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Introduction
Vision-Language Models (VLM)

Vision-Language Models (VLM)란무엇일까?

• 시각(Vision)과 언어(Language) 정보를 결합하여 사용할 수 있는 모델

• OOD detection, anomaly detection 등 다양한 task에 활발히 사용됨

A photo of {lion}…

A photo of {tiger}

A photo of {dog}

Image 

Text 

Text 
Encoder

Image 
Encoder

…
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Introduction
Vision-Language-Action (VLA) Models

Vision-Language-Action (VLA) Models란무엇일까?

• 사전학습된 VLM/MLLM을 기반으로 시각/언어 표현을 추출하고, action module을 통해 

로봇 제어 명령을 예측

Vision(𝒐𝒕)

Pick the cube and 
place it into the cup

Language (𝒍𝒕)
…

…

VLM/MLLM Action 
Module …

∆𝑥
∆𝑦
…
∆𝐺

Action (𝒂𝒕)
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Introduction
Vision-Language-Action (VLA) Models

VLA을어떻게활용할수있을까?

• 복잡한 협업 및 고난이도의 정밀한 task 수행

https://www.pi.website/blog/pistar06
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Introduction
Research Trends

VLA의연구동향은어떻게될까? (배경방법론관점)

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.
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Introduction
Research Trends

VLA의연구동향은어떻게될까? (문제상황관점)

• 장기 태스크 수행 및 forgetting 현상 해결을 위한 memory module고도화

• 복잡한 상황에 대한 시각적 이해 및 구체적인 계획 수립을 위한 CoT 기반 reasoning

작업속도를고려한경량화를통해 VLA 모델의효율성개선

Memory
for Long Horizon 

Tasks

Reasoning
for Complex-

Decision Making 

Efficiency
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Training-Free Approaches for Efficient VLA Models
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VLA-Cache
Paper

VLA-Cache: Efficient Vision-Language-Action Manipulation via Adaptive Token Caching 

(2026, NeruIPS)

시점에따라변하지않는 visual token의정보는업데이트하지않고재사용하는방법론제안

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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VLA-Cache
Introduction

기존 VLA efficiency 연구들은어떤한계를가지고있을까?

모델을구조적으로수정

Task-specific하게적용하기어려움

TinyVLA
(2025, IEEE 

Robotics and 
Automation 

Letters)

Deer-VLA
(2024, NeurIps)
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VLA-Cache
Introduction

VLA의어떤문제점을지적하고있을까?

시점마다크게변하지않는시각정보를매번업데이트하는것은비효율적

타겟물체, 그리퍼등의정보는시각적으로크게변하지않아도의미적으로중요할수있음

[ Previous Step (T-1) ] [ Current Step (T) ]
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VLA-Cache
Overall Framework

어떻게 VLA efficiency 문제를해결하였을까?
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VLA-Cache
Method

어떤측면으로 VLA efficiency 문제를해결하였을까?

[ T-1 ]

[ T ]

𝑨𝒕𝒕𝒏(𝑸𝒑
𝑻−𝟏, 𝑲𝒑

𝑻−𝟏, 𝑽𝒑
𝑻−𝟏)

𝑨𝒕𝒕𝒏(𝑸𝒑
𝑻, 𝑲𝒑

𝑻, 𝑽𝒑
𝑻)
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VLA-Cache
Method

어떤측면으로 VLA efficiency 문제를해결하였을까?

Attention 과정에서재사용할 visual token (patch)의 key, value 값은이전시점의값을사용

[ T-1 ]

[ T ]

𝑨𝒕𝒕𝒏(𝑸𝒑
𝑻−𝟏, 𝑲𝒑

𝑻−𝟏, 𝑽𝒑
𝑻−𝟏)

𝑨𝒕𝒕𝒏(𝑸𝒑
𝑻, 𝑲𝒑

𝑻−𝟏, 𝑽𝒑
𝑻−𝟏)
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VLA-Cache
Method

어떻게재사용하는 static token 후보를정의하였을까?

Patch (token)별로이전시점과의유사도를계산하여유사도가높은 Top-k token들은재사용후보가됨

[ T-1 ]

[ T ]

𝐒𝐢𝐦 𝐏𝐭
𝐢,𝐣
, 𝐏𝐭−𝟏

𝐢,𝐣
=

𝐏𝐭
𝐢,𝐣
∙ 𝐏𝐭−𝟏

𝐢,𝐣

𝐏𝐭
𝐢,𝐣

𝟐
𝐏𝐭−𝟏
𝐢,𝐣

𝟐
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VLA-Cache
Method

Static token 전체를재사용하면어떻게될까?

Task-relevant token이업데이트되지않아성능이대폭하락함

[ T-1 ]

[ T ]

𝐒𝐢𝐦 𝐏𝐭
𝐢,𝐣
, 𝐏𝐭−𝟏

𝐢,𝐣
=

𝐏𝐭
𝐢,𝐣
∙ 𝐏𝐭−𝟏

𝐢,𝐣

𝐏𝐭
𝐢,𝐣

𝟐
𝐏𝐭−𝟏
𝐢,𝐣

𝟐
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VLA-Cache
Method

어떻게 task-relevant token을정의하였을까?

Text prompt와의 text-to-vision attention score를기반으로 threshold 이상의 token들을

task-relevant token으로정의

모든 layer의 attention score를평균하여최종 attention score로사용

[ T-1 ]

[ T ]

Pick up the gray bowl

𝑷𝒓𝒆𝒖𝒔𝒆 = 𝑷𝒔𝒕𝒂𝒕𝒊𝒄\𝑷𝒕𝒂𝒔𝒌−𝒓𝒆𝒍𝒆𝒗𝒂𝒏𝒕



- 22 -Copyright ⓒ 2026,  All rights reserved.

VLA-Cache
Method

어떻게 task-relevant token을정의하였을까?

Text prompt와의 text-to-vision attention score를기반으로 threshold 이상의 token들을

task-relevant token으로정의

모든 layer의 attention score를평균하여최종 attention score로사용

[ T-1 ]

[ T ]

Pick up the gray bowl

𝑷𝒓𝒆𝒖𝒔𝒆 = 𝑷𝒔𝒕𝒂𝒕𝒊𝒄\𝑷𝒕𝒂𝒔𝒌−𝒓𝒆𝒍𝒆𝒗𝒂𝒏𝒕

각 layer마다 가진 정보가 다름
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VLA-Cache
Method

최종적으로 layer마다어떻게재사용 token을정의하였을까?

Entropy 𝜖가작을수록특정 token들에 attention이집중되어있음을의미

누적 entropy 감소율이클수록 attention이집중되지않은 token들은증가하기때문에재사용비율증가

재사용비율 𝛼𝑙만큼 𝑃𝑟𝑒𝑢𝑠𝑒에서이전시점과의유사도가높은 token들을최종재사용 (key, value)

[ T-1 ]

[ T ]

𝑹𝒍 =
𝝐𝒍−𝟏 − 𝝐𝒍

𝝐𝒍−𝟏

𝜶𝒍 = 𝐦𝐢𝐧(𝒌෍

𝒋=𝟏

𝒍

𝑹𝒋, 𝟏)
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VLA-Cache
Method

최종적으로 layer마다어떻게재사용 token을정의하였을까?

Layer마다 entropy를활용하여재사용비율 𝛼𝑙을정의

Entropy가클수록 token들마다 attention이고르게퍼져있기때문에재사용비율증가

재사용비율만큼 token별로이전시점과의유사도가높은 token들을최종재사용 (key, value)

[ T-1 ]

[ T ]

𝑹𝒍 =
𝝐𝒍−𝟏

𝝐𝒍−𝟏 − 𝝐𝒍

𝜶𝒍 = 𝐦𝐢𝐧(𝒌෍

𝒋=𝟏

𝒍

𝑹𝒋, 𝟏)

1. Token 별로 이전 시점과의 유사도를 계산하여 Top-k static token 정의

2. Static token 중 text-to-vision attention score를 기준으로                                          

threshold를 넘는 token들은 task-relevant token으로 정의

3. Static token에서 task-relevant token을 제외하고 나머지를 layer마다                          

최종 재사용 후보로 정의

4. Layer마다 entropy를 활용하여 재사용 비율을 정의하고                                                 

그 비율만큼의 상위 유사도를 가지는 token은 재사용
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VLA-Cache
Experiments

여러가지환경에서 VLA-Cache의성능은어떨까?

성능과효율성을동시에개선
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VLA-Cache
Experiments

실제로 VLA-Cache는 static token과 task-relevant token을잘구분할까?
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VLA-Cache
Experiments

실제로봇환경에서 VLA-Cache의성능은어떻게될까?

효율성측면외적에서봤을때, 모든 token을매번업데이트하는것이항상효과적이지는않음을보임
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VLA-Cache
Experiments

Hyperparameter에따라 VLA-Cache의성능은어떻게될까?

재사용되는 token이많아져도성능은안정적이며효율성은점차개선
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EfficientVLA
Paper

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

(2026, NeruIPS)

Language module layer & visual token pruning / DiT step caching 을통해효율성개선

Yang, Y., Wang, Y., Wen, Z., Zhongwei, L., Zou, C., Zhang, Z., ... & Zhang, L. (2026). Efficientvla: Training-free acceleration and compression for vision-language-action models. Advances in Neural Information Processing Systems, 38, 
40891-40914.
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EfficientVLA
Introduction

기존 VLA efficiency 연구들은어떤한계를가지고있을까?

Vision(𝒐𝒕)

Pick the cube and 
place it into the cup

Language (𝒍𝒕)
…

…

Vision 
Encoder

Action 
Module …

∆𝑥
∆𝑦
…
∆𝐺

Action (𝒂𝒕)

Tokenizer

Language
Module
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EfficientVLA
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기존 VLA efficiency 연구들은어떤한계를가지고있을까?

Vision(𝒐𝒕)

Pick the cube and 
place it into the cup

Language (𝒍𝒕)
…

…

Vision 
Encoder

Action 
Module …

∆𝑥
∆𝑦
…
∆𝐺

Action (𝒂𝒕)

Tokenizer

Language
Module

Mole-VLA



- 32 -Copyright ⓒ 2026,  All rights reserved.

EfficientVLA
Introduction

기존 VLA efficiency 연구들은어떤한계를가지고있을까?

Vision(𝒐𝒕)

Pick the cube and 
place it into the cup

Language (𝒍𝒕)
…

…

Vision 
Encoder

Action 
Module …

∆𝑥
∆𝑦
…
∆𝐺

Action (𝒂𝒕)

Tokenizer

Language
Module

VLA-Cache
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EfficientVLA
Introduction

어떻게기존 VLA efficiency 연구들의한계를극복하고자했을까?

Vision(𝒐𝒕)

Pick the cube and 
place it into the cup

Language (𝒍𝒕)
…

…

Vision 
Encoder

Action 
Module …

∆𝑥
∆𝑦
…
∆𝐺

Action (𝒂𝒕)

Tokenizer

Language
Module
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EfficientVLA
Introduction

왜 Language와 action module에초점을맞췄을까?

Language module은비교적방대한양의파라미터수를가짐

Diffusion 기반의 action module의denoising step만줄여도추론시간을대폭감소시킬수있음

[ CogACT (Baseline) ]

[ EfficientVLA ]
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EfficientVLA
Introduction

왜 Language와 action module에초점을맞췄을까?

Visual token pruning 만으로는특정구간이후추론시간을감소시키기어려움

Language module 내에는 layer 간의유사도가매우높은 layer들이존재

Denoising step 마다의 output 간의유사도가매우높은 step들이존재
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EfficientVLA
Overall Framework

어떻게 VLA efficiency 문제를해결하였을까?

① Language Module Pruning

② Visual Token Pruning ③ DiT Step Caching
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EfficientVLA
Method

어떻게 language module pruning을적용하였을까?

Layer마다입∙출력값사이의유사도를기반으로중요도가낮은하위 n개 layer 제거
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EfficientVLA
Method

어떻게 language module pruning을적용하였을까?

La
ye

r 
1

La
ye

r 
2

La
ye

r 
𝒍

La
ye

r 
𝑵

… …

…
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EfficientVLA
Method

어떻게 language module pruning을적용하였을까?

𝑖: sample index / 𝑗: token position index

La
ye

r 
1

La
ye

r 
2

La
ye

r 
𝒍

La
ye

r 
𝑵

… …

𝒙𝒊,𝒋
𝒍 𝒙𝒊,𝒋

𝒍+𝟏

…
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EfficientVLA
Method

어떻게 language module pruning을적용하였을까?

𝑖: sample index / 𝑗: token position index

입출력값사이의유사도가작을수록 importance score (𝐼𝑙)는커짐

La
ye

r 
1

La
ye

r 
2

La
ye

r 
𝒍

La
ye

r 
𝑵

… …

𝒙𝒊,𝒋
𝒍 𝒙𝒊,𝒋

𝒍+𝟏

𝑰𝒍 = 𝟏 −
𝟏

𝑫
෍

𝒊=𝟏

|𝑫|

(
𝟏

𝑳
෍

𝒋=𝟏

𝑳
𝒙𝒊,𝒋
𝒍 𝒙𝒊,𝒋

𝒍+𝟏

𝒙𝒊,𝒋
𝒍

𝟐
𝒙𝒊,𝒋
𝒍+𝟏

𝟐

)

유사도

…
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EfficientVLA
Method

어떻게 language module pruning을적용하였을까?

𝑖: sample index / 𝑗: token position index

입출력값사이의유사도가작을수록 importance score (𝐼𝑙)는커짐

La
ye

r 
1

La
ye

r 
2

La
ye

r 
𝒍

La
ye

r 
𝑵

… …

𝑰𝒍 𝑰𝑵𝑰𝟏 𝑰𝟐 … …𝑰𝒎𝒑𝒐𝒓𝒕𝒂𝒏𝒄𝒆 𝒔𝒄𝒐𝒓𝒆:
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EfficientVLA
Method

어떻게 language module pruning을적용하였을까?

𝑖: sample index / 𝑗: token position index

입출력값사이의유사도가작을수록 importance score (𝐼𝑙)는커짐

La
ye

r 
5

La
ye

r 
1

0

La
ye

r 
3

La
ye

r 
1

6

… …

𝑰𝟑 𝑰𝟏𝟔𝑰𝟓 𝑰𝟏𝟎 … …𝑰𝒎𝒑𝒐𝒓𝒕𝒂𝒏𝒄𝒆 𝒔𝒄𝒐𝒓𝒆:
𝑹𝒂𝒏𝒌: 𝑵 𝑵− 𝟏 𝑵 − 𝒍 + 𝟏 𝟏… …

하위 n개 layer
제거 
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EfficientVLA
Method

어떻게 visual token pruning을적용하였을까?

VLA task와관련성이적은 token 제거

정보가중복되는 token 제거
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EfficientVLA
Method

어떻게 visual token pruning을적용하였을까?

Task prompt와의 vision-to-text attention score가높은상위𝐾𝑘𝑒𝑦개 token은유지

…

…

Visual
Token

Task Prompt Token
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EfficientVLA
Method

어떻게 visual token pruning을적용하였을까?

Task prompt와의 attention score가높은상위𝐾𝑘𝑒𝑦개 token은유지

나머지 token들중 attention score가높은상위𝐾𝑡𝑎𝑠𝑘개 token은유지

…

…

Visual
Token

Task Prompt Token
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EfficientVLA
Method

어떻게 visual token pruning을적용하였을까?

Task prompt와의 attention score가높은상위𝐾𝑘𝑒𝑦개 token은유지

나머지 token들중 attention score가높은상위𝐾𝑡𝑎𝑠𝑘개 token은유지

나머지 token들중 key token들과의유사도가낮은(정보중복 X) 𝐾𝑑𝑖𝑣개 token은유지

…

…

Visual
Token

Task Prompt Token

𝑫𝒊𝒗𝒆𝒓𝒔𝒊𝒕𝒚 𝒗𝒋, 𝑽𝒌𝒆𝒚 = 𝟏 − 𝐦𝐚𝐱
𝒗𝒌∈𝑽𝒌𝒆𝒚

𝒗𝒋 ∙ 𝒗𝒌

𝒗𝒋 𝟐
𝒗𝒌 𝟐

𝑽𝒌𝒆𝒚

𝑽𝒕𝒂𝒔𝒌 𝑽𝒅𝒊𝒗

𝑽𝒑𝒓𝒖𝒏𝒆𝒅
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EfficientVLA
Method

어떻게 DiT step caching을적용하였을까?

매 step마다가아닌특정주기 (N step)마다 denoising update (Self-Attention, MLP)
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EfficientVLA
Method

어떻게 DiT step caching을적용하였을까?

매 step마다가아닌특정주기 (N step)마다 denoising update (Self-Attention, MLP)

ℎ𝑡+𝑁
𝑎𝑡𝑡𝑛 = 𝑆𝑒𝑙𝑓𝐴𝑡𝑡𝑛 𝑧𝑡+𝑁

ℎ𝑡+𝑁
𝑚𝑙𝑝

= 𝑀𝐿𝑃(ℎ𝑡+𝑁
𝑎𝑡𝑡𝑛 + 𝑧𝑡+𝑁)
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EfficientVLA
Method

어떻게 DiT step caching을적용하였을까?

매 step마다가아닌특정주기 (N step)마다 denoising update (Self-Attention, MLP)

ℎ𝑡+𝑠
𝑎𝑡𝑡𝑛 = ℎ𝑡+𝑁

𝑎𝑡𝑡𝑛

ℎ𝑡+𝑠
𝑚𝑙𝑝

= ℎ𝑡+𝑁
𝑚𝑙𝑝
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EfficientVLA
Method

어떻게 DiT step caching을적용하였을까?

매 step마다가아닌특정주기 (N step)마다 denoising update (Self-Attention, MLP)

ℎ𝑡+2
𝑎𝑡𝑡𝑛 = 𝑆𝑒𝑙𝑓𝐴𝑡𝑡𝑛 𝑧𝑡+2

ℎ𝑡+2
𝑚𝑙𝑝

= 𝑀𝐿𝑃(ℎ𝑡+2
𝑎𝑡𝑡𝑛 + 𝑧𝑡+2)
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EfficientVLA
Experiments

여러가지환경에서 EfficientVLA의성능은어떨까?

Pruning을많이해도성능은최대한유지하면서효율성개선
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EfficientVLA
Experiments

Visual token ratio와 cache interval에따라 EfficientVLA의성능은어떨까?

Pruning / cache interval을증가시켜도성능은최대한유지하면서효율성개선

많은양의정보를다활용한다고성능이항상좋은것이아님을확인
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EfficientVLA
Experiments

EfficientVLA의각 component 별효과는어떨까?

Visual token이아닌 language module에pruning을적용하는것이효율적

DiT step caching의효과도같이확인할수있음
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EfficientVLA
Experiments

EfficientVLA이일반적인시각-언어이해에서도효과적인가?

중요한 token / layer들의정보만사용함에따라우수한시각-언어이해성능을보임
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Conclusion
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Conclusion

Background

VLM의발전에이어 VLA 모델들이다양한로봇 task에서우수한성능을보이고있음

추가적인학습이없으면서효율적인VLA 모델구축을위한연구들이이어발전하고있음

VLA-Cache

Patch (token)별유사도와 cross-attention score를기반으로각시점마다크게변하지않는 token들은재사용

함으로써효율성을보장

❖ EfficientVLA

Language module과 diffusion 기반 action module의경량화에초점을둠

❖ Conclusion

어렵지않은기법으로성능은최대한유지하면서효율성측면을개선함
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