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Abstract: Endowing embodied intelligence on the device side shifts large embodied models from cloud—based remote inference to on—
device closed—loop execution, serving as a crucial system foundation for robots to operate in real physical environments. Two representative
model families—vision—language—action models (VLA) and world—action models (WAM) —introduce high computational and memory—
access overheads through multimodal perception, diffusion—based action generation, and world model rolling. These overheads create a sys-
tematic contradiction with the requirements of end—side hardware, which must support 10—-100 Hz control frequencies, operate under lim-
ited power budgets, and maintain reliability despite unstable network conditions. To address this contradiction, action success rate, closed—
loop latency, and energy efficiency are adopted as the joint optimization objectives. Algorithm—system co—design strategies are proposed,
centering on few—step generation, action—aware compression, cache reuse, asynchronous chunk execution, and specialized runtimes.
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13.2%; WAM PR BEEAERE /Ny 1) RS2 5332 Ry
fiE, FIFAR A 65.8%, HCISE 2% iy 2225 F M i JsL iR 55 0
ToRYUE . TIE TRV SRS RS, 535w 250
WE TR, B4R T RE-R -0 R U A i v e
WFFE I

1) VEINE ALy g ) HL (14 sty B M BE T DU FE AR A 2R o
— OIS LAERR A R R A EE T 2 AR L B AR R P
AP 32 0T P AR G KA R B B 2 5 B REFE b, B HL&
FEE R o X HRFRIE A 2 2 ) A0 3R 5 Bl D 38 22 ]
RN G CR, WA WU -SIVERI A0 N A SERT v S hE
R, R ME AT 80de 5 1 ) B AT 55 i Ak . AR SCIA
. R R A R 0 R SR AR R, KA A
R ERIIR . uhE G I S P I RERGE TS s M
APENSEAT, RS S R )ZM T e B s ny fi ik
H bR 55 0T B i e

PGB | 53
2026 EE8 A 5532554 Aug. 2026 Vol. 32 No. 4



RS SEBEERS ik SRE

\\\\\\\\

RS =5

B : SAFATE(30 Hz+ BV S S ESEECRIES SRR
eS| Elnid SRIDEII
B ERE/MNENEBNS BSRASEAAREN B VLA SDITHSATERTE
HENTSHTAR
I REAB . R R EEN RS EE
KRSERGE P —— BESHEEN P BEEes
=hyntd Z5 A [0Iaxlintd
mAEE R <)
LERHEESIT HEIBRY AT FREEN R TWERINE
DiT: ¥ Bl Transformer VLA . flTi1E2=-5)fEiRfl

4 BERGURHEL

2) RkJE: PiafEmc o AR e S R4 . B
ERPIENE, IR Z RIS A P ISy . XU
BRAY VLA SifE L om = , Was EEOR AP : —eE
WEALRURSR 2D, ol R LR AR AT o S 22
FER DR SR ZBR A WAM A2 i, D0l oz v /b o ff
EMOLEL, TRARRAS R AERE , PR H AE B LA 5 )oK
BRI AEAS SRR AR AS . Iy &
AFEAR R NAE b ST A B E X, HA
B HAE VLA/WAM BRI B AR, HRZ i M e ME
AR B R 2 AT B bR SR, TER ST, 1%
Zet/ NIRRT HE R S AL 2 B LSRR
AR B FRSPEANEEI (R4 S5 R s 6
v%, MAMOHE R SR T

3) RGRE: LB NS ZEAPE . M, LA
Sz T (n vla.cpp . realtime—vla) WAbTFE LB,
ZRCIHLERE AT HIEAE 9 BB 3 S e I R A AL 5 |
B, 2 X R L R S - SR P R A B X PO
o AR B IEACR 5 HAEHSE CPU, GPU, NPU L
SLPRPATRCR Z AT AE B 22, o 2l e Bk - R e
JEURI B R/ NX— 2. S3—Jr L, sl RS A
A (LB RARL, B I fr ks (OMND) =AY H 52
HOREEA, TIA TAERZ G BRI T 5. IR
55 5 H AT AR A A R A s O 5% I L S BB R 5 54y
PAT, S RBEFE IR O R G R

4) W B3R VLA 5 DT i BB 4 sk 25 .
T 1) HL B A L AL P 20, HAZ O ME S T A IR
e K. VLA 15T 1T iR WAL, iy s
LRAVIAFZRB AHGZ LR, “HPITEAER B %

PRGEIEAR
2026 8 F 5532545 Aug. 2026 Vol. 32 No.4

54

QR 2 [ — i 25 RN W O P A, A 2
FrAENIH— R BB 5P B AT, RCRIA RS,

R, BART S, ZZEMFRA AR, (HEERA
KK
SEER

[11Wang Z D, Li Z S, Mandlekar A, et al. One—step diffusion policy:
fast visuomotor policies via diffusion distillation [PP/OL]. arXiv
(2024-10-28)[2026-04-09]. http://arxiv.org/html/2410.21257v1

[21Su Y F, Liu N, Chen D, et al. Fregpolicy: efficient flow—based
visuomotor policy via frequency consistency [PP/OL]. arXiv(2026-
02-18)[2026—-04-08]. http://arxiv.org/abs/2506.08822

[8] Heeg S H, Du Y, Egeland O. Streaming diffusion policy: fast policy
synthesis with variable noise diffusion models [PP/OL]. arXiv
(2024-06-07)[2026—-04-09]. http://arxiv.org/html/2406.04806v1

[4]1Ji K'Y, Meng Y, Cui H Y, et al. Block—wise adaptive caching for
accelerating diffusion policy [PP/OL]. arXiv (2025—-06-16) [2026—
04-08]. http://arxiv.org/abs/2506.13456

[5] Black K, Galliker M Y, Levine S, et al. Real-time execution of
action chunking flow policies [PP/OL]. arXiv(2025-06-09)[2026—
04-08]. http://arxiv.org/abs/2506.07339

[6] Liu J M, Liu M Z, Wang Z Y, et al. Robomamba: efficient vision—
language—action model for robotic reasoning and manipulation
[PP/OLI]. arXiv(2024-06-06) [2026—04-08]. http://arxiv. org/abs/
2406.04339

[71Vasu P K A, Faghri F, Li C L, et al. FastVLM: efficient vision
encoding for vision language models [PP/OL]. arXiv (2024-12-17)
[2026—-04-08]. http://arxiv.org/abs/2412.13303

[8] Park S M, Kim H M, Kim S W, et al. Saliency—aware quantized
imitation learning for efficient robotic control [PP/OL]. arXiv(2025—
05-24)[2026-04-08]. http://arxiv.org/abs/2505.15304

[9]Wang H Y, Xiong C Y, Wang R P, et al. BitVLA: 1-bit vision—
language—action models for robotics manipulation [PP/OL]. arXiv
(2025—-06-10)[2026—04-08]. http://arxiv.org/abs/2506.07530

[10]Liu ZY, Chen Y Q, Cai HY, et al. Bridging the semantic—action

gap in visual token pruning for efficient VLA inference [PP/OLI.
arXiv(2025-11-20) [2026-04-08]. http://arxiv.  org/abs/
2511.16449



RRER

[11]1 Song W X, Chen J Y, Ding P X, et al. CEED-VLA: consistency
vision—language—action model with early—exit decoding [PP/OL].
arXiv(20256-06-16)  [2026-06-08]. http://arxiv.  org/abs/
2506.13725

[12] Kim M J, Finn C, Liang P, et al. Fine—tuning vision—language—
action models: optimizing speed and success [PP/OL]. arXiv
(2025-02-27)[2026—-04-08]. http://arxiv.org/abs/2502.19645

[13] Pertsch K, Stachowicz K, Ichter B, et al. FAST: efficient action
tokenization for vision—language—action models [PP/OL]. arXiv
(2025—-01-17)[2026—04-08]. http://arxiv.org/abs/2501.09747

[T4]Wang S S, Yu R C, Yuan Z H, et al. Spec—VLA: speculative
decoding for vision—language—action models with relaxed
acceptance [PP/OL]. arXiv(2025-07-29) [2026-04-08]. http://
arxiv.org/abs/2507.22424

[158]Niu J H, Gu K F, Zhao Y C, et al. Realtime—VLA FLASH:
speculative inference framework for diffusion—based VLAs [PP/
OL]. arXiv (2026-05-13) [2026-04-08]. http://arxiv. org/abs/
2605.13778

[16] Xu S Y, Wang Y K, Xia C H, et al. VLA-cache: efficient vision—
language—action manipulation via adaptive token caching [PP/
OLl. arXiv(2025-10-21) [2026-04-12]. https://arxiv. org/abs/
2502.02175

[171Dai Y T, Gu H, Wang T, et al. ActionFlow: a pipelined action
acceleration for vision language models on edge [PP/OL]. arXiv
(2025-12-24)[2026-04-08]. http://arxiv.org/abs/2512.20276

[18] Tian Y, Yang S Z, Zeng J, et al. Predictive inverse dynamics
models are scalable learners for robotic manipulation [PP/OL].
arXiv(2024-12-19)  [2026-04-08]. http://arxiv.  org/abs/
2412.15109

[191 Zhang WY, LiuH S, Qi Z K, et al. DreamVLA: a vision—language—
action model dreamed with comprehensive world knowledge
[PP/OL]. arXiv(2025-07-07) [2026—04-08]. http://arxiv. org/abs/
2507.04447

[20] Guo Y J, Hu Y C, Zhang J K, et al. Prediction with action: visual
policy learning via joint denoising process [PP/OL].arXiv (2024-
11-27)[2026—-04-08]. http://arxiv.org/abs/2411.18179

[211Cen J, Yu C H, Yuan H J, et al. WorldVLA: towards
autoregressive action world model [PP/OL]. arXiv(2025—-06-26)
[2026—-04-08]. http://arxiv.org/abs/2506.21539

[22] Zhu C N, Yu R, Feng SV, et al. Unified world models: coupling
video and action diffusion for pretraining on large robotic
datasets [PP/OL]. arXiv(2025-04-03) [2026-04-08]. http://arxiv.
org/abs/2504.02792

[23] Ye S H, Jang J, Jeon B G, et al. Latent action pretraining from
videos [PP/OL]. arXiv(2024—10-15) [2026-04-08]. http://arxiv.
org/abs/2410.11704

[24] Zheng R J, Wang J, Reed S, et al. Flare: robot learning with
implicit world modeling [PP/OL]. arXiv(2025—-05-23) [2026—-04—
08]. http://arxiv.org/abs/2505.15659

[25] Liu K H, Hu W B, Xu J L, et al. Rolling forcing: autoregressive
long video diffusion in real time [PP/OL]. arXiv(2025-03-24)

RS SEBEERS : itk ERE R F

[2026—-04-08]. http://arxiv.org/abs/2503.18452

[26] Wang C H, Xu D L, Cai D Q, et al. PhyAl: real-time physical Al at
the edge, scalable rollouts in the cloud [PP/OL]. arXiv[2026-04—
08]. http://arxiv.org/abs/2608.03682

[271Yi R J, Li X, Lu Z Y, et al. mlim: fast and lightweight multimodal
LLM inference engine for mobile and edge devices [PP/OL]. arXiv
(2023-08-30) [2026-04-08]. https://github. com/
UbiquitouslLearning/mlim

[28] Cadene R, Aliberts S, Capuano F, et al. Lerobot: an open—source
library for end—to—end robot learning [PP/OL]. arXiv(2025-02-
08)[2026—04-08]. http://arxiv.org/abs/2502.05637

[29] Nguyen K D, Ho H T, Nguyen C T, et al. via. cpp: a unified
inference runtime for vision—language—action models [PP/OL].
arXiv(2026-06-16)  [2026-04-08]. http://arxiv.  org/abs/
2606.08094

[301Ma Y C, Zhou Y Z, Yang Y H, et al. Running VLAs at real-time
speed [PP/OL]. arXiv(2025-10-31)[2026—-04-08]. http://arxiv.org/
abs/2510.26742

[311 Su L. Execution—state capsules: graph—bound execution—state
checkpoint and restore for low—latency, small-batch, on—device
physical—=Al serving [PP/OL]. arXiv(2026-06-30) [2026—-04-08].
http://arxiv.org/abs/2606.20537

[32]Xu D L, Yang L Y, Liu R Q, et al. Fast on—device LLM inference
with NPUs [EB/OL]. (2025-08-06) [2026—04-10]. http://dl. acm.
org/doi/proceeding/10.1145/3676642

£ & & N

RS, LRBBAZEEE, T2HFSOEN
I BEREERYE; TEERISSEE
INB10RIA, RS2 IMNIFNRE; KT 60
Fheo

RR=, WRWBBAZEARE; HRIDONIH
MAENSESBRAY; TOIRISSEE
MB2I; RFEX 105,

PGB | 55
2026 EE8 A 5532554 Aug. 2026 Vol. 32 No. 4



