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Fig. 1: SkillVLA extracts single-arm skills from training data with hierarchical reasoning and skill-adaptive learning, being able to recompose

them into unseen combinations during test time.

Abstract—Recent progress in vision-language-action (VLA)
models has demonstrated strong potential for dual-arm ma-
nipulation, enabling complex behaviors and generalization to
unseen environments. However, mainstream bimanual VLA for-
mulations largely overlook the critical challenge of combinatorial
diversity. Different pairings of single-arm behaviors can induce
qualitatively distinct task behaviors, yet existing models do not
explicitly account for this structure. We argue that effective
bimanual VLAs should support skill reuse—the ability to recom-
bine previously learned single-arm skills across novel left-right
pairings—thereby avoiding the need to separately learn every
possible combination. Current VLA designs entangle skills across
arms, preventing such recomposition and limiting scalability.
To address this limitation, we propose SkillVLA, a framework
explicitly designed to enable skill reuse in dual-arm manipulation.
Extensive experiments demonstrate that SkillVLA substantially
improves skill composition, increasing zero-shot recomposition
success rate from 0% to 51%, and achieves strong performance
on cooperative and long-horizon tasks.

I. INTRODUCTION

Bimanual manipulation expands a robot’s effective
workspace and enables concurrent, coordinated actions, sup-
porting a wider range of tasks than single-arm systems [44} 66}
S35 116} 13} 28]. In this context, recent vision—language—action
(VLA) models [18, 27, 131} 147, 145} 152]] have shown impressive
performance on bimanual manipulation; by jointly predicting
both arms’ actions (e.g., via a concatenated action vector)

with large-capacity architectures, VLA methods can represent
complex coordinated behaviors. Further, by leveraging vision—
language pretraining of VLM models, recent bimanual VLAs
have shown the ability to generalize to novel scenes and
instructions [27, 17, 126, 15, [7, 4, 18, 29]].

Despite recent progress, learning generalist bimanual poli-
cies remains challenging, as dual-arm control introduces richer
behavior patterns. Specifically, real-world bimanual behaviors
exhibit pronounced combinatorial diversity. As shown in
Fig. [l many dual-arm tasks can be viewed as composi-
tions of single-arm behaviors, and different pairings of left-
and right-arm skills induce different bimanual tasks. As the
underlying skill set grows, the number of possible pairings
increases quadratically, resulting in an overwhelming number
of combinations corresponding to different tasks. Current
VLA formulations largely overlook combinatorial diversity.
Predicting both arms via action concatenation requires the
model to learn the joint distribution of left- and right-arm
distributions. While this design is simple and captures tight
coordination, it confines outputs to action pairings observed in
demonstrations. As a result, the policy has limited combina-
torial generalization and cannot form new bimanual behaviors
by recombining single-arm skills, which makes them unable
to address combinatorial diversity. We refer to this limitation
as skill entanglement and analyze it in detail in Sec. [[V-C|
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To address the combinatorial diversity, a model must be able
to effectively reuse robot skills learned from given demonstra-
tions in a more flexible and thorough way. We name this ability
as skill reuse. Concretely, instead of mechanically treating
every bimanual behavior as an indivisible dual-arm primitive,
an ideal model should automatically uncover the latent skill
structure within demonstrations and perform reasoning at
the skill level. For bimanual behaviors that are essentially
compositions of single-arm skills, the model should reuse the
discovered skills across different left-right combinations and
compose them to form novel pairings that are not explicitly
observed during training. We view such flexible reuse as a key
foundation for broad generalization in bimanual settings, and
provide a more formal definition and discussion in Sec.

We propose SkillVLA to enable skill reuse and address
combinatorial diversity. Unlike conventional VLAs relying on
monolithic dual-arm reasoning throughout, SkillVLA automat-
ically identifies skill structures from demonstrations and per-
forms skill-adaptive action generation. Concretely, for single-
arm skills, it can retrieve and invoke them as independent
units for recomposition or further adaptation. For behaviors
that require cooperation, the model instead captures inter-
arm dependence. SkillVLA achieves this with a two-level
reasoning architecture. A shared high-level VLM, equipped
with a cooperation estimator, captures global task intent and
makes skill decisions. At the lower level, the policy follows
the high-level instruction and switches between operation
modes: it performs per-arm reasoning and action generation
for single-arm skills, while allowing these two streams to be
entangled by communication when cooperative behavior is
deemed necessary by the high-level reasoning. Through skill-
adaptive generation and per-arm reasoning, SkillVLA further
exploits the VLM’s capability by extending reasoning to a finer
semantic granularity, leading to stronger generalization.

We conduct real-robot experiments on 20 manipulation tasks
and two long-horizon multi-stage tasks to validate SkillVLA’s
skill reuse and generalization ability. First, to evaluate if
models are able to tackle combinatorial diversity, we test
them on unseen tasks composed by learned skills, where
strong bimanual VLA baselines achieve near-zero success due
to skill entanglement. SkillVLA raises the success rate to
51%, demonstrating a decisive improvement in combinatorial
generalization. Second, to confirm that our method does not
sacrifice inter-arm cooperation, we evaluate on three highly-
cooperative tasks, where SkillVLA matches the performance
of the baselines, showing that its adaptive communication
remains expressive for close coordination. Third, we study
two multi-stage long-horizon tasks that interleave collaborative
and independent phases. While SkillVLA correctly identifies
the cooperation level required and, further, completes the
tasks faster by recomposing skills to parallelize the two arms
when possible, reducing execution time by 21%. Finally, we
conduct a continual-learning study to show that skill reuse
also benefits long-term skill learning: SkillVLA can effectively
reuse existing behaviors for acquiring new skills, achieving
significantly better performance under limited demonstrations.

In summary, this paper makes three main contributions:

o We identify the skill entanglement issue in current VLAS
and formulate the bimanual skill reuse problem.

« We propose SkillVLA, which enables flexible skill reuse
to tackle combinatorial diversity.

o We validate SkillVLA on a real dual-arm robot, demon-
strating combinatorial generalization ability via skill
reuse, while maintaining strong performance on cooper-
ative and long-horizon tasks.

II. RELATED WORK

Dual-arm manipulation has long been a central topic in
robotics. Early control-based or rule-based methods are often
developed around specific task structures, leading to task-
centric designs for applications such as assembly [20} 63],
cloth folding (35} 16} 154} 141 [10, [2, [15]], and bagging [112} 3} [11].
For dual-arm manipulation, many traditional methods explic-
itly model bimanual relations, such as master—slave coordi-
nation [23| 46, |1], relative pose control [48, 139, 37|, and
internal force regulation [9, 42l 49]]. These methods can be
effective within a specific family of tasks and under controlled
conditions, but their generalization to multitask settings or
unfamiliar environments remains limited, as their coordination
strategies are usually designed for particular objects, task
procedures, or interaction patterns.

Learning-based methods [14,162, |61} [22] form another major
family of manipulation approaches. By learning from expert
demonstrations, they have been applied to a broad range of
settings, including dexterous end-effectors [50, 43, [18]], mobile
manipulation [56| [19]], learning from human videos [66l 21}
38|, and multitask learning [22} |51]. Owing to their flexibility,
imitation learning methods have become a dominant paradigm
for robot manipulation. More recently, large-scale pretraining
with vision-language-action models [38, I8, 27, |59, 17, 53}
67, 164] and world-action models [65, 57, 34, 160] has made
generalist robot policies increasingly feasible. Recent policies
have shown promising generalization to unseen environments
without task-specific finetuning.

However, unlike control-based bimanual methods, most
learning-based methods still treat dual-arm robots as a mono-
lithic system and learn a joint policy over the two arms. This
formulation is simple and scalable, but it largely overlooks
the structural differences between bimanual manipulation and
single-arm manipulation, such as role assignment, asymmet-
ric cooperation, cross-arm dependency, and coordinated skill
reuse. Only a few recent works [25) [33} 136] have begun to
decompose dual-arm learning to improve learning efficiency.
To the best of our knowledge, skill recomposition in bimanual
manipulation remains underexplored and has not been system-
atically addressed.

III. PROBLEM FORMULATION

We consider a bimanual robot with left and right manipu-
lators. At each time step, the robot receives an input z € X
(usually observation, instruction and robot state) and produces



actions ay, € A and ar € Ag; we write a = (ar,ar). We
are given a dataset of demonstrations D = {(x;,a%,a%) -,
where each tuple is a state—action sample extracted from expert
trajectories. We assume these expert actions are generated by
executing skills drawn from an underlying skill set

S = Spair U Sp, Spair = {(S?,Sg)}%:h Sp = {STIL)}r]:]:l

where S, and Sg are the single-arm skill sets for the left
and right arm (Def. , and Sp is a set of genuinely dual-
arm (bimanual) skills (Def. . Here Sy collects the paired
single-arm skills that actually appear in the demonstrations.

Our goal is to learn a bimanual policy my(ar,ar | ) that
is able to effectively reuse these learned skills (Def. [3), which
we view as a key factor for resolving combinatorial diversity
in generalist bimanual manipulation policies.

IV. SKILL REUSE IN DUAL-ARM MANIPULATION

In this section, we first give specific definitions of skills and
skill reuse (Sec. [[V-A), then we analyze what is required to
solve this problem: for skill reuse to be possible, the model
must (i) select suitable skills for any given scene x (Sec. ,
and (ii) generate correct actions for the selected skill (or skill
pair). The latter motivates explicitly distinguishing between
single-arm and dual-arm skills during training and execution,
which current VLA-based methods do not support (Sec. [[V-C).

A. Definitions

To formulate and analyze skill reuse in a general bimanual
setting, we first define what we mean by a skill. We distinguish
between single-arm skills, which can be executed by one arm
in isolation, and dual-arm skills, which require coordinated
behavior between the two arms.

Definition 1 (Single-Arm Skills). For k € {L, R}, S, is
the set of all possible left/right arm skills. A single-arm skill
sk € S, is a conditional distribution 7, (a, | z). For any pair
(sL,sr) € S, x Sg, their composition is defined as

TrsL,SR(a/L)aR | x) = 7TSL (a‘L | x) 7T-SR(G/R ‘ x)

Definition 2 (Dual-Arm SKkills). A dual-arm skill sp € Sp
is a joint conditional distribution 7, (ar,ar | ) such that
the conditional mutual information I, (ar;ar | x) > 0.
Equivalently, 75, (ar,ar | ©) # 75, (ar, | ) 7s,(ar | ) for
any single-arm skills s”, s%.

Achieving inter-arm coordination for dual-arm skills re-
quires an information pathway that induces dependence be-
tween ay, and ar. We denote this pathway conceptually by an
inter-arm message m, yielding action generation forms such
as wp(ar | ,mr) and wgr(ag | , mg). In practice, inter-arm
message may be realized in various ways, such as explicit
message passing, or implicitly through shared parameters as
in common monolithic policies.

For any possible scene x, we assume there exists a (possibly
multi-valued) set of correct skills S*(x) C (Sp x Sg) U Sp
that are appropriate for that scene. We decompose this set as
S*(x) = S5 (x) USH(x), where

* (@) = 8*(x) N (S x Sgr),

pair

SH(x) = S*(x) N Sp,

corresponding to correct skills that can be expressed as a
composition of single-arm skills and correct skills that are
genuinely dual-arm. Note that S7_; () is defined over the full
product S, X Sk, and is not restricted to the paired set Spair; in
particular, it may contain recombinations of single-arm skills

that never co-occur in the demonstrations.

Definition 3 (Skill Reuse). For a bimanual policy learned
from skill set S = Spair U Sp = {(s7, s, U {sh 1,
we define its possible behavior set as S? = (S; x Sg) U
Sp, where Sy, Sk are the decomposed per-arm skills with
Sy ={sT}IM_| and Sg = {s}M_,. We say that the policy
exhibits skill reuse if, for every scene x (possibly unseen) with
S*(x) N SP # (), there exists a skill s € S*(z) N SP such that
molar,ar | x) = ms(ap,agr | ).

Equivalently, this requirement decomposes into two ma-
jor subproblems: (i) single-arm composition: if the correct
behavior for  is a composition of single-arm skills, i.e.
S*(x) N SP = {(s},s%)} for some i,j, the policy must be
able to realize this composition, even for (s, s%) that never
appeared in Spair; and (ii) dual-arm reproduction: when the
correct skill is genuinely dual-arm, i.e. S*(z) N SP = {s%}
for some 4, the policy should also produce action for si,
while maintaining its inter-arm coordination structure. For
cases where multiple skill choices are valid, specifically, the
model should then select and produce one of them.

Remark (Fast bimanual continual learning by skill
reuse). In practice, many dual-arm skills are close to sim-
ple compositions of two single-arm skills, in the sense that
each arm largely follows an independent per-arm behavior
under the same context x. The challenge is the coordination
between the two arms: the joint action distribution deviates
from an independent product due to inter-arm coupling (cf.
I(ap;ag | ©) > 0in Def.]2). Therefore, if a model can flexibly
invoke reusable single-arm skills, acquiring a new bimanual
skill can often be done with minimal finetuning by mainly
learning additional information for coupling on top of the
existing per-arm skills, rather than relearning both arms from
scratch. Therefore, effective skill reuse can improve efficiency
in continual learning or large-scale learning.

B. Skill Selector

Given a library of skills, action generation can be viewed as
first selecting which skill (or skill pair) to use for a given scene
x, and then sampling actions from the corresponding skill
distributions. We assume a (finite) skill library consisting of
indexed single-arm skills {s }rcx, € Sr and {sh}icx, C
Sk, and indexed dual-arm skills {8%}deKD C Sp. We
introduce a discrete skill index random variable

Yey::KDU(KLxKR),

where ¥ = d € Kp means that the dual-arm skill
7sp(ar,ar | *) should be used, and Y = (k,l) € K1 x Kg
means that the single-arm skills 7 (ar | #) and 7y (ag | 2)
should be used concurrently.



An ideal high-level selector defines a distribution p* (Y | x),
and the resulting action distribution is the mixture

m(ag,ag|2)= Y p(Y =d|z)m,(ar,ar | 7)

deKp
X

(k,)EKLXKR

PH(Y = (k1) | 2) 7y (az, | @) 7y (ar | 2).

We use the term skill selector for this conceptual mechanism,
without assuming a specific module or architecture. Ideally,
the skill selector should select appropriate skills not only for
scenes seen in the demonstrations, but also for novel inputs
where the correct skill configuration has never been observed.

C. Skill Entanglement in Current VLAs

VLAs are often built upon a pretrained VLM, which pro-
vides strong generalization over visual scenes and natural-
language instructions. Typically, a VLA has an additional
action module (or “action expert”) to generate actions. In
bimanual manipulation, the action is commonly represented
as a single vector by concatenating the left- and right-arm
actions.

The VLM is a natural candidate to implement a generaliz-
able skill selector—i.e., to map a scene x to an appropriate
skill index Y (or an equivalent decision variable) that can
generalize beyond the demonstrated scenes. However, even
if the upstream skill decision is sufficiently able to separate
scenes requiring different skills, can the downstream action
generation mechanism reuse skills in the sense of Sec. [[V-A?

We argue that common VLA designs exhibit two forms of
skill entanglement that hinder effective skill reuse:

Action Entanglement. Many bimanual VLA policies are
trained to predict a single concatenated joint action vector
(ar,ar). This monolithic supervision couples the two arms
at the output level and encourages the model to fit the
empirical joint distribution induced by paired demonstrations.
Consequently, the learned policy may internalize dataset-
specific cross-arm correlations rather than isolating reusable
single-arm structure. This becomes problematic for skill reuse
and recomposition. Even if the upstream vision-language
reasoning can distinguish scenes requiring different skills, the
downstream action generator may fail to (i) disentangle single-
arm skills from dual-arm coordination patterns and (ii) sup-
port recomposition of single-arm skills beyond the left-right
pairings observed during training. In other words, joint-action
learning can bias the model toward reproducing demonstrated
bimanual patterns, limiting its ability to generalize to unseen
combinations of per-arm behaviors.

Latent entanglement in action-expert VLLAs. As previously
mentioned, recent VLA methods augment a pretrained VLM
with a dedicated action-generation module (e.g., mo/mo.5 [8}
27], RDT2 [47], DexVLA [52]). Abstractly, a VLM encodes
context x into a representation z, and an action module
predicts bimanual actions conditioned on z,

plap,ar | x) = /P(GL,CLR | 2)p(2 | z) dz,

where p(z | z) is induced by the VLM backbone and
plar,ar | z) is implemented by the action expert.

While this architecture can be effective in practice, it
introduces an additional pathway for skill entanglement. In
bimanual imitation, the shared latent z learned from paired
demonstrations may implicitly encode cross-arm dependen-
cies. This latent entanglement can degrade skill recomposition
when the policy is evaluated on unseen left-right pairings,
since the action expert conditions both arms on a representa-
tion that already mixes information across arms.

V. METHOD: SKILLVLA

In this section, we present SkillVLA, a method designed
to enable effective skill reuse to address combinatorial di-
versity and accelerate the acquisition of new skills. We first
describe the overall architecture, which realizes skill reuse via
a two-level reasoning pipeline and a cooperation estimator
for behavior-type identification. We then introduce additional
training strategies that help the model better capture skill
structure and infer the degree of inter-arm cooperation.

A. Method Pipeline

Our method (overview in Fig. [2) follows the common VLA
paradigm, with a top-level VLM and actions generated via an
iterative flow-matching process [30} 32]. In our implementa-
tion, we use the pretrained PaliGemma [7] backbone released
with g 5 [27] for initiating the VLMs. Our method consists
of two main functional components, described below:

Two-level reasoning (skill selection and action genera-
tion). Because an explicit skill library is typically unavailable
in practice, we aim for the model to discover and instantiate
skill representations that support both learning and reuse.
Skills can be represented in many forms; in SkillVLA we use
natural language as the skill descriptor, which aligns naturally
with the VLM backbone. We implement this choice via a two-
level reasoning pipeline.

As shown in Fig. [2| the high-level module explicitly pro-
duces per-arm sub-prompts that act as skill descriptors. Con-
cretely, we prompt the VLM to generate two texts (ur,up)
in a fixed format:

(UL7’LLR) ~ p(uL7UR l .TJ),

where u;, and upr describe what the left and right arms should
do, respectively (e.g., “pick the cake on the right” vs. “pick the
box on the left”). This representation targets task intent and
explicitly decouples per-arm skill selection, enabling flexible
single-arm recomposition: novel combinations can be formed
by pairing previously generated (or learned) uy and up in
new scenes. During low-level skill learning, we freeze the
high-level VLM to preserve its vision—language generalization
while training the action components.

At the low level, per-arm actions are generated by two
separate streams. Each stream uses its own low-level VLM
(fine-tuned separately, e.g., via LoRA [24]) to process the
visual input and the corresponding per-arm prompt, produc-
ing a per-arm latent representation z; = f;(z,u;), where
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Fig. 2: SkillVLA framework. SkillVLA adopts a two-level reasoning pipeline, where the high-level VLM generates separate subtasks for
arms and low-level VLMs further process the prompts to instruct action generation. Inter-arm cross-attention enables cooperative behavior
generation, controlled by a cooperation estimator that identifies the operation mode required.

i € {L,R}. Action experts then predict actions conditioned
on the corresponding latent and the arm state. To support
coordinated bimanual behaviors when needed, we introduce an
adaptive cross-attention mechanism between the action experts
to capture inter-arm dependence:

a; Np(ai \ Zi, ami)7

where m; is the inter-arm message produced by cross-
attention. The cooperation level signal o gates this message
to enable skill-adaptive action generation and is further elab-
orated upon below.

Cooperation estimator (behavior mode identifica-
tion). While inter-arm communication is useful for capturing
low-level dependence, it should be selectively enabled;
for single-arm skills, the two arms should remain largely
disentangled during both training and evaluation. To this
end, we introduce a cooperation estimator that attends to
the high-level VLM representation and predicts a scalar
a € [0,1], indicating the degree of inter-arm cooperation
(larger o implies stronger coupling). Formally, the estimator
predicts

a~pla|zm), zu = [u(x),

where zg is the latent representation produced by the frozen
high-level VLM. This signal serves as a mode identifier,
indicating whether the current behavior is better explained as
(i) a composition of single-arm skills or (ii) a cooperative
dual-arm skill. We gate inter-arm message passing by a,
enabling the policy to interpolate between per-arm generation
and coupled dual-arm generation.

To train oy, we use a simple communication usefulness
objective derived from behavioral cloning (BC). At timestep
t, the BC loss is

Lpc = llay — af |13 + llaf — af'[13.

We compute £, with cross-attention enabled and L35, with
cross-attention disabled. We then define
Ecoop =X ( (])SHC - ‘C%fé) " Oty
sg
where (')Sg denotes stop-gradient. Minimizing L¢,0p increases
«; when communication reduces the BC error and decreases
«; otherwise.

B. Additional Cooperation-Level Learning

Because « directly gates cross-arm interaction, accurately
inferring the cooperation level is critical. We introduce addi-
tional mechanisms to encourage reliable cooperation estima-
tion, which we use by default in our implementation.

Priors and regularizers for cooperation learning. VLMs
are pretrained on web-scale data and thus encode broad task
semantics and commonsense regularities (e.g., when two arms
are typically required). This makes them a natural source of
priors for estimating task-dependent cooperation. To distill this
information into a lightweight estimator, we use an off-the-
shelf VLM to produce a prior coordination strength a¥'™ €
[0,1] for the current scene and task (or V'™ € {0,1} when
using a discrete gate).

Let &, denote the gate value actually used for communica-
tion (i.e., the continuous ay, or the soft discrete probability ¥,
defined below). We regularize &; toward the VLM prior and
further encourage (a) sticky gating for temporal smoothness
and (b) conservative communication, keeping the gate small
unless interaction is beneficial:

‘Cprior = g(&h QVIm)v
L:sticky = E(dh dt71>7 £sup = dt-
We set £(u,v) = ||[u — v||2 when &, is continuous, and use a

Bernoulli cross-entropy ¢(u,v) = —vlogu—(1—v)log(l—u)
when &; € (0,1) is interpreted as a probability.
Cooperation level discretization. In practice, a continuous
gate o can exhibit small but persistent fluctuations that desta-
bilize action generation. To improve stability, we (optionally)
discretize the gate by restricting «; € {0, 1}. Specifically,
the model predicts §; € (0,1), the probability of enabling
cross-arm communication, and we train it with a binary cross-
entropy loss:

ﬁdisc = BCE(ytvgt)a Yt = H[ CE)B% < ‘C%fé] .

At inference time, we binarize ¢, to obtain &; € {0, 1}, which
directly enables or disables the cross-attention message. We
apply the same priors and regularizers from Sec. [V-B to ¢
as a soft relaxation, thereby shaping the resulting discrete
gate. This tokenized formulation simplifies gate prediction and
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Fig. 3: Skill recomposition tasks. (A): The models are trained on demonstrations of three skills for each arm. (B): After the models have
learned the skills, zero-shot tests are conducted for every possible combination of left and right-arm skills.

TABLE I: Success Rates on Skill Recomposition Tasks 1

Recomposition Tasks

Method:

etods CupxCake CupxStir CupxSmash BoxxCake BoxxStir BoxxSmash MugxCake MugxStir MugxSmash Avg.
0.5 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
mo-FAST 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
TwinVLA 0.1 0.0 0.0 0.2 0.0 0.1 0.0 0.0 0.0 0.04
SkillVLA 0.7 0.4 0.5 0.6 0.4 0.5 0.6 0.3 0.6 0.51

TABLE II: Success Rates on Skills Learned

Skills Learned

Methods Cup Box Mug Cake Stir Smash Avg.
0.5 0.7 1.0 0.8 0.8 0.6 0.7 0.77
wo-FAST 0.9 0.8 0.7 0.9 0.5 0.4 0.70
TwinVLA | 0.7 0.8 0.5 0.8 0.5 0.7 0.67
SkillVLA 0.8 0.7 0.8 1.0 0.6 0.8 0.78

empirically improved stability in preliminary experiments. Im-
plementation and training details are provided in the appendix.

VI. EXPERIMENTS

In this section, we evaluate our model’s ability to (i)
freely reuse learned single-arm skills, (ii) capture the inter-arm
coordination required by truly cooperative behaviors, and (iii)
identify when cooperation is necessary for a given state. Our
experiments are designed to answer the following questions:

1) Can SkillVLA flexibly recompose learned skills and
generalize to unseen combinations of single-arm skills?

2) Is SkillVLA’s communication mechanism sufficient to
support tight inter-arm coordination and reproduce co-
operative dual-arm skills?

3) Can SkillVLA handle multi-stage, long-horizon tasks
by estimating cooperation level and switching between
operating modes?

4) In continual learning, does SkillVLA better leverage
previously learned skills to acquire related new skills
compared to existing methods?

Baselines and evaluation metrics. We compare SkillVLA
against 7o 5 [27], a representative state-of-the-art VLA base-

line. For JI] we additionally include 7o-FAST [40] as a repre-
sentative autoregressive VLA, which represents the other ma-
jor paradigm beyond diffusion-based VLAs and tests whether
skill entanglement persists across architectures. In the
setting, these general-purpose VLAs achieve near-zero success
due to severe skill entanglement. To enable more informative
comparisons, we further include TwinVLA [25] as a factorized
baseline that composes two single-arm VLAs by sharing action
experts while allowing uncontrolled cross-arm attention. For
most tasks (except the long-horizon task), we report success
rate as the primary metric. For long-horizon tasks which
comprise multiple stages, we additionally report a progress
score and the average completion time to quantify execution
quality and efficiency. Additional experimental details are
provided in the appendix.

A. Single-Arm Skill Reuse

Task Setup. Here, we evaluate whether a bimanual VLA
can reuse learned single-arm skills under unseen left-right
combinations. As shown in Fig. |3} our training data include
three skills per arm, collected from single-arm executions
while the other arm remains stationary. At test time, we
ask the policy to execute a left-arm skill and a right-arm
skill simultaneously in combinations that never appear in the
training set. This setting directly probes skill reuse since
the policy should invoke the correct per-arm behaviors and
maintain stable concurrent execution, rather than reverting to
familiar demonstration-time patterns.

Performance Results. As reported in Tab. [I| and Tab. [[I} all
methods perform comparably on the seen single-arm skills,



Fig. 4: Cooperative tasks. (a) SHAKE: Shake the cup without the
cap falling off. (b) BALL: Lift the ball steadily. (¢) ALIGN: Align
the blocks on the table.

but their behaviors diverge sharply when asked to zero-shot
recompose unseen left-right combinations.

In particular, 7y.5 and 7o-FAST achieve a 0% success rate.
Qualitatively, these models frequently revert to the training-
time regime in which one arm acts while the other remains
idle, indicating that they primarily reproduce skill pairings
present in the dataset rather than freely recombining per-arm
behaviors. Moreover, when instructed to perform a two-arm
task, my.5 often exhibits instability in that the nominally “idle”
arm jitters or drifts. These results are not entirely surprising
since the test settings are essentially out-of-distribution (OOD)
for standard VLAs and this failure mode can be attributed to
entangled bimanual control. Because 7 5 uses a single shared
representation to control both arms, each left-right pairing
effectively corresponds to a distinct latent mode specifying
a coupled bimanual action. Unseen pairings therefore require
a latent that is not induced by any training demonstration,
producing an OOD input to the downstream action expert.

TwinVLA attains non-zero success by occasionally produc-
ing the intended composition. However, although it uses sep-
arate VLM streams for the two arms, it relies on uncontrolled
cross-attention between streams, which can introduce implicit
coupling. This yields unpredictable interference under unseen
pairings and keeps overall success low.

In contrast, SkillVLA achieves a substantially higher suc-
cess rate of 51% on unseen combinations. By explicitly dis-
entangling per-arm skill invocation, performing skill-adaptive
action generation, and enabling controlled inter-arm commu-
nication only when needed, SkillVLA more reliably reuses
the same single-arm behaviors under novel pairings while
reducing spurious cross-arm interference.

B. Dual-Arm (Cooperative) Skill Reproduction

Task Setup. To evaluate whether SkillVLA can reproduce
cooperative dual-arm skills that require close inter-arm coor-
dination, we design three cooperative tasks (Fig. ). These
tasks fall into two categories with qualitatively different co-
ordination demands. The first category, SHAKE and BALL,
requires tight low-level alignment between the two arms. The
second category, ALIGN, requires both low-level alignment
and high-level coordination; two blocks are placed near the
center of the table, and the two arms must simultaneously
pick the objects and align them. Importantly, the arm-object
assignment is randomized across trials, requiring the policy to
resolve task allocation on the fly.

TABLE III: Success Rate in Cooperative Tasks 1

Methods Shake Ball Align Avg.
0.5 0.30 0.45 0.65 0.47
TwinVLA 0.15 0.55  0.55 0.42
SkillVLA 0.25 0.50  0.70 0.48
SkillVLA w/o Attn. 0.00 0.10 040 0.17

Performance Results. As reported in Tab. [[II, SkillVLA
achieves performance comparable to the strong baseline 7 5
across all cooperative tasks. This suggests that SkillVLA can
identify when cooperation is required and that its explicit
communication mechanism is expressive enough to support
tight inter-arm coordination when needed.

Ablation: Cross-Attention. We further isolate the role of
action-level communication by evaluating an ablation that
disables cross-attention between the two action experts. This
variant performs particularly poorly on SHAKE and BALL,
confirming that cross-attention-based communication is im-
portant for maintaining tight low-level alignment. On ALIGN,
which places greater emphasis on high-level task assignment
and is comparatively less sensitive to continuous low-level
coupling, disabling communication results in a smaller per-
formance drop.

C. Applications in Long-Horizon Settings

We next evaluate whether SkillVLA can (i) infer the re-
quired cooperation level and (ii) switch between collaborative
and non-collaborative modes within a single episode.

Task setup. We design two long-horizon real-world tasks,
TUBES and COLLECT ITEMS (Fig. [3). Each task intentionally
interleaves phases that admit independent per-arm execution
with phases that require explicit bimanual cooperation. As a
representative example, TUBES consists of two stages with
distinct coordination demands: (1) transferring tubes from
one rack to another (independent per-arm collection), and
(2) lifting and placing the loaded rack onto another rack (
cooperative bimanual manipulation). We train the model using
demonstrations of three skills, i.e., transferring a tube with the
left arm, transferring a tube with the right arm, and moving
the rack with both arms. We then evaluate the policy zero-shot
on the full long-horizon task that composes these stages.

Performance and Efficiency Results. As shown in Fig. [3|
(bottom right), SkillVLA achieves a progress score compa-
rable to strong baselines, indicating that it can select an
appropriate operating mode and complete the task reliably.
More importantly, SkillVLA reduces average completion time
by = 21% relative to the baselines. Qualitatively, monolithic
baselines tend to follow demonstration-like sequential patterns
(one arm acts while the other waits), whereas SkillVLA
leverages skill reuse to exploit parallelism when available.
In TUBES, during the tube-collection stage, it concurrently
invokes the single-arm tube-transfer skills with both arms (i.e.,
o = 0), enabling parallel left-right execution and substan-
tially accelerating completion. This ability to opportunistically
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parallelize subtasks better utilizes the robot’s hardware and
improves practical throughput.

Mode switching via the cooperation gate. Fig. [5| (bottom
left) visualizes SKillVLA’s discrete gate output o € {0, 1},
where a = 0 corresponds to independent per-arm execution
and o = 1 activates inter-arm cooperation. We observe that
« evolves coherently with task progress; it switches to o = 1
during inherently cooperative phases such as moving the
loaded rack with both arms, while remaining at o = 0 during
collection phases where the arms can operate independently.
This stage-consistent switching suggests that the gate can
infer the required cooperation level from scene and instruction
context, allowing SkillVLA to reuse both single-arm and dual-
arm behaviors within a single rollout. In COLLECT ITEMS, the
gate exhibits more complex transitions across multiple stages,
further demonstrating the adaptability of our method to diverse
coordination patterns.

Ablation: Continuous vs. Discretized Gating. We also
evaluate an ablation that uses a continuous (non-discretized)
gate. This variant is less stable over long horizons. As shown
in Fig. [5] (bottom left), continuous « exhibits noticeably higher
fluctuation despite following a similar overall trend. This
instability propagates to action generation, leading to lower
success and higher variance in performance (Fig. [5] bottom
right). These results suggest that discretizing « improves
robustness by enforcing simpler, clearer mode switching.

D. Reuse of Learned Skills in Continual Learning

Task setup. To answer Q] we study whether SkillVLA can
reuse learned single-arm skills to accelerate the acquisition of
a new cooperative dual-arm skill via fine-tuning. As illustrated
in Fig. [6] (left), we consider two task groups, LIFT BAG

and SHAKE CUP. In each group, we first pretrain the model
on the corresponding single-arm dataset (e.g., lifting a bag
with one arm), and then fine-tune it with a small number of
demonstrations to obtain the target dual-arm skill (e.g., lifting
with both arms). For each task group, we construct a two-
stage continual-learning protocol: (i) pretraining on single-arm
executions to learn reusable per-arm behaviors, followed by
(i1) fine-tuning on a limited set of dual-arm demonstrations to
learn the cooperative variant.

Learning Curves and Data Efficiency. Fig. [6] (right) reports
success rates as a function of the number of dual-arm demon-
strations used for fine-tuning. In LIFT BAG, the target dual-arm
behavior is close to a composition of the pretrained single-
arm skills, and SkillVLA achieves 20% success zero-shot.
Moreover, with only 5 fine-tuning demonstrations, it reaches
near-peak performance. In contrast, 7 5 and TwinVLA remain
far from convergence even after training on 30 demonstrations.
These results indicate that SkillVLA can effectively leverage
previously learned single-arm behaviors for rapid adaptation.

Adapting Skills to New Coordination. SHAKE CUP is
challenging because the required coordination deviates from
the original single-arm behavior; one hand must stabilize the
cap rather than shaking the cup body. Despite this mismatch,
SkillVLA exhibits the same data-efficient trend, which sug-
gests that reuse in continual learning is not limited to replaying
identical action patterns. Instead, the model can transfer related
single-arm behaviors as a strong initialization and quickly
adapt them into a new cooperative policy. Overall, these results
support skill reuse as a practical mechanism for continual
learning and for scaling generalist bimanual policies with
reduced demonstration burden.



VII. CONCLUSION, LIMITATIONS, AND FUTURE WORK

In this work, we study the combinatorial diversity chal-
lenge in bimanual manipulation through the lens of skill
reuse. We identify skill entanglement in existing VLA designs
as a central obstacle to reuse—particularly for composing
diverse left-right skill pairings and generalizing to unseen
task combinations. To address this, we propose SkillVLA,
which mitigates entanglement by explicitly separating per-arm
skill invocation and enabling skill-adaptive action generation,
while still leveraging the generalization of pretrained vision—
language models. Across real-world evaluations, SkillVLA
improves combinatorial generalization and data efficiency in
continual skill acquisition, demonstrating more reliable reuse
of both single-arm and cooperative dual-arm behaviors.
Limitations. SkillVLA depends on pretrained VLMs for high-
level reasoning and for providing priors on cooperation, which
ties performance to the capability, latency, and cost profile of
the underlying foundation model. Future work will explore
more efficient ways to distill or compress this reasoning
into lightweight policy components, as well as richer skill
representations beyond natural language. More broadly, we
view disentangled skill learning/selection and controlled cross-
arm coupling as key ingredients for scaling toward truly
generalist bimanual agents that can recombine skills reliably
on demand.
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