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Abstract. Multi-arm collaboration is becoming a core capability in em-
bodied manipulation. Recent vision-language-action (VLA) models inte-
grate perception, language, and control, but most represent language as a
single global instruction and do not provide an explicit mechanism for as-
signing and composing arm-specific behaviors. This design limits transfer
to collaboration patterns that differ from those observed during training.
We present MA-VLA, a unified framework for multi-arm collaboration
via atomic action assignment. MA-VLA decomposes cooperative behav-
ior into mid-level atomic prompts and allocates them to individual arms,
enabling explicit subgoal specification and compositional reuse across
tasks. To reduce reliance on fixed execution roles, we introduce Arm Shuf-
fle, a training-time permutation of the observation, state, and assigned
atomic prompts for each arm. This permutation enforces role-agnostic
instruction following and supports recomposition into unseen coordina-
tion patterns, which we term multi-arm compositional generalization.
We also construct a benchmark in which test-time collaboration patterns
are absent in training set. Across simulation and real-world evaluations,
prior state-of-the-art VLAs largely fail under these unseen collaborations,
while MA-VLA consistently succeeds. These results indicate that struc-
tured, per-arm atomic action assignment offers a practical route to scal-
able generalization in multi-arm embodied systems. Code, models, and
data are available at https://github.com/zhangzaibin/future-robots

Keywords: Multi-arm collaboration · Compositional generalization ·
Vision-language-action

1 Introduction

Embodied Artificial Intelligence (Embodied AI) studies how intelligent systems
perceive, reason, and act through continuous interaction with the physical world [13].

https://github.com/zhangzaibin/future-robots
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Fig. 1: Comparison with prior VLA systems. Previous VLAs typically execute a task
from a single high-level instruction. MA-VLA instead decomposes the instruction into
a sequence of interpretable mid-level atomic actions and assigns them to individual
arms, which enables recomposition to handle unseen collaboration patterns.

In robotics, this interaction becomes substantially more complex when the set-
ting shifts from single-arm manipulation to multi-arm collaboration [3,7,20,24,
30,40,46,54,61]. By leveraging parallel execution and coordinated control, multi-
arm and multi-robot systems can solve tasks that are infeasible for a single arm,
which makes collaboration a central direction in embodied manipulation.

Recent progress has trained dual-arm and multi-arm systems with imitation
learning [24, 31, 40, 46, 54] or reinforcement learning [30]. In parallel, end-to-end
vision-language-action (VLA) models [41] have enabled dual-arm robots to follow
natural-language instructions for manipulation [3, 7, 9, 21, 51, 61]. Despite these
advances, most existing VLAs still treat language as a single static command that
is mapped to control, without an explicit mechanism for task decomposition and
sub-task allocation across arms. This design choice makes collaboration brittle,
because division of labor must be inferred implicitly from data and often becomes
over-specialized to a small set of training collaboration patterns.

In human teamwork, effective cooperation is driven by division of labor [44]:
complex goals are achieved by assigning mid-level responsibilities and executing
atomic actions that compose into a coherent plan. This structure is also a natural
source of generalization, because new strategies can be formed by recombining
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familiar atomic actions with familiar assignment patterns. Motivated by this
observation, we study a setting that is largely missing in current multi-arm VLA
research: whether a learned system can handle unseen collaboration patterns by
recomposing known atomic actions. We refer to this capability as multi-arm
compositional generalization. However, compositional generalization is non-
trivial: test-time coordination often requires unseen combinations of layouts, arm
states, and inter-arm dependencies, which cannot be addressed by role swapping
or independently trained arms.

To address this gap, we propose MA-VLA, a unified vision-language-action
framework for multi-arm collaboration via atomic action assignment. Given a
high-level instruction, MA-VLA outputs a sequence of interpretable mid-level
atomic actions and assigns them to each arm within a shared model. This rep-
resentation makes division of labor explicit and offers a simple interface for co-
ordinating execution across arms, while remaining end-to-end at inference time.

To reduce reliance on fixed arm identities and improve compositional trans-
fer, we introduce Arm Shuffle, a training-time permutation that randomizes the
mapping between arms and their input bundles, including arm state, local ob-
servation, and assigned atomic prompts. By preventing the model from binding
behaviors to arm indices, Arm Shuffle promotes role-agnostic instruction fol-
lowing and enables recomposition of atomic actions into unseen collaboration
patterns, such as novel stacking orders and object-passing strategies.

We evaluate MA-VLA on RoboFactory [54], RoboTwin 2.0 [9], and a real-
world dual-arm SO101 platform under both in-domain settings and multi-arm
compositional out-of-domain splits. MA-VLA consistently outperforms compet-
itive imitation and VLA baselines, with the largest gains observed in both in-
domain performance and compositional generalization, suggesting a practical
path toward flexible and scalable multi-arm collaboration.

2 Related Work

2.1 Multi-arm Robot Manipulation

Behavior Cloning (BC) [11,23,25,28,42,48,49] and Offline Reinforcement Learn-
ing (ORL) [8, 26, 29] remain dominant paradigms for robotic policy learning
but rely heavily on large-scale expert demonstrations. Reinforcement learning
based imitation [17,50] mitigates this dependency yet demands costly online ex-
ploration. Recently, generative methods such as Action Chunking Transformer
(ACT) [5, 64, 77] and Diffusion Policy [10, 24, 73], empowered by scalable simu-
lation frameworks [22, 46, 47, 55, 59, 81], have shown strong modeling and gener-
alization ability. Most studies [3, 7, 24, 46, 57, 61] still focus on bimanual tasks,
while RoboBallet [30] achieves coordination among three or more arms via re-
inforcement learning, RoboFactory [54] leverages Diffusion Policy for multi-arm
collaboration, while research on multi-arm via VLA remains largely unexplored.
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Fig. 2: Multi-arm compositional generalization: unseen collaboration patterns induced
by new combinations of arm roles, spatial states, and atomic actions, beyond the pat-
terns observed in training.

2.2 Vision-Language-Action Models

Vision-Language-Action (VLA) models [3,12,19,28,33,35,39,53,56,61,62,65,67,
68, 74–76, 80, 82] bridge perception and control by integrating vision, language,
and action generation. With advances in LLMs [1,4,63] and VLMs [27,32,38,58,
60,71,78,79], they leverage cross-modal reasoning to map visual inputs and natu-
ral instructions into robot actions. Early systems like RT2 [82] and Octo [62] learn
from large-scale multimodal data, while OpenVLA [28] extends pretraining to the
Open X-Embodiment dataset [49]. pi0 [3] further introduces flow-matching for
continuous control. Yet, these works treat language as static instruction rather
than an interactive medium, limiting generalization. MAVLA employs language
as an active coordination channel, enabling compositional multi-arm behaviors.

2.3 Task Generalization

Prior studies [9,16,18,35,52,70] primarily address generalization to environmen-
tal or visual changes, such as object variations [2, 34, 45]. Recent work extends
to task-level generalization through compositional [37, 66, 69, 72] and parame-
terized policies [14, 15, 43]. Nonetheless, these methods largely focus on single-
or dual-arm setups. Our Arm Shuffle tackles multi-arm collaborative general-
ization by randomizing arms’ roles during training, breaking fixed dependencies
and promoting flexible coordination.

3 Preliminaries

3.1 Vision-Language-Action Models for Multi-arm Manipulation

Single-arm VLA. At timestep t, the robot observes ot = {It, st}, where It is
the visual input (e.g., multi-view RGB-D) and st is proprioception (e.g., joint
angles, gripper states). Given an instruction l, a policy πθ predicts the action
at = πθ(ot, l). The model is trained via behavioral cloning (BC):

LBC(θ) = E(ot,l,at)∼D
[
ℓ(πθ(ot, l),at)

]
, (1)
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where ℓ(·, ·) is an action-level loss (e.g., MSE or cross-entropy).

Multi-arm extension. For N arms, arm i has local state sit, local view vi
t, and

action ait. A joint policy predicts At = {a1t , . . . ,aNt }:

At = Πθ(It, s
1
t , . . . , s

N
t , l). (2)

We optimize the summed per-arm BC loss:

LBC(θ) = E(Ot,l,At)∼D

[ N∑
i=1

ℓ
(
πi
θ(Ot, l),a

i
t

)]
, (3)

where Ot aggregates per-arm observations and πi
θ extracts arm-i actions from

Πθ.

3.2 Multi-arm Compositional Generalization

We study multi-arm compositional generalization: solving unseen collaborative
executions by recombining the same atomic actions observed in training, without
retraining as shown in Figure 2.

Atomic actions. Let U = {u1, . . . , uK} denote a library of atomic actions (e.g.,
grasp, lift, align, place), shared across arms.

Composing a multi-arm execution. A multi-arm run can be written as a sequence
of arm-tagged atomic actions

P =
[
(i1, uk1

), . . . , (iT , ukT
)
]
, (4)

where (it, ukt) means arm it executes atomic action ukt at step t (possibly in
parallel with other arms).

Generalization setting. Training covers compositions Ptrain; at test time we re-
quire new compositions Ptest:

Utest = Utrain, Ptest ̸⊂ Ptrain. (5)

Thus, the atomic actions remain in-distribution, while the collaboration struc-
ture is out-of-distribution. Concretely, the shift comes from new (i) arm-role
assignments (it), (ii) ordering and synchronization, and (iii) the resulting inter-
mediate states and interactions.
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Fig. 3: MA-VLA Pipeline. A high-level instruction is first decomposed into a
sequence of atomic prompts. Each arm is represented by a tuple containing its
atomic prompt, state, wrist-view observation, and ground-truth action (e.g., Arm1: ,
Arm2: , Arm3: ). During training, Arm Shuffle randomly permutes these arm tu-
ples, preventing the model from binding behaviors to fixed arm identities and promoting
role-agnostic coordination across diverse collaboration patterns.

4 Method

4.1 System Overview

MA-VLA is a unified architecture for language-guided multi-arm coordination.
It consists of two key components: (1) a VLM-based Planner that decomposes
complex tasks into temporally ordered atomic sub-goals for each arm, and (2) a
VLA Executor that grounds these linguistic arm-wise sub-goals into actions.

As shown in Figure 5, during execution, the planner interprets a high-level
instruction l and visual observations It, producing atomic prompts {p1, . . . ,pT }
that specify each arm’s behavior at each stage. The VLA executor then con-
ditions on the current scene and state to generate continuous control actions
for each arm. This hierarchical language interface lets MA-VLA jointly reason
about collaboration structure (planner) and fine-grained physical control (execu-
tor). A flow-matching expert [36] further ensures temporally smooth, physically
consistent execution across all arms.

4.2 VLM-based Planner: Task Decomposition via Atomic Prompts

To mirror how humans coordinate through language, we introduce a VLM-based
planner Pϕ that converts a high-level goal into a structured sequence of per-arm
sub-instructions. Instead of mapping l directly to low-level control, the plan-
ner predicts a stage-wise assignment of atomic prompts by jointly conditioning
on the instruction l, visual observations I, and a predefined atomic prompt set
A. Here I denotes a set of images available at planning time, which can come
from multi-view observations or consecutive frames (e.g., from a short video
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clip), without assuming a specific frame-sampling procedure. This yields an in-
terpretable interface for multi-arm coordination while keeping the downstream
executor fully end-to-end.

Formally, the instruction l is decomposed into T atomic stages:

l = (p1, . . . ,pT ), pt = (p1t , . . . , p
N
t ), (6)

where pit ∈ A denotes the atomic prompt assigned to arm i at stage t (e.g.,
grasp object, hold bowl, place cube). We use stages to represent temporally
grounded sub-goals, each executed until a task-dependent termination condition
is met (Appendix).

Given I and l, the planner generates the full prompt sequence in a single
forward pass:

(p1, . . . ,pT ) = Pϕ(I, l,A). (7)

Here, A is a curated and finite set of fine-grained prompt templates shared across
tasks, which defines a reproducible action vocabulary (the full list is provided in
the supplementary material). In practice, we prompt the VLM to select templates
from A and canonicalize its outputs to valid templates in A, ensuring that each
pit corresponds to a well-defined atomic instruction. By reasoning over spatial and
semantic cues in I, Pϕ produces temporally coherent and semantically grounded
sub-goals that explicitly specify who performs which action at each stage. The
planner outputs only language prompts and is not fine-tuned; all control actions
are produced by the learned executor. Implementation details, the prompting
format, and hyperparameters are provided in the supplementary material.

4.3 VLA Executor: Multi-arm Action Generation

Given the set of atomic prompts produced by the planner, the VLA executor
πθ grounds these linguistic sub-goals into executable control actions through
multimodal reasoning. Rather than predicting each arm’s motion independently,
MA-VLA adopts a unified model that jointly infers all arms’ actions within a
single forward pass, enabling both coordinated and individualized behaviors.

At each timestep t, the atomic prompts for all arms are concatenated into a
unified instruction string:

ut = Arm0: p0t , Arm1: p1t , ... , ArmN: pNt , (8)

where ut represents the aggregated linguistic context describing the collaborative
intent of all arms. This unified prompt serves as the language input to the VLA
executor.

The executor then takes as input: (1) multi-view visual observations It =
Iviewt , Iwrist

t that include both global and egocentric perspectives, (2) the con-
catenated proprioceptive states of all arms st = [s1t , . . . , s

N
t ], and (3) the unified

instruction ut. The VLA executor outputs the complete multi-arm action vector:

[a1t , . . . ,a
N
t ] = πθ(It, st,ut). (9)
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By conditioning on the shared visual-linguistic context ut, MA-VLA effec-
tively captures inter-arm dependencies and ensures coherent coordination among
arms, while preserving the flexibility for each arm to perform distinct yet com-
plementary actions.

To produce smooth and physically consistent control trajectories, we adopt
a lightweight flow-matching formulation inspired by pi0 [3]. During training, the
VLA predicts a denoising vector field that maps noisy latent actions xτ

t toward
the ground-truth actions at, conditioned on visual observations It, propriocep-
tive states st, and the unified linguistic context ut. At inference time, actions are
obtained by integrating the learned flow field from noise to clean latent space.
To better support multi-arm collaboration, we further include a multi-head pro-
jection layer that separates the shared latent representation into arm-specific
action heads.

4.4 Training Strategies for Compositional Generalization

Although MA-VLA learns to execute atomic actions via multimodal condition-
ing, we find that generalization remains limited when arms are tied to fixed spa-
tial roles or when perception depends heavily on arm-specific states (e.g., visual
inputs and proprioceptive states). To address these limitations, we introduce
two stochastic regularization strategies that are applied only during training:
Arm Shuffle and View Dropout. Both operate as data-level perturbations
that promote role-invariant reasoning and redundancy-aware perception, while
leaving the training objective unchanged.

Arm Shuffle. In each training iteration, with a probability pshuffle, we randomly
permute the correspondence between arms’ states, views, prompts, and actions:

(sit,v
i
t,p

i
t,a

i
t)

shuffle−−−−→ (s
σ(i)
t ,v

σ(i)
t ,p

σ(i)
t ,a

σ(i)
t ), (10)

where σ ∈ SN is a random permutation of the N arm indices. This stochastic role
reassignment prevents the model from overfitting to fixed positional or identity-
based correlations, forcing each arm to interpret its atomic prompt semantically
rather than structurally.

View Dropout. To enhance perception robustness, we apply random masking to
a subset of visual inputs with probability pdrop. Let M ⊆ {1, . . . ,M} denote the
indices of dropped camera views. We define the masked observation as

Ĩt = Mask(It,M), (11)

where Mask(·) replaces selected views with zeros. This encourages the model to
utilize redundant spatial cues and learn consistent multi-view reasoning.
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Training objective. Both strategies are integrated as stochastic augmentations
under a unified behavioral cloning objective. At each iteration, the model samples
whether to apply shuffle or dropout, and computes the same action-level loss:

Lt(θ) = E(Ot,l,At)∼D

[
N∑
i=1

ℓ
(
πθ(Ĩt, s

i
t,p

i
t),a

i
t

)]
. (12)

where Ĩt and sit,pt
i,ati denote the possibly perturbed inputs after apply-

ing stochastic Arm Shuffle and View Dropout, controlled respectively by the
shuffle rate pshuffle and the view-drop rate pdrop. These perturbations preserve
the original learning objective while implicitly regularizing MA-VLA toward
permutation-invariant coordination and more robust visual grounding.

5 Experiments

In this section, we evaluate MA-VLA under both in-domain settings and multi-
arm compositional generalization (out-of-domain) splits.

5.1 Experimental Setup

Training configurations. We report two training configurations. Clean disables
Arm Shuffle and View Dropout, training on the original demonstrations. Reg-
ularized enables Arm Shuffle and View Dropout during training.

Benchmarks. We evaluate two simulation benchmarks and one real-robot plat-
form, reporting in-domain performance and out-of-domain compositional gen-
eralization. RoboFactory [54] contains cooperative manipulation tasks with
2–4 arms, emphasizing coordination and parallel execution. RoboTwin2.0 [9]
focuses on dual-arm collaboration under stronger visual disturbances, includ-
ing additional distractors, background variation, and lighting changes; we use
standard multi-view observations with wrist-camera views. Real-world SO101
is a dual-arm system with 12 degrees of freedom (6 per arm), equipped with
one global RGB camera and one wrist camera per arm; all cameras run at 30Hz.
Real-robot tasks include Stack Bowls, Place Cubes, Pass Toys, and Stack Cubes;
details are in the supplementary material.

Demonstrations and atomic action labels. For each simulation task, we collect
150 expert demonstrations in the in-domain setting. Each trajectory contains
synchronized multi-view observations, per-arm proprioception, and action se-
quences. We convert demonstrations into frame-level atomic action prompts us-
ing a rule-based parser with task-specific state predicates (e.g., contact, grasp
status, object pose thresholds), producing training tuples (Ot, lt,At) where lt is
the atomic prompt at time t.
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Evaluation protocol and metrics. We evaluate two settings. In-domain Collab-
oration tests the same task distribution as training with randomized perturba-
tions (object pose shifts, camera viewpoint changes, and environment variations).
Out-of-domain Compositional Generalization tests unseen collaboration
structures where atomic actions remain in-distribution but are recomposed into
unseen temporal orders, role assignments, or interaction patterns. For simula-
tion, each configuration is evaluated over 100 rollouts and we report mean success
rate; success is defined by task-specific goal predicates in the simulator. Unless
otherwise stated, we use the same perturbation suite across methods. For com-
positional generalization splits, we enable Arm Shuffle and View Dropout during
training; otherwise we train on the original demonstrations.

Real-world data and evaluation. On SO101, we evaluate four bimanual tasks:
Stack Two Bowls, Place Two Cubes, Pass Two Toys, and Stack Two Cubes. The
detailed real-robot task settings are provided in the supplementary material. For
each task, we collect 50 teleoperated demonstrations using the LeRobot [6], train
for 15,000 gradient steps with a batch size of 32, and evaluate over 20 episodes.
We report the success rate using the same in-domain and out-of-domain split
definition as in simulation. Each trial starts from a randomized but valid initial
configuration and stops upon success, timeout, or a safety stop.

Backbones and baselines. Our framework uses Pi0 [3] initialized from the offi-
cial pi0_base checkpoint. The VLM planner uses GPT-4.1 to generate atomic
action prompts (see supplementary material for the prompt template and decod-
ing settings). We compare against representative baselines: ACT [77], DP [10],
DP3 [73], and Pi0-FAST [51]. Since prior VLA policies are designed for single-
arm inputs, we adapt their input/output interfaces to multi-arm RoboFactory
and retrain them from the same demonstrations with matched training budgets.

5.2 Implementation Details

All experiments use two NVIDIA A800 GPUs with batch size 32. For Robo-
Factory, we train 2-arm tasks for 10,000 steps and 3–4 arm tasks for 15,000
steps. For RoboTwin 2.0 (Hard), we train for 30,000 steps. The horizon is
50 for all tasks. For the compositional setting, we set Arm Shuffle probabil-
ity and View Dropout probability per out-of-domain task: Three Robots Stack
Cube (Reordering): pshuffle=0.8, pdrop=0.2; Pass Two Shoes (Extended Collabo-
ration): pshuffle=1.0, pdrop=0.4; Reverse Stack Bowls (Reordering+Disturbance):
pshuffle=0.6, pdrop=0.4. For SO101, we enable Arm Shuffle throughout training to
reduce arm-identity bias and encourage instruction-centric coordination. Specif-
ically, we set pshuffle=1.0 and apply View Dropout (masking) with probability
pdrop=0.4 on multi-camera observations. All other training hyperparameters fol-
low the simulation setup unless otherwise stated. We keep all other hyperparam-
eters identical across methods within each benchmark.
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Table 1: Performance on RoboFactory Benchmark [54]. Abbrev.: Lift=Lift Barrier,
Place=Place Food, Stack2=Two Arms Stack Cube, Pass=Pass Shoe; Stack3=Three
Arms Stack Cube, Align=Camera Alignment, Deliver=Long Pipeline Delivery,
Photo=Take Photo.

Two-arm tasks

Method Lift Place Stack2 Pass Avg

DP [10] 58.0% 20.0% 20.0% 12.0% 27.5%
Pi0-Fast [51] 90.0% 27.0% 50.0% 63.0% 57.5%
Pi0 [3] 97.0% 58.0% 82.0% 84.0% 80.3%
MA-VLA 98.0% 59.0% 86.0% 91.0% 83.5%

Three-arm Tasks Four-arm Tasks

Method Stack3 Align Deliver Photo Avg

DP [10] 22.0% 19.0% 0.0% 20.0% 15.3%
Pi0-Fast [51] 3.0% 22.0% 10.0% 12.0% 11.8%
Pi0 [3] 48.0% 94.0% 82.0% 82.0% 76.5%
MA-VLA 58.0% 96.0% 97.0% 82.0% 83.3%

Table 2: Performance on RoboTwin 2.0 (Hard) [9]. Abbrev.: Shoes=Place Dual
Shoes; Handover=Handover Block; Bowls=Stack Bowls Two; Roller=Grab Roller; Cab-
inet=Place Object (Cabinet); Skillet=Place Bread (Skillet); Stamp=Stamp Seal.

Method Shoes Handover Bowls Roller Cabinet Skillet Stamp Avg

ACT [77] 0.0 0.0 0.0 58.0 23.0 5.0 0.0 12.3
DP [10] 4.0 21.0 1.0 58.0 42.0 6.0 0.0 18.9
DP3 [73] 7.0 14.0 39.0 78.0 52.0 9.0 1.0 28.6
Pi0-FAST [51] 10.0 25.0 44.0 83.0 23.0 2.0 2.0 27.0
Pi0 [3] 14.0 27.0 59.0 98.0 59.0 28.0 3.0 41.1
MA-VLA 22.0 46.0 63.0 99.0 71.0 30.0 12.0 49.0

5.3 In-domain Collaboration Results

Table 1 shows that conditioning on atomic action instructions consistently im-
proves in-domain collaboration on RoboFactory. The gains grow with more arms
(3–4 arms), suggesting atomic prompts better disambiguate per-arm responsi-
bilities as coordination complexity increases. On RoboTwin2.0 (Hard), Table 2
shows MA-VLA remains robust under strong visual disturbances, consistently
improving over the Pi0 backbone and diffusion-based baselines.
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(a) PlaceTwoCubes(b) StackTwo Bowls (c) StackTwoCubes(d) PassTwoToys

Fig. 4: Setup of the real-world dual-arm SO101 tasks. Top: global view. Bottom: wrist
views (left: left-wrist camera; right: right-wrist camera).

5.4 Out-of-domain Compositional Generalization Results

We evaluate compositional generalization across unseen collaboration patterns in
RoboFactory and RoboTwin2.0 (Hard). As shown in Table 3, MA-VLA achieves
non-trivial success where end-to-end imitation baselines collapse, improving out-
of-domain success by up to 13.0These scenarios contain novel role orders and
coordination structures unseen in training. Overall, atomic action conditioning,
Arm Shuffle, and View Dropout reduce reliance on fixed arm identities and pro-
mote instruction-centric coordination, enabling recomposition of learned atomic
skills under unseen collaboration paradigms.

Table 3: Results on unseen out-of-domain collaboration tasks. Arrows denote the
required stacking order of cube colors. Notation: GBR=G→B→R; RGB=R→G→B;
BRG=B→R→G.

Method GBR RGB BRG Pass Two Shoes Stack Two Bowls Avg

DP [10] 0.0 0.0 0.0 0.0 0.0 0.0
Pi0-FAST [51] 0.0 0.0 0.0 0.0 0.0 0.0
Pi0 [3] 0.0 0.0 0.0 0.0 0.0 0.0
MA-VLA 28.0 9.0 9.0 9.0 10.0 13.0

5.5 Real-world Dual SO101 Results

Table 4 summarizes real-world results. MA-VLA consistently improves Pi0 in-
domain, and importantly achieves non-zero success in role-reversed out-of-domain
settings where Pi0 fails. This suggests that atomic action conditioning, together
with Arm Shuffle and View Dropout, mitigates arm-identity bias and improves
transfer to unseen real-world collaboration patterns.
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Table 4: Real-world results on dual-arm SO101. Each task is evaluated in-domain
(ID) and compositional out-of-domain (OOD). OOD reconfigures the program: Stack
Bowls/Stack Cubes use reversed stacking, Place Cubes uses reversed placement, and
Pass Toys uses an alternative passing order.

Stack Bowls Place Cubes Pass Toys Stack Cubes

Method ID OOD ID OOD ID OOD ID OOD

Pi0 [3] 9/20 0/20 12/20 0/20 3/20 0/20 5/20 0/20
MA-VLA 12/20 10/20 15/20 8/20 6/20 2/20 8/20 2/20

6 Ablation Study

We use the Three Robots Stack Cube unseen-order task for evaluation. The in-
domain order is blue–green–red, while the out-of-domain configurations include
green–blue–red (G! →B! →R), red–green–blue (R! →G! →B), and blue–red–green
(B! →R! →G). For out-of-domain results, we average performance across the
three unseen configurations.

6.1 Ablation of Components

We ablate our components on the Three Robots Stack Cube unseen-order task.
As shown in Table 5, introducing atomic actions markedly improves in-domain
performance. Adding Arm Shuffle yields a breakthrough in out-of-domain gener-
alization, achieving non-zero success where prior models fail and demonstrating
clearer compositional generalization. Since generalization involves substantial vi-
sual discrepancies (e.g., environment changes, target appearance, and arm config-
urations), we also incorporate View Dropout. This further boosts out-of-domain
compositional generalization with only minimal in-domain degradation.

Table 5: Ablation Experiment of Components.

Atom Shuffle View Dropout Out-of-domain In-domain

0.0% 48.0%
✓ 0.0% 58.0%
✓ ✓ 7.3% 52.0%
✓ ✓ ✓ 15.3% 53.0%

6.2 Ablation of Shuffle Probability

We further analyze the impact of the shuffle rate through a controlled abla-
tion study, where pshuffle determines the probability of randomly permuting
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Fig. 5: Effect of shuffle rate on in- and out-of-domain settings.

arms’ states, viewpoints, and instructions. As shown in Figure 5, we vary the
shuffle probability from 0% to 100%. Increasing the shuffle rate boosts out-of-
domain performance—from near-zero to significantly higher levels—highlighting
its strong effect on compositional generalization. While in-domain accuracy ex-
periences a mild drop, it remains stable. This indicates that shuffle enables the
model to gradually generalize better to new collaboration tasks.

6.3 Ablation of Separate Model

For multi-arm control, a simple baseline trains an independent VLA per arm. To
build this setting, we split multi-arm trajectories into per-arm streams so each
model sees only its own viewpoint, state, and action history, and we annotate
arm-specific atomic actions for single-arm instruction following. At test time, we
run three separate VLA models in parallel, one per arm. Results in Table 6 show
poor compositional generalization: while each arm follows its atomic actions, the
models fail to coordinate on unseen multi-arm tasks. This design also introduces
inference and deployment overhead that grows linearly with the number of arms,
underscoring the limitations of independent-arm training and the scalability of
our unified framework.

Table 6: Comparison between MA-VLA and Separate Model.

Method Out-of-domain In-domain Avg. VLA Number

Pi0 0.0% 48.0% 24.0% 1
Separate Pi0 0.0% 61.0% 30.5% 3
MA-VLA 15.3% 53.0% 34.2% 1
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7 Visualization

Figure 6 shows MA-VLA rollouts in RoboFactory (simulation) and on the real-
world SO101 under both in-domain and out-of-domain splits. The out-of-domain
split targets multi-arm compositional generalization: the model must recombine
seen atomic actions into unseen multi-arm coordination patterns.

In-domain

Out-of-domain (Multi-arm Compositional Generalization)

(a) RoboFactory Simulation (b) Real-world Dual-armSO101Timestep Timestep

Fig. 6: Qualitative rollouts of MA-VLA in RoboFactory and on SO101 under in-domain
and out-of-domain splits. Out-of-domain evaluates compositional generalization by re-
quiring unseen recombinations of atomic actions under novel arm and object states.

8 Conclusion

We introduce MA-VLA, a unified VLA framework that makes multi-arm col-
laboration explicit by decomposing a high-level instruction into interpretable
atomic actions and assigning them to individual arms within a single model.
With Arm Shuffle to encourage role-agnostic behavior, MA-VLA improves com-
positional transfer to unseen collaboration patterns. Experiments on RoboFac-
tory, RoboTwin 2.0, and real-world SO101 show consistent gains over strong imi-
tation learning and VLA baselines in both in-domain performance and multi-arm
compositional generalization, supporting a practical route to scalable multi-arm
instruction following.
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