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PaperBanana

* Problem

- =& & Publication-Ready Figure &= O{ M o| =41 ¢ H= &

- Code-based= H P & oHH|, Image Generation= f= 7|& Y2 - HeHd =X
« Solution: 57f2| AgentZ +7d

- Linear Planning Phase: 2f|IH H A A . A2l - AEFY XM 9}

= [terative Refinement Loop: Visualizer < Critic (3 rounds)
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PaperBanana

» Experiment

Agent il 22 o gt
Retriever Gemini-3-Pro (VLM) Reference 44
Planner Gemini-3-Pro (VLM) Description /g
Stylist Gemini-3-Pro (VLM) Style Z| & 2}
Visualizer | Nano-Banana-Pro / GPT-Image-1.5 O|Of X ‘4
Critic Gemini-3-Pro (VLM) Mg o|O|X| H7t

< PaperBanana Experiment Setting >

Method Faithfulness T  Conciseness T  Readability T  AestheticT  Overall T

Vanilla Settings

GPT-Image-1.5 | 4.5 37.5 30.0 37.0 11.5
Nano-Banana-Pro 43.0 43.5 38.5 65.5 43.2
Few-shot Nano-Banana-Pro 41.6 49.6 37.6 60.5 41.8

Agentic Frameworks

Paper2Any (w/ Nano-Banana-Pro) 6.5 44.0 20.5 40.0 8.5
PAPERBANANA (Ours)
w/ GPT-Image-1.5 16.0 65.0 33.0 56.0 19.0
w/ Nano-Banana-Pro 45.8 80.7 51.4 72.1 60.2
Human 50.0 50.0 50.0 50.0 50.0
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PaperBanana

Qualitative Results
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Background

 What is VLA?
- Vision-Language-Action (VLA) Models

-Oit 2 210 2 (LLM)at A2 Q1A (Vision Encoder) S Zest VLM S
A (Action)2 2 2o I 40| 2 &

LLMO| 22 S2at A|2H 0[3jE 22N YEOZ

T = oAl

ik

- Input & Output Mechanism
-Input: RGB Image + Text Prompt (“Pick up the apple”™)

EX MY

- Output: Robot Action Token 7-DoF (Posy, Pos,, Pos,, Roty, Rot,, Rot,, Gripper)

- Significance
- ets}: L2 OO E 8t5S S6l, Zero-shot ZHEUME 1S 53 &
- 7| & Rule-based Y2 ot & Ol B8 ZX MO &

ot
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Background

 Vision-Language-Action Model (Gen 1)
- Pradigm: “Big Data + Transformer”

- Data Scaling: ?/H 4 - 22[ {|O|H

-Representative Models: RT-2, Octo, OpenVLA

Of

152 SO 220 Ystst s ot

=

]
ot

» Open X-Embodiment Dataset
- Lot HEfQt 2t F G|O|E & ofLte| HLH 2 Eof S¢
» Mechanism: “Next-Token Prediction”

-Vision & Text — Tokenization — Transformer

-LLMO| 7| 2|7 A2 2 HO S K55t %, EX2| WSS TokenHH = O|=

OpenVLA [ Action De-Tokenizer ]
(AT (O |
ks o [ N N Ax
3 Al
¢ Llama 2 7B l AGrip
7D Robot
Input Image ) E ) ) Action
S SR B - I R G - - }
@ ; :
Piteoaplnt MLP Projector ] [ Llama Tokenizer ]
in bow!” <‘DDiﬂOVQ SIngP I
Language Instruction 1 )
“What should the robot do to {task}? A:"
< OpenVLA Framework >
A szudta
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Background

 Limitations of Gen 1 (Problem Definition)

= Problem 1: The Cognitive Gap (Lack of Reasoning)

- Direct Mapping Issue: Text + VisionOf| A low-level Action@ 2 HIE HAZAE|= F X
=

s InputOf| CHSH A=l Q10| FZAH S = CHF ActionTh M HotE 2
A7t ERs Xel0] 0 X0k

- Missing “CoT”: &t 2 =& A, “Why”0f Cliot S7F =2 11 214
12

2:LLM2| 2 S8 S H2[1 Action?t O|S5tE 2, X 2t E0|M 2ilE 25

- Problem 2: Deployment Inefficiency (Latency & Cost)
-High Computational Cost: 35 22 & ¢|5lf 7B2| AC Lj2t0[H = Qlot 22| £&
- Low Inference Speed: & H 7t HF =2 (5Hz |) HA|Zt 22 MO0 X Tt

R 41 TH8E D
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CogACT: A Foundational Vision-Language-Action
Model for Synergizing Cognition and Action
in Robotic Manipulation
[Arxiv 2024]
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CogACT

* Introduction

« VLA Gen 1 State

-7|& B E(RT-2, OpenVLA)< Text + VisionO| A low-level Action2 £ HIZ HA
-P(a|l;, inst)

1) Li, Qixiu, et al. "CogACT: A Foundational Vision-Language-Action Model for Synergizing Cognition and Action in Robotic Manipulation." arXiv preprint arXiv:2411.19650 (2024)

-
A

= Problem: Cognitive Gap

» Goal

- HA|H QI Cognition( 2 A/ 2 E

RT-1

61.3
54.4
asa 37 424 s
30.2 :
- .

Google Robot
SIMPLER (Variant Aggregation)

ﬂ 447 Tl 8k
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PO = A JEf 240t A=l 80| JAZ0{0F &
FAHE Qo % 2HE0[L 7l HEo N 2hE 25

E —t - e e
A E =)o A32| dete 2y
Octo RT-1-X RT-2-X I OpenVLA I Ours
74.8

71.2

61.5 61.4
51.3
5
12.1
. 8.8 5.8 6.8
1.1 4.2 4.9 -
] [ ] [ ]

WidowX Robot Realman Robot Realman Robot
SIMPLER Real-World Seen  Real-World

52.4

Google Robot

Franka Robot
SIMPLER (Visual Matching)

Real-World Seen

< Direct Mapping vs Explicit >
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1) Li, Qixiu, et al. "CogACT: A Foundational Vision-Language-Action Model for Synergizing Cognition and Action in Robotic Manipulation." arXiv preprint arXiv:2411.19650 (2024).

CogACT

* Overall Architecture

- Vision Model: A|Zf § & 3= (DINOv2 + SigLIP)
~DINOv2: O|0|X| X}H|Q| +xX 27tX EXS O M uStA EXHS}
- SigLIP: O|D|X|2} 210f B Afo|o] o|0|Xf 1S HE
- Large Language Model: LLaMA-2-7B

CIC}
a0 o

rr

- Language model:2 Text, Visual, Cognition Token= concatot0] g H2r5

-Output2 £ ‘Xl 2= + X|A| 22 St QI X| 3@l Cognition feature= Action
Model2| condition2 = M H

= g noise 7 a;_y adaptive
g 3 (8 <M & % | HR
t Vision fg LS o -
- { o g
® Model %) Large - Action a,.; iz W
H g Language - =
2 = £ Model . Ax
3 & Model . |K8 ) -
§') s 2 . Qpin-y g
“move spoon to below £ i B i " A &
the bowl on right.” = ' = =X D §
tokenize setde& : pr:;l:las -
J pr on prediction
vision and language input cognition token cognition feature denoising action output
< CogACT Framework >
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1) Li, Qixiu, et al. "CogACT: A Foundational Vision-Language-Action Model for Synergizing Cognition and Action in Robotic Manipulation." arXiv preprint arXiv:2411.19650 (2024)

CogACT

e Overall Architecture

- Diffusion Action Module(DiT)
- Vision & Language model2| output@! f£& Action Model2| condition2 = & =

19| = EMZ diffusion IHCS 2 R EIZ

-E2EO| AEMO| D multi-modal®l = EMES
[ 7| 7I-)

- Xl Action(a,)t® OtL| 2t 2= N7l step2| Action= &/ 0= (N = 15, =&

- Adaptive Action Ensemble (AAE)
-Of Al ¢ 2= 2 OL 2F bA k7 25 A[E L 05 2

- XY aiot}

{O{t 1}} {O{f 2}} {O{t—K}} . Observationt =0 t=0 |t=1||t=2
MA: a0 T g iy I I I ______________ I
coke

ada , ,Ot-k can.”

ada = exp (,B - cos(a/t, a?t"‘))

t=1 t=1
t=2 t=2

[- 1-

_Ll—_ E7|‘ Observationt = 2 t=2 t=3 t=4
(ﬂ 01 7| ) Input action chunk output ensembledoutput
s X O SaF R AR OFA O S0 2 7Hs X < AAE >

% Condition: Action modelO| Actions Bt= U} &1 5}= Context
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1) Li, Qixiu, et al. "CogACT: A Foundational Vision-Language-Action Model for Synergizing Cognition and Action in Robotic Manipulation." arXiv preprint arXiv:2411.19650 (2024).

CogACT

» Experiment — Simulation Benchmark
- SIMPLER: 2% &4 M S A|=8|0| 40| S-FotA E7tot7| #et #HX[0r3
= Google Robot
- Visual Matching: 21 &1} FALeH =
- Variant Aggregation: Hi &/ /2 K| Ho}

Pick Move Open/Close Open Top Drawer
Google Robot Method Coke Can  Near Drawer and Place Apple Average
RT-1 [7] 85.7 44.2 73.0 6.5 52.4
RT-1-X [48] 56.7 31.7 59.7 213 42.4
SIMPLER RT-2-X [48&] 78.7 77.9 25.0 3.7 46.3
(Visual Matching) Octo-Base [62] 17.0 4.2 22.7 0.0 11.0
OpenVLA [30] 18.0 56.3 63.0 0.0 34.3
Ours 91.3 85.0 71.8 50.9 74.8
RT-1 [7] 89.8 50.0 32.3 2.6 43.7
RT-1-X [48] 49.0 32.3 29.4 10.1 30.2
SIMPLER RT-2-X [48] 82.3 79.2 35.3 20.6 54.4
(Variant Aggregation) | Octo-Base [62] 0.6 3.1 1.1 0.0 1.2
OpenVLA [30] 60.8 67.7 28.8 0.0 39.3
Ours 89.6 80.8 28.3 46.6 61.3

< Google Robot SIMPLER & 1} >
R SAETHda
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1) Li, Qixiu, et al. "CogACT: A Foundational Vision-Language-Action Model for Synergizing Cognition and Action in Robotic Manipulation." arXiv preprint arXiv:2411.19650 (2024).

CogACT

» Experiment — Simulation Benchmark

» Widow X Robot

- Visual Matching: 21 &1} F Ao =

. Put Spoon  Put Carrot  Stack Green Block Put Eggplant
WidowX Robot Method on Towel on Plate on Yellow Block in Yellow Basket Average
RT-1-X [48] 0.0 4.2 0.0 0.0 1.1
Octo-Base [62] 15.8 12.5 0.0 41.7 17.5
(S:,Mpllﬁfft hing) Octo-Small [62] 41.7 8.2 0.0 56.7 26.7
isual Mateing) | openVLA [30] 42 0.0 0.0 12.5 42
Ours 71.7 50.8 15.0 67.5 51.3

< WidowX Robot SIMPLER Z 1} >

- Simulation Benchmark 21 & 2|
- WidowX+E Google robotd} CHE FE[O| 2 &£
~CogACT B 95 51.3% (OpenVLA 4.2% CHH| +47.1% 24
-AlEd0]d d&50| CtYet 22X EHFUHAM L 2HE[A 7 X E[=X| Generalization 4

ﬂ B THEED

SOGANG UNIVERSITY 14



1) Li, Qixiu, et al. "CogACT: A Foundational Vision-Language-Action Model for Synergizing Cognition and Action in Robotic Manipulation." arXiv preprint arXiv:2411.19650 (2024).

CogACT -
Intel RealSense
RGBD Camera
. @'[
» Experiment — Real world Benchmark 3
Method | Pick | Stack | Place | Task (All) =
| Banana Lemon Avocado Avg. | Cup Bowl Avg. | Pick Stack Avg. | Avg. Arm (7 DoFs)
Octo-Base [62] 25.0 0.0 0.0 8.3 0.0 0.0 0.0 | 125 0.0 6.3 49
OpenVLA [30] 12.5 12.5 0.0 83 | 25.0 6.3 15.6 | 25.0 4.2 12.5 12.1 Y
Ours 75.0 50.0 875 708 | 958 688 823 [ 87.5 333 604 71.2 T
< Realman Robot Z 1} > < Realman Robot At &l >
Close Open Pick  Pick Y
Method Avg. :
o Oven Oven Bowl Brush Ve A
Octo-Base [62] 0.0 0.0 27.3 0.0 58 =
OpenVLA [30] 18.2 0.0 9.1 0.0 6.8
Ours 63.6 72.7 72.7 36.4 61.4 apest Do)
< Franka Robot Z 1} > T
7:| _I I—I E & . 9 A -y Arm(7‘DoFs)
- Real world Benchmark 41} 78 2| < Franka Robot AFZl >

-SIMPLER Simulation ‘35 0| & X| 220 A T X
~Realman Robot CogACT Bt H&: 71.2% (OpenVLA 12.1% CHH| + 59.1% 2F&h
~Franka Robot CogACT Bt H-&: 61.4% (OpenVLA 6.8% CHH| + 54.6% &F4h

R B THED
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1) Li, Qixiu, et al. "CogACT: A Foundational Vision-Language-Action Model for Synergizing Cognition and Action in Robotic Manipulation." arXiv preprint arXiv:2411.19650 (2024).

CogACT

 Ablation study — Architecture & Multi-step Design & Adaptive Action Ensemble
= Action Model Architecture

GR WR

—Transformer HHEO' J_EI—JF&! Action Model Params (VM) (VA) (VM) Average
. _ MLP (3-Layer) 3iM 522 524 47.1 50.6
-DiT-Large (308M): 64.8% o MLP (7-Layer) | 89M | 614 480 481 | 525
DiT-Small 13M 733 51.3 51.0 58.5
_ CHH o/ SEA} 0 DiT-Base 89M | 748 613 513 | 625
MLP H l 14.2% 2 o o (50 6% — 64.8%) DiT-Large 308M | 767 593  58.3 64.8
-2Y 37| F7t0) 2 MEH A5 Y THs A < Architecture H| 2 >
- Multi-step Action Prediction
GR WR
- 7 A| e opufat oj2f NIHe) stepS O 5 PR Loy ) v | e
T A o 0 734 490 63 428
=M 4L N =15 (62.5%) 3 704 589 371 | 555
o . ) _ o o, SEAF 15 748 613 513 62.5
N = 0 (single-step): 42.8% — 19.7% & a1 543 476 SL7 512

o
-N =311} €2 =3 052 §5 Aot < N Prediction H| 11 >

- Adaptive Action Ensemble

Strategy GR WR Average
o = S&kH (VM) (VA) (VM)
-wALE 7|8 7S K2 RE 2y EX
Action Chunking 674 525 321 50.7
- XM AAE (62.5%) Temporal Ensemble | 75.0  59.9 419 | 589
Adaptive Ensemble 748 613 513 62.5

-~ Temporal Ensemble 58.9% — 3.6% 2F&
ﬂ AE U

SOGANG UNIVERSITY 16
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1) Li, Qixiu, et al. "CogACT: A Foundational Vision-Language-Action Model for Synergizing Cognition and Action in Robotic Manipulation." arXiv preprint arXiv:2411.19650 (2024).

CogACT

* Qualitative Results

Pick up the screwdrive
Put the screwdriver into the basket Open the oven door Put carrot on plate

< Realman Robot > < Franka Robot > < WidowX Robot >
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EfficientVLA: Training-Free Acceleration and

Compression for Vision-Language-Action models
[NeurIPS 2025]
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1) Yang, Yantai, et al. "EfficientVLA: Training-Free Acceleration and Compression for Vision-Language-Action Models." arXiv preprint arXiv:2506.10100 (2025). Accepted to NeurIPS 2025.

EfficientVLA

* Introduction

= Problem 1: High Computational Cost
- Diffusion-based VLAE= 1071 2| denoising steps 2=

—=— FLOPs
4.0 - 0.24
-2} stepOtEt 25671 2| Visual Token x LLM @ 4H0] HE= - Time )

3.5 4 0.23
3) 3.0 0222
1221 - L

- Problem 2: Memory Bottleneck B o E

— 2.5
S

-Ij2t0|E: 6.7B — Memory: ~13GB )

X" Computati
- X 2]: 256 tokens * 32 layers i B(;:::fj;f S o
- 41} VRAM ZE2} — Edge Device =27t By |

,»(o (,)@),\’L o,b,\:]/ ,,)(o AL © qf)‘b

NN i
Number of Visual Tokens
- Problem 3: Token-Pruning2| 2| < Token-Pruning 3t A| 23} >

- Computational Bound Tt ZF0{|A{= FLOPs2t TimeO| H| 2|
-~Memory Bound T-ZFO| A= A 4F £ A 2to] 2 t7F Aol Gl
- 7801 7142 9|6l Language Module, Temporal Cachings 7t A&zt M2 EQ

R AW THEE D
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1) Yang, Yantai, et al. "EfficientVLA: Training-Free Acceleration and Compression

EfficientVLA

* Introduction

A

- Depth-wise Redundancy (Language Module)

-LLM2| Z2 20]0]0| M =8 0] Ao 5

- Cosine Similarity: 0.8~0.952 O & =&

- Visual Token Redundancy

-256702| Token & CHE=20| HiZ & Ht= HE
-EZ N oo MOl &+ ZX| + GripperZt 2R

- 9F 80% O| & 2| Visual TokenO| 22 Q

- Temporal Redundancy (Diffusion)
- Denoising step{t S 50| HL| =€

- 174 5t Denoising Step?7t2| Z1t7F Ho| &<

ABTNE-D

SOGANG UNIVERSITY 20

for Vision-Language-Action Models." arXiv preprint arXiv:2506.10100 (2025). Accepted to NeurIPS 2025.
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1) Yang, Yantai, et al. "EfficientVLA: Training-Free Acceleration and Compression for Vision-Language-Action Models." arXiv preprint arXiv:2506.10100 (2025). Accepted to NeurIPS 2025.

EfficientVLA

* Overall Framework
- VLA 2 29[ 37IX| & ZtZH0|| EXSH= Redundancy £ A| A2t &8 Framework
@ LLM Layer Pruning: &2 =7} %2 LLM Layer X| 7 (Depth-wise Redundancy Sl &)
@ Token Pruning: Task 2t g1} CtH S 10 2{SF Token M & (Spatial Redundancy oH &)

® Action Head Caching: Denoising Tt A 2| 57t £ 4f 71 (Temporal Redundancy SH &)

9 P 5 & Acton Head

OF

movebue. GRS L (g1 | 0 851 | Igia g | g gl L A
plastic E ; ; = izl [ | [ | [ | A6
bottle -
v/ Z ] n N B P ri Grip
near r r r r o r ol r — i 2y
pepsi can” o : : | WG W > PR S s —
= H| |~ B o 72 'z 7 Lol e il o 7D Robot
- 3] B 5 ol " —~ = — 3] ) sl Action
m|EE |8 =2 By m| o miY m|lS e
| < M ‘ > > > < ' ‘
< < = = Py
o B | = % i L —
Vision Encoder ] u , _
- F ¥ o | 4 ¥ ¥ ¥ ; :
il | ; S5y
oy | g ‘
-l | i) | | | |
- N | ‘
I\
% = Key Set  Task Relevant Set Diversity Set
=@ _m E B MY BE N Dversiy(y )=
5 a Tk
2 v iz
E ﬂ Top,(key TOPK, e ToPk 4 i ok ’" . Step t
g Attention score Attention score Diversity score K / prediction

< EfficientVLA Framework >
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1) Yang, Yantai, et al. "EfficientVLA: Training-Free Acceleration and Compression for Vision-Language-Action Models." arXiv preprint arXiv:2506.10100 (2025). Accepted to NeurIPS 2025.

EfficientVLA

* Method 1: LLM Layer Pruning

= Observation
-A2 80|02 &=

£ /&9 7 Cosine Similarity7t 012 =5
-s S 0|07t #od H

=]
2ol 7[0fst= Bt7E &5 2[0|

—

32
01

- Importance Score (I¢) e
it =1 — AvgCosineSim (Input (x/), Output (x/“)) | B
-FAMNEI 258 Layer 325 ©47F RO =3 o

- Pruning Strategy .2
~Importance Score/} 7t& 22 N7i Q| Layer= Pruning - e

1 8 16 24 32

_H|ldda™Moz 2algd O} =L afLy . .
[gEHoz S22 0]02 Z2tH < Layer-wise Cosine FALE >
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1)

EfficientVLA

* Method 2: Visual Token Pruning

- Challenge
- 22| £ Visual Token= Pruningot™ 2 &£ X|0{0f 2ot

Yang, Yantai, et al. "EfficientVLA: Training-Free Acceleration and Compression for Vision-Language-Action Models." arXiv preprint arXiv:2506.10100 (2025). Accepted to NeurIPS 2025.

= Selection Criteria T h
N N A
-Key Set: Text Prompt2} Cross-AttentionO| 7} =2 el EZE ML —" "7 4 (H ,ZIA”)
- Task Relevant Set: ‘== Tokens Attention M-/t 2 =22 FIt— | - Z Avg(A; )
Jj
-Diversity Set
7| = MEREl Tokens 0F FAIEZF X2 Tokens 184
cHE FEL FH WERZ B ESHY visual HEO| HS WX|HY| gt
¢
Lo
B Key Set  Task Relevant Set Diversity Set
> H B L I HF N
g L= 00 o ol
E TOpKkey TOmesk TOpKdiv -
g Attention score Attention score  Dijversity score
HEAI
AT ek < Visual Token Pruning &% >
R il 23 % Cosine Distance 7|8t Diversity &= A& &4
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1) Yang, Yantai, et al. "EfficientVLA: Training-Free Acceleration and Compression for Vision-Language-Action Models." arXiv preprint arXiv:2506.10100 (2025). Accepted to NeurIPS 2025.

EfficientVLA

» Method 3: Action Head Caching

» Observation

- Diffusion®| Denoising StepZt Attention X MLP2| 57t =& gt Hat7f Ho| SIS
- Caching Strategy
- 0K StepOtCt &FH 2 Ait= BHESHA| &
-K Step ZHAL 20t A4ts AL 1 AFO| EHAMN = 7l & 4t AU ZE MALE

5 |
- KUY Step OFCH 3 $IN T 2 A QU 744541, LIO{X| 4812 HA S 24S THALS

ﬂ % THEED < Action head Caching 24| >
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1) Yang, Yantai, et al. "EfficientVLA: Training-Free Acceleration and Compression for Vision-Language-Action Models." arXiv preprint arXiv:2506.10100 (2025). Accepted to NeurIPS 2025.

EfficientVLA

» Experiment — Simulation Benchmark

- SIMPLER 2t-E 0| A CogACT(baseline)d| EfficientVLAE MEd d==2 7}
. . =2 o A
- Inference Time: CogACT(baseline) CHH| 1.93HH i} E F=2 £ &
= . A
- Computae: FLOPs= baseline CHH| 28.9% =&EHA| A (71.1% 42
1T: L A
- Accuracy: Ht success rate= 0.6% T=2| XA A
SIMPLER | Method | Training-free | PickCan MoveNear Drawer DrawerApple Average | FLOPs| Speedupt Params (B)
CogACT - 91.3%  85.0%  71.8% 50.9% 74.8% | 100.0%  1.00x 7.63
Random Dropping v ¢ 204 53.5 .0 20).¢ 58.5% 1.2
Visual FastV v/ 92.6%  81.4%  69.8% 52.4% 74.1% | 42.0%  121x 7.63
Matehin VLA-Cache v 92.0%  833%  70.5% 51.6% 74.4% | 80.1%  138x 7.63
& | EfficientVLA (L=28, T=112) v/ 95.3%  833%  70.3% 56.5% 76.4% | 451%  1.59x 5.87
Efficient VLA (L=28, T=56) v 947%  824%  69.8% 55.4% 75.5% | 329% = 1.71x 5.87
Efficient VLA (L=22, T=112) v/ 94.0%  82.1%  69.2% 54.6% 75.0% | 382%  1.78x 4.86
Efficient VLA (L=22, T=56) v 93.3%  81.3%  682% 53.8% 742% | 289%  1.93x 4386 |
CogACT - 80.6%  80.8%  28.3% 46.6% 61.3% | 100.0%  1.00x 7.63
Random Dropping v 4.0 .0 8.9 58.5% 1.2
Variant FastV v/ 01.4%  78.6%  27.6% 50.6% 62.1% | 42.0%  1.19x 7.63
Avorewati VLA-Cache v/ 91.7%  793%  32.5% 45.8% 62.3% | 82.6%  137x 7.63
ggregalion | o icientVLA(L=28, T=112) / 948%  T7.6%  28.4% 51.9% 632% | 451%  157x 5.87
Efficient VLA (L=28, T=56) v/ 94.4%  772%  27.6% 51.3% 62.6% | 329%  1.69x 5.87
EfficientVLA (L=22, T=112) v/ 93.9%  76.4%  27.3% 50.6% 62.1% | 382%  1.76x 4.86
EfficientVLA (L=22, T=56) v/ 93.2%  75.8%  269% 49.2% 61.2% | 289%  191x 486

5 < SIMPLER: CogACT vs EfficientVLA >
HETHT
g SOG?NGUI\%\.IERSITY 25 % L Layer 7f{==, T= Token i<



1) Yang, Yantai, et al. "EfficientVLA: Training-Free Acceleration and Compression for Vision-Language-Action Models." arXiv preprint arXiv:2506.10100 (2025). Acce;
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 Ablation Study
- Token Pruning2F & A| ~1.23x0f| {Z2{ LLM Memory/action head = 2
- Model CompressionZt X -& 5l = ~1.43x7t K| S7totX| 2t & X5 LA
D= BP0 78S HESHY SHA| FE HE7H~1.93xHX| S7t

T T T

== 29t Visual Tokenxﬂ 71 — Hallucination & 2~ — Success Rate 1

| Model Compression Visual Token Action | Success Inference Speedupt
| Layer MLP Pruning Cache | Rate  Time (s)
Ex0| X X X X 91.3%  0.2342 1.00x
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 v X X 92.3%  0.1638 1.43x
Ex5| V v X v 93.3%  0.1387 1.69 x
Ex6| X X v v 95.3%  0.1592 1.47 x
Ex7| v v v v 93.3%  0.1213 1.93x
< EF taskOf| M 2| Ablation study >
R 447 Tl 8k
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Conclusion

 CogACT
- 7|& VLA(Gen 1)2| 8tA & QI Cognitive Gap= Cognition-Action = 2| TtZZ ol &
. LLM2| 2 531} Diffusion Action Model2| H 1%t X0 532 ZAgtsto]

Generalization 3! Precision 2 &

» EfficientVLA

-CogACT2Z2 1885 VLA R
HNAXLZ 24

_|
 Training-free &4 2| Z|H2tE Soll S5 Ao} 810] 1.938] 715 & H| 22| 28
|:I-)k-|

o G O| Redundancy (Vlsual Layer, Temporal) =

* Final Thought

- High-Performance ReasoningX'} Deployment Efficiency= &A|0f| &85t & A

= O =

EE g|-7o=|0-”A-|E VLAol AI-_Q_Ql. 7|-'—)\-| L Ol=5 =82

o o= I:|O|_|_

B

ﬂ 41 TH8E D
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