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Fig. 1: We tackle the challenge of gripper-specific grasping in robotics, e.g., a suction
cup gripper lifts a thin, flat, DVD-case-like box from above, while a parallel-jaw gripper
pushes it to the table edge and grasps it from the side. We first introduce MiGA, a large-
scale multi-gripper-aware dataset collected by diverse gripper types. Leveraging this
dataset, we then develop a Gripper-aware Vision Language Action (GVLA) model that
incorporates gripper conditioning through a new multi-gripper tokenization method
and a dual Mixture-of-Adapter. Our approach improves task performance over gripper-
agnostic baselines and enables cross-gripper adaptation.

Abstract. Vision language action models (VLAs) have advanced gen-004 004

eral purpose robotic grasping and manipulation by enabling robots to005 005

interpret visual observations and natural language instructions to gener-006 006

ate executable action sequences. However, existing VLAs often implicitly007 007

assume gripper invariance, despite grasping strategies being inherently008 008

embodiment-dependent. Different gripper types, such as parallel-jaw and009 009

suction, usually require distinct interaction strategies to achieve the same010 010

grasping objective. Moreover, current datasets for VLAs predominantly011 011

rely on parallel-jaw grippers, limiting gripper-aware learning. To address012 012

this gap, we introduce MiGA, a multi-gripper-aware dataset spanning013 013

five distinct gripper types across multiple robots with 103,000 demon-014 014

strations, explicitly capturing strategy divergence under shared task ob-015 015

jectives. We further propose GVLA, which combines a new multi-gripper016 016

tokenizer with adapter-based policy routing. Our new gripper encod-017 017

ing induces structured embedding information that balances parameter018 018

sharing and strategy differentiation, while layer-wise probing confirms019 019

meaningful gripper-conditioned representations for VLAs. Intensive ex-020 020

periments in both simulation and real-world robots show that our GVLA021 021

outperforms the current baselines by a clear margin. Our method also022 022

improves zero-shot generalization or few-shot adaptation to new objects023 023

or unseen tasks, and enabling cross-gripper transfer.024 024
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1 Introduction025 025

General-purpose robotic grasping and manipulation with vision-language-action026 026

models (VLAs) have been making a transformative impact on the robotics re-027 027

search community recently [10,41,50,53]. Although achieving promising results,028 028

current VLAs implicitly assume gripper invariance across the learning tasks,029 029

while gripper configurations and grasping strategies are inherently embodiment-030 030

dependent [31,70,72]. Different types of grippers necessitate fundamentally dis-031 031

tinct manipulation and grasping strategies. For example, as shown in Fig. 1 and032 032

our demonstration video, grasping a thin, flat object (i.e., a DVD or a facing-033 033

down box) with parallel-jaw grippers may require first repositioning the object034 034

by sliding it to the table edge and then grasping it from the side; meanwhile,035 035

a suction gripper can directly approach from above and lift it. This example036 036

exemplifies a critical insight: achieving the same task objective does not im-037 037

ply a shared strategy space, where successful execution depends on the robot’s038 038

embodiment and its corresponding feasible interactions. Moreover, incorporating039 039

robot hardware configurations into the learning of task space under different task040 040

contexts requires VLAs to learn distinct strategies for different gripper embod-041 041

iments. These expectations for VLAs pose challenges in both dataset collection042 042

and the design of learning mechanisms. Herein, we pose the central question:043 043

“Can VLAs learn embodiment-dependence and strategy-level divergence of mul-044 044

tiple robotic grippers to tackle diverse, real-world tasks? ”045 045

To enable VLAs training, an important requirement is the availability of046 046

large-scale datasets. Current robotic datasets, such as Open X-Embodiment [42],047 047

Bridge V2 [54], and DROID [26] dominantly use parallel-jaw grippers, leaving048 048

gripper diversity underexplored [60]. This is increasingly limiting as different049 049

grippers such as suction cups, multi-finger hands, and soft grippers are also be-050 050

ing used in various robotic tasks [31, 70, 72]. Moreover, different gripper types051 051

often require their own manipulation strategies, while existing datasets do not052 052

explicitly encode such embodiment-dependent strategy divergence, preventing053 053

VLAs from learning gripper-aware policies. To address this gap, we introduce054 054

MiGA, a large-scale multi-gripper-aware dataset comprising 103, 000 demon-055 055

strations spanning over various tasks with five distinct gripper types. Unlike056 056

prior datasets that provide single-solution trajectories with limited gripper types,057 057

MiGA explicitly captures how identical task objectives necessitate fundamen-058 058

tally different strategies across different gripper embodiments. Each task includes059 059

demonstrations from at least three different gripper types, yielding 132 distinct060 060

gripper-strategy pairs with natural language descriptions. Collected across mul-061 061

tiple robot platforms in both simulation and real-world environments, MiGA062 062

provides the first comprehensive dataset for training and benchmarking gripper-063 063

aware policies that can reason about gripper-dependent grasping.064 064

Recently, several works have investigated gripper representation for VLAs in065 065

robotic applications [15, 64, 68]. However, existing gripper representations, such066 066

as graph-based encoding [24,64,67], primarily target grasp pose transfer among067 067

morphologically similar grippers rather than learning robust griper tokenization.068 068

To investigate whether existing gripper representations might suffice, we visu-069 069
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Fig. 2: Gripper embedding feature heatmap of different gripper representations. Our
new multi-gripper tokenization method (d) produces well-clustered representations or-
ganized by gripper type. In contrast, other methods (a-c) fail to capture the underlying
semantic structure of different gripper types. V1 and V2 denote the vacuum gripper:
UR10 Suction Cup [23] and Cobot Pump [48], F1, and F2 denote finger-based gripper:
Franka Panda Hand [16] and Shadow Hand [4].

alize three gripper tokenization approaches when using the same π0 [5] back-070 070

bone: MLP embeddings [47], VQ-VAE tokenization [51], and language-based071 071

embeding [29]. Fig. 2(a–c) shows that existing methods struggle to produce072 072

meaningful gripper structure: MLP and VQ-VAE produce inconsistent similari-073 073

ties unrelated to morphology, while language prompts collapse to near-identical074 074

representations across grippers. To effectively embed gripper information into075 075

VLAs, we introduce two new components: (i) a new multi-gripper tokenization076 076

that encodes gripper information at three levels: domain-level tokens capturing077 077

robot characteristics, type-level tokens encoding gripper category constraints,078 078

and instance-level tokens preserving individual gripper features. Fig. 2d shows079 079

that our multi-gripper tokenization produces structured representations in the080 080

embedding space, with same-type grippers clustering while remaining well sep-081 081

arated from different types; and (ii) a dual Mixture-of-Adapters (MoA) that082 082

directly modulates action generation through gripper-specific expert routing,083 083

enabling parameter-efficient fine-tuning while maintaining knowledge sharing084 084

across grippers. The intensive experiments on both simulation and real-world085 085

robots show that by effectively embedding the gripper information, our method086 086

outperforms recent baselines by a clear margin. To summarize, our contributions087 087

are as follows:088 088

(1) We introduce MiGA, a large-scale multi-gripper-aware dataset featuring di-089 089

verse gripper types on complex tasks, explicitly capturing how the same task090 090

requires different strategies depending on the gripper morphology.091 091

(2) We propose GVLA, a fine-tuning framework with a new multi-gripper tok-092 092

enizer and MoA to enable strategy-aware manipulation learning.093 093

2 Related Work094 094

Gripper Representation. Several robotic research work has recognized that095 095

different end-effectors require distinct approaches [7,9,20,49]. Existing approaches096 096

encode gripper morphology through geometric distance fields between robot and097 097

object point clouds [24, 59, 64], diffusion-based synthesis [17, 63], graph-based098 098

approaches operate on kinematic topology [2, 44, 58], and contact-centric repre-099 099

sentations decouple hand embodiment from object geometry [15,30,68]. Beyond100 100
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Table 1: Comparison of existing datasets for VLAs. Our dataset provides a
manually collected, gripper-aware data spanning multiple gripper types with gripper-
specific manipulation strategies in both simulation and real-world settings.

Dataset #Traj. #Gripper
Types #Robots Gripper-Specific

Solution
Depth
Image

Sub-step
Decomposition

Data
Domain Collection

Open X-Embodiment [42] 1M+ 1 22 ✗ ✗ ✗ Real Aggregation
DROID [26] 76K 1 1 ✗ ✗ ✗ Real Human
Bridge V2 [54] 60K 1 1 ✗ ✗ ✗ Real Human
RT-1 [6] 130K 1 1 ✗ ✗ ✗ Real Human
RH20T [12] 110K 1 7 ✗ ✓ ✗ Real Human

BridgeDataV2 [12] 60.1K 1 1 ✗ ✓ ✗ Real 84% Human,
16% Scripted

RoboMind [62] 107K 2 4 ✗ ✓ ✓ Real Human
GraspVLA [10] 1B 1 1 ✗ ✗ ✗ Sim Synthetic
Libero [34] 4.5K 1 1 ✗ ✗ ✗ Sim Human

MiGA (Ours) 103K 5 5 ✓ ✓ ✓ Real+Sim Human

these, a subset of works further explores cross-gripper transfer via shared eigen-101 101

grasp spaces [67] and latent action alignment [3]. Despite these advances, existing102 102

methods primarily focus on transferring grasp pose representations across grip-103 103

pers, while overlooking strategy-level differences induced by gripper morphol-104 104

ogy [2, 67]. Incorporating gripper-aware reasoning into VLAs, where strategies105 105

span from approach trajectories to final execution, remains underexplored.106 106

VLAs and Datasets. VLAs leverage pretrained vision-language models to107 107

enable reasoning and generalization in robotic tasks. Early work like RT se-108 108

ries [6, 71, 76] demonstrated this potential, while recent efforts such as Open-109 109

VLA [27,28] and π series [5, 21, 22] have further improved scalability and archi-110 110

tectural design. Recent work has demonstrated strong performance in grasping111 111

tasks [10, 70, 75], with efforts extending to vacuum grippers [72] and dexter-112 112

ous hands [8, 31, 43, 70]. However, VLA models strongly rely on training data.113 113

As shown in Table 1, existing large-scale robot datasets predominantly feature114 114

parallel-jaw grippers [6, 12, 26, 42, 54], limiting VLA models’ ability to learn115 115

morphology-dependent manipulation strategies [7, 69]. To address this limita-116 116

tion, we introduce a multi-gripper dataset across five different gripper types.117 117

Unlike prior datasets, our dataset captures trajectory-level strategy variation118 118

across grippers, providing the foundation for gripper-aware policy learning.119 119

Soft Prompt Learning. Soft prompting provides a parameter-efficient alter-120 120

native to full fine-tuning by optimizing continuous prompt embeddings while121 121

freezing backbone parameters [32,36,37,73]. In vision-language models (VLMs),122 122

prompt learning has shown strong few-shot adaptation performance [18, 73, 74],123 123

with extensions to dynamic routing [11], multi-modal prompts [25], and knowl-124 124

edge preservation [65]. Hierarchical prompt tuning [57] further models struc-125 125

tured semantic associations across multiple levels via relationship-guided atten-126 126

tion,modeling both fine-grained attributes and holistic category semantics. In127 127

robotics, prompt-based adaptation has been explored for embodiment general-128 128

ization; X-VLA [69] introduces per-embodiment soft prompts to absorb hardware129 129

variations across platforms. However, prior work focuses on robot-level diversity130 130

and overlooks end-effector morphology. We address this gap with gripper-aware131 131

soft prompt tokenization that encodes gripper taxonomy, embedding morpholog-132 132

ical priors directly into prompt space, and combine it with gripper-conditioned133 133

mixture-of-adapters [56,66] to enable structured sharing and specialization.134 134
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3 The MiGA Dataset135 135

Although several datasets have been proposed for VLA, most of them are lim-136 136

ited to one gripper type, typically parallel-jaw grippers, and therefore overlook137 137

alternative grippers and how they influence the grasping strategy (Table 1). To138 138

address this limitation, we introduce MiGA, a multi-gripper-aware dataset that139 139

explicitly captures the coupling between gripper morphology and grasping strat-140 140

egy. MiGA has three key properties: (i) Multi-gripper coverage: demonstrations141 141

collected with five common gripper types; (ii) Gripper-specific task design: A142 142

broad set of tasks intentionally constructed to elicit morphology-dependent solu-143 143

tions, highlighting differences in contact formation, approach planning, and ma-144 144

nipulation execution; and (iii) Real-to-sim parity: real-world demonstrations ac-145 145

companied by closely matched simulation environments that enable reproducible146 146

benchmarking across models. Beyond trajectories, MiGA provides sub-step de-147 147

compositions and annotated failure demonstrations, offering rich supervision for148 148

learning gripper capabilities and challenging manipulation tasks.149 149

3.1 Data Collection Setup150 150

Gripper Setup. We employ five gripper types for data collection: (i) parallel-151 151

jaw grippers (Franka Panda [16], Robotiq 2f-85 [45]) that achieve two-finger152 152

form-closure; (ii) three-finger grippers (Robotiq 3-Finger [46]) that provide multi-153 153

point form-closure; (iii) our in-house soft two finger gripper that provides compli-154 154

ant adaptation; (iv) suction gripper (Cobot Pump [48], UR10 Suction Cup [23])155 155

that adhesion-based grasping with suction; and (v) dexterous five fingers hand156 156

(Inspire Hand [4]) that provide high degree-of-freedom (DoF) multi-contact.157 157

These grippers differ not only in geometry but also in contact mechanics, force158 158

transmission, and controllable DoF. As a result, identical manipulation tasks159 159

require qualitatively distinct strategies across grippers, including variations in160 160

approach direction, contact region selection, and pre-grasp configuration. With161 161

several gripper types, our dataset enables learning not only trajectory policies,162 162

but the structured relationship between grippers and grasping strategies.163 163

Robot Setup. MiGA includes demonstrations collected in both simulation and164 164

real-world settings with five gripper types. Simulation provides a reproducible165 165

testbed for algorithm development, while real-world data captures the real phys-166 166

ical complexities. For simulation, we use NVIDIA Isaac Lab [38] with Franka167 167

Panda and UR10 robots. Real-world demonstrations are collected using UFAC-168 168

TORY xArm7, Franka Panda, and UR5 robots. All setups use multi-view RGB-169 169

D observations from wrist-mounted cameras and third-view cameras, providing170 170

complementary end-effector and global scene perspectives.171 171

3.2 Task Design172 172

To explore how gripper morphology drives grasping strategy, we design tasks in173 173

which identical objectives require different solutions across grippers. The task174 174

suite spans four scenarios: (i) Singulated tasks vary object geometry, texture,175 175

and pose, revealing how contact feasibility depends on morphology, e.g., flat176 176

surfaces favor adhesion-based grippers while irregular geometries require compli-177 177

ance or multi-point contact. (ii) Stacked scenes introduce occlusion and collision178 178
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Pick up the cracker box

Shadow hand: {push to the edge, grasp from bottom}

Soft gripper: {push to the edge, grasp from side, lift up, regrasp}

(a) Singulate

Pick up the block / box from the stack

Parallel jaw: {push out of the stack, grasp from top}

Vacuum: {directly grasp from top}

(b) Stacked

Pick up the mustard bottle from thebasket

Parallel jaw: {approach from top, grasp at the narrow side}

Vacuum: {approach from side, grasp at the flat side}

(c) Constrained

Same scene with different instructions

Pick up a cup of water: {approach from side, grasp at the handle}

Pick up an empty mug: {approach from top, grasp at the rim}

(d) Semantic

Fig. 3: Illustration of gripper-specific strategy variations across four task categories.

constraints that demand morphology-specific pre-grasp planning and insertion179 179

strategies. (iii) Constrained-space tasks impose spatial limitations that amplify180 180

trade-offs between gripper size, reachability, and alignment precision. (iv) Se-181 181

mantic grasping further requires reasoning about object function and task con-182 182

text, such as selecting safe contact regions when handling a filled container. Our183 183

Supplementary Material provides a detailed description of these tasks.184 184

Singulate Stacked Constrained Semantic
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Parallel Jaw Vacuum 3 Finger Shadow Hand Soft

(a) Distribution of tasks

Singulate
34%

Stacked
16.6%

Constrained
23.3%

Semantic
26.1%

(b) Dataset composition

Fig. 4: MiGA dataset statistics.

3.3 MiGA Dataset Statistics185 185

Fig. 4 summarizes the statistics of our dataset. MiGA comprises 103, 000 demon-186 186

strations spanning 36 tasks and 5 distinct gripper types, with multi-view RGB-D187 187

observations, proprioceptive states, and gripper-strategy annotations. Each task188 188

includes demonstrations from at least 3 distinct gripper types, ensuring multi-189 189

strategy supervision under identical task objectives. In addition, MiGA provides190 190

natural language descriptions for each gripper-task pair. The dataset additionally191 191

includes failure demonstrations (around 5% of the dataset), enabling analysis of192 192

embodiment limitations and failure boundaries.193 193



ECCV 2026 Submission #5218 7

Feed Forward

...

Top k 

Learnable Gripper Token

Top k 

Add &Norm

 VLA backbone

Instruction: Pick up the flat box
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Gripper-aware VLA

Shadow hand: {grasp from bottom} Soft gripper: {lift up, regrasp} Parallel jaw: {grasp from side}Vacuum: {pick up from above}

Adapter

gripper feature vision language feature

Block 18

Block l

...
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Fig. 5: An overview of GVLA architecture. Our method extends the pretrained VLA
backbone with two gripper-aware components. (Left) Multi-gripper tokenizer encodes
gripper knowledge through three-level soft prompts: platform-specific, gripper type-
specific, and instance-specific learnable tokens. (Right) A dual MoA routes action to-
kens through type-stratified expert pools using a cascaded domain and a gripper router,
applying top-k selected adapters as residual connections to adapt to gripper-specific
manipulation strategies.

3.4 How will MiGA be useful to the community?194 194

With its large-scale and multi-gripper nature, MiGA can be used in several195 195

research tasks. Here we highlight three key tasks that can be useful from our196 196

dataset: (i) Complex grasping with trajectory-level planning: Prior work primar-197 197

ily targets grasp pose prediction [13,14,61], overlooking the grasping complexity198 198

on the whole grasping process [19,39], MiGA provides full trajectories, sub-action199 199

decomposition, enabling learning of both execution policies and high-level plan-200 200

ning. (ii) Cross-gripper learning: Existing cross-gripper studies focus on grasp201 201

pose transfer between multi-finger grippers [3, 17, 24]. MiGA supports strategy202 202

comparison across different grippers, enabling morphology-dependent strategy203 203

learning beyond geometric adaptation. (iii) VLA benchmarking: Most VLAs are204 204

trained on parallel-jaw dominant data [6, 42, 55], MiGA enables training VLAs205 205

with diverse grippers and provides a benchmark for evaluating cross-gripper206 206

generalization and gripper-conditioned policy learning.207 207

4 Gripper-aware Vision Language Action Model208 208

To demonstrate the importance of gripper-aware learning in robotics and the209 209

usefulness of our MiGA dataset, we introduce GVLA, a framework that aims210 210

to include gripper information into existing VLA models. We first introduce a211 211

multi-gripper tokenizer to embed the gripper information, allowing the VLA212 212

backbone to align high-level reasoning with gripper morphology and constraints213 213

while preserving shared representations across platforms. Second, we introduce214 214

execution-level control via a dual MoA, which is routed based on gripper tokens,215 215

enabling parameter-efficient fine-tuning. GVLA is designed to be embedded into216 216

different existing VLA backbones. In practice, we choose the π0.5 backbone as217 217

it shows the competitive accuracy. Fig. 5 shows an overview of our method.218 218
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4.1 Gripper Representation219 219

Given observation Ot, to condition the observation with gripper configuration.220 220

we introduce a multi-granularity representation scheme that factorises embodi-221 221

ment conditioning across three levels of granularity. At time t, the observation222 222

Ot is embedded as X ∈ Rnobs×d, where nobs denotes the observation token length223 223

and d denotes the transformer embedding dimension. Instead of encoding embod-224 224

iment variation using fixed text prompts or general encoders such as MLPs, we225 225

employ soft prompts: learnable embeddings that are randomly initialized and226 226

optimized end-to-end through gradient-based training. Jointly optimized with227 227

the backbone under gripper prediction and action losses, these prompts learn228 228

a latent mapping Φ : H → Rp×d from gripper hardware configurations to a229 229

continuous prompt space, where P (h) ≈ Φ(h) for gripper configuration h.230 230

To represent gripper characteristics, we decompose embodiment information231 231

into three independent sets of learnable embeddings at different granularity232 232

levels. Platform token P (r) ∈ Rpr×d, indexed by robot platform r ∈ R, cap-233 233

ture platform-specific kinematic structure and configuration. Gripper-type to-234 234

ken P (g) ∈ Rpg×d, indexed by end-effector category g ∈ G, encodes mechanism-235 235

specific manipulation priors shared across all grippers of the same type. Instance-236 236

level token P (u) ∈ Rpu×d, indexed by gripper instance u ∈ U , model fine-grained237 237

characteristics unique to individual grippers. The prompts are concatenated us-238 238

ing a predefined three-level order:239 239

P (h) = [P (r); P (g); P (u)] ∈ R(pr+pg+pu)×d, (1)240 240

and prepended to the embedded observation to form the conditioned input:241 241

X̃(r,g,u) = [P (h); X] ∈ R(pr+pg+pu+nobs)×d. (2)242 242

This multi-granularity factorization encodes gripper information at three lev-243 243

els of specificity, capturing shared knowledge across different gripper configura-244 244

tions at each level, which facilitates efficient adaptation to new gripper instances.245 245

4.2 Gripper-Aware Mixture of Adapters246 246
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Fig. 6: Layer probing analysis.

While our multi-gripper tokenizer provides high-247 247

level conditioning, effective execution requires248 248

modulating action generation. We introduce a249 249

dual MoA mechanism that decomposes gripper-250 250

aware adaptation into platform-specific and251 251

gripper-specific modulation.252 252

Each MoA computes a gating function over253 253

the pooled conditioning tokens:254 254

G(P ) = Softmax(TopK(MLP(mean(P )))). (3)255 255

We instantiate two parallel routers: (i) a platform-aware gate G(p) driven by256 256

mean(P (r)) and (ii) a gripper-aware gate G(r) driven by mean([P (g); P (u)]), each257 257

returning normalised weights and selected expert indices.258 258
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Each expert implements a bottleneck transformation:259 259

A =Wup(GeLU(Wdown(x))), (4)260 260

where Wdown ∈ Rd×db , Wup ∈ Rdb×d with db ≪ d. Given layer activation261 261

x ∈ RB×S×d, the final output combines both platform and gripper adaptations262 262

additively:263 263

x← x+

k∑
i=1

G
(p)
i · A

(p)
i +

k∑
j=1

G
(g)
j · A

(g)
j . (5)264 264

Where to Insert MoA? To insert MoA into the VLA backbone, we analyze265 265

how gripper features influence hidden representations by measuring gripper type266 266

sensitivity of the action expert layers in the VLA backbone. This is defined as:267 267

Stype =
1

|G|2
∑

g1,g2∈G
g1 ̸=g2

∥∥meanu∈Ug1
hu
l −meanu∈Ug2

hu
l

∥∥
2
, (6)268 268

where hu
l denotes the action hidden representation at layer l for gripper u. Fig 6269 269

shows that the type sensitivity remains low in several early layers but increases270 270

sharply in the final layer. We therefore insert MoA at the final layer to directly271 271

modulate action generation via multi-gripper-aware conditioned routing. More272 272

studies validating this design are provided in our Supplementary Material.273 273

4.3 Fine-tuning Objective274 274

To jointly learn gripper-aware action generation and gripper-consistent repre-275 275

sentations, we optimize GVLA with the following objective:276 276

L = Laction + λgripperLgripper + λLBLLB, (7)277 277

Action Loss. Following [5], we supervise action tokens using a conditional flow278 278

matching loss [33,35]:279 279

Laction = E ∥vθ(Aτ
t ,Ot)− u(Aτ

t |At)∥2 , (8)280 280

where the network learns to predict the vector field u(Aτ
t |At) = ϵ − At that281 281

transports noisy actions Aτ
t = τAt + (1 − τ)ϵ back to clean actions At, with282 282

noise ϵ ∼ N (0, I) and flow timestep τ ∈ [0, 1].283 283

Gripper Prediction Loss. To encourage gripper-discriminative features in284 284

shared vision-language embeddings, we add an auxiliary classification loss. After285 285

gripper-conditioned encoding, the pooled visual observation representation Ot286 286

are used to predict the gripper type:287 287

Lgripper = − log
exp

(
f
(yg)
ϕ (Ot)

)
∑|G|

k=1 exp
(
f
(k)
ϕ (Ot)

) (9)288 288
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where fϕ is a linear classifier and yg ∈ G the ground-truth label. This loss289 289

integrates gripper-relevant information into the shared embeddings, supporting290 290

gripper-sensitive reasoning and stabilizing downstream routing.291 291

Load Balance Loss. To prevent router collapse and ensure uniform adapter292 292

utilization across the type-stratified pools, we introduce a load balance regu-293 293

larization. For each adapter pool, we measure the variance of adapter usage294 294

distribution and penalize imbalanced activation patterns:295 295

LLB =
1

|R|
∑
p∈R

Var(αp) +
1

|G|
∑
g∈G

Var(αg), (10)296 296

where αp = [α1
p, . . . , α

Ap
p ] denotes the mean activation frequency of the Ap297 297

adapters in platform pool p, and αg = [α1
g, . . . , α

Ag
g ] represents the usage distri-298 298

bution for gripper type pool g. This objective encourages the routers to distribute299 299

load evenly within each pool, preventing underutilization of specialized adapters300 300

while maintaining the hierarchical routing structure.301 301

5 Experiments302 302

We conduct experiments to investigate: (i) Overall Performance: How does303 303

gripper-aware conditioning improve manipulation success compared to baselines304 304

across task categories? (ii) Gripper-Aware Transfer: Does our model enable effi-305 305

cient zero-shot generalization or few-shot adaptation? (iii) Ablation Study and306 306

Robot Validation: How do our multi-gripper tokenizer and MoA contribute to307 307

performance, and how does GVLA perform in real-robot experiments?308 308

Baselines. To validate the effectiveness of our method, we benchmark repre-309 309

sentative models from both traditional and VLA-based methods: For two-stage310 310

open-loop grasping, we include AnyGrasp [13], a state-of-the-art grasp detec-311 311

tor trained on large-scale data, and GraspMAS [40], a recent multi-agent ap-312 312

proach for language-driven grasp detection. For VLA-based methods, we in-313 313

clude GraspVLA [10], which leverages large-scale grasping data to enable zero-314 314

shot generalization across diverse scenes, and OpenVLA-OFT [27], an optimized315 315

variant of OpenVLA [28]. We also implement two variants based on the π0 archi-316 316

tecture [5]: the original π0 and the improved π0.5, and evaluate their performance317 317

both as vanilla baselines and with our proposed gripper-aware extensions.318 318

Evaluation Metrics. We use five metrics to evaluate the results: (i) Success319 319

Rate (SR) is defined as SR = 1
N

∑N
i=1 Si; (ii) The Prediction Error (PE) mea-320 320

sures the average deviation between predicted and ground-truth actions over321 321

the action horizon H: PE = 1
H

∑H
h=1 |a

(h)
pred − a

(h)
gt |; (iii) To measure behav-322 322

ioral specialization, we use the Counterfactual Action Prediction Divergence323 323

(CAPD) [52], which quantifies how much predicted actions change when only the324 324

gripper identity is modified while all other inputs remain fixed. Higher CAPD in-325 325

dicates gripper-specific behavior; (iv) To understand how gripper information is326 326

encoded throughout the network, we measure Linear Probe Accuracy (LPA) [1],327 327

which trains a logistic regression classifier ϕ(l) on hidden states at each trans-328 328

former layer l; trained on in-distribution data and evaluated on unseen gripper329 329
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Table 2: Baseline comparison across task categories.

Method Flat Stacked Constrained Semantic Avg.(%)

AnyGrasp [13] 0.00 0.00 46.00 0.00 11.50
GraspMAS [40] 0.00 0.00 40.00 8.00 12.00

GraspVLA [10] 1.50 0.00 30.00 0.00 7.88
OpenVLA-OFT [27] 41.00 52.50 24.00 50.00 41.88
π0 [5] 30.00 21.50 36.00 65.00 38.13
π0.5 [22] 52.50 71.00 57.50 52.50 58.38

GVLA (π0 backbone) (Ours) 27.50 45.00 50.00 70.00 48.13
GVLA (π0.5 backbone) (Ours) 53.00 76.00 62.50 72.50 66.00

(see supplementary for full definitions); and (v) To quantify the contribution of330 330

the gripper token, we further introduce the Gripper Contribution Score (GCS):331 331

GCS = LPA(l)(g̃ = gi)− LPA(l)(g̃ = gfixed). A large GCS indicates that the soft332 332

prompt contributes to gripper discrimination beyond visual features alone.333 333

5.1 Main Result334 334

Table 2 compares our GVLA, fine-tuned on our MiGA dataset from π0 and π0.5335 335

backbones against different baselines across four task categories across different336 336

gripper types in simulation. This table shows that traditional two-stage methods337 337

(AnyGrasp [13], GraspMAS [40]) collapse entirely on flat and stacked scenes, ex-338 338

posing their limited capacity to generalize beyond simple grasp configurations.339 339

Despite large-scale pre-training, GraspVLA [10] encounters similar degradation,340 340

highlighting the importance of our dataset design, which encodes diverse gripper-341 341

dependent grasping strategies instead of relying on a single downward grasping342 342

prior. Among VLA-based baselines, π0.5 achieves the highest average perfor-343 343

mance (58.38%), yet remains limited. Leveraging this backbone, GVLA improves344 344

performance by 7.62% and surpasses all competing approaches , suggesting that345 345

gripper-aware conditioning enables the policy to capture gripper-specific manip-346 346

ulation strategies in scenarios where the robot behaviors differ substantially.347 347

L0 L2 L4 L6 L8 L10 L12 L14 L16
Layer

0.0

0.2

0.4

0.6

0.8

1.0

Ac
cu

ra
cy

GVLA
Noise
Padding

Fig. 7: Linear accuracy result.

Table 3: Tokenizer comparison.

Method PE ↓ CAPD ↑ GCS ↑

MLP [47] 0.053 0.82 0.014
VQ-VAE [51] 0.051 0.70 0.002
LP [29] 0.053 0.64 0.225

GVLA (Ours) 0.032 1.34 0.249

5.2 Gripper-Aware Analysis348 348

Does Gripper Conditioning Steer Specialized Pathways? Fig. 7 presents349 349

linear probe accuracy across network depth for three conditioning strategies.350 350

The “Noise” token baseline replaces gripper tokens with noise (hence, in this351 351

case, the backbone only relies on the visual and language tokens for learning)352 352

to test whether the input tokens suffice for effectively learning the tasks. The353 353

“Padding” token baseline uses a fixed, gripper-agnostic token to test whether354 354
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1

Grasp from Basket Cup Pick up

Box StackFlat Object

(a) Cross-object generalization setup.
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(b) Cross-object generalization success rate.

Fig. 8: Cross-object generalization results.

improvements arise from explicit conditioning rather than implicit visual infer-355 355

ence. Both baselines remain low in accuracy, demonstrating that neither arbi-356 356

trary tokens nor visual cues alone provide sufficient embodiment information. In357 357

contrast, our GVLA with multi-gripper tokenizer exhibits consistently elevated358 358

accuracy, rising from 59% at layer L0 to 80% at L12, and maintaining high359 359

separability in late layers. This persistent gripper-discriminative signal indicates360 360

that our multi-gripper tokenization enables the model to encode and propagate361 361

gripper-specific features throughout the network through explicit conditioning,362 362

rather than just relying on incidental visual patterns or treating the gripper363 363

information as auxiliary metadata. Table 3 further supports this observation:364 364

GVLA achieves the lowest prediction error and the highest behavioral diver-365 365

gence, indicative of learning effective griper-specific behavior. The combination366 366

of low PE and high CAPD demonstrates that our method improves both predic-367 367

tive accuracy and policy specialization, enabling GVLA to discover manipulation368 368

strategies aligned with each gripper’s affordances.369 369

(a) Task adaptation. (b) Gripper adaptation (c) Mix data adaptation

Fig. 9: Adaptation results.

Cross-object Generalization. To evaluate zero-shot generalization, we con-370 370

struct task variants by introducing new objects that share similar functional371 371

attributes with the training set and evaluate performance on unseen grippers.372 372

This setting measures the model’s ability to generalize to new grasping scenarios373 373

without any task-specific fine-tuning. Fig. 8a shows the setup of this experiment.374 374

As reported in Fig. 8b, GVLA maintains strong performance across unseen tasks375 375

and grippers, demonstrating robust zero-shot transfer capability.376 376

Gripper-Aware Adaptation. To evaluate whether our model can effectively377 377

disentangle gripper-specific representations and enable knowledge transfer across378 378
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(a) Real robot experiment setup.
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(b) Real robot experiment results.

Fig. 10: Real-world robotic experiment setups and results.

grippers, we conduct few-shot adaptation experiments under three settings: (i)379 379

adapting to a new task with the same gripper, (ii) adapting to a new task380 380

with a previously unseen gripper, and (iii) adapting to a new task using a381 381

mixture of data from two different grippers, which are jointly used for training.382 382

Our Supplementary Material provides the detailed experimental setup. Fig. 9383 383

shows that our model exhibits faster adaptation on new tasks involving the384 384

same type of gripper, as these tasks share a common adapter and underlying385 385

knowledge representation. When trained with mixed-gripper data, the model386 386

achieves further performance improvements, as jointly learning from multiple387 387

grippers reduces ambiguity and confusion between different gripper types.388 388

Table 4: Component analysis.
Configuration PE↓ Adapt.↑

Gripper
Repr.

w/o P (g) 0.037 0.86
w/o P (p) 0.035 0.54
w/o P (u) 0.032 0.90

Dual
MoA

w/o MoA 0.037 0.52
w/o MoA(g) 0.033 0.56
w/o MoA(p) 0.034 0.54

GVLA 0.032 0.92

Component Analysis. Table 4 evaluates the389 389

contribution of each component in GVLA. We390 390

report prediction error (PE) on the pre-trained391 391

MiGA dataset and adaptation success rate392 392

(Adapt.) when transferring to an unseen gripper393 393

(Robotiq 2F-85) after 20K fine-tuning steps.394 394

The result shows that removing the gripper-395 395

type token P (g) degrades both PE and adapta-396 396

tion, indicating that type-level priors contribute397 397

to both prediction quality and adaptation. The platform token P (p) is critical for398 398

cross-embodiment transfer: without it, adaptation drops sharply despite compa-399 399

rable PE, highlighting the necessity of platform disentanglement. In contrast,400 400

removing the instance token P (u) only slightly lowers adaptation, suggesting401 401

it mainly provides fine-grained specialization for novel gripper instances. Ab-402 402

lating the dual MoA restores PE to baseline and severely reduces adaptation,403 403

demonstrating that representation-level prompting alone is insufficient without404 404

computation-level modulation. Removing either MoA(g) or MoA(p) yields simi-405 405

lar degradation, implying complementary routing roles. The full GVLA achieves406 406

the highest PE and adaptation score, supporting that disentangled prompting407 407

and dual routing jointly enable robust cross-gripper learning.408 408

5.3 Real-world Robotic Validation409 409

Robot Results. To validate whether gripper-aware conditioning transfers effec-410 410

tively to real-world settings, we conduct a targeted evaluation on cross-domain411 411

task generalization: we evaluate our model on a real UR5 arm equipped with412 412

a Robotiq 2f-85 gripper, adapting to tasks unseen during training using only413 413
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10 demonstrations and 20k fine-tuning steps. Fig. 10a shows the setup of our414 414

robotic experiment. As shown in Fig. 10b, our GVLA outperforms the π0.5 base-415 415

line across all tasks, demonstrating that gripper-aware conditioning facilitates416 416

embodiment-specific knowledge transfer, enabling efficient few-shot adaptation417 417

to novel tasks across unseen platform-gripper configurations.418 418

collision

misalignment drop out of workspace

joint limit

Fig. 11: Failure cases

Failure Cases. Our experiment also reveals419 419

several failure cases that are worth noticing.420 420

Fig. 11 shows some of these failure cases. We421 421

observe that the failure cases are mostly be-422 422

cause of: (i) Intra-type misalignment: When423 423

adapting to unseen grippers, the model selects424 424

a type-consistent strategy but fails to precisely425 425

align the end-effector, exposing the lack of fine-426 426

grained geometric detail for contact planning.427 427

(ii) Physical gripper limitation: On some tasks,428 428

although the model generates feasible trajectories, the grippers are not able to429 429

grasp the object due to the physical constraints of the gripper. (iii) Kinematic430 430

failure: In complex grasping tasks, the robot occasionally enters kinematically431 431

infeasible configurations without recovery, exposing a disconnect between high-432 432

level action prediction and low-level kinematic feasibility.433 433

6 Discussion434 434

Limitations. While our work shows encouraging results, it faces certain lim-435 435

itations. First, the simulation environment of our MiGA dataset is based on436 436

NVIDIA Issac Lab, which has certain limitations in modeling accurate gripper437 437

motion in complex cases (e.g., soft or multi-DoF grippers). Second, in our GVLA,438 438

the gripper information is currently encoded to guide the strategy-level action439 439

differences, without explicit kinematic or contact modeling, which limits pre-440 440

cise intra-type adaptation. Incorporating richer geometric representations could441 441

enable instance-aware contact planning. Furthermore, although our dual MoA442 442

encourages gripper-specific specialization, gripper and visual representations re-443 443

main partially entangled, causing the policy to over-rely on image information444 444

under domain shift. Strengthening morphology-aware reasoning and vision dis-445 445

entanglement are therefore critical for robust cross-domain transfer.446 446

Conclusion. To address the limitation of gripper invariance in existing VLAs447 447

and the gripper-dependent divergence of grasping strategies across different grip-448 448

per types, we made two key contributions. First, we introduce MiGA, a multi-449 449

gripper dataset collected with five gripper types and 103,000 demonstrations450 450

from simulation and real-world robots. MiGA is designed to reveal distinct ac-451 451

tion strategies across grippers. Second, we propose GVLA, a gripper-aware VLA452 452

framework that uses our new multi-gripper tokenizer and a dual MoA design to453 453

condition the policy with action and gripper routing information. Intensive ex-454 454

periment results show that GVLA can effectively learns gripper-discriminative455 455

representations, outperforming recent methods in complex grasping tasks and456 456

enabling stronger few-shot adaptation to new objects, new tasks, or grippers.457 457

Our code and dataset will be released to support future research.458 458
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