AI). Para-
doxically, although model parameters, training data, and compute budgets have grown by four orders of magnitude in only
five years, the evaluation ecosystem remains fragmented and largely irreproducible. The same functional capability (e. g. ,
“pick-and-place”) is formalized as object-detection mean average precision in one paper, as 3D intersection over union in
a second, as task success rate in a third, and as human preference score in a fourth, with absolute gaps that exceed 10%—
15% among “state-of-the-art” results. Environments, random seeds, physics parameters, sensor noise models, and suc-
cess criteria are rarely open-sourced, and thus, the community cannot tell whether an apparent improvement originates
from algorithmic innovation, data scale, evaluation cherry picking, or simple benchmark over-fitting. This uncertainty has
become a critical bottleneck for scientific progress and industrial adoption. To address the gap, we conduct a systematic
survey of 100+ papers published in IEEE/CVF Conference on Computer Vision and Pattern Recognition, IEEE Interna-
tional Conference on Robotics and Automation, Conference on Neural Information Processing Systems, Robotics: Science
and Systems, International Conference on Learning Representations, International Journal of Robotic Research, and Jour-
nal of Machine Learning Research between 2020 and 2025. Then, we present the first holistic analysis of embodied Al
evaluation. We organize the landscape into a three-tier pyramid: static datasets, simulation benchmarks, and real-robot tri-
als. Each tier trades off cost, controllability, and ecological validity. Across all tiers, we decompose evaluation space into
four tightly coupled stages: perception, cognition, decision, and execution. Then, we identify fine-grained capability
dimensions along with 20+ quantitative metrics. For every dimension, we analyze the following: 1) the underlying method-
ological assumptions, 2) the boundary conditions under which the metric is valid, 3) the intrinsic limitations (e. g. , sim-
to-real physics mismatch, dataset bias, human-label variance) , and 4) the cost-credibility curve that determines when a
researcher should ascend from static to simulation, and finally to the real world. All evaluations in this study are based on a
theoretical “perception-cognition-decision-execution loop” framework. In embodied Al, perception is the process by which
an agent converts raw, asynchronous, and often noisy signals from heterogeneous physical sensors, such as RGB-D cam-
eras, LIDAR, tactile skins, joint encoders, force/torque, and inertial measurement unit units, into a registered, time-
aligned digital twin that supplies metric 3D geometry and semantic labels. Cognition is then built on this torrent to distill
structured, memory-enabled, and generalizable world models that encode object affordances, physical common sense, and
relational and causal links, grounding free-form human language into the resulting latent space. Decision-making combines
these world models with an explicit task goal and searches across symbolic, kinematic, and dynamic levels to output a
coherent, risk-aware, and resource-efficient plan that is expressed as a hierarchy of subgoals, trajectories, and low-level
set points. Finally, execution transforms this plan into real-world mechanical energy through high-rate feedback controllers
that track desired motions or forces while compensating for actuator nonlinearities, shock, thermal limits, and human
safety constraints, closing the perception-cognition-decision-execution loop that defines embodied Al. In contrast with
humans, whose perception-cognition-decision-execution loop is seamlessly integrated, currently available embodied agents
suffer structural flaws in every stage. Consequently, evaluation must decouple the four blocks and score accuracy, error,
and latency separately to pinpoint bottlenecks. Static tests, i. e. , “written exams”, run on a GPU with a few megabytes of
images or point clouds in minutes, but erase dynamics and physics. Simulation, i. e. , the “job interview”, adds interac-
tive physics in tens of seconds but still drifts away from reality. Real robot trials, i. e. , “practical tests”, cost thousands,
take days to deploy and minutes per run, but expose every sensing drift, prediction error, or control delay, offering the ulti-
mate ground truth before field deployment. Therefore, by integrating the three-tier pyramid of static test-simulation-real
robot evaluation into the closed perception-cognition-decision-execution loop, this work delivers the first systematic quanti-
fication of coverage, cost, and accuracy trade-offs across more than 100 embodied Al benchmarks, establishing a reproduc-

ible, traceable, and extensible evaluation baseline that not only exposes the exact stage at which state-of-the-art systems
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fail, but also provides a principled road map for allocating research budgets, standardizing protocols, and certifying safety

before real-world deployment, marking a pivotal transition from empirical competition to scientific measurement, and accelerat-

ing the field” s development toward trustworthy, deployable, and general-purpose embodied intelligence. The detailed static-

dynamic-real embodied intelligence evaluation can be accessed at https://opencompass.org.cn/embodied-intelligence.

Key words: embodied intelligence; benchmark evaluation; perception-cognition-decision-execution; simulation; real-

world validation; sim2real consistency
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Fig. 1 Perception-cognition-decision-execution loop for

intelligence systems
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Table 3 Static evaluation for embodied intelligence in the perception-cognition-decision-execution loop
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Table 4 Simulation evaluation for embodied intelligence in the perception-cognition-decision-execution loop
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Continued Table 4 Simulation evaluation for embodied intelligence in the perception-cognition-decision-execution loop
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2025) 72 B X ARG SE B L £ A 1R 2R v
MR A5 — RIVBHURREL , i A n] 7 3 e
Yok B A UK s /K U B AR A T
VAL PAURBCR 5 2 555 ), Hok B AT 55 AR A2
ORI A% R

Xt T HEAVEAE 45, RLBench (James 25, 2020) 2 17
AL N HRAE 27 2] B RSB a5 2 > A 5T
5 10058 2y T TR AR 55, MERE D] 2R
1 B AR IR 5 2 1) Z B B A 55, JF nl il i iz s ML
Kl 85 A i T PR Y s 0, DU 55 O 345
RO HE bR

Meta-World (Yu % ,2019) /& Fl T Z AT 45 Rl 5
A2 2 I TF IR AL RE T , 241k 50 FhoAS [R] A ML a A £
VEAE S5, B AR IPAN SR A 7 > Az AL B 2 AT
% L BURE T, BEARVEAL LT 55 U2 % i 48 15 o
Isaac Gym (Makoviychuk 4§ ,2021) /& % F GPU (1) /5
PEREW BB |, & Ll ds N2 T 150t Se 3
Ui GPU VI R i , REAS £ 5.1 GPU L Jf T8

FIBOT A IREE S, T R I BS54 AT 55 1Y
YIRS VPAN  ZEBRAEAT 55 vl o LA 5l A Bl 32 4
A% VEAL F8 #5 o LIBERO (lifelong learning bench-
mark for robot manipulation) (Liu 4§ ,2023) 2 sh #ll
i NERAEAT 55 P 4 B T SR 2 ) W50 1 ke, 42 fit
AR BN (FE 130 ME 55 ) , SR IAFE DR S A2 st
AR MR COIAR RS FAR P PR AR (B AR &
A% LML S5 B R A g R PG FE AR . ManiSkill3
(Tao 45, 2024) 2 T ] 38 JH AL &% A £ 4F (0 = 1 fe
GPU I AT A HL A A7 B 5 T8 Y B e, S 1L w2 7% 5
B e B LS AN R IR ESE 12 DA W]
U 42 AT 55 BB, PEAG T KR AT 55 i R
MMRV K # ¢ 14 48 #% . RoboCasa (Nasiriany % ,
2024) 52 DL H G BEFREE (R I B ) o i i R
WURLAIL g A 27t > R R4 120 S RS2 iy o o 5
100 > ZHEAAT 55 (AL 55 A G415 ) , T
SR APEAL T8 B L g B BB, LT 55 LAl
R FEIEALHE PR . RoboView-Bias (Liu % ,2025a)
REANETTHT RGAC AL N3R5 I I
A HEE , 8 AETUBUE 55 R g LA AL A AR
JE AL S 2R, DAL B B B BEAATE A [R] L 58 %
PET AR RE IR 22 , FEEIPAG R PR A BTN 3 I
W R B A H AW 280, RoboTwin 2. 0(Chen %45,
2025b) & FH T WP AL e N ERAE 007 EAESE Ad 2k
AR AL HEN P 5, B ARl g 458 SRS RIS
RS ELPA PR S A5t L A S Az R A | 244k HLaE
L L 8, N R DUAT 55 i) Rk
FENARE . RoboVerse(Geng 45,2025 ) JE 4t — AL
a5 ) SR CAE AL, A 35 B 2 ) A Ak 2y >
PIRIEE , IR B 1 2 2 iz Ak fe 1 PEAh
BT 55 R SR IRARAE  HAR 727 ) S LU 55
B3R AL AR bR

X F LKA 45, GRUtopia(Wang %5, 2024a ) £, &
2 A R B #RAEAE 55 “Loco-Manipulation” , 2K 3 fig
RG-SR s SR, e IR IR — & T 55, 2
SHRAERE T LR R B ; HRS S AR AT 55 R D
B AR A A R P A8 B R AT AL . ET-Plan-
Bench(Zhang 5 ,2025a) f& % [ 1 &1 X i R 5 AR 7
HEAT HL B AT 55 IR 0 i, BT — AT 45 HL 2 ML
R BT 55, HOMERE A AR 25 AN AR ) (fE 55 B T
BB A B AE A A B AF AL AR ) o Cosmos-
Reason1 (Azzolini 5, 2025) gt T — B L35 PEREE
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5 7E VP AR A 7 A $HLH THUR L B 4 B0 5 T Y R
13 HOH B e PRAL v AR AT 55 58 URnIE A7 3l vl 47
PEVPAL AT — G BRAT S T = IO R s ok, B o
Z TR R A, 3 A0 M B R AE D IE Al 48 AR
Gemini-ERQA ( Abeyruwan & 2025) % Gemini [ 245
SHERIRE ¥ e 2 Wy LA I L B B 4 3 5 7]
BREST, T T PGS B Ay B A SR o B I 23 PR
PR B, SR HTHE AR AP AL LRI PERE o PIO (Xue 55,
2025 ) J2 38 10K B A0 FE Al R G PR VM H B 4R
AE 7 B R, W 55 3 A B (S BRI E 7 AT 55 3K
B4R ) AP ), 9 K w N e B BEATHL
i NEREE 5 2 5, 1 P ERR R0 383F LU AR BT
485, ViC-Bench(Wu4§,2025) L TH TIFAh £
BRI 5 RN e S Fl FR YR BE ) i3RI,
5 AMCRIEAL 55k S DR R B KA
RIFN I 2 A8, SR AR I T 3225 1 vh (R A o IR 25
FREE TR PR 5 DL, PEALFE b AL A5 HERR 5 A ]
M. EXPRESS-Bench (Jiang %5, 2025) 241 %t
PRE AN L B [0) AT 55 (0 OB B e, 5 i3 3 e
PR AE BE T 33 PR IR R LR R IF 5 AR
R—E R BRI bR, S5 VAL R b A 15 i 2 %
FERCR DN b i PR R — B — M. Agent-
RewardBench(Men 55,2025 ) F TP 2B KIE S
BN R REARAT: 55 v 5 il AT RE ) 1) B TR 5 JR
HOR 5 2 A 3R W KRS Sl R 0T B
B DL R M AU 58 S A 22 Rl LI RE AR Bt DAV &
VE ROV HE BF

AN AW RN 00T, A 5k T4 5
(N2 Z 35015 DA T3 o B A ) B BT 55
DU PP TE R G 0 05 LR v, 25 4 1 B B Rk
WEETT . BARNENIAR TEMM AR5 Hil T
5% T SIEEN A E., MR 5E A M VLM PFI i)
BRSO H AL T SO B B PP %
il 41, CompareBench ( Cai %5 , 2025) & '] F T 7F A4k
P 1 R R TE Lo LB HE B RE O R B,
1.000 /> PG ) 22 63 21 1, oA i 4 > FEASAT 55« B0
LB Ae IS B U AR g P L 5 R s ] 56 R HE 3L, LA
HEH R AE 0 WAL 48 F5 o Object-centric Spatial
Understanding Benchmark (Mirjalili %5 , 2025 ) fifi F &
SRR Wy 3 SRR A PP BT 3 MR S5 |
(R L« 25 8] o7 25 [A) 4 B AN/ S R R HE T )
DL R AT 55, 40 TR v O 9 DA 25 [l

Ff# . DRISHTIKON (Maji 25 ,2025) J& 8 & [ 140
X ERBE SCA B ) 2 2R SR A0 5 64 288
MBSO FEREA B 5w RS 3 IR T £
P SR | FH T PP A A R A 5 SO AR BE T 1 8
SHERRRE T , AESAE I 0 PPl HE FR . SPLICE
(Ballout 5 , 2025 ) f2 5 T A ZA5 1 19 40058 4 237U
TR E TR A5 FR 2 A B BOT TR, 22K
BT ARHEA0 58 PN 25 F T HE 1 X 46 R B DU A2 R i =
NG, P B [ PSR R s i) 45 22 A 3 4 2
PEAGHE PR LG ZoTHEr % DUUIMER R K AL
J¥ 51 LSRR 4 8 B . EgoTraj-Bench (Liu 55 |
2025¢ ) J2& 1 A~ 1] [ B HHE S 2 — A e S UL
AL T 61, B 6 SR b B AR 5 A P 0 3 )
R 5 B S R — 0 A BN R 7R 2 R 1 22 B
Bl LR AR MR R A BE R M B R Mg, T H
minADE@K 1 minFDE@K 1 %0 P HE bR . 2
TG 75 BRI ML AT 55 o 30 ) 34T 55
HERE B ICRE e L 1) FH VLM MR 58 L2 v T 00 4 55
SEILIE B, SCRFFREACR D REAR B &, SR A 7 AH
PEVE A D ITAG HE b
3.4 BEEHRFKAME

7 H B S LA AU G ST S v AR E
125 4 A SR — I N — PR SR — A T 4 B B )
HESE , (H A B AT 32 BT B A 55 = 1) 5 5
BEARRI . 255 DA 29 05 RS mT LA Ik
S DHIER Y R T BT AT LSS 5 F AR
T A AR 7R BS54 A 2 R b TR
T T B BE TOAE R AN 7 1) AR 5 5 T e o
HPATI R SRS Y B 2R,
TEEHLIREE T 22 58 115 25 N T 9t i S s 0 BB A
B, S ECHLIPIN 2 B 5 kA R R S . TR O
Y2 , A B0 55 58 B e SATh 5% B8 A B
7 R, 2% TSI R AR 25 AR AR P A N
55 2580 Be A 2 S g 3 M 1) oo B A B (A 1
Gy R AE SR A R R A I et S 30
FiR TS (A M55 I £k

THI 1] 2030 B TE 378 (1 ARk , H B e PP 251 A
“RJ A SIS O AT R — Oy T R
] | 285 2 (1) L8 AR 7 B - 2B A — EU LR A 7 A
BRI E A D7 BRI 25 ELPLAOR S ek
AR Z AL P R R R RO SRR S A K, AT
1 22 W R 25 SR AT 34 LD 38 A B R AR B A% 0
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=&, KEHE, HES, 9iE8R, BRR, Mk, WEHR, B F

B 58RI NBHMBIHIT

L5 73— 07 B BN BT BB D BRI
AT 2 AARTCACHE SR, fiff “ P BE—RERL AN )2
FJE AN T R AT E R A PRI E BE S AT
WEPE LTI R SR 1047 ] BE L BLA 7 5 , B B
REA A B ) 92 3 Y PRAE PRI, 76 FL L A &2
ZRPREE IR A D AT RAIE | R E TE HRTR L Y
BT

4 EHLIEM

4.1 FES

AR EALPFI 5 76 B A o X 2 B
RERHEAT 2 PR B I P e B2 A Ik, 2 i ST DA
PR FNINAT E B s, BRSNS B UG R T
FELRd B e S R AR e
4.2 TFMIERR

FHLPFI S 0 (R AR AR S 5 07 A o
2% AU HIER S 5 F mRAE . BhAh, BHLT
e 25 2% B o BLSC L AL A A A, BRGNS

1) #% 42 K BE AL B 3 (success weighted by
path length,SPL) . ZF8F5 IR ReIR 42 5
T At AR AR L AR TR I AT 55 0 3R 5 s A
RO o REVARGE 1 6 S BT 55 . TN

SR - L,

max (L, L,..)

i L, FoR R K L, FR PR T AR
K, SR AT

D) PATH U Stepo F LA IR 58 AT 55 BT 5 1) 25

3)EEATESY Comps AN

Comp = a - (Per + Dec) (24)

K, o BEABHE I, , Per 278 IBAIF43 , Dec %
PRI, TR 5 D SRR BE T4 A AT 55 1 1 1
WR B T . IZHELERL G T RN S PR A

4) A XA 215 2% (relative pose error, RPE) .
St AR A T R B I A [ AT A 1 1 Ry
B8l (%) 25 57 .

5) 4 X HL 1% 2 (absolute trajectory error, ATE) .
i (R A TR P2 AN S5 1Y BRI P AR 4
J ERI2ER . TR

SPL = (23)

2

| <

ATE = / ;Z (25)
O, nJe L 2 R, X T AL, BT 5, 75 ZERE R
S = SE(3) XAl AL 2 F1 225 1 LS 2 R AT LR
AR trans (+) RRFEHCTFE 17 5
4.3 FNTE

AR R LA B — A — IR SR — AT " P 3R
FL R FLHLPFIN 7 1 B ER Y, R 23 LR
4FEEC, R S TR .

SRR 2 I 3 B S OG T A% SR e B 0 SC g, iy
FL AL TR AL B AR AR T o 9 A0 X S AT AT 5
B A BAL AR B P (FLES ) 8L 25 /4 1] /A6
DU AR BE AN B8 KA A PR 5 A B4R o KITTI-
odometry(Geigerfff ,2012) 3831 K 4E39. 2 km B P
G, WA A —IOE BLAR RS BE Y B )z VRN
bk, Meta-World (Yu % ,2019) 75 50 4L 55 [ ML
8 350 I 5 B G 5 2 sim2real A FE IR L .
HPT (heterogeneous pre-trained Transformers) (Wang
55,2024b ) FI| ] 2208 S b EALIT Al B A AR R 22
R Ja B AT O g A R RO 3L 2L . FMB (functional
manipulation benchmark ) (Luo 4§ , 2025) /& —1~ I fig
Ve EALIEME, R AE RGB-D MIHLTEZ4 AL 5t F I T
PR 2453 . R-Bench (Li 45, 2025b ) 3 9 45 K 4
KNI IR T 72833 Fh 2k ELEIZ LA S 2 970
Xf ) B A T BB AL RO B . L st NEHLAS
N2 & T 5 T K T ANJEHLES A9 eSpatial-
Benchmark ( Zhang 55 , 2025¢) , il i 7] Bt & #) LEGO
(leg godt) 5 e 24 2 AT 55, J™ A T DU ABE 7Y Xo) 4 P g
PR 2 (A AT A5 AA AR P B R P AR A
JF 9 A LR RE T A HESA B8 HE T AT ST A
W H . EPD (embodied preference database) (Zhang
A, 2024a) $1 i E A T 1) H By R 5 O Y R v
Il i . EDA (embodied intelligence data assessment)
(Xiao 2, 2025a) Wit aof 4347 1. 5 J3 A2 5 Hde | %t
Bl B R T T WAL PEIN .  E TR S
T, IR C B G 2 6D L HI SLAM 45, {H 5
Z= 1T B R A AR AT ke

PRI 0 32X o O T o R4 5 BOC R Y 4
PG ARSI AT R . BT IR S A SR
DR JZ i B R AR A, U T 0 PR A SR
DU g AT ST 55 L (H ELHILPA BRATS by i J2 5 1 2

trans (( P ) B SPf")
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17 o NCLT (north campus long-term vision and
LiDAR) (Ushani 55, 2015) | H 15 4~ A 238 27 1%
B 5 2= R AL R L, T B0 e R b U S 4R
FN T ERAG I Y A 01 . EQA-phys (Zhou 45, 2025a)
P T Wy AT IR ) A B 4R L ] LLM A5 53
AL HERIEATE . CityNav (Lee 55,2025 ) 1 i3 36k 17
Ry R A 32 637 iR HARMR AR R 19 JC
AMUGE , IFFI TR ZE ATE, B3 SR, R K
JEIMAUREN 2 SPLAFHE bRl EE AR RE . H i A
KT BIRE K IF IR 5| A KA Y Z A 1) P 4
L HB = S5HAT AR E RS

TR 2 I 3 T S T AT 5 B S A R 81
high-level 54> 5% low-level #1314 Jm)/ Jay i i
BRI BIEFF 90 A B AB AL AT Rl /b £ P 3A
Bk, — i E AL HO A — AT 7. RLBench
(James 55 , 2020) J2& — 1> AT 5] #5211 A9 BE 4 127 > 36
Be, A 100 MR F TRHTE S, B el 24
P58 5| FEAEAE 5T SR ) AF 5T . CALVIN (compos-
ing actions from language and vision) (Mees 55 , 2022)
MR AR 1000 25 EMUCFRPIE  SFINTE 5 254 5K
W AE TR 7 B H bR 2 T A MR 3. RT-1/
RT-2 Benchmark (Brohan 4% , 2023; Zitkovich 2§ ,
2023 )il i Everyday-Robot HLAHLRAE T 13 J7 &38R,
PED Transformer F4LK) 2% 76 1 75 46 2 F MU BT % .
Open X-Embodiment (O’ Neill %5 , 2023) /& H %4 K
DeepMind 15 5 5 [ J7 HH AR R 27 | B I 58 38 Ko7 A
YEHRAE 21 LA, B S AL A BUE HIL g A
PO R AL N EE 22 R [RI 2R HBY A HL de R AR 1Y H R4 Bk
AT EHLA N B s Bl R e & T 60 M EA
AR W 3115t (100 207 45 B HLds A B
M, A% 527 Bl BE 160 266 AT 45, I B U HH A%
K JEMNA AR B A8 SPLfT kB AR SR L A% 14 KL
JfiiE . RoboData(Yan 4§ ,2024) il i & & T EH A
ARCE LSt T oS B R PPAL R e, S T 2 A R
B AL E R SRR B KRS . RoboCer-
ebra(Han 25,2025 ) il it 400 K AR AT: 55 EL AL 3R,
MR —iC A2 — B SR TT B AT A0 9R Step 11
R #HFE bR, VLABench(Zhang %% ,2025b) 38 1 1004~
155 (G145 2 000 D444 ) , PN LLM FLRI 576 2 25
P 5T AR EE AU Zh 2R SPL. IRHZE FLAL
PR ELAE R T8 S — 1 Abn—Hk " g —#a 4.

AT JZ B FEUE [F] I 25 A DU BRAT AL ZUECHLEA 2R

SR — N — PSR — AT U PR e BALTE L .
MatterPort3D (Chang %5, 2017 ) #2 4 Matterport T 90 4~
G 18] 1) ST 55, SPL [R] B 25 % i 42 0% 5 48 4 58
B . RH20T(Fang 25,2024 )R A4E T 4 11 7 i &AL
KRR S BRAEAT S5 P 51, TSl 8 2 A A AL Y
fiE. ManiSkill2(Gu % ,2023) | H 400 J5 4~ E ML /R
PATER , 10 A 2 SR P 24 7 s T R4 b g i 3
RoboMIND (Wu 55,2024 ) J& 5 A (A 1z £ ) S LA
Bt , A5 10. 707 AL ANBUE RS , 5 S 479 T
AFAESS , #5596 FRAS[RI P14 . RoboCasa(Nasiriany
4F,2024) 38 5 120 M55 .2 500 PR LK 10 J7 4%
PLaS NI, 32 B PUBCRIZ I, I OG0T, I A it
SRR R B IEAT 4R T IR A, AL 2L 8 A
AR B KA HAEEL . RoboCAS(Zheng %5 ,2024) 1
A EL 7 5T 7 500 ki EALEHE, I A AT
55 RS SimplerEnv (Li%%,2025¢) & sim2real
X 5L DA PR L , 4 0 ELRT I 92397 557 ) A L)
R SEAE BRI AR R AT BE . Fourier ActionNet
(Fourier ActionNet Team F Mu, 2025) %45 T 3 T 4
NIE R I T E ML 7S , RS S84 i s 1o AT
% - BEDI-UAV (Guo % ,2025) J& 16 [ J& AMLAYH &
PEDAEZE 4 SN — D SR — AT " A 2 A A 1Y
T 5 0F 45 Al 44 & 37 7 o AutoEval (Zhou 5
2025b) $ 1 A B PPAL A1, FCHLEA BR R A —LLM
T — BE B SR, AT iU 48 AR it 4 . RoboT-
win (Chen 4§ , 2025b) £ & 731 > & 45 1 9 1K B9
RoboTwin-OD %% 7 i , 41 % i 48 10 77 5% & Gk 1)
A4 . StaticEmbodiedBench (Xiao 25 ,2025b) 4371
X — I — PSR — AT DU ER T AT TP,
N T ESE 56 % (Intern Robotics Team ,2025) 44 4
T H BB A B I R S R LA
TR USRS . PAT I E 17 2 ISR FI R AR 4

Z HFrITH .

H B8 5e EL MLV AR B — AN — I S — A T
PR ) AN 5 7
4.4 PEEEREKFE

XFF H AT SR R, BT AEAE Y i

R Ta] BAT SR AR 2 B o X B AR LB S 0 1)
A, RBRAEEA U B BT RESEA . TR
AR Z AN FAR R B — I — S — AT BE %
B o4 T, (N2 B R EQA-phys .
PhysVLM-Real {05, A 5 HATHI R . EHLEL
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BRI . RN B AT
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Table 5 Real-world evaluation for embodied intelligence in the perception-cognition-decision-execution loop
P4 BN A YUK AT B FALE BT 55 FEIER pOE 4 A
22 %k HshZ o P 5 Mo —ot R Hukizs e
KITTI-odometry v - - - 392 km B it ATE, RPE e 2012
15 A HoR4E 27 &5 . s
e K IR0 . HEER MRS S
NCLT V- - - EWREEGE + ok il 2015
- SLAM [l R4S ATE GIREIN
90 = N RGB- N EN L
. o) —_— —_— \i—t 0
MatterPort3D N N D Fiy 2 RIS FAL SPL : 2017
S EREARLY: SR, %L
_ A ,
RLBench N VooV 100 MES Sk Stop Franka 2020
Meta-World J - - J 50 FhfE % 25 ik SR Sawyer 2020
CALVIN vooo— N 1000 &EHLLE KRR SR Franka 2022
RT-1 Benchmark J - J J 13 J7 4537 B BT S SR Everyday-Robot 2022
22 Fh R [H AL gF N+
Open X-Embodiment N - N Vo527 FhakAE + T BEARERE SR ALY 2023
ZRBURBILILE
llﬁ%ﬂl%g/\r?‘ﬂ + 5 L, FleXiVm*ﬂi’%+
RH20T v - - 1404 E 4 PLEF K AR 1 SR Jote-os pLb 2023
s 20 55,400 J7 /N S TR AR AR ) 2 Franka, ROKAE
ManiSkill2 N - - J i > Ak 2E 5] SR, Acc xMate3Pro 2023
25t )
RT-2 Benchmark J \/ J J 13‘?7)LfL+fLﬂ + BB S BRI S SR Everyday-Robot 2023
IS
10.7 J3 HLAR R B + Franka, KX T. A\
RoboMIND J N J v o479 MES + 96 Fh AN AETEIR S SR JE ,Magic, Agi- 2024
EEZRZS leX,UR5e
Franka MRS
S
RoboCasa J - \/ J 120 FiAETs + 10 77 % KRS SR +Omron 23 2024
ik .
ik
RoboData J \/ \/ J 703 BRI RSP SR Franka 2024
274 RGPS N 0 1% 2R SRR
HPT V- =N BREGE + 20 5 &M BSAKTE SR Y% + Franka 2024
A E W
RoboCAS Vo= N N BRI S00RERME ZeRLg R SR Franka 2024
) sim2real 1 500 Zh1E . _— im2real  Google Robot,
SimplerEnv N - N N ;;r;ﬂrea sim2real X 35 M3 SSIE %e;;,i O(;ffiilov:f)xo 2024
154 1% B4 + 2 740 4
. [m] J5U 4 U8 0 5 30 E JC AHLERAD + 2k Comp,
BEDI-UAV N N B + 357 1 B0 56 + Ace, Stop T AL 2025
PR
262 X + 316 400 KTNIEHL#
eSpatial-Benchmark v ¥ = = B+ 213 5KMIXE A5G R Ace, SR A + Robotiq #lL 2025
+ 214 5 RF T
Fourier ActionNet J - - v 3 Ti 5 BN N NIE R I F SR Fourier 2R~ 2025

NEHLERA
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Continued Table 5 Real-world evaluation for embodied intelligence in the perception-cognition-decision-execution loop
P4 A INAD PR AT B R BT 55 FEIE bR pOE3 ARy
200 A~ EEAS AT 1 000 4 s UR3 FI XArm6
EQA-phys NN Em:‘vﬂ%ﬁ Ul LLM-score o j\rm 2025
A~ 7z
VLABench N N N MES5 +20001 < s 9 PR A SR, Acc Franka 2025
L/IEEN
RoboCerebra N N };O(;J\ R Ace. SR Franka 2025
FMB Voo = 22500 & BRI ﬂmﬁkﬁﬁﬁﬁ% SR Franka 2025
AutoEval Voo NN 100/ B ERS] [ T SR WidowX 2025
SRAE 7T 33 Fh S 2SR A o
R-Bench VooV - BRI 2070 9% EEBERE SR ff%?ﬁgzms
2L )RR A IRV aas gries Tt
e ABRREIEE BUEZHE
£ 1 B 5.
EDA I - - gﬁﬁ*ﬁ% BRERM fhrmts SCEAT i % URSHLBUE 2025
2 P A S BEVESY
32637 45iEH SHLE W AN RE ATE SR
CityNav Voo - bR REEANLE RS EANS o T 2025
N N SPL
pLEz Buis fit
RoboTwin 2.0 Bench- >100 000 Z& L3k, 731 " ZHLA PR
mark Voo Y ke TIURARGE S b 2025
5 5
StaticEmbodiedBench v ¥ v Y %0;?&0}; QA 1005 PLER BB Acc URSHLMUE 2025

TV RR Y BRI, TR AR K

PG R G “SLFBLE R " . OXE \RT-1/2 . RH20T =% &
THEE T 4%, o4y bench 278 1~5 000 £4% , /N
BEEALR B SR ET. PR I, ARk i EHLPEII i =X
A RS FOF BN, RGEH LR T % 24 h THA
BT, — A R A 5E 7 B R 1) h s 28, B 3
filh 245 LA SR WS SO I AR BB I R 4R A, T AR
N BN G —EALOE—IE L IR S A
Uitk , EHUBAE T LALE A X 90 B N 2 R IR,
BN S T o )2 W o [ S A R ] R 1 s
B B T 2 B AR A PO B R i — AN
itig.

5 =E5REITFEN

5.1 FUES

B & HL B REAE A AN S vz i, AR 2%
JE RN FH 3 5% 04 Z2 A A2 SR 52 AN i 130 1 5
o AEGRY PRIy vk A TP AEAT 55 1 5 U 2

TAT, L2 M LA 1 RE AR B S B rh 2 4R R
PR AT PPAL TR o I, DI A 4 R i DA —
A1 55 S WU, 9 I B LA B REAR A % bk B il
07 e BB RE T RERAE 2 YR IO £ S VAR AR T
INAE SR )35 S N4 R GER T [l A B o PRIAE 55
422 b 1 Z AR BRI AE AT AT 55 i R b, RERS
TRAIT NI G A R G i e H BE . R
PRI , 22 2D 48 4 125G T RE A A9 4T S TSR
FIPRAT i i v R A TOUE 1922 2 LU, 5F: By L 9
TR fE R AR 5%

BB S X — & AR gt —
SR (U BRI P AR E 48 Hh X — Ak R 2 42
fERIRL SRR PERE Rl S5 LA N R . IEAFROBESE
B &I i i L 1B BT 55 R K 50 8 RE M A %
U NSIINZ S S /LK B i B X e oo 6 e 775 S S A A
DA KRB 25 45 ML AR B, B DR REIRTE 2 A A
eI T RS2 4 T HE AU TAE 55
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=&, KEHE, HES, 9iE8R, BRR, Mk, WEHR, B F

B 58RI NBHMBIHIT

5.2 FMFE

H AT, LB 2 AR 32 18 1 TS8R e R bR
HEA AR A AEET N TE R Edi—A0F
N AEAC AFREL, W2 S Ren 1T i
17 720, TR 22 4] {5 f B2 X 5 5 B BB HEA 71
W 55 2 10 < R AR AR 55 W) 26T 4 B )2
T : BETRTEAT 55 AT Z Bt 22 A W KR 555 i 12
I - HETS X BT “HK (jailbreaking) ” \BESEY B 1)
Wi B9 0 PR RE 2 4> . SafeAgentBench (Yin 55
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Fig. 2 Scatter plot of Octo VLA model performance on 50 task samples
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