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Vision-Language-Action (VLA) Models
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Vision-Language-Action (VLA) Models
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Research Trends
% VIAS| ¢ ST2 ofB| 2fz (817 WHE )

Mol e-VILA

1A 1 ORION PomtVLA | 4D-VLA

. —
; . > VTLA | TLA GraspVLA
DexVLA VQ-VLA NORA CombatVLA

: AL e
RDT-18 [l DexVLG AC-DiT QOSSO VLA B o ive VLA ‘ MissionGP]
ForceVLA | DexGraspVLA | AMSTER | CoT-VLA  LVLAS] HiRobot )| Shake-VLA
“Orec / ) & d Al
e
A > | Humanoid-VLA UP-VLA (.5

—

3D Diffuser Actor L=/ SINONS I DeeR-VLA HiR'T

A
AVIX oh !
Mobility VLA ‘-\u“ OccLLaMA [ oy

CogACT

Cham-of: ord: LEO | Octo | RUM ECoT [LLaRA RoboMM

Instruct2ZAct : -
RoboFlamingo

SE(3)-Dittusionkields

—

9, Inner Monologue

%, /
,,,,,,,,,,,,,,,,,,,,,,,,, -.4,5,,,--,,,--‘,--.-,-.,- e e e
2,

Rein ’urc.‘uncnr-l-:

ased nn-Bﬂgc

Hybrid A re &G
Iid A hitecturey 444 Mukcip @ZAutore

and
Siyicis K . P o o4 a) Fusinn alt
- pecinlized Domain Aduptitions ang ApoTieT A radigyy In ey, e e dvancud \|u|u.\1m|.\\
a'ons oundation Models and Large-Scale Traming
agctical Deployment over Efficiency, Safety, and Human-Robot Collaboralion

Tt‘_‘.\&'l atial Unde estnding

Zhang, D., Sun, J., Hu, C., Wu, X., Yuan, Z., Zhou, R., ... & Zhou, Q. (2025). Pure vision language action (vla) models: A comprehensive survey. arXiv preprint arXiv:2509.19012.

Copyright © 2026, All rights reserved. -9- .{% D M Q /\




Introduction

Research Trends
%  VLAS| ¢ sT2 o

]
o

= o
C T ST D23 YIS SO VLA RO

Memory
for Long Horizon
Tasks

Copyright © 2026, All rights reserved.

A 2t (27 A )

Advanced Vision-Language-Action Models (Part 1):
Enhancing Visual Understanding and Reasaning

DMGA, Dpien Serminar 12026 05 O8]
BIES

Advanced Vision-Language-Action Model

u T X ~ =
WER: G 51E3

£ 2026958 8
(3 o9~
D =222l |2 AJH (YouTube)

MojLt HE 27| —

MOl A=l =82
aad M

2 forgetting 21 & 32 S 2T memory module 11 &= 2}
- ST S0 Chet Al E Ofsf & A%

@I gt CoT 78t reasoning

Efficiency

& DMQA



Introduction

Research Trends

. 787| 23 =3 A forgetting o4 & H7:'% 218t memory module 11 = 3}
- ST S0 ohct A4 ofsf & A K 2l A=l &
- MY BZZE Ioot AEE SO VLA 2Eol 22-d T

Memory Reasoning
for Long Horizon for Complex-
Tasks Decision Making

Copyright © 2026, All rights reserved.

Efficiency

& DMQA



Training-Free Approaches for Efficient VLA Models

Copyright © 2023, All rights reserved. -12- .':'. DMQA



VLA-Cache

Paper

% VLA-Cache: Efficient Vision-Language-Action Manipulation via Adaptive Token Caching
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Xu, S., Wang, Y., Xia, C., Zhu, D., Huang, T., & Xu, C. (2026). Vla-cache: Efficient vision-language-action manipulation via adaptive token caching. Advances in Neural Information Processing Systems, 38, 164448-164473.
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A-Cache: Efficient Vision-Language-Action
Manipulation via Adaptive Token Caching

Siyu Xu', Yunke Wang', Chenghae Xia'. Dilao Zhu', Tao Huang®, Chaag Xu'*
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Abstract

Vision-Languzge- Action (VILA) models have demonstrated stromg multi-modal
reasaning capubilisics. casbling direct action generation from visusl perception
and language instractions in an end-to-cnd manncs. However, their substantial
computational cost poses a challenge for realtime robotic control, whese rapid
decision. making is essential. This paper introduces VLA-Cache, 3 training.-free
inference acceleration meshod that reduces computational oveshead by adaptively
caching and reesing static visual tokeas across frames. Exploiting the temporal coo
tinuity in robosic manipalation, VLA-Cache identifies minimally changed tokens
beween adjacess frames and reuses their cached key-valae representations, thereby
redundant Aditiamally, to maintain action precision,
VLA-Cache itk\ln\l\ k-rel tokens that are
sensitive, ensaring the fidelity of critical visual information. To further optimize
efficiency, we introduce a layer adaptive token rewsing strategy that dynamically
adjusts e resse rasio based 00 attention concentration across decoder Layers, prior-
itizing critical tokens fos recomputation. Extensive experiments o6 two simulation
platforms (LIBERO and SIMPLER ) and a real-workd robotic system demonstrate
that VLA-Cache achieves up to 1.7x speedup in CUDA latency and a 15% in-
crease im coatrol frequency, with negligible loss on task success rate. The code and
videos can be found 3 our project page: Bttps: //vla-cache.githud. 1o.

1 Introduction

Leaming a robust and genenalizable policy for robotic sunipulation throagh policy leaing has
fong been a challeaging problem (1], with traditional reinforcement learning spproaches (2, 3] often
suffering from poor robustness and limised generalization. Recently, the rpid advancement of
foundational Visice-Language Models (VILMs) [4, 5] has demanstrated remarkable «capabilities in
muktimodal snderstanding and peacralization. Leveraging large-scale real-warld robotic datasets
6. 7], pioneering works [8-11] have introduced Vision-Language-Action (VLA) models, which
iniegrate vision and language modalities to directly generate robotic actions in an end-to-end mannes.
This emerging paradigm holds gress promise for enhancing the adaptability and generalization of
robatic cantrol sysems, but keaves a large computational demand.

To mitigate the extensive cost of VLA models, existing works ofien adopt generic acceleration
techniques, such as model 112} (13]. and earl 114]. Whiile effective
10 some extent, these methods often require architectural modifications or retraining, and more
impoctantly, they hick sask-specific design tailored 10 the intrinsic characeristics of VIA tasks. Asa

exporling audir

39 Conference oo Neural Inforssation Processisg Sysiers (NewIPS
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Overall Framework
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Table 1: Comparison of VLA-Cache’s core
token selection strategies on OpenVLA using
the LIBERO Spatial benchmark.

Method SR (%) T Latency (ms) |
OpenVLA 84.4 51.56
+ Static Token 74.2 31.03
+ Evict Task-Relevant  82.6 31.03
+ Layer Adaptive 83.8 32.22
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VLA-Cache

Experiments
< O2{7IX| 240 M VLA-Cache?| ‘d52 O{E7R
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Table 2: Comparison of different VLA acceleration methods on the LIBERO benchmark.

Success Rate 1 FLOPs Latency Control Freq.

Method (D4 (ms)| H

Spatial  Object Goal Long  Average ) (Hz)T
OpenVLA 84.4%  86.6% T15.6% 532%  15.0% 1.864 5191 4.23
+ SparseVLM 798%  67.0% T72.6% 394%  64.7% 1.407 83.39 3.72
+ FastV 83.4% 84.0% T42% 51.6%  T73.3% 1.864 53.28 4.19
+ VLA-Cache 838% 858% 764% 52.8% T74.7% 1.355 31.83 4.59
OpenVLA-OFT 978% 97.6% 97.6% 942%  96.8% 4.013 79.05 65.10
+ VLA-Cache 98.3% 975% 983% 954% 97.4% 3.097 62.59 78.98

Table 3: Comparison of VLA-Cache within the CogACT model in the SIMPLER environment.

Success Rate T FLOPs Latency Control Freq.

SIMPLER Method (T)L (ms) | (Hz)

PickCan MoveNear Drawer DrawerApple Average

Matchi CogACT 91.3% 85.0%  71.8% 50.9% 748% 1847 5429 12.42
atching + VLA-Cache 92.0% 83.3% 70.5% 51.6% 744%  1.496  39.63 14.66
Avercaation  COZACT 89.6% 80.8% 28.3% 46.6% 613% 1807 5354 12.36
Eereg + VLA-Cache  91.7% 79.3% 32.5% 45 8% 62.3% 1493  39.11 14.48
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Experiments
% AH|2 VLA-Cache= static token1} task-relevant tokens & 2272

Pick up the black bowl between
the plate and the ramekin and

place it on the plate. OpenVLA !
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AR

Pick up the black bowl between
the plate and the ramekin and
place it on the plate.

OpenVLA-OFT
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AR

Figure 4: Visualization of VLA-Cache token reuse across settings. (a) LIBERO simulation with
OpenVLA. (b) Real-world task under dynamic background. (¢) and (d) Main and wrist camera views
from OpenVLA-OFT. Blue: static tokens, Ycllow: task-relevant, Red: overlapping. VLA-Cache
reduces redundant computation and preserves accuracy under varying conditions.
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Experiments
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Table 5: Comparison of success rate on real robot tasks.
Method Success Rate T F:_.Tt;fs L.Eate;l? CD[}E@I}F[‘eq.
PickPot PlaceCube PutSausage WipeTable Average ms 1
OpenVLA 95.0% 83.3% 80.0% 70.0% 82.1% 1.814 64.16 4.02
+ VLA-Cache 90.0% 90.0% 85.0% 73.3% 84.6% 1.303 51.85 4.21

Copyright © 2026, All rights reserved.
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Experiments
< Hyperparameter0]| [[}2} VLA-Cache?| 452 {84 N2
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Method SR (%) 1 FLOPs (T) | Latency (ms) | Freq. (Hz) 1
OPENVLA-OFT 97.8 3.995 78.35 65.44

+ VLA-Cache (£E=50) 97.6 3.332 66.82 77.23

+ VLA-Cache (£=80) 97.8 3.226 66.55 78.66

+ VLA-Cache (E=100) 98.2 3.156 64.88 79.88

+ VLA-Cache (k=120) 98.0 3.109 62.99 80.56

+ VLA-Cache (E=150) 97.4 3.043 61.12 81.67

+ VLA-Cache (k=180) 96.6 2.936 60.46 82.51

Table 9: Varying the static-token budget &k (with 7=0.5).

Method SR (%) T FLOPs (T) | Latency (ms) | Freq. (Hz) T
OPENVLA-OFT 97.8 3.995 78.35 65.44

+ VLA-Cache (7=0.2) 95.6 3.384 66.93 76.74

+ VLA-Cache (7=0.3) 96.2 3.283 67.03 79.31

+ VLA-Cache (7=0.4) 98.0 3.204 66.38 79.79

+ VLA-Cache (7=0.5) 98.2 3.156 64.88 79.88

+ VLA-Cache (7=0.6) 98.6 3.131 64.27 81.98

+ VLA-Cache (7=0.7) 98.4 3.068 63.12 82.96

Table 10: Varying the relevance threshold 7 (with £=100).
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EfficientVLA: Training-Free Acceleration and
Compression for Vision-Language-Action Models

W Linfeng Z
School of Artificial Intelligence, Shanghai Jiao Tong University
ZHarbin lastitute of Technology
TXi"an Jisotong University
*University of Electroaic Science and Technology of China
* Anyverse Dynamics
© Code: hisps:/igitib.com/ Yantai Yang 05/Efficient VLA

Abstract

Vision-Language- Action (VLA) models, particularly diffusion-based architectures,
demonstrate transformative potential for embodied intelligence but are severcly
hampened by high computational and memory demands siemming from extensive
imherent and inference-time redundancies. While existing acceleration efforts often
target isolated inefficiencies, such piccemeal solutions typically fail to balisticalty
address the varied computational and memory botilenecks across the entire VLA
pipeline, thereby limiting practical deployability. We introduce Efficient VLA,
a structured and training-free inference acceleration framework that systemati
cally eliminates these barsiers by cobesively exploiting multifaceted redundancies.
EfficientVLA synergistically integrates three targeted strategics: (1) pruning of
functionally inconsequential layers from the language module, guided by an anal
ysis of inter-layer redundanci
thre

compttionalrdudancy witia the erative diffsion-based acion bead by srate
gically caching and rewsing key intermediate features. We apply our method to a
standard VLA model CogACT. yiclding a 1.93x inference speedup and reduces
FLOPs 10 25.9%, with anly 2 0.6% success rate drop in the SIMPLER benchmark.

1 Introduction

B\uldmg opon xcvances i kol g fom ol iegriog visiom md I
n-Language-Action (VLA) models enable transformative embodied intelligence.
Ther sems, such as OpeaVLA [6]. CogACT [7], =, [8] and RT-2 [? }, directly translate muhtimodal
inputs into executable actions, successfully tackling complex robotic manipulation and reasoaing
tasks wsing large-scale datasets [9, 10). Many cutting edge VLAs couple a Vision-Language Model
(VLM) for scene and instruction parsing with a diffusion model to handle mubti-modal action
distribution [7, 11, 12, 13]. Howeves, the significant computational and memory overheads of these
Diffusion-based VLA architectures during the infenence time pose critical barriers to their peactical
deployment, particularly for real-time interaction oa resource-constrained robotic platforms.

Diffusion-based VLA architectures typically comprise 2 vision encoder to extract features, a large
language model (LLM) [14, 15, 16, | ] care for multimodal reasoning, and a diffusion-based action

“Cormespasding authors.

39 Conference on Neural Informagion Processing Sysems (Neur(PS 2025,

Yang'* Yuhao Wang' * Zichen Wen' Luo Zhongwei’ Chang Zou'* Zhipeng Zhang' *
Chuan We

29

A

—

» EfficientVLA: Training-Free Acceleration and Compression for Vision-Language-Action Models

. & Zhang, L. (2026). Efficientvla: Training-free acceleration and compression for vision-language-action models. Advances in Neural Information Processing Systems, 38,
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Vision Module | Language Module  Action Module
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Table 2: Performance of EfficientVLA on the CogACT versus the other baselines in the SIMPLER
environment. Settings vary by retained LLM layers (L) and visual tokens (T). Random Dropping

denotes a method involving the random retention of 112 visual tokens.

SIMPLER | Method | Training-free | PickCan MoveNear Drawer DrawerApple Average | FLOPs| Speedup] Params (B)
CogACT - 91.3%  85.0%  7T1.8% 50.9% 748% | 1000%  1.00x 7.63
Random Dropping v 20.4 33.5 1.0 2 it 2 3
Viual FastV 92.6%  81.4%  69.8% 52.4% 74.1% | 420%  1.21x 7.63
Matching VLA-Cache 920%  833%  70.5% 51.6% 744% | 80.1%  1.38x 7.63
EfficientVLA (L=28, T=112) 95.3%  833%  703% 56.5% 76.4% | 451%  1.59x 5.87
EfficientVLA (L=28, T=56) 047%  82.4%  69.8% 55.4% 755% | 329%  1.71x 5.87
EfficientVLA (L=22, T=112) 94.0%  82.1%  69.2% 54.6% 75.0% | 382%  1.78x 4.86
EfficientVLA (L=22, T=56) 933%  81.3%  682% 53.8% 742% | 289%  1.93x 4.86
CogACT - 80.6%  80.8%  28.3% 46.6% 613% | 100.0%  1.00x 7.63

Random Dropping v } { U 1.0 : 38.5 2

_ FastV 914%  T8.6%  27.6% 50.6% 62.1% | 420%  1.19% 7.63
Variant VLA-Cache 91.7%  793%  32.5% 45.8% 623% | 826%  1.37x 7.63
Aggregation | o ientVLA(L=28, T=112) 948%  77.6%  28.4% 51.9% 632% | 451%  1.57x 5.87
EfficientVLA (L=28, T=56) 944%  772%  27.6% 51.3% 62.6% | 329%  1.69x 5.87
EfficientVLA (L=22, T=112) 939%  764%  27.3% 50.6% 62.1% | 382%  1.76x 4.86
EfficientVLA (L=22, T=56) 932%  758%  269% 49.2% 612% | 289%  191x 4.86
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Table 4: Performance impact of varying visual token reduction ratios (Left) and diffusion action head
cache intervals (Right) as applied within our EfficientVLLA framework.

Token 56 72 96 112 256
Ratio T7.8% | 71.8% | 62.5% |56.2% | 100.0%
Accuracy 95.0% |953% | 95.0% |96.0% | 91.3%
Inference time (s) | 0.1866 |0.1870| 0.1889 |0.1956 | 0.2342
FLOPs (T) 1.76 1.96 2.25 245 4.19

Copyright © 2026, All rights reserved.

Cache Interval | 1 2 3 4 5

Accuracy 91.3% |94.0% | 93.7% 903% |93.7%
Inference time (s) | 0.2342 [0.2031| 0.1987 0.1953 |0.1909
FLOPs (T) 4.190 4.161 4.155 4.150 4.144
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Table 5: Ablation study on our EfficientVLLA, where "Layer’ denotes applying only the LLM layer
pruning component, and "MLP’ refers to a distinct strategy of compressing 25% of MLP weights
within each layer.

| Model Compression Visual Token Action | Success Inference Speedup?
ayer runing ache ate me (s
L MLP Pruni Cach R Time (s)

ExO| X X X X 91.3% 0.2342 1.00 %
Exl X X v X 95.6% 0.1866 1.25x%
Ex2 X X X v 93.7% 0.1909 1.23x
Ex3 v X v X 85.7% 0.1604 1.46 %
Ex4| v X X 92.3% 0.1638 1.43x
Ex5 v v X v 93.3% 0.1387 1.69x
Ex6 X X v v 95.3% 0.1592 1.47x
Ex7| V v v v 93.3% 0.1213 1.93 x

Copyright © 2026, All rights reserved. -53- .{.. D M Q /\



EfficientVLA

Experiments
 EfficientVLAO| 20l A|Z}-210] O[5H0M = 2P 217}
«  S2tttoken/ layers2| HE L ALE0] et 240t A|Z-210] O3} §52 24

Table 6: Performance evaluation of the EfficientVLA token pruning strategy compared to the vanilla
LLaVA-1.5-7B baseline and the traditional FastV method across diverse multimodal vision-language
benchmarks.

Benchmarks
Method GQA MMB MMB-CN MME POPE SQA VQA-v2 VQA-Text VizWiz OCRBench | Avg
LLaVA-1.5-7B (Vanilla, 576 tokens) 61.9 64.7 58.1 1862 859 69.5 78.5 58.2 50.0 297 100.0%
+FastV (192 tokens) | 527 61.2 57.0 1612 648 673 67.1 52.5 50.8 291 91.2%
+0urs (192 tokens) 58.5 623 57.0 1823 828 69.6 76.7 57.6 51.0 292 98.0%
+FastV (128 tokens) | 494  56.1 56.4 1490  56.0 60.2 61.8 50.6 51.3 285 86.4%
+0urs (128 tokens) 58.2 615 56.6 1763 79.8 68.5 75.7 56.1 514 289 96.6%
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  (  𝒍 𝒕 )


   [      ∆ x    ∆ y    …    ∆ G ]


  (  𝒂 𝒕 )


  𝑨 𝒕 𝒕 𝒏 (  𝑸 𝒑  𝑻 − 𝟏 ,  𝑲 𝒑  𝑻 − 𝟏 ,  𝑽 𝒑  𝑻 − 𝟏 )


  𝑨 𝒕 𝒕 𝒏 (  𝑸 𝒑 𝑻 ,  𝑲 𝒑 𝑻 ,  𝑽 𝒑 𝑻 )


  𝑨 𝒕 𝒕 𝒏 (  𝑸 𝒑  𝑻 − 𝟏 ,  𝑲 𝒑  𝑻 − 𝟏 ,  𝑽 𝒑  𝑻 − 𝟏 )


  𝑨 𝒕 𝒕 𝒏 (  𝑸 𝒑 𝑻 ,  𝑲 𝒑  𝑻 − 𝟏 ,  𝑽 𝒑  𝑻 − 𝟏 )


  𝐒 𝐢 𝐦  (   𝐏 𝐭  𝐢 , 𝐣 ,  𝐏  𝐭 − 𝟏  𝐢 , 𝐣 ) =    𝐏 𝐭  𝐢 , 𝐣   ∙ 𝐏  𝐭 − 𝟏  𝐢 , 𝐣     ‖   𝐏 𝐭  𝐢 , 𝐣 ‖ 𝟐    ‖   𝐏  𝐭 − 𝟏  𝐢 , 𝐣 ‖ 𝟐


  𝐒 𝐢 𝐦  (   𝐏 𝐭  𝐢 , 𝐣 ,  𝐏  𝐭 − 𝟏  𝐢 , 𝐣 ) =    𝐏 𝐭  𝐢 , 𝐣   ∙ 𝐏  𝐭 − 𝟏  𝐢 , 𝐣     ‖   𝐏 𝐭  𝐢 , 𝐣 ‖ 𝟐    ‖   𝐏  𝐭 − 𝟏  𝐢 , 𝐣 ‖ 𝟐


   𝑷  𝒓 𝒆 𝒖 𝒔 𝒆 =  𝑷  𝒔 𝒕 𝒂 𝒕 𝒊 𝒄 \  𝑷  𝒕 𝒂 𝒔 𝒌 − 𝒓 𝒆 𝒍 𝒆 𝒗 𝒂 𝒏 𝒕


   𝑷  𝒓 𝒆 𝒖 𝒔 𝒆 =  𝑷  𝒔 𝒕 𝒂 𝒕 𝒊 𝒄 \  𝑷  𝒕 𝒂 𝒔 𝒌 − 𝒓 𝒆 𝒍 𝒆 𝒗 𝒂 𝒏 𝒕


  𝜖


   𝛼 l  


   P  r e u s e


   𝑹 𝒍 =    𝝐  𝒍 − 𝟏 −  𝝐 𝒍   𝝐  𝒍 − 𝟏


   𝜶 𝒍 =     𝐦 𝐢 𝐧  ⁡  ( 𝒌  ∑  𝒋 = 𝟏 𝒍   𝑹 𝒋 ,   𝟏 )


   𝛼 l


   𝑹 𝒍 =    𝝐  𝒍 − 𝟏   𝝐  𝒍 − 𝟏 −  𝝐 𝒍


   𝜶 𝒍 =     𝐦 𝐢 𝐧  ⁡  ( 𝒌  ∑  𝒋 = 𝟏 𝒍   𝑹 𝒋 ,   𝟏 )


  (  𝒐 𝒕 )


  (  𝒍 𝒕 )


   [      ∆ x    ∆ y    …    ∆ G ]


  (  𝒂 𝒕 )


  (  𝒐 𝒕 )


  (  𝒍 𝒕 )


   [      ∆ x    ∆ y    …    ∆ G ]


  (  𝒂 𝒕 )


  (  𝒐 𝒕 )


  (  𝒍 𝒕 )


   [      ∆ x    ∆ y    …    ∆ G ]


  (  𝒂 𝒕 )


  (  𝒐 𝒕 )


  (  𝒍 𝒕 )


   [      ∆ x    ∆ y    …    ∆ G ]


  (  𝒂 𝒕 )


  𝒍


  𝑵


  i


  j


  𝒍


  𝑵


   𝒙  𝒊 , 𝒋 𝒍    


   𝒙  𝒊 , 𝒋  𝒍 + 𝟏    


  i


  j


   I l


  𝒍


  𝑵


   𝒙  𝒊 , 𝒋 𝒍    


   𝒙  𝒊 , 𝒋  𝒍 + 𝟏    


   𝑰 𝒍 = 𝟏 −  𝟏   | 𝑫 |  ∑  𝒊 = 𝟏  | 𝑫 |  (  𝟏 𝑳  ∑  𝒋 = 𝟏 𝑳     𝒙  𝒊 , 𝒋 𝒍  𝒙  𝒊 , 𝒋  𝒍 + 𝟏     ‖   𝒙  𝒊 , 𝒋 𝒍 ‖ 𝟐    ‖   𝒙  𝒊 , 𝒋  𝒍 + 𝟏 ‖ 𝟐 )


  i


  j


   I l


  𝒍


  𝑵


   𝑰 𝒍


   𝑰 𝑵


   𝑰 𝟏


   𝑰 𝟐


  𝑰 𝒎 𝒑 𝒐 𝒓 𝒕 𝒂 𝒏 𝒄 𝒆   𝒔 𝒄 𝒐 𝒓 𝒆 :


  i


  j


   I l


   𝑰 𝟑


   𝑰  𝟏 𝟔


   𝑰 𝟓


   𝑰  𝟏 𝟎


  𝑰 𝒎 𝒑 𝒐 𝒓 𝒕 𝒂 𝒏 𝒄 𝒆   𝒔 𝒄 𝒐 𝒓 𝒆 :


  𝑹 𝒂 𝒏 𝒌 :


  𝑵


  𝑵 − 𝟏


  𝑵 − 𝒍 + 𝟏


  𝟏


   K  k e y


   K  k e y


   K  t a s k


   K  k e y


   K  t a s k


   K  d i v


  𝑫 𝒊 𝒗 𝒆 𝒓 𝒔 𝒊 𝒕 𝒚  (   𝒗 𝒋 ,  𝑽  𝒌 𝒆 𝒚 ) = 𝟏 −     𝐦 𝐚 𝐱   𝒗 𝒌 ∈  𝑽  𝒌 𝒆 𝒚 ⁡     𝒗 𝒋 ∙  𝒗 𝒌     ‖   𝒗 𝒋 ‖ 𝟐    ‖   𝒗 𝒌 ‖ 𝟐


   𝑽  𝒌 𝒆 𝒚


   𝑽  𝒕 𝒂 𝒔 𝒌


   𝑽  𝒅 𝒊 𝒗


   𝑽  𝒑 𝒓 𝒖 𝒏 𝒆 𝒅


   h  t + N  a t t n = S e l f A t t n  (   z  t + N )


   h  t + N  m l p = M L P (  h  t + N  a t t n +  z  t + N )


   h  t + s  a t t n =  h  t + N  a t t n


   h  t + s  m l p =  h  t + N  m l p


   h  t + 2  a t t n = S e l f A t t n  (   z  t + 2 )


   h  t + 2  m l p = M L P (  h  t + 2  a t t n +  z  t + 2 )

