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Background

« Vision-Language-Action (VLA) 2 &l
U2 28 24 HO|HACSZ VLME APt S 7 policy HIE 20|
HEoH0 E|'Ot?_r St E 9| taskOf| &= action= H-dote = HA =

=
HE|DE MEHE X=3810] 0|2 action 2240 HEA| o2 DTEEO|HES

M ste O 2HS 2D 9IS

-OHE 22 OpenVLA, 70 / n0.5 / n0.7, VLA-Adapter &

- Single task A Single embodimentO|A] FO{H d5= E &

O 2 A s X AS S22 HME, O 7HE 0 HE action dd 722 st
ME EE O E TO|, actions O|AF EZCZ M

-2024 - OpenVLA: LEAA 7B VLA, actions 02| EEC 2 O|A2h-X17| 2|7 4-d
-2024 - 70 / ©0.5: dual-system T-= + flow matching2 2 H =5 action chunkE = 7| 44
-2025 - VLA-Adapter S: 2~3(0.5B) backbone + E = action expertZ A - 1845 &4
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Background

* Model Merging
- O 21 finetuning 2 & 2| weight= M ts- 2= HO[H IE 2 8i0| 2&
-LLM-VLM =00 M= 0|0] 217} YF &l 7| &
- & 7|®: Task Arithmetic (TA), TIES-Merging &

= {04,...,0,}— StLio| HE HH Gmerge

OpenVLA [ Action De-Tokenizer |———
t t t
- a e Ax
3 Al
Llama 2 7B J AGrip
| 7D Robot
Input Image 9 ) O @ @& ( D @ Action
t t t t t t t t t t Il
@ MLP Proj ) : '
“Put eggplant C i LLIama Tokenizer |
| x
: t

Language Instruction

+ “What should the robot do to {task}? A:"
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VLA-Adapter: An Effective Paradigm for Tiny-Scale
Vision-Language-Action Model (AAAI 2026)
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Paper 1

e Contribution

- 22 backboneIFC £2 SOTAE VLA Ms= 2

-t

-HAAE M Vision-Language 222 Action@ £ HZBSt= CHADE A (raw feature vs
additional query, layer ¥/ X)2| 21tE VLA £0f |2 ZAMSt D o4 A JE =
-Bridge Attention SAH: VLM T layer2| Raw latent@} ActionQuery latentE t& 7Hs ot

Hl& 2 83l action spaced| =& St= 4 & Policy(97M) X ¢t
—B.'g*" 1 ds Ekl 9—"E 0.5B backbone Tt 2 2 OpenVLA-OFT(7B) CHH| IZf2}0|E 1/14,

Sk VRAM()4I:|H X2 &0 3H|E SHASIHA LIBERO-CALVIN-A X 2E0|A S5
o|M9| Ne gty

O?._
Of

= 82 bridging M7 LIS X[ ¢t

g e

| OpenVLA-OFT (sOTA) VLA-Adapter (Ours)

Backbone | /B 0.58 1/14x%

Training VRAM 8 batch) | 62GB 24.7GB 0.4x
Throughput (8-dim chunk) 1 71.4Hz 219.2Hz 3x
Performance (LIBERO) T 97.1% 97.3% Maintain
. ¥ Frozen
VLM Bridge Polic
#10 [ ge & ] yo @ Trainable
2 . . .
V/RGB |L |Instuction| |ActionQuery A | Action
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Paper 1

* Motivation 1

-7I§ VLA RES |12 VLM AFMEE0| LA o=
-otEg H|E-H{Z YOl 2

-HE X
2:VLME U2 2X A% H|0|H =2 At S5 o | Policy U ES| A0 ™ ESHY CHFot
2Ha | MO Bt= dss ddoteE 2
vLi& backbone(7B+)0 CHTH =2 Q|E, M=ot VRAM, =8l 20| HXHo =
A H}E
T O
s 25 Fol
"VL B2 AR 0|8 A G 2O E bridgingt A Q171" = VLA EAH 2| 7HE
2282 ZHO[X| 2 S &3] =2|[X]| KZ

-VLA-Adapter?| S E: L2 2& O|O|H AINSHE 80| = tiny-scale(0.5B)
backboneBF2 £ SOTAE H& 2d
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—e—|  |Raw latent Qc‘% 92.6
[ ] ActionQuery latent 90.2 %2 5;—;92- 90.6
908 *_ _—885 88
P a er 1 : "\./. -84 %84-
p : 502 80
) . . 9/24, 240241 146 76
* Motivation 2 1 Single layer 24 All layers

« 7| bridging 4 SO| MZZ40[2r O 10| 2 X2 S2THK| =22

-47tX| O & T2 CF: (1)RoboVLMs—OHX| B} layer raw, (2)GROOT N1-& 7t layer raw, (3)r0-
A layer raw, (4)OpenVLA-OFT-OFX| 2} layer9| additional query

-2 layer $IX| 2 feature ZF7F 740 UM HAH d5 7|0 2212 & = 2=
- Key Finding 1: Raw latent= middle layer”} deep layerE Cr 21t
: Key Finding 2: ActionQuery latent= X &5 H SIS EZ deep layer@+F 2 0HA
-« Key Finding 3: TH2 layer2 Cf all-layer A& 0| @&t 2 (51, layer B 22 R)
Type | Representative work Feature type Which layer
m RoboVLMs Raw features Last
(2) GROOT N1 Raw features Intermidiate
(3) TTo Raw features All
(4) OpenVLA-OFT Additional Query Last
Q) Action|A (2) Action(A|
| VLM Policy | | VLM s> Policy |
(VIRGB [L]Instuction V|RGB (L Instuction
3) e Action(A
Action|A 000
[ vim [ ey | viri |
(VIRGB  [L|Instuction VIRGB [L|Instuction Query (J(J()
R HAETHEED | VDS I
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Paper 1

* Method Overview
- VLME| 2 & layerO| M & 72| ZH= SAI0| =3 Policy 0l T/ SF= Unified
m 2 /9|3
-Raw latent: DINOVZ/SigLIP HI™ QH S 210 | E ol 2= viM W& B3
- ActionQuery latent: I35 7S query E20| VLM2 S1totH &= EH
C

- Z: Policyt VLMJ_'_|' S ot M7 layerE T, 2 layer?} ol S layer2| & ZHZ A&
(Key Finding 3 £F'9Y)

- Condition Determination: All-layer ActlonQuery':'f S22k 201X 0t Y& hard task=

O —t
middle-layer Raw feature/t O 48 — F 7= A AHE
Unified VLA-Adapter Framework Four Kinds of Conditions
Action ( ] (
VLM Policy(  LN&MLP 0000 | ¢ Attention OO0 | ¢ Attention
—= N . / OO0k e OO0
" IayerD D D D [:] [:] Attention D D D DZH* Attention D D{ﬂ, Attention
o 000%™ 000
 (——" = a) Singn‘e—iayef Raw featuresas b ) Sing!e-l\ayerActionQuery'
C]L__lL__lD DD EEN condition features as condition
2layer Attention .
000 OO0 Y% Attention O Y Attention
Raw features ﬂc;égl;lu()r:gry FFN Mx: DD DQKV Mx: DD DQKV
i ’ x: ’ Myx:
e QOO0 OO Attention 000 D—ﬂr Attention O D—ﬂr Attention
- - _ E&%E 00 Dow' 00 DQKV'

RGB Instruction ActionQuery Initial c)AII-IayerRéwfeaturesas dJAH-fayerActionQuery

action condition features as condition
ﬂ 4475 CH B oar VDS
LAB
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Paper 1 :I.I:I_|-7t-| al-gg o|_|-§. -,5|.§ |=|OI_|_%_| %"X
» Method — Bridge Attention

- ZUEZ2 TS Vst HEE 820t E attention 2= (Parameter: (97M)
-/d: Z} Policy layer = Bridge Attention + FFN
- CAL1: action latent(Q) <> Raw latent(K,V) + learnable ratio (tanh)= =& HE X H

-CAZ2: action latent(Q) «+ [ActionQuery latent, proprioceptive state](K,V)

-SA + 85 37} K| attention Z1}E concat, L1 lossE end-to-end &5
: L1 loss7} =& £ = HO|A| S50 XH{ &Y

Action
VLM LN &MLP
| ( FFN | Policy , .
bt Qo HLUIN Bridge Attention Bridge Attention
DDDQKV : Concat
Mx : Mx : Ratio Multi-
FFN | Multi-Head M roae™® Head )
D000 OO - sridgeattention VLM 11| acteation || A%enton | | | atention  Policy
B EEEL : [ KVicond) | KV(Cond) | T [_QKV ]
e — [ W | O
O0O0O0 Q) = eridgeAttention O0O0000 i = MLP B8
. DDDQKV.
v L YO LN & MLP
RGB Instruction ActionQuery Initial action
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/ Taskinstruction
/1. Rotate {object} right/left
2.Push{object} right/left
3.Movesliderright/left
Open/Close drawer
4.Lift {object} table/drawer
Lift {object} slider
5.Placeinslider/drawer
\ 6. Stack/Unstack block
\ 7. Turnon/off lightbulb/led
\ 8.Pushinto drawer

Training

m = ;’ ‘ " g hﬁl'
‘ EnvA Ean EnvC EnvD

Evaluation '

Paper 1

* Experiments Setup

- LIBERO / CALVIN ABC—D / &KX 2£&£,

(YEtzl 53 45)
_AMH 2
horizon 47l task, Of & OFCF =X 9| K| 2H E 2f
-7
(Single GPU 7|& sA|Zt ot& 2t= 7ts)

Real-World Settings

Condition

[rotate_object, '{object}’, +60]

[push_object, '{object}', +0.1,0]

[move_door_rel, 'base_slide', +0.23]

[move_door_rel, 'base_drawer', +0.12]

[lift_object, '{object}’, 0.05, 'table’, 'base_link/drawer_link']
[lift_object, '{object}’, 0.03, 'table’, ‘plank_link']
[stack_objects/unstack_objects]

[place_object, 'table’, 'plank_link/drawer_link']
[toggle_light, 'lightbulb/led’, 0/1,1/0]

[push_object_into, [{object}], 'table’, 'base_link', 'table’, 'drawer_link']

30 2 E oM S S
- LIBERO: Spatial/Object/Goal/Long 47l suite x 10 task, task = 502| A|2H (‘4
-CALVIN ABC—D: Env A,B,CE && £ Env DOJ|A] zero-shot B 7}, 5-task

Fﬂo

=: 6-DoF Synria Alicia-D + Logitech/RealSense 7FH| 2, pick-move-stack-long-

: backbone Qwen2.5-0.5B + LoRA + AdamW, batch size 16, 4xH100 GPU

Task Examples

Synria Alicia-D (Lead Arm) Gripper Camera (RealSense D405)
l 6-DoF
~— Synria Alicia-D
(Follower Arm)
i Operational
Workspace
Third-view Camera e.g.: Pickup the spoon and place it on the cup, then place the cup on the plate
(Logitech C920e) — -

@B’
"x

Diverse Objects

VDS

Réi s eu 8
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Frozen | OpenVLA-OFT  SmolVLA  VLA-Adapter

Pap erl Success Rate (%) 1 | 0.0 77.0 86.4

» Results — Necessity & Efficiency
-backbone THE-AHSHS O 2o FAUSHA AP =2 25, T2 HEE VI HHE
- Fine-tuned H| 1 (LIBERO-Long Success Rate, OFT CHH| Ours):
-Frozen backbone: OpenVLA-OFT 0.0% < SmolVLA 77.0% < VLA-Adapter 86.4%
- Efficiency: Throughput 71.4—219.2 Hz (38l 1), Latency 0.112—0.0365 sec

~-MNHSSEX| E2 VIMESTS 0|50] 21, backboneO| frozenk| O = 2ot & FAl

Backbone +OFT +Ours (VLA-Adapter)
Qwen2.5-0.5B 85.8 95.0 (+9.2%p)
LLaMA2-7B 87.5 95.2 (+7.7%p)
OpenVLA-7B (pretrained) 94.5 95.4 (+0.9%p)
Efficiency | OpenVLA  OpenVLA-OFT (wo X7, P) OpenVLA-OFT VLA-Adapter
Throughput (Hz) 1 4.2 109.7 71.4 219.2
Latency (Sec) | 0.2396 0.0729 0.1120 0.0365

R A%l 3.',‘-‘3- VDS
S
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Paper 1

* Results — LIBERO Benchmark

- 0.5B backbone 2t 2 2 7B8 SOTA(OpenVLA-OFT)2t S &Lt &

|.:A-Ii
- OO

-& Y tiny-scale(0.5B)M| Al VLA-OSE Ct LIBERO-Long +29.0%, OpenVLA-OFT(7B) CHH]

IH2t0| B 1/14 - VRAM 0.4Hf - throughput 3H{ £ &5 0|4 d& =&

SOGANG UNIVERSITY

A szutta
S

LIBERO Params | Spatial Object Goal Long | Avg.

FlowVLA (Zhong et al., 2025) (arxiv) 8.5 932 95.0 91.6 72.6 88.1
UnifiedVLA (Li et al., 20252) armxiv) 8.5 95.4 98.8 93.6 94.0 95.5
OpenVLA (Kim et al., 2024) (core) 7 84.7 88.4 792 537 76.5
OpenVLA-OFT (Kim et al., 2025) (xss) 7 976 984 979 945 | 97.1
UniVLA (Bu et al., 2025) (gss) 7 96.5 96.8 95.6 92.0 95.2

Large CoT-VLA (Zhao et al., 20252) (ever 7 87.5 91.6 87.6 69.0 81.1
WorldVLA (Cen et al., 2025) axiv) 7 87.6 96.2 83.4 60.0 81.8
TraceVLA (Zheng et al., 2024) tarxiv) 7 84.6 85.2 75.1 54.1 74.8
MolmoAct (Lee et al., 2025) arxiv) 7 87.0 95.4 87.6 77.2 86.6

ThinkAct (Huang et al., 2025) i) 7 883 914 871 709 | 844

PD-VLA (Song et al., 2025b) (arxiv) 7 05.5 96.7 94.9 91.7 94.7

4D-VLA (Zhang et al., 2025a) (arxiv) -+ 88.9 95.2 90.9 79.1 88.6

Spatial VLA (Qu et al., 2025) (rss) 4 88.2 89.9 78.6 55.5 78.1

o (Black et al., 2025b) (grss) 3 96.8 98.8 95.8 85.2 942

Small mo-FAST (Pertsch et ;ll.,_ 2025) (gss) 3 96.4 96.8 88.6 60.2 85.5
NORA (Hung et al., 2025) sa,xi) 3 922 954 894 746 | 879

SmolVLA (Shukor et al., 2025) (arxiv) 2.2 93.0 94.0 91.0 77.0 88.8

GROOT N1 (NVIDIA et al., 2025) rarxiv) 2 04.4 97.6 93.0 90.6 93.9
GraspVLA (Deng et al., 2025) (arxi) 1.8 - 94.1 91.2 82.0 89.1

Seer! (Tian et al., 2025) (Scratch) ez 0.57 - - - 78.7 78.7
VLA-OS (Gao et al., 2025) arxiv) 0.5 87.0 96.5 92.7 66.0 85.6

Tiny  Diffusion Polir.‘},.’Jr (Chi et al., 2023) (zss) - 78.3 92.5 68.3 50.5 724
VLA-Adapter (Qurs) 0.5 97.8 99.2 97.2 95.0 97.3
VLA-Adapter-Pro (Ours) 0.5 99.6° 99.6° 982" 964" | 98.5

13
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Paper 1

» Results — Generalization & Real-World

A

-CALVIN ABC—D (Avg. task length, 0-5):
s+ Task length: 8= 9t task ZO|

- CALVIN zero-shot & 220 A SOTA =T 74X

CALVIN ABC—D Params | | TaSk;"mpleged A T s |Ave lent

UniVLA (Bu et al., 2025) (gss) 7 955 858 754 669 56.5 3.80

OpenVLA (Kim et al., 2024) (corr 7 913 778 620 521 435 3.27

OpenVLA-OFT (Kim et al,, 2025) gss) 7 963 89.1 824 758 66.5 4.10

I VLAS (Zhao et al., 2025b) crr) 7 872 642 409 28.1 196 2.40

T8¢ LCB (Shentu et al., 2024) (zos) 7 736 502 285 160 99 1.78

RoboDual (Bu et al., 2024a) j4.xi) 7 944 827 721 624 544 3.66

OpenHelix (Cui et al.,, 2025) (arxiv) 7 97.1 914 828 726 64.1 4.08

ReconVLA (Song et al., 2025¢) (arxiv) 7 956 876 769 693 64.1 3.95

DeeR (Yue et al., 2024) newes) 3 862 70.1 518 415 304 2.82

gy ROPOFlamingo (Li et al., 2024) ucir) 3 824 619 466 33.1 235 2.48

VPP (Hu et al., 2025) yeu) 1.5 | 957 912 863 8.0 750 | 433

SuSIE (Black et al., 2024) gcrr) 1.3 | 870 690 490 380 26.0 2.69

Seerrarge (Tian et al., 2025) (crr) 057 | 963 9.6 86.1 803 740 4.28

MoDE" (Reuss et al., 2025) jcir) 044 | 962 889 8.1 718 635 4.01

Tiny Seer! (Tian et al., 2025) yery) 032 | 944 872 799 722 643 3.98

VLA-Adapter (Ours) 05 |99.1° 946 888 828 765 4.42

VLA-Adapter-Pro (Ours) 0.5 | 985 9507 90.5° 853" 80.0°| 4.50

HABTH
SOGANG UNIVERSITY 14
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Paper 1

» Results — Generalization & Real-World
- AN 28 B X[ A = SOTA =& 74
- & H| 2&: Pick-Move-Stack-Long-horizon 47 suiteO| A| ACT, 0.5B+OFT CHH| 25 2%
=M X BHESE QIS distribution shiftO| = 7410

O
o

tPick
[ JACT [ ] 0.5B+OFT [___] VLA-Adapter . —

il

Pick Move Stack Lo'ng A\;g.

o
o

Success Rate (%)
W
o

o

A szutta VDS
S
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0%

MergeVLA: Cross-Skill Model Merging Toward a
Generalist Vision-Language-Action Agent

(CVPR 2026)
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Paper 2

 Contribution

- VLA 2 29| task merging 27ts°3 & 2 & 5! S| A5t
-2l 1E: VLM B E O] LoRA adapter”/f task'E 2 & & 0ot= o = G4l

action expert2| self-attentionO| task S &2 & block ™ 20| 2HAMA[F B2 HEE=

= = (@) =+
=M E 2= 22 B

Of7| Bl X XH D A|: Task mask 7| 22| sparse activation LoORAZ VLM H

=l
'« Action expert2| self-attention= cross-attention & X2 C{X|SI0] HE 7tsd2 A
CHAOMEE =gt
of 2 2r2H0f| M & value 7|8t subspace=

- Task-level Routing: Task & A|- 0| AKX K] 2 A
226l M E ot task mask 2t expert headE At& M B SH= training-free router Al €t

Oofo
—

ﬂ AT
17
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Paper 2

* Motivation 1
- ME CHE skill2 T QI&7'd &l VLA expertE 2 B
(LIBERO 7| 0%)
-LLM-VLM =9I M AS =l Hot 7| Bl(Task Arithmetic, TIES &)0| VLAX A F 2 5}E
A

=
~OpenVLA AHH| £ 2HE 0 2 ¢tLio| VLMOIHIE, 7|E VLM Bet 4E Afa| ot gt
ZitE el
=

- VLA fine-tuningO| task 7t @2t =7} 5%} structural specialization= 2 StCH= A= A|A}

ot

- 751 =
ISlH -5 = 0| near-zero

R 447 T8k \ . V28|
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Paper 2

 Motivation 1

- VLM 22 9| LoRA & H|O| E7} taskOtCr M2 HX[X| = Li2t0|H & 2-d2totd
task merging A| It 2| & 7k 24
-Selfish parameter: 171 2| taskOf| Bt 72 oF Lf2}0| & H[Z 0|, task 471 &
- Ol ZF =& task /7t K} Q| perception-control alignmentOf| S| AR St
A =g
;: TALF TIESE #2435 Li2t0|H S SAof 2 -d=t
v & 50t= Vision-Language subspace &=

-2 2 ReVLAX A = VLA fine-tuningO| AFE St 5 Al X4 S BOHMA == ©S

.

=
o
o

3 TA 3 Ties

=
un

rJ
LN

Selfish Ratio (%)
L
-]

o

2 3 4
Number of Models

R AT THSED VDS
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Paper 2

 Motivation 2

- VLM 25 5| Hat

OF

=, action expertE T B2tolH HE5E 0%
o

=
- & @l: Action expert= N &5 B (from-scratch) & T|H, self-attentionO| task & 2 & block

Hgro| M5 %
o 22 plock task 2 HHEES S X|SHX| A
Hel@L2)7t 7t
A} 22 blockE0| 7 E task0| E3}E|0f, OftH Het Mo 2 E XN 7}
- M AFH: Action expert AFA| 2| OF7 | B A XHA 7|7} B Q¢

HN

2 plockL 2 ZH4-Z mj2t0| E

olr

+ ) () (s — ) [ t
1 K o :
Language Block L |4b! BlockL ||| [ BlockL |4k BlockL
Head - J o )

. Block 1 « : Block 1 «

Language N IE‘E ---------- |
Model Block 1 | CA II CA [ Block 1 » | cA ||
ViT ViT L SA | ViT 2]
* R S Actonbepert. Vim ¥ Sh— Action Expert

| OpenVLA | | VLA-Adapter | | MergeVLA |

R 2 ) S CH &,‘_n_. D Non-mergeable Module D Mergeable Module CA: Cross Attention  SA: Self Attention VDS
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Paper 2

 Motivation 2

R B THED

SOGANG UNIVERSIT

- Self-attention= O|7d block2| action featureE CIA| R EHO E AtES
-VLA- Adapter9| action expert& TH2lStH Of2f ot 23
= SA(x') + CA(x", ki) + FFNQ
v O] 7| A{ self-attention= action token x' 77| 2| X2 %-& ot
v SFX| 2 Of action expert= pretrainEl 22 O| OfL[7| I Z 0] 2 taskE St&5 et

vIt2kAl Z} task Q| self-attention= Al = CIE action-token dependencyS &3t

p 4 N —— +— p Y — —
1 ¥ [ 1
Gt BlockL |4pt BlockL || [ BlockL |4pi BlockL !
Language B'.Q‘i‘il_i ______ : BL‘Z‘Z‘S]_:_ _____
f 3 ; By
Model Block 1 |pi| CA " cAl: Block 1 |4pi | cA ||
ViT ViT L SA | ViT 2]
* R S tonbpert V¥ S Action Expert
| OpenVLA | |  VLA-Adapter | | MergeVLA |

D Non-mergeable Module D Mergeable Module CA: Cross Attention  SA: Self Attention

VDS
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Paper 2

 Motivation 2

A

- Self-attention= O| ™ block2| action fe

- Self-attentionO| Y= 42 A H

self-attention Y HO ZE CtA| S L
3, xtlask_)xtzask_)xl,?ask_""_’xtLask

= Zt blockO|

specific featureOf|

vO| £ =9, block 10{| A Task A2} H

=2zol ¢

O|_7E
—I =

=1 o _A]
32

53.5‘
(]

03.01
3
. 2.51
g\
a 2.01
0 5 10 15 20
Block

atureS CIA| Y EHOZ AFES

M blockOf| A 71 task-specific featureZF Ct= block 2|

Z40| OfL| 2}, O] H block Ol A BFHE O]l task-

il

A

AN

7t A 2 CHE feature =

=
=

S I, & HW block2| SA=

Zt CHE S 2 &1, SA weightE HEHE
vIEEAN 5 task AFO|2| XHO|= SA Jit2tO| B QHO M = E Xt
+ \( T Y
! ¥ ,f 1
Language Block L | yBlock L ! Block L |<p Block L |
Head R ) e /
Language . Block1.+ . Block 1 «
{ 3 {7 r—— 1
Model Block 1 >§ CA II CA [ Block 1 >i CA i
ViT ViT L SA | ViT 2]
* R —ctonbpet VM ¥ Action Expert
| OpenVLA | |  VLA-Adapter | | MergeVLA |

5-{"6‘ CH 3_';5_!. D Non-mergeable Module D Mergeable

SOGANG UNIVERSIT
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Paper 2

 Motivation 2

A

53.5‘
(]

03.01
3
. 2.51
g\
a 2.01
0 5 10 15 20
Block

- Self-attention= O| ™ block 2| action feature= CIA| O 2 AtE Tt

- Self-attention O]

U= B2 A HM blockO| Al M 7! task-specific feature7F Cl& block 2

self-attention Y SO E CIA| S0

AP | 2 3 L
55 Xtask 7 Xtask > Xtask """ Xtask

ABTNE-D
SOGANG UNIVERSIT

v O| & SA feedbackO| 2|5l task dependency”} £ O|Of| [f2} =& =l A= Sl A

vO| 114 0| block Ot} BFE E| 7| T2 0|, shallow block 0| A| = task 7} parameter distance”}

A X[ 2, OFX] S block £ 20 M= 545] S7t

b

ot

f ) | f ------ F (o f -----
.' ¥ ,f )
La;getgzge Block L | BlockL : Block L > BlockL |
Language B'.Q‘i‘il_i ______ BLQ‘E‘S]_E_ _____
f Y ; B
Model Block 1 >i CA II CA [ Block 1 | CA i
ViT ViT L SA | ViT 2]
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* Motivation 2
- Cross-attention+— mergingO| % &
-MergeVLAE SAE K| 73} 2} blockO| VLM featureE XSt F OH5
x*1 = CA(x', hY) + CA(xY, ) + FEN()  #h%, hl: VLMO| M| S St task/action £ hidden feature

« [F2FA] 2} action block-2 O| X block Ol A =& &l task- spe<:1ﬁc act10n representation 2 Cf, 8 LA O 2
OF X X O| 1 SF 7S 2 VLM representationOf| A< anchor &

s« I =0 task specializationO| 7 X[ action expert 7 O|Of| I{ X| X[ 10, OFX|[EF & block O] = 22}
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 Method Overview

- &= 7}X| Motivationd| Zr2t L&
T+ &l merge-oriented O 7| &l & X 2F

-Design 1 : Task Maskmg E{A3 OFASE LoRAE sparsely 2

A3} (Motivation 1 L&)

- Design 2 : Cross-Attention-Only Action Expert: SA Xl|7{ £ CH

7ts kA XA Al (Motivation 2 CHE)

-Design 3 : Test-time Task Router: Task identity/} 810 =
mask-expert head& A& 41 Ef

= Ao &2 XX

oFo

LS 11—

= Task identity: =& mixed-task
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» Method — Task Masking
- Setup: Task Vector2l 7| = BE2O| oA

-HZ LoRA EHIO|EE
Tdst= Ao 7|&

- Task Vector 32|

v Oo:

data-free HStO| S Al

Tm:@m

A7HSHE checkpoint

— O

v®m: task mOf| CHSl LoRA ﬁnetunmg = 7S X (m=1,.

-l-

HSE Z Al (TA, TIES, SVD 7|t

. 2 H
Tmerge — aR({Tm}m 1)?

v (o scaling factor, R(-): @& AL
Al e ge task UF B

vEr
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/~ (1) Task Conflicts in Finetuned VLM "\

(2) Specialization of Action Experts )

SFLIC| task vector2 2|51

S22 oo M A

global updateE EO{ M= 20| E
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/~ (1) Task Conflicts in Finetuned VLM "\

(2) Specialization of Action Experts \
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oA E 715K O . = Og + Sim © Tmerge
v'(© : element-wise multiplication
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» Method — Task Masking

- Mask 7“8 7|&: Parameter-level Consistency Test

_I}2HO| B 7} task 22 QO|0|8} 21 MA| S HrSkD} MBS 00 QA E |

OfA 3 do|. Sm =1 [ |Tm| > A |Tmerge _ | ]
A[]: E700] O[T 1, HH0|H 02 Hrﬁﬂf x| Al

d

>

v\ (mask ratio) : = 2 X| & =& ZHSt= hyperparameter

- Ofj A
| T O] residual | Tyerge — Tl 2L &3] ACH—
O| I}2}0| E{ = task m 1120 2213t Al S O|Xf M K| S Hhsko| = 28
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/" (2) Specialization of Action Experts

/ (1) Task Conflicts in Finetuned VLM 1
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Before (VLA-Adapter) After (MergeVLA)

Self-Attention ] ] Self-Attention = H[#

] [ Task Cross-Attn (sigmoid gate) ]

[ Task Cross-Attn (tanh gate)

Action Cross-Attn ]

[ Action Cross-Attn ] [

| o

Paper 2

* Method — Action Expert
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Action expert 1|7} 2% A|H H|O0|H 2 X 55 H(from-scratch) Sf&

- Self-attention= block &1 & x'Of Cisl &1 2=

ot IPH0|M taskE 17 THE 2 AR &

D=8 HSE K|S St= B4, task-dependent M2 &

v 2 blockO| 7HE taskOf| HE2|XH o 2 EtE

-H|H = 21} Self-attention B 27} AFEFX|HA expert= 22 VLMO| K|S dt=
feature(hr, hy )0l 2t S| &St & Z A &

A1} task-specific biasQ| HFO| K| AHE|O, CHE

e 7tsaiE

<\

= 2| blockO| the 7HEX| Bmet2

VDS

LAB

R B TUdED
30

SOGANG UNIVERSITY



Before (VLA-Adapter) After (MergeVLA)
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Paper 2

» Method — Test-time Task Router
- =XN| 274: Task identity 7} 8= [f
-Task identityS &1 QUCHH Si'S mask S, 2t expert head H;,) = & 1 E45HH
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- MergeVLAS| | 3: =7} t5 0| L} supervision 910], 22 & observation T2 2
MAH S mask-head& S 2= 1 EH
- Test-time Task Router S 2: 2 2 O| L & L}2t0|E subspaceZFE A& task
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 Method — Test-time Task Router

- Router & 1 2|F (Step 1-2): Masked VLM T+'& & SVD

-Zt 25 taskOFCH ME CHE
expert2| value projection= SVDE &

;= Step 1. Masked VLM /8-
vOerge = Q0+ S O Terge (M = 1,...,M)
vZt masked VLM= 7| 2518, 1Y, L)Of| CHSH A
vblock 10| A hidden state {h}, h}} ==

- Step 2. Value Projection SVD =0l
Vr = LrZp(Rr)", Vi = LaZa(Ra)"

vZI BEO|M &2 k7N rlght singular vectorsS 3 Off
dominant subspace Pk, P} € R¥r>xd31d
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Paper 2

* Method —

Table 5. Ablation results of MergeVLA with different subspaces
used for routing on LIBERO.

Method Spatial Object Goal Long Avg.

Only K 98.0 0.0 396 76.6 53.6
K&V 98.0 0.0 858 76.6 65.1

Test-time Task Router Only V. 980 988 854 766 897

- 2AH 2H: 2 Query/KeyZt Ol Value @17}
- Ablation 21} Value 7|8t subspace”} Query/Key 7|2t E CF ZH A OHH A
= O] = attention A L|E 2| &gt XO|0f| M H|Z

- Query/Key2

O=|o|- N I‘|_9|

: attention2| similarity T2 S
VoL & & AQI7FE 2785t= 9

vy AL RLSH, task-specific subspace = & Al & 1|5t= 20| QO
router M 2 2= 2 9HY

:Value2| G attentionO| &N £ retrieveSt= L&, & hidden stated| 7| S &| =

HEX o|0|(ask S A 1AL

1T 4d —-—-1-0O

v A O[ EHEE Q= task AEH M2 &

- A& A1} (LIBERO, 47l suite Ba): Only-K 53.6% < K&V 65.1% < Only-V 89.7%

woudkan
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/ (3) Test-time Task Router \
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-+ Step 4. Task M& & 1.

vp = softmax(r), m*= argmax,,pPm

=02 7| S 12|UC 2 57

vO| =2 episode &2t S @t -1 = I

.= Overhead: m’ll 2| task mask2} headES FX|SH{OF ©
Ojofgf

R S TS . VDS

SOGANG UNIVERSITY



Paper 2

« Experiments

« LIBERO / LIBERO-Plus / RoboTwin 2.0 / Real-world SOARM-101

-471 HIX|OF 2 2 mixed-task-OOD-cross-embodiment 4= A5

-LIBERO: 47{| suite x 10 task, task= 50 A|H (in-distribution HTF E 7}

- LIBERO-Plus: 10,0307} task, 73 perturbation (OOD 74114 H7}
-RoboTwin 2.0: dual-arm £X 33 x 47| task (cross-embodiment & 7})

- A SO-101 22 37 = task, taske A 5071 (Real-world HiX| ZHE
-9 backbone Qwen2.5-0.5B, single A6000 GPU

g AW THEE D .
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Paper 2

» Results

- MergeVLA+TIES= LIBERO mixed-taskOl| A| 90.2% g

- Single-task finetuning(96.7%) CHH| 6.5% X}O| = 7| & BT 7| B (TA=0%) 7l M

-TA(All) 0% — OpenVLA+TA+Mask 62.4% — VLA-Adapter+Mask 23.1% —
MergeVLA+TIES 90.2%

Method Merge Method Merge Part Params (B) Spatial Object Goal Long Avg.
Single-task Finetuned Model

OpenVLA [27] - - 7x 4 84.7 884 792 537 765
VLA-Adapter [45] - - 0.68 x 4 99.6 996 982 964 985
MergeVLA - - 0.68 x 4 98.0 08.6 95.0 950 96.7
Merged Model

OpenVLA TA [21] Vision Backbones 7T x4 56.6 58.0 55.6 6.6 442
OpenVLA TA [21] All 7 0.0 0.0 0.0 0.0 0.0
OpenVLA TA [21]1+ 8 All 7 74.2 82.6 68.8 24.0 62.4
VLA-Adapter TA [21] All 0.68 0.0 0.0 0.0 0.0 0.0
VLA-Adapter TA[21]1+S All 0.68 0.0 0.0 0.0 0.0 0.0
VLA-Adapter TA[21]1+S Except HI~L 0.70 50.2 34.6 0.0 7.4 231
MergeVLA gyg EMR [20] 96.0 632 620 406 655
MergeVLATsv TSV [17]+8S 994 97.8 74.4 548 81.6
MergeVLAknoTS KnOTS[39] + S 96.8 08.8 84.8 71.4  88.0
MergeVLAa TA[21]1+8S Except H-~F 0.70 98.0 98.8 854 766 89.7
MergeVLAwuDI WUDI [8] + S 97.6 08.2 85.6 78.2 89.9
MergeVLATIES TIES [48] + S 94.8 94.6 91.8 794  90.2

A B
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» Results

- LIBERO-Plus(OOD): 62.5%
- Single-task finetuning modelO| M &= 7| & SOTAELCH G 7410

Method S1 52 S3 S4 S5 S6 S7 Avg,
Single-task Finetuned Model

OpenVLA [27] 34.8 0.8 23.0 8.1 28.5 3.5 15.2 16.3
mo [3] 81.4 13.8 58.8 85.0 68.9 6.9 79.0 56.3
VLA-Adapter [45] 76.6 36.4 73.8 71.0 70.2 374 57.2 59.0
MergeVLA 92.7 62.4 75.7 92.7 73.7 46.4 74.7 72.4
Merged Model

VLA-Adapter [45] 15.7 6.6 17.6 11.2 15.0 4.1 7.1 10.8
MergeVLA 1qy 64.3 44 8 58.8 729 594 304 52.7 53.5
MergeVLA 78.2 53.1 68.4 79.0 65.0 34.6 62.7 61.6
MergeVLA 1igg 85.7 50.7 66.0 84.2 68.1 30.3 66.0 62.5

VDS
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Method Pick & Place Push Cube Stack Cube Avg.

Pap er 2 Single-task finetune 90.0 85.0 95.0 90.0
MergeVLAT, 70.0 70.0 60.0 66.7

* Results MergeVLA g 90.0 90.0 90.0 90.0

- Real-world (SOARM-101)
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   x  i + 1 = S A  (   x i ) + C A  (   x i ,  h  V L M i ) + F F N ( )


   x i


   x  t a s k 1 →  x  t a s k 2 →  x  t a s k 3 →⋯→  x  t a s k L


   x  t a s k 1 →  x  t a s k 2 →  x  t a s k 3 →⋯→  x  t a s k L
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