From Motus to Embodied Intelligence
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Motus Architecture. Here, a; . .. a¢+x are actions, z; . . . z.+ are latent actions, and 7, and 7, are the rectified flow
generation model and the action expert, respectively.
1-1 Motus Z2#3: video generation. action, understanding =1 expert @i Tri-model Joint Attention 3Z#{5 8., FE: Motus £,

Motus X Mixture—of-Transformers, MAZILRA token HHREH—

HWMASHE
Elf%. BSENEX token

IEXRARE L

Qwen3-VL-2B BIREXTRI token,
BHEEET Transformer block

Expert

Understanding expert

noisy future-video latent | video
velocity

Video generation expert Wan 2.2 5B

5 wan 1HEFRER) Transformer
action branch

state/noisy action | action
velocity

Action expert

BERBREFEREBECSHNA—. Q/K/V &M FFN &5
¥, =F&IREFEXIE joint attention PRIBERE, BHIMEA—EITE, A5

Qm = HmWén’ Km = HmW}(na Vm = HmW{/na
Ka = [Kv;Ka;Ku]a Van = [%;%;Vu]a
~ QmK)
H,, = softmax| ——— | Vau, m € {v,a,u}.
( Va { }

| 1.3 Motus BRALTRIESEHNER
RERE=

. understanding expert EHEMEZRRESZTEFIEX? X
action expert W{Af{[E1Y3? Xi@@ BC. action chunk. Diffusion, DiT 5 flow matching;

1
2.
3. video expert AT ABEREENEHI? X @@L . world model, IDM 5 WAM;
4.
5

™ expert
M@ ViT. DINO. VLM 52iE5HE;

%78 action label BIRST/EREF N action expert? Xi@[G latent action S5aTFHR;
. = expert EUBMIBER? XBaiEEFE. HEMBAREIITT;
6. RIFFE I SIS LRA? Xi@@ RL. AL FMELEUE T,

SH, UREBIES"“ERIN “EHNME” 58

KEEHEZMW Transformer:

ERWMES R4

IR, 152 TEXRAMIRIEX

YA, RS EE ARt

HERELE action chunk

HETEHERER
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2. 5—4% BHIEBEHM: understanding expertf Z1ESE &E

| 2.1 Understanding expert $ciBELEH RITRY token

NN IB RS2 B RIBR. Vision Transformer $$E1& I € REWXC g5 P x P patch, 185 N = HW/P? 2%
token:

Zp = [:ccls;aczl,E; ... ;:z:;,vE] + Epos.
BIFENMEEEIL token [BIXR:
QKT

dy

Attention(Q, K, V) = softmax ( + M ) V.

Attention as content-addressable information routing

 EE—
Input tokens Q=XW Q
image patches project each token Afﬂmty
language tokens ) QKAT / sart(d_k)
robot state + mask + softmax
— Output
K=XW_K

contextual token
project each token representation
N~ s

—_—— Read values
V=XW_V weights x V
project each token then output projection

—
Robot policies use masks to encode directionality: observation -> action, history -> future
B 2-1 EGRIEFM attention: 5. 1B . IASSEE token BT mask MM BRBAZLATHITHSRG XA, BFHH,

| 2.2 EX. NAMERTEE—MHAREEN

“EMTERIEXRR, “WEBA ERBE/LE, “RMESEEME"ERBRENFMNRE. —TMIRERERIEXERES
HEIRY, RAEMARAEASTELH:

RAEKR I IHHAMESHINE BEERMTA

DINO / DINOv2 MRS HEFRE BLE, SRIRFIE R BUNSHENRE

SigLIP / CLIP 2 Shr e pas BB EFAERMEXSE BHAESHNF

Video encoder BEHSHE RBERD. . BETR FEFALARA action semantics
Depth / point cloud 23 3D J1a HMERf22 ., REBRIFTAML BEBXSMERREL
Proprioception / tactile NI 1 FlErERMAE. SHMRITRES RRIEX

Motus ### Qwen3-VL-2B {EJy understanding prior, 18X 3&IFEZT E]IEfE. 3D grounding 5EMIBES . 1BEME VLM BE/ER
BEMF, BEMAEEB TSR ANXTRA., EHMEMEMHASEE., XFEM VLM E| VLA REBEn—5,

| 2.3 VLA: iHES BT A AR ARE

VLA SRS K :

mo(aserm-1 | IV, gt £, hey€),

Hep [YY R206EE, ¢ 2RRRES, h EHLHICT, e FARNIZAKE, #3E encoder. projector, ZiEZ
backbone. state/embodiment adapter 1 action head H[EEEA1E X FI0ZEE|—1B{K action space,
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Q MLP Projector ] [ Llama Tokenizer J

“Put eggplant‘
in bow!” —‘ @Dinovz SigLIP I

1 t

Language Instruction

“What should the robot do to {task}? A:"

2-2 OpenVLA: DINOv2 5 SigLIP 451F£2 projector ¥ Llama 2, FBiE 7D ShEE &N token, 3E: OpenVLA IRE,

i) MBS RH MERIA ERBRTHA B34 Motus BY[E)RR
RT-2 AHE VLM action token EMTTESGFRBRNBARS  EEESERREER
fE2
OpenVLA DINOV2 + SigLIP + Llama 2 = 256-bin & action token  FFi 7B VLA 5EESHIA BEEHATIRHEERR M
RDT-1B ZESEMN diffusion Transformer WE ZUEELENES AR HEERERAREM D
action space
) FZR VLM flow-matching action 1EX backbone 5&ELEELE  world dynamics {hEERE
expert BES policy KIER
Motus Qwen3-VL + Wan video flow action expert R, NS EERREEE Z—ilERASESTFINEM
prior

3. BIRE: tMEFRR—TER, ME—IRAITTARE

| 3.1BC Bi2E, EHIKMMRETERR RGN
Behavior Cloning fERSBEUE D = (04, 4, ar) E&AMEIELIA:

0 = a.rgma.x]ED log mg(at | o1, £).

*%Him'%ﬁﬁi’ﬂ1ﬁ$ﬂ MSE %, FMTESTaEENERFMIE, WEREMERR, BEF—FMNESR. —FME%, 9E
BEIESTIE LRERSY). BC RBE_TEMMEEE: JIHZRAERRE, MERNMWIRESEN[ATIBEI M2, EER
iéL EZ2M,

| 3.2 Diffusion Policy: MR BESH El— &I
Al BB ESE ARSI a0 i

a(a* | ") = N (vaa', (1 — @u)1),
WHERAEERR , EETRSEY ¢ THNES

Lovew = By [|e — eola, k)|

EHEMNSHIREFLER, REXFSIAZERDE, TEBINENMNEIREATERN, MUEEREA MFLOSR"S5 “Maild

&7, MARmEmEFY,
Q Gradient Field
X 1orvy Wy
: @
Diffusion Poli ey 05
VE(a)-- :
Y ! i |aces=
icg(0,a)i s :
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0 05 00 05 10 @ B = 0=, 10
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o
(a) Explicit Policy (b) Implicit Policy (c) Diffusion Policy

3-1 Diffusion Policy BIZIEHTS AFHIT. KIR: Diffusion Policy,

mpllt Paiey
a.rgmm(E)

Diffusion Policy LSTM-GMM BET IBC
3-2 £ HER A REBZ P EIEREN, BR85S EERBRTIXE, FE:
Diffusion Policy IRE #1434,

Diffusion Policy B AR BL# receding-horizon control: BTN Hy, 5, RHITRET He &, AREEGHRIUBE L.
B =1 horizon: observation horizon H,. prediction horizon H,. execution horizon H,, H, j(-ttAB:p{EEfi’iqy)
R, RIENIEINEEE DS ERNES,
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| 3.3 )\ DDPM, DDIM % Flow Matching: $3{+% Motus Fiiilll velocity

DDPM XA &R ERME, DDIM AR EREMNREREHBDTE; MEBBERES noise. score 3§ clean sample 241t
Flow Matching BE1&% > MIEE D mEEIES MANEER:

ar = (1—7)ag+ e, ur = € — ay,
da
dr
HIERTH ODE solver RO EE, MH88A action chunk 3Ri#, Flow Matching BIIRS| AETEENTEE . RBEIIGMERD
KESHESN; mo 5 Motus #EIXFKEEL&ME action expert,
DiT MIEEIREZM U-Net 258 Transformer, EHfEFFIRARE token 7T, Transformer BETEEED chunk AEEX TS, W
BES KRN, timestep., IES5 MR RMEE Y AdaLN. cross-attention T§ joint attention £\, Motus B action
blockf & rectified—flow timestep AdaLN. FFN #1 Tri-model Joint Attention, Bt “THEEHEIZ”S “ThIEIZEUILEMST/ 15
EERER—BARAL.

4. B=IXE: £ WAM ZRi, ATEHHE KRR ZEIRE L

Lry = E||lve(ar, 7,¢) — uT||§, = vg(a,T,0).

Motus RERALIM 1 —RRABLEXELS

BRBEABRA—TESIHRO > ES—MEEBLET—REE -

s N\ e N e
HIERE BC / ACT Diffusion Policy OpenVLA / RDT / 1t ]
| J/ | J/ .
- N - N -
bbbl UniPi VPP Vidar + IDM ]
. J . J A
~\ 'd ~\ 'd
fEanfE LAPA AdaWorld UniVLA ]
J/ A\ J A\
=RBEDHNETHA? Motus / WAM
ETEIEE | MR EMIEREE R SRR + HRIUA + BhfE
HEFZHARREHS D

ST © RRAIE » B IDM SHBTRESRE
FREDIE - BEIZTAREANSN - (BRI PHRMES ATRATIEREISMIR
WAM BT : XS REEERILIXEM RERTR - MIFRL Tt

4-1 =&AL World Action Model: E#%5EES. FSRFXIN IDM. latent action, 4,

| 41 88— EIEHEE, ERREBESHE

BC. ACT. Diffusion Policy 1 VLA #Ei&%>] 0, — a, RERTHIBEESE D, XERLABERE. HIEBEHRHIE.
OpenVLA #¥&EISENX, RDT A diffusion RAXERNE, o A flow matching £ BELE chunk,

| 4.2 BB SEARMSTITR, B IDM BUBEE

UniPi BN RS B S SRA R : SoE B RS IR, BMMETARBUZEHIEE. XTRBIEETE. B action
space BTG —RBGE=IE).

Mg, VPP A —EIERBAMMENZRZ MY, MaF By BuEEINSERM predictive representation, @iIfRt IDM ZEI1E;
Vidar R EBMIRIIZMST diffusion YEJ9 generalizable prior, B masked IDM &E B4, FF action-relevant mask
MHBERFH.

XEBRANERER:

VGM IDM

~ ~

(08, €) — Oty 18+ — Gy H-1.
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ENRBEARRATNMN. EERETHIERENN; ENNRDREXSEHE: MR hallucination 2&4 IDM, M58 EAEMEIZEX AT
BEX N A EHEH, RAERES SR FREIRTE.

| 4.3 BA&=: FERVAEIETHENIE, %23 latent action

LAPA %F VQ-VAE X4& quantizer MIBSBIIZE S EHY latent action, FHilll4k latent VLA RIBHRIVUNFIES FUN latent
token, JEA/VEFHESE action IR ABIETA action finetuning,

O
gL o

Pick up the milk and
Codebaok of Latent Actions the water bottle put it in the sink
1. Latent Action Quantization 2. Latent Pretraining
Latent Action Pretraining » Action Finetuning

4-2 LAPA: action quantization. latent-action pretraining, ESE action finetuning, j&: LAPA X,

AdaWorld 3F &R world model #1 latent factor #Z%&8; UniVLA 7£ DINO feature space %3] language—conditioned.
task—centric latent action, HEINHSESTXNESMAAEL.,

| 4.4 WAM: IEAMSARIGHEMRKE R RERMBE S

World Action Model #t—#%3]:

Po(0t11:4+ 1, At 11 | 01, £)-
PSTIEMERABNEH S ERNE, sERETHTEMRESR grounding, Motus FB= expert. 3XAt[E scheduler 1 optical-flow
latent action i—HMRMHED ?‘E LingBot-VA &R R ENEZES AMHIT; DreamZero MABIFRIIZRANSA diffusion H
KB RK video/action, Hi@Eid RS IEEH TR FIER,

2:853 FERE RRFANRE BRI

Direct VLA robot action BRI STHTIRE AT AT S STRI A IR
VGM + IDM future video + /& action TR BEARE TITRES IDM IRZEHKEX

Latent Action frame transition + & action HEEHRR latent REJPHAS AT HAT

Joint WAM video + action + language B ARFFMEEEAR ZBIT. ITEEMARIER

F5XE, Motus B video expert 5 action expert It AREERERET ., BEEMD expert A5, HEMISTIFSEX<TA
FRIFUZE, WENT—F, BUE—EMNGREBEEEHIZE BRI,

5. BIRE : ZBNMEMREZRIMIN, B S action expert

| Motus BIEIZ: T optical flow H{E pixel-level delta action
B4R Z [B]8Y optical flow ¥IRGETE, EAZTFHRANE, {BLEFEIER RGB EERIA“ME LA TIEE)" . Motus Y

latent—action 2

(frame_t, frame_t+1)
-> DPFlow optical flow
—> RGB-1like flow representation
—> DC-AE: four 512-D tokens
-> lightweight encoder
-> 14-D latent action z_t
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DDOOD]

( Encoder

latent action

( Decoder )

OO0

( DC-AE )
v

’ ~

5-1 Motus Latent Action VAE: DPFlow 12EXJ¢iR, DC-AE E4EEMETE 14 4 latent action, EJE: Motus 83X,

14 HERFEEE WINE action B, @“Z’EE’FHW”T KRE—HERATNENXT ., 1I8XH 90% Finssni flow
reconstruction, FEEA 10% & action FELIEAITHNE, EFEERENSARTEHN AnyPos MiEH task-agnostic R E
. Binn:

L = Lrecon + >\a||areal - apred“g + BLkL.

BEINLE latent {REBIBEA, action alignment IEERIAAIHITIEGHI D, KL IMARESTE, X, action expert TEIFEZRIE
PRl ER ASRIB AR, tHEEMAZESN. EEBMNASIFI S AT PTG SehalagE”.

6. BR % : SCALING LAW! ENIET7EMP

| 6.1 Motus MIEIERFIE: #ME Lis), thiligin REIEH

Target-Robot Task
Trajectory Data

Multi-Robot Task
Trajectory Data

Task-Agnostic Data

Synthetic Data

Egocentric Human
Videos

‘u)',WMNM|Eg Web Duta

WiKiPEDIA

6-1 Motus #UESFIE: M web data F target-robot task trajectory, ¥E#E. ITHIMAFXE#HIL, SE: Motus i8X,

B& HEIRE EERMAITR TERMRMT2
L1 Web data XA, EX. BRI BX. B WRETZARER BTtz A

L2 Egocentric human video FE—MAANLRE FWRE., EH5IRE. R Hl.88 A action label
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B& HERNE FEIREMSELR TR IR BT A
L3 Synthetic data HEMSNS Hk AHERENE . KEGR. RESAEE SEEAETEMS ERIGE
L4 Task-agnostic data FENN AT {TEHIE. play data action space BE. AAM. EXn) PAEWESHINENX
hE
L5 Multi-robot task trajectory EZNIVIE] BB ARBES ESRR B A ABIRITE
L6 Target-robot trajectory SR YN ¢ %% kinematics, M. BNSEE AFUEFMERER
O

| 6.2 ZMERING: S—MERRBRT—EEH

FiER {EFREE BERHR X—MEREEZMA
Off-the-shelf priors L1 Web data £% VLM, VGM BRAE XS E R ST
Stage 1: Visual Dynamics L2, L3, L5 RER VGM IEBRASTREL N R 1EE, 2

plausible future

Stage 2: Unified Latent Action L2-L5 =1 expert, VLM HK&: A latent action 1EMSTOEEHEN
action expert

Stage 3: Target SFT L6 =" expert + true action 487E Binil g3 AR kinematics 5
action semantics

| 6.3 EAKTRRE padding, TEMIEIEXIFT

TREIEERN action AIEERXTHME. XTRE. RigBLNUE, RintGENNE, EMEKELE 14 %, LIEAFTENE
RUBRML. AARRFZHSRER, — D rlIZRVEIE schema EDFE:

episode_id, task_id, embodiment_id

timestamp, camera_intrinsics, camera_extrinsics
rgbl[view], depthl[view], proprioception

action_raw, action_type, action_frame, action_units
control_hz, gripper_semantics

terminated, truncated, success, intervention
calibration_version, preprocessing_version

BZRMK action adapter FEENAEE mask, 13—, fEfERn~. ZAEINFF embodiment token, RDT #Y Physically
Interpretable Unified Action Space. Motus f9 optical-flow latent action, K& embodiment—specific decoder, XER=FTF
Bk —EXYIBHE. RARAZENRETE. FREBANEHERE,

7. BE: EmHE

| 7.1 }91t4 SFT BIHBERL
BC MALIIRINEDTE daata(s) THIEIEIZE, BPEMRESRERBECHDT da(s):
Eondgo(7(8),0*) %  Eoug £(7(s),a*) small.

MR —RMEARRE, AREL F—MHEINGEFMRDIHIFIMEAE . DAgger BEIELILE LR, IRELIERNERS/ X
TomE;: RL WAWRGIRYE reward, MINMES. BEFRALFM, MABRITHNKERS

| 7.2 Q-learning: FcIRAR “ThiE 2 SRR FEME”

SEBE 7 B9 return. state value 1 action value EXJ:

Gy = E'yerk, V"(S) = Ew[Gt | 8t = 8],
k=0

Q" (s,a) =E;[G; | 8t = s,a; = a].

Q-learning —7# off-policy temporal-difference control 75i%: EEZRZFIRMMIENE Q*(s,a), 7 Bellman
optimality backup &I “PATENE a &, RFELBERBBMAENIERAYEBEIIR", 85 target 7:

e = e (1~ di™) max Q(ara, @)-
a

AP E-TEERRE X
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o 1y EHAIIFELFRINESIRE:

o Q(st41,0') REENTRSARREIRAIET

o maxy R N —HIRGANERBEERENENDE;
oy REARFKRIRITO;

o dim QEMIFAEIFZIRERRNEES,

X bootstrap 35 target R G FEE % episode HIEL return, T2 HRIMEMRLIT Q(st41,a’) REBKRRENFRE., TiE
SREARMEER, AtHRRBE. TfEITH moving-target instability, target network., Double Q. replay buffer S REFTEERR
XLEE R,

AJ(E] EPR truncation SIMEZIE termination FREERRN—K., MFIEE. B AEATHRERSETF termination, Rk
MEMNRZE; rollout ERER ORI HERTEE RE truncation, IIEARRIYREE, target —RR{IAL bootstrap, KA HATEIFRH!
EEMBESIKSHEVWEXN—BoR, FTRIEEHEERILE,

| 7.3 EEMBASNERH M Actor-Critic, PPO 5 SAC

MWEEELASH, HiFTE max, Q(s',a’) RENM. Actor-Critic F actor mp LERIENIE, A critic Vi 81 Q4 iHfhEh
{E. advantage T “X T pfELE HEDIASHFIDEIZFGF S D7

A"(s,a) = Q"(s,a) — V7"(s).
PPO H clipped ratio BR&I— R RIS EFIRE:
Lppo =E; [min (rt(B)At, clip(r4(0),1 —¢,1 + e)fit)] .
SAC =& off-policy maximum-entropy 7574, H critic target AJEJy:
ye = s + (1 — di™) [miin Qi(s+1,0") — erlogm(a’ | 3t+1)] .
PPO EA&AIMEHITIHEF on—policy EFr; SAC 8EE M replay, ESELIREMEELIE Q overestimation., BLLEIED b

IEFIESIALBR AREER AN, X VLA 8 diffusion policy, actor A—E=EREGEL, EBAZ action—token RE!, flow
action expert EEL chunk 4 RL2S; critic WEZRIHITFMEL action TE2E chunk, HAME reward FEIRVAA,

| 7.4 ETNBAERERNELE: T, REFSBESE TR
EALMBEHER R RREET RS REN . BUINIIFE:

pretraining — BC/SFT — deployment failures — intervention/preference/reward — policy improvement.

HG-DAgger 5 Fleet-DAgger FAATIZE ZH2RA fleet WEDIMUIE; RLIF £ intervention signal &XG{EA reward, X
off-policy RL %3], ARIFHREEBIRMTFINE; SOP IE fleet. =i learner MELFIZER RS From Prior to Pro /
DICE-RL MM RL ¥R ESEMI prior WHER S RINZE expert policy KI5 TE,

Data flywheel: imitation establishes competence, interaction repairs the policy

Pretraining / BC

representation
action modeling
multi-task mixing

losed-loop rollout

success, failure
latency, contacts
OOD states

Demonstrations

teleoperation
human video
simulation

Feedback

Post-training intervention
preference / reward

DAgger / offline RL recovery labels
PPO, SAC, RLIF
safety constraints

Real-robot RL is usually a constrained post-training stage, not random exploration from scratch

71 EETRRS: BRE . RMOE. ATIRE. LIRS RIEEMHLEMEL post-training, #ELEHI,

| 7.5 Motus 5 RL 93 Z b ikt A

Motus IEXHIEEINEERE S foundation—-model adaptation. latent—action unified training # target-robot SFT, BEARGF
FT—1 RLEiEZ. MNRAGARERDHESEETES AN, ENBBRMCHREIRT, MARIEXELIRNLL:
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1. action expert AIfEA#IAT actor, BRENMERE;

2. understanding/video features Ry critic 3 reward model 2RSSR T

3. video expert EI4 A} imagined rollout, FEREIRESE;

4. intervention. success detector 5 VLM preference AIF=4 post—training 155,

B AHIXEEE model bias exploitation: critic AJRERE video expert RH AR . ANEETYIBRRRETITAIHE, BREENR
5EE rollout Bk, HIFEISRiEm. AREM. MSAEIE—EEF OOD K.

RLILRZREB AR, ERBELNBEEVDRIZFEADET., —THRARENENNS, SENTETERMHREMED X
BIHE. SREMY—R. B—BARRE.

MR A: BREEZIAEILX
| A1 ER55—284

1. Motus: A Unified Latent Action World Model
2. UniDiffuser: One Transformer Fits All Distributions

3. Understanding World or Predicting Future? A Comprehensive Survey of World Models
4. General World Models Survey

| A2 M3, S5 VLA

1. An Image is Worth 16x16 Words / ViT
2. DINO

3. RT-2

4. OpenVLA

5. mg

6. RDT-1B

7. ACT

8. H-RDT

| A.3 ERRENE

1. Denoising Diffusion Probabilistic Models
2. DDIM

3. Classifier—Free Diffusion Guidance

4. Latent Diffusion Models

5. Diffusion Transformer

6. Flow Matching for Generative Modeling
7. Diffusion Policy

| A4 MSAKEE. IDM 5 latent action
1. UniPi

2. VPP

3. Vidar

4. Vidarc

5. LAPA

6. AdaWorld

7. UniVLA

8. AnyPos

| A.5 World Action Model 554584

1. Motus
2. LingBot-VA / Causal World Modeling for Robot Control
3. DreamZero
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https://arxiv.org/search/?query=Understanding+World+or+Predicting+Future&searchtype=title
https://github.com/GigaAI-research/General-World-Models-Survey
https://arxiv.org/abs/2010.11929
https://arxiv.org/abs/2104.14294
https://arxiv.org/abs/2307.15818
https://arxiv.org/abs/2406.09246
https://arxiv.org/abs/2410.24164
https://arxiv.org/abs/2410.24164
https://arxiv.org/abs/2410.24164
https://arxiv.org/abs/2410.07864
https://arxiv.org/abs/2304.13705
https://arxiv.org/abs/2507.23523
https://arxiv.org/abs/2006.11239
https://arxiv.org/abs/2010.02502
https://arxiv.org/abs/2207.12598
https://arxiv.org/abs/2112.10752
https://arxiv.org/abs/2212.09748
https://arxiv.org/abs/2210.02747
https://arxiv.org/abs/2303.04137
https://arxiv.org/abs/2302.00111
https://arxiv.org/abs/2412.14803
https://arxiv.org/abs/2507.12898
https://arxiv.org/abs/2512.17661
https://arxiv.org/abs/2410.11758
https://arxiv.org/abs/2503.18938
https://arxiv.org/abs/2505.06111
https://arxiv.org/abs/2507.12768
https://arxiv.org/abs/2512.13030
https://arxiv.org/abs/2601.21998
https://arxiv.org/abs/2602.15922

From Motus to Embodied Intelligence

4. RISE
5. Act2Goal

| A6IL. RL SHBAGIIL

1. DAgger

2. HG-DAgger

3. Fleet-DAgger

4. RLIF

5. Precise and Dexterous Robotic Manipulation via Human-in—-the—-Loop RL
6. SOP

7. From Prior to Pro / DICE-RL

| A7 BiES I
1. Open X—-Embodiment
2. RoboTwin
3. RoboTwin 2.0
4. AgiBot World Colosseo
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https://arxiv.org/abs/2602.11075
https://arxiv.org/abs/2512.23541
https://proceedings.mlr.press/v15/ross11a.html
https://arxiv.org/abs/1810.02890
https://arxiv.org/abs/2206.14349
https://arxiv.org/abs/2311.12996
https://arxiv.org/abs/2410.21845
https://arxiv.org/abs/2601.03044
https://arxiv.org/abs/2603.10263
https://arxiv.org/abs/2310.08864
https://robotwin-platform.github.io/
https://arxiv.org/abs/2506.18088
https://arxiv.org/abs/2503.06669

