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Wi _LABR B KRY : HLE AT S5 & sk it @6 T, RO
M7KAE . X —IREIZAAE 55, PN AL ARy €8 51T 3E )5 4R BridgeData V2
Bl P O T SEE A I 2 R TR PR AR A M T, SR BERY
Jor PR A L 5 KA T € TR AE i -

BBl (52e): 555 K rmoAsi st e, E2 TRy R
THERE . EETEERA AR, X —TREIZ AR S s R DL R T
HE— R T A . B AL ASE S B ARSIk e, RS Es (14
ey 0.5 4,

B8 ORI 1 b I AR R F O T KRIFEIRCf T E. BTt
HAPER DL W T, OIS A T i@, e — TSIz T
%o LB AVES B AR, T e (1w 0.5 9.

AT ML NTATIA T IR 2 B 25 . e —IiaahizAbtE55 - i T it
B EAN /SO I R AEVI SR Pt B, WL A AGE USROS R/ sl s o, L
LR B A RESE AT 45 . SRR BridgeData V2 75 i AR AE P45 R S B g frh
&, W o ISR MR, BN V2 MR S AL A2 5
Foab, A Fe (1 aFay 0.5 5).

B PRI B (REe) - IS AT EREY MR as T E. X2
—WUSHZAIESS, AR T MKAE IR BLAL B Rt HLas AU R0,
A% MEFBERENTE EEARRRES T SARAERAY A L
EFoy, EraiFe (1ava 0.5 9).

PO MR b RS RHIE, BT EAACE, RIS S A KA
e HTEIHEAE DAY RSFFITERAR T 545 BridgeData V2 $dlide rhiEs. B0
S b, HE PR S . oART B DBOR AR )
TRz, (BHES Bz, BN,

TERARIE: MLEE TR, ORI A 45 B kA . PR
SPATEARAIF T BridgeData V2 FUGIZ R P8R (RSO R ETE, 8
%), XTIz A5 .

Pk AAA Wijh: HLEE A UFEUE AAA bIER LR R 25 b, it /N T H
#iT BridgeData V2 FERCERETHAGIIZRIE HARY (A, UL iz AL 55 . 1%
UL o AR AR I IR LRI Y )5 iR BridgeData V2 7RiiH, (AN
WET “EZA”, HIE SRR, SOV

PuhEre AWK HLEs AR IERGRE 2 2R B, IR KRS 22 M B 6 7K
2o MR R W H sk, R BUE BridgeData V2 YIIZRiE, PtX2—
Wi SLZ AT 55 -

PR BT MLES ATATUE B @RGSR R B 29, AR ERR WL
HArik, RBHE BridgeData V2 YIZRiur, HILX 2T HZ L5
THICRA T MRS GnFE PPy, ol ARz A 28R xE AU
XBHPREEH , R A i A T8 B A i) o DX

e PR A - ML TR VLB 6 PN 9 S A R IR BRI E J5 3] By Ak
EEAE. MTRESIHOARG LI, PLas AAERAG BridgeData V2 Il ZR8l 4R
MR BEAE S5, PR 2 — I SGZ AL 55 .

Rl (b R BETE s T b ALE ATAITUERE T, AR Z I Cbr T
Fo T RXFEFHESARG LI, PLas \AE)RLG BridgeData V2 Il ZRBE L 11X 31
e MR W AR 55, PR @—Ti SLZ AT 55 . S ALE AIMEE EA4RF 1A 1
ERBHEATE, TR fFa (1 oFe 0.5 %),
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15. 8% {1 2D} BOABD: X2 I S TS . HLas TR H Ani ik ik
AN, e R EAEAT TR R B M FERIRIRES T, —ANmE
BARREIE DA B AR, TN & WPALLIHCA B A5 . BRI iE4 8 i R0
B 5 W, BRE AR ARG AR 5 MRIIRIRAS . B ALE AIEH B AR KA
#Hat, R Fa (1 5Feh 0.5 4 ).

16. Bk (WM. ZOBifY}: X2 —TE S %A S . MLEs ATRIUEI RS E B vy
%, RAS EWUESHFEE L. S ALE A ES B AR RS, THERF
o (1% 0.5 %),

17 8% {WEfabh 7. B b T} e T L X2 S %S . PR AR ESE
E BRI R AT, RS HAE S VR AT 45 R R O PR . S AL AR
EA B AR FET, iR 1E s (1 o Fes 0.5 o).

B.1.2 PRfES5 S5 EG BridgeData V2 I Edsi bbis

PAHTE R 4G BridgeData V2 $fln 8 (0] (T A/KAESREE 3647 . S IUAEERS, AR AL
A R 7K A ) 67 DA BAHBUAR R T3 5 r 62 8, PAPERC BridgeData V2 Hi )RR IR .
JE GRS R PR X S RS B I R, P TCvE 2 A AR Plas AL JKAEFI
FHBLOL B A0 i 22 S 3R AR A A% « AL, ALER SRS A PR AG  RA [F] Tl s 7
SRR, WA AL BRI . B, AT S (e.g., KM W] LX)
WRANE T INGE IS . h TR TeVE P3G BridgeData V2 Bl dl i i 5 A R 4114
YNGR M LA T WA 2 [RIAFAE 3 1 A -

JUETFAEIX ek, OpenVLA Al RT-2-X S5#R7-i8 HI RS ASREZ AL, FFAETCTAIMEERY
0L TR AT S SE I FT 45 . RT-1-X Ml Octo %5 HoAt i i S0k t g 52 G /ME 55, (EH
X} BridgeData V2 PEALES{ b e B0 m Iz AT 55 IR B

Jiiif BridgeData V2 $¥i 7 1% K #3145 A0 & AR B WL 55 1 7R3E: “Flip Pot Up-
right” “Put Carrot on Plate” “Put Cup from Counter (or Drying Rack) into Sink” “Put
Eggplant into Pot” “Put Knife on Cutting Board” “Put Spoon in Pot” F1 “Turn Lever
Vertical to Front”. |4 SFE/R T I AGEIEER X LT 55 1 Bl R . IR P R RY P A |
ZRR TR RS AR A TR I IR AT H A IE 5. Aid, BridgeData V2 (1) HABILE
%f?%m%;ﬁﬁgﬁﬁ*,mﬁkw%ﬁﬁgﬁﬁ%W%ﬁ,%ﬁ%ﬁ?@ﬁ%%ﬁﬁ
Frif.

Flip Ppt Upright

>

<

Put Eggplant into Pot

Kl 8: Bl BridgeData V2 JKHMIRABESS . il BridgeData V2 Bfii 42K ERSE b i) 7 AL B
T, R T R TS AT IRASER AL AR i A TA B T B IR E L)y . X SRS R R
T 7HrR BridgeData V2 1PAE45 AT AR . TEAL UG 20 AR S A T2 T R AL B 2K b 17 [ 22 2
F, MAEEFRYIERLE FJ5: ME—fl4hE “Put Eggplant into Pot (Easy Version)” f£%.

BridgeData V2 &/, {2 “Put Eggplant into Pot (Easy Version)” RALas A K g
TTEAIIA R AR R IE 17 Hig 16 WSS RER um i T 00 in A0 20 K A% b5 1 [ e A6
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B, AL NAUKFEPI R W6 &S TG ELT42E OOD AL 5| A M2 1%

SE[RI 0T 0 SRS ML, SRS S R AR B R B R A RE M SE MU S5 . I, RT-1-X Al
Octo S M Y AR T S TR . AR, TR L1 R S kA, RT-2-X il
OpenVLA A5E5EM /3 HUSHIX Bk X T RE -

B.1.3 BridgeData V2 if4iiEfL &5 5

SEREIY BridgeData V2 WidowX PPAHZERIL = 4. RP oA ELE 17 BifE5545 10 ik
IS LIRS OpenVLA FEZHUT 55 R IR, A0 SRmE b U fee i AR L) 26
RT-2-X thFEM B, T RT-1-X Fil Octo, {EA K OpenVLA; RT-1-X F1 Octo i F Xk DA
XX 2697 AT 55

%% 4: BridgeData V2 WidowX {EAIPFAGESR . M2 17 HULS P ENE (I ) T
Flb, CIFIGE . zEh . YIERAIE SGZ AR 55 DA m%fﬂﬁ% RS FLiF-26 \)3&1/] (0.5 7)), ¥

- OpenVLA T%%&E%J:i%ﬂf%, S IRFEREIR , RT-2-X k25 RT-1-X Ml Octo 7
ﬁ—ﬁ?qﬂ%%fjuiﬁc%'% Z UL USRI 0-2 Ko 4TS5 R W

N RT-1-X Octo RT-2X  OpenVLA (%)
I MBI o mshicl Wb A
Wiz 4k  Put Eggplant into Pot (Easy Version) 10 1 5 7 10
Mgz e Put Eggplant into Pot 10 0 1 5 10
Witiz4k  Put Cup from Counter into Sink 10 1 1 0 7
MJ._,(/_'HQ Put Eggplant into Pot (w/ Clutter) 10 1 3.5 6 7.5
74t Put Yellow Corn on Pink Plate 10 1 4 8 9
Lift Eggplant 10 3 0.5 6.5 7.5
Put Carrot on Plate (w/ Height Change) 10 2 1 4.5 4.5
YRz 4k Put Carrot on Plate 10 1 0 1 8
Yy¥yz4k  Flip Pot Upright 10 2 6 5 8
Pz 4k Lift AAA Battery 10 0 0 2 7
1% 3Zz4k  Move Skull into Drying Rack 10 1 0 5 5
15 3z4¢  Lift White Tape 10 3 0 0 1
15Xz Take Purple Grapes out of Pot 10 6 0 5 4
15X 3Z4k  Stack Blue Cup on Pink Cup 10 0.5 0 5.5 4.5
E V&L Put {Eggplant, Red Bottle} into Pot 10 2.5 4 8.5 7.5
EEvH  Lift {Cheese, Red Chili Pepper} 10 1.5 2.5 8.5 10
EEH Put {Blue Cup, Pink Cup} on Plate 10 5 5.5 8.5 9.5

TR 1854+2.7%  20.0+2.6%  50.6+3.5% 70.6+3.2%

LAk, AT 2T B AL HE PRSI Y e B PP A AR . X SEIEANAE 8 T AU R
BridgeData V2 {£55 EIASENS, o8 BT E (o i a2 55 2451

5 seAE AR . BALE L 2 SRR
bfloat16 int8 int4

S B i Vhr

B HBEH o ok WK
MitizAt  Put Eggplant into Pot (Easy Version) 10 9 7 9
WMytiz4k  Put Eggplant into Pot 10 7 7 e
Meiz4k  Put Cup from Counter into Sink 10 5 3 7
izEhZ Ak Lift Eggplant 10 6 4 7.5
YRz 4k Put Carrot on Plate 10 6 5 7
Yz 4k Lift AAA Battery 10 7 5 3

i Y374k  Take Purple Grapes out of Pot 10 8 8 9

B % Put {Eggplant, Red Bottle} into Pot 10 9 7.5 8

TR 71.3 £ 4.8% 581 +51% 71.9 £ 4.7%

B.2 Google HLZ3 NPFRLATY
ARATHE— N R T Google HlLgs ATFAl .

B.2.1 Google BLE$ ANVEAGITSS

1E Google Hlgs A L, FEFE AVLER ORIEIITEAS 12 T4, B0hstT 5 &clar, 4t
60 2ko BIALIATSF MR 21, Je-LIm e F e 477k (OOD) £, &5
e R, BEAREHIE AR (0) BAEh (1),
FHEAZ 12 W45
L laIREE () MR AT FER, 6 LicE—#nT ik Hir2iest
PR T IR
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Pick Coke Can

Move Apple near Green Can

()

X I
% Open Middle Drawer

A
c
o

=

B Move Blue Chip Bag near Apple Place Coke Can Upright

=
-

L

e

£

Move Orange near Brown Chip Bag Pick Pepsi Can Pick Banana
(w/ Unseen Background) (w/ Unseen Background) (Unseen Target Object)
()

X )
[} Move Coke Can to Taylor Swift
o (Unseen Internet Photo)

-

c

Rel
=

2

= Pick Green Cup Place Apple on Plate Place Banana in Pan
"(7,‘ (Unseen Target Object) (Unseen Instruction) (Unseen Instruction)

(o)

w
o
A
=

O]

&l 9: Google PLEF NVFAAESy . T AAESFIMi5h (OOD) I AKAE5 Eprfilif i FI AL & A SRS .
SJ%D ﬁ%ﬁ%ﬂ%’;%ﬂ)iﬂﬂéﬁ%?% HARPIER . 352 /W00 % AR SIS (BIAIR AN L s A\ S fE4uR
N J XX/\\\ o

2. fR gk by (0 hN): FEEECE RS EIUKERE Pl A E
IESER IR HRE B 2% 0 HESS -

3. R GENRBERERS (M) PG A I OB R AR YL A IMUE
BRI R R

4 fpnlRESTIE (AN A ERRTREEMIER ;. MLas NG AT AR B LR

ERYAZSO
5. gfﬂ*lﬁﬁlﬂ@ (i) ILEs AL — =2 T, I PRl e T
HprF .

6. PR TR FIEAGAE R (00D): F& LAt &R T, YK T IrsE
WRATERMR g NFEIER TR 218 74855 . (L% /T 00D, K
NRET R INGERAE PR WS R, SRR ISR,

7. SR ERAUREE (OO0D) : & Bilch Rk, N HE /O R R
fiio ML ATRIMEH SRR T TR EAT R R L, NIz L5 mT
00D,

8. R (O0D): V& LA SR . WK Ias AT SR, &
FRAR WA H Y, HitiziEsmT 00D,

9. LM (O0D): P& LitH AR, AFAURMEMS O T Pl AT
TGRSO T . R RER I E R . IS5 BT 00D,

"Google HLEE ATFAlTh OOD 19141514 W, Brohan et al. [7]ff5%.
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10. FRRUR S T B (OOD) : P& B TRINEE; HLEs NS ISR IR B4
T ARG FNRAR WL R KRR S, WinJET O0D: llZhnmii R
PR R BT T, AR T £

11 KBS (OOD): P& FHCH-FIRIMAIARE: Ylas NFEER TR
AR FRERARIWLK HRER, HiZFa oMl TR ISR AR, it
ZAES5JET OOD.

12. B REER $ Taylor Swift Wi)y5% (OOD): V& LHCE v ARG = AR 2 A
HHE -, H i $E Taylor Swift, Mleg NTFIUEREFIFREE] Taylor Swift [ HE 5%,
SN R I A B EGE, HiziE55 8T 00D,

B.2.2 Google PLEEATEANVERLSE 0L

% 6: Google PLATATEAIEAGEIR . il Jirik Google HLa% NN S BEAR . A3 5K
W 12 UE S IPAG 60 SARXIBul, M N AI S (O0D) WA AF. JRAT A48 SRmg -1
PR £ fRfERZE. OpenVLA Al RT-2-X @A LT RT-1-X il Octo; i TP RERE
B, JOP IR DML ASR T . 4TSS KR I

e ) A v g RT-1-X Octo RT-2-X OpenVLA (Z3()
eSS MR ol o i UK
i Pick Coke Can 5 5 1 5 5
/iy Move Apple near Green Can 5 3 3 3 5
/i Move Blue Chip Bag near Apple 5 0 3 4 5
/34N Place Coke Can Upright 5 0 0 4 4
/iy Open Middle Drawer 5 0 4 2 3
(0]0))] Move Orange near Brown Chip Bag 5 1 2 5 5
00D Pick Pepsi Can 5 3 0 5 4
(0]0)0] Pick Banana 5 5 3 5 5
00D Pick Green Cup 5 1 0 5 5
(0]0)b] Place Apple on Plate 5 0 0 4 4
(0]0)0] Place Banana in Pan 5 0 0 2 4
00D Move Coke Can near Taylor Swift 5 2 0 3 2

I 33.3+6.1% 26.7£5.8% 78.34+5.4% 85.0+4.6%

Google HLag NG e 345 -, 1 6. BRI, RT-1-X Al Octo MELAN X FEANATES, £
TS5 7 AR — R AR ). A2, RT-2-X F1 OpenVLA R, BRITS
Z2/DFER R FREIIPEIR ;. XFA VLA SKREAEZ I ECF L R B2

B.3 B eioh Bl e an i

AN A W) B B G E B S5, 2R 5 ) OpenVLA SEMETE Franka-
Tabletop 1 Franka-DROID %53t 2% A Fd & b a3k

B.3.1 Franka-Tabletop 5 Franka-DROID {T-5%

FEXTL I 55 43 BRAE 10-150 Rt Hi /ST FRA “Franka-Tabletop” L ARBCE,
RPeefr 1H 1Y Franka Emika Panda #l#$ A ffg—Wixt, “Franka-DROID” Hi#E .
1t Franka-Tabletop FLE Y, ATATLS M H =2 W ER AN RIE TS, G =0e£iE4
155 TP AE 2 AWk, Pl N AR TE 5 18 B Bk .

FHEATEH 7R 75T Franka-Tabletop {£55:

LRI Mg AT (B4E4 ) MLas KRR IR . DGRBSt
FIZALFH) 50 Z0R1E, B EIEREE N ABRENUR SR AR G, % b
UL AAEREZE M. PPASIS, A0aABiC s (1) SR (0), AR50

2. ERBIAGRD (F359): PLas NRIVELLTE . B, HRmtmik (—ie
BIok) AR WIHREIREC S ZAES Y 50 JRit, R4Sl A RFBEAT iR AL
WAESTA RO E, HBita AR a e A il PPN, Sualiic s (1) =
K (0), ABERDFFIY

3. KWABIIE (F484): HLgs AFIERI AR B BN e, 1 U 2 15 37 25 [ st
1o NGRHRARER DL S XA 55 /Y 10 Z5oRYE, A4 REALBCEAE 55—/ MR DR 3 P 114
AFIGEE . PRI, AAREAL ) (1), K (0) Bk (0.5). R
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In-Distribution Out-of-Distribution

Put Carrot in Bowl

Pour Corn into Pot

Narrow Single-Instruction Tasks

Flip Pot Upright

Move <object> onto Plate

Knock <object> Over

Diverse Multi-Instruction Tasks

Cover <object> with Towel

K 10: Franka-Tabletop $IE55. KW /R0 5. 2808 5 S0E BC S 56 i 1) Franka-Tabletop
255, PEAAUEIIOLIE 10, NIUE 55 B0 =I00 T B 05 =47, (8 RERSR4 5 =T 1 =17,
WRZ YIRS Z RG4S, 16216E AR AR OIE . 5B R AT Al A0 2 A R IR S
FEGI, 5 g RS (OOD) FHRIRAS (e.g., RILTHE R BRI, T AR RO /51

).

SO D 2R R R SR ISAE TN AT 55 B 10-12 SR, 78 OOD LS5 LRl 5-6 4%

TEORRFIHRIIE , OF LR ) 22 1E 57 S ERAF A5 |, 39T s [l 4R
AL N ZFRATT BB A BEARAT W 73 o

B <tk > BEET L (Z9E9) I ATRISES HOREN R, A=1

Py R —A, FE R A M T o DGRBS %A 551 150 2R3,
FESE T FEE O R =) A S p— M B AR BT IR AR e R
A PRSI, Ulsic s (1), K (0) #Gassh (0.5). WRPLEE
NE MY R ZE T IR fE MR B s, ERSEMATSS , WHE R ).

B < Pk > (Z459): Vs ARG S 1898 E 1 H bR = M ik i —

A, FERRHAEE . INSBARE A TIRALI Y 70 FoRTE, AR MFEHLEOA R —
YR A G H R P AME E R PRAEES, BRalmic el (1), &g (0) 8
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Mo (0.5) 0 ARHLE N ESCEAM Y K R1E F 18 fERIEM H AR, (AR5
BAESS, WL ER T M .
6. JIBMBEE < Wik > (Z4H4): P AFIVMEE OB, HFREESESEEN
H AR R =AW R g —> b INREERSE R E%AE 55 1 45 SR, TERM
LA R = R P0G, SRR (1), KM (0) s
1 (0.5) . WRBNESCEMPEEFTRHOMENEHALR, B8 AKTERALSF
(e.g., FrEBIMBAERT AR AR L), WSS RER TR fEE
H AR R i R AT 3R 0, TofRse @ mik.
XtEET Franka-Tabletop {155, 447734147 10-12 YoM NRERAN 5-6 ) OOD Z4kid
%o 43NS OOD Mk I BA.
ANTUESS ) OOD MR PHanE -
L% MR (O0D): AR WAt iy 1 il 2 | .
FFEAREARIH (O0D): ST AR WAL H A7 3R A -
Frag#iiE (OOD): S AR Wi H 6.
< Wik > BEETE (00D): SERHCE =R W ik
) < Pk > (00D): fE=AC WIS HEPAR LT H, B @k
MR O T
6. JNBMAS < ik > (O0D): K5 = A EIF IR WL A E
BJo, A& Franka-DROID FRBEH SCH—IE 55 SOHAR IR gedkadim (W ). ML A5
PAER T, R = AR/ N R TR I AR DB SR SIS/ 70 R, Fsk
A W R

A

Wipe Table Wipe Table w/ Distractors
(Out-of-Distribution)

(In-Distribution)
— T |

K 11: Franka-DROID #iifEs5. K “BlEm” 2 H0he v 0 T SR 6 T P e J—
RS o el R A AR R IR 25055 A PR st AR I TR A ) A A .S58 45
JAESS Bl N HTAER 7, R = AP A A

0 4 ] g 7 5 0 B0 D T 4 20 A A 1 Je) RS AFAE T PEW R 14 23 1 b
(00D) %1t ( A1) o TR T AR E 2 AR, PR IAT - AR
2 705 MUAS AR AR ISR 2 20, AP RS 17, B 0
gy RPN IEAT 18 W NILER A 12 ) OOD 5, &73h 60 2

B.3.2 Franka-Tabletop 5 Franka-DROID V40148550

Franka-Tabletop F1 Franka-DROID [)5¢ 8 PEAE 45 5 I . PHEXTE R Frik T ¥ o
Diffusion Policy fFPi}g4 Franka-Tabletop {£45 (e.g., “Put Carrot in Bowl” Hl “Pour
Corn in Pot”) M, BT HMI%: OpenVLA Fl Octo NITEHE ZHEN) 21501155
(“Move <object> onto Plate” “Knock <object> Over” F “Cover <object> with Towel”)
FPERESE . 7 Franka-DROID R85, OpenVLA HUSFfES R . SBIAIME, OpenVLA
TEWRRIREE 3 MR =

i/ gy IR S B0 AR SR A R TR AR . ST R O A A R
Franka-Tabletop {45, F [FIHE &40 A OOD A8 {4 : — I i A A5 () S48 AT 45 (“Put
Carrot in Bowl”) FI—MZkEM£ZH501ES (“Move <object> onto Plate” ), JIZhmTti%k
HY —3, 43 50 A1 150 4%, TENL
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TR RBOG RS VEANATR . BCARSE R M SARIRIISER . SRl AT EACKIZRY
Diffusion Policy, DA AR ECHR O 8 RIS TERE . SRR IYAE M1 A5 011 4h (OOD) 2
A TN Franka-Tabletop f£55 UL , Franka-DROID {£:55 L o BH TSRS AE T A
195 EAREfE: Diffusion Policy fEFLIEE 55 IR R, OpenVLA Ml Octo TEZHERYZ 151
g5 ERBLRAS (FALEAPEREN &, OpenVLA fEPIAFRGE A 135 nidh S dm i -

Diffusion Policy
(PEfic)

OpenVLA OpenVLA

iREe % #  Diffusion Policy Octo (Nkill) (430

Franka-Tabletop (5Hz) ~ “Put Carrot in Bowl” (in-distribution) 10 90.0% 80.0% 40.0% 70.0% 70.0%
“Put Carrot in Bowl” (OOD) 5 20.0% 0.0% 20.0% 0.0% 40.0%
“Pour Corn into Pot” (in-distribution) 10 100.0% 90.0% 0.0% 10.0% 50.0%
“Pour Corn into Pot” (OOD) 5 80.0% 60.0% 0.0% 20.0% 60.0%
“Flip Pot Upright” (in-distribution) 10 100.0% 85.0% 40.0% 85.0% 100.0%
“Flip Pot Upright” (OOD) 5 50.0% 20.0% 0.0% 40.0% 80.0%
“Move <object> onto Plate” (in-distribution) 12 25.0% 25.0% 41.7% 8.3% 75.0%
“Move <object> onto Plate” (OOD) 6 8.3% 33.3% 8.3% 33.3% 58.3%
“Knock <object> Over” (in-distribution) 12 33.3% 25.0% 83.3% 75.0% 75.0%
“Knock <object> Over” (OOD) 6 16.7% 16.7% 33.3% 58.3% 83.3%
“Cover <object> with Towel” (in-distribution) 12 16.7% 20.8% 91.7% 41.7% 50.0%
“Cover <object> with Towel” (OOD) 6 16.7% 33.3% 91.7% 50.0% 50.0%
SEE 48.5+4.9% 43.44+4.7% 43.4+4.4% 43.44+4.6% 67.2+4.0%

Franka-DROID (15Hz) “Wipe Table” (in-distribution) 18 50.0% 27.8% 52.8% 25.0% 55.6%
“Wipe Table” + Distractors (OOD) 12 12.5% 25.0% 16.7% 16.7% 62.5%
SFEY(E 35.0+8.0% 26.7+7.5% 38.3+8.5%  21.7+6.6%  58.3+7.2%

£ 8 BRI TEANES R . AR H L IR AT SR RE
WHRUE SR | R 2 RSS9 0 LoRA, r=32 LoRA, r=64

Franka-Tabletop (5Hz) “Put Carrot in Bowl” (in-distribution) 10 90.0 40.0 40.0 90.0 60.0 90.0
5 40.0 0.0 40.0 0.0 60.0 40.0

“Put Carrot in Bowl” (OOD) 5

“Move <object> onto Plate” (in-distribution) 12 79.2 33.3 50.0 75.0 75.0 62.5
“Move <object> onto Plate” (OOD) 6 41.7 33.3 58.3 41.7 75.0 66.7
S 69.7+7.2% ‘ 30.3+6.1% 47.0+6.9% 62.1+7.9%  68.2+7.5% 68.2+7.8%

C BridgeData V2 ¢EfipiY) RT-2-X 5 OpenVLA Lb#s

AR T # BridgeData V2 #Pf L RT-2-X 5 OpenVLA R A40T. Q0w fTik,
OpenVLA ¥t RT-2-X K[ OpenX a4 LI, H6 @& SigLIP-DinoV2
AL T M 25 T B e gD % o« FRIX 2K b, OpenVLA F£ BridgeData V2 #1fli iz
FF RT-2-X (W5 3), WIET X} Bridge Zidiise s i AL .

JF% OpenVLA BIAUE;, FATARIREL BridgeData V2 WS L2 2E (TL#lE) 2h
VEFER . BN, B4R S8 — I TRE A 2 E IS B . L, A4
P P A A L A SR A A A LI 2R e AR BRI VLA BEAY SR 245 ST & 3 1
HAEPEAE IR . Y%k OpenVLA B K TR uBFR 4 5 m i 86— N e, BIRTAEZ UG 0L T
GRRATHAT N o

RT-2-X I 51 A R B X Fh i AL B, (R b5 N O B A i i A 8, B4
WO E R AT, M E BRI HLE . RT-2-X R LA, Jovk WA B 5
BridgeData V2 $HEEE ISR HEMxIE, RATEBRARBIIN F =T ashiE, Bh
ATREENEMEAE 2 NS, 148 W] BESNEI # A2 . RT-2-X JF & EHE Open X-Embodiment
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