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Abstract

We study how cloud-side and edge-side VLAs can be or-
ganized into a task-routed manipulation system. AB-
DualVLA (Attention-Bottleneck DualVLA) keeps Pi0 and
SmolVLA frozen, trains a token-level fusion student path
over extracted intermediate tokens, and selects among paths
at the task level. On LIBERO-Object (10 tasks) the system
reaches 89.5% closed-loop success at 10 episodes per task
per seed, averaged over multiple seeds. The 79M student
attains low open-loop fit, but this does not transfer to stan-
dalone closed-loop performance; the student is therefore
used as one of the routed paths rather than a replacement
for either backbone. We report the experimental results in
open-loop fit, latency, and fallback behavior metrics.

1. Introduction

Vision-language-action (VLA) policies such as Pi0, RT-
2, OpenVLA, Octo, and RoboMamba have improved
language-conditioned robot manipulation [2, 3, 9, 14, 17],
leveraging cross-embodiment pre-training corpora such as
Open X-Embodiment [18]. Compact VLA variants in-
cluding SmolVLA, TinyVLA, and CEED-VLA make edge-
side deployment more practical [22, 23, 25]. A robot
may have access to both a strong cloud policy and a com-
pact local policy, with different latency, availability, and
task strengths. Prior cloud-edge and split-inference work
studies distributed computation across devices and hybrid
SLM/LLM serving [0, 7, 19]. Related embodied-Al work
has explored edge perception [4], pre-trained visual rep-
resentations [24], hierarchical diffusion policies [15], and
dynamics-aligned flow matching [10]; in contrast, we ask
whether heterogeneous frozen VLA branches can be or-
ganized into a task-routed system with executable fallback
paths.

AB-DualVLA builds on frozen Pi0 and SmolVLA
branches without fine-tuning or modifying their forward
passes. It trains a 79M token-level fusion student over inter-
mediate tokens from both branches using MBT-style bottle-
neck communication [1, 8, 11, 16, 21]. At the system level,

it selects among the cloud branch, edge branch, and student
path according to task-level validation performance.

2. Method

Student path. The AB-DualVLA student forms a single
input token sequence from projected cloud tokens z¢, edge
tokens z€¢, a robot-state token s, and a task token 7, where
T is a learned task-embedding lookup indexed by the 10
LIBERO-Object task identifiers. Pi0 and SmolVLA action
chunks are not forward inputs; they are used only as la-
bels or diagnostics, so the student learns to combine the
two backbones’ representations rather than ensemble their
actions. From each tap layer we keep the first 8 image-
conditioned tokens after the language prefix, fixed across
observations, and project both streams to 512 dimensions;
the tap layers (Pi0 layers 6 and 13; SmolVLA layers 8
and 18) are fixed design choices used throughout all ex-
periments, following multi-tap practice in multimodal fu-
sion [11, 16].

Bottleneck communication. The student has four trans-
former layers. The first two layers process cloud and edge
streams separately; the last two use an MBT-style bottle-
neck with =8 learned shared bottleneck tokens b. Cloud
and edge transformer blocks 7, and T, share the same archi-
tecture but have separate parameters per stream. For each
bottleneck layer,
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where the updated b’ feeds the next bottleneck layer. Cloud
and edge tokens are not placed in the same self-attention
sequence inside the bottleneck layers; cross-stream infor-
mation must pass through b. The final decoder concate-
nates [z°, b’,z°, s, 7] and uses 50 learned action queries to
predict a 50 x 7 action chunk, following action-chunk im-
itation practice [5, 26]. Training uses gripper-weighted ac-
tion MSE and a direction-consistency term relative to the
cached cloud action prior; we augment the cached demon-
stration set with on-policy student rollouts re-labeled by the
Pi0 prior, in the spirit of DAgger [20].
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Figure 1. AB-DualVLA overview. Frozen Pi0 and SmolVLA branches run normally. Mid-layer tokens are tapped into the AB-DualVLA
student, where cloud and edge streams communicate only through bottleneck b; the system then routes among available action paths.

System routing and fallback. The full AB-DualVLA
system uses task-conditioned routing among Pi0,
SmolVLA, and the student path. The router is a validation-
based task lookup, not a learned confidence estimator. If
cloud is unavailable, the system falls back to the edge
branch; if edge is unavailable, it falls back to the cloud
branch.

3. Experiments

We evaluate on LIBERO-Object [13] (10 tasks) using
closed-loop success rate (SR); recent LIBERO-PRO [27] in-
troduces additional robustness perturbations beyond mem-
orization, which we leave to future work. Each branch
uses its released inference setting, and all three paths (Pi0,
SmolVLA, the student) are evaluated at 10 episodes per task
on the same task list, with results averaged over multiple
random seeds. Per-task routing decisions for both the two-
branch baseline and the AB-DualVLA system are selected
on a validation seed set disjoint from the reported test roll-
outs.

Table 1. Closed-loop SR on LIBERO-Object (10 ep/task, multi-
seed). System score is task-level routed, not a mean of component
TOWS.

Method / mode Role Ep./task SR
Pi0 cloud branch 10 79.6
SmolVLA edge branch 10 85.0
AB-Dual VLA student (alone) student path 10 60.0

Two-branch routing (Pi0+SmolVLA) 2-branch baseline 10 87.6
AB-DualVLA system (3-branch) task-routed 10 89.5

Under the same task-level validation routing protocol,
a Pi0+SmolVLA two-branch baseline reaches 87.6% SR.
The integrated three-branch AB-DualVLA system reaches
89.5%; the additional headroom is contributed by the stu-
dent path on tasks where neither backbone alone is best,
despite its lower standalone SR (60.0%).

Worked examples. The system shares one input/output
pipeline across tasks: RGB observation o, € R2°6x256x3,
robot state s; € RS, and task index 7. Mid-layer taps

from Pi0 (L6/L13, 16x2048-d) and SmolVLA (L8/L18,
16x960-d) project to 512-d and are fused inside the student
via the K =8 bottleneck; the decoder emits a 50x 7 action
chunk. We illustrate one strong and one challenging task.

(i) t1 “pick up the cream cheese and place it in the bas-
ket” — Pi0 alone: 74%:; SmolVLA alone: 10/10 (100%);
AB-DualVLA system: 10/10 (100%). Despite Pi0’s ~ 7x
larger parameter count, it underperforms SmolVLA, indi-
cating that scale alone does not determine closed-loop suc-
cess on this benchmark.

(ii) t0 “pick up the alphabet soup and place it in the
basket” — Pi0 alone: 76%; SmolVLA alone: 60%; AB-
DualVLA student alone: 62%; AB-DualVLA system:
76% . All three backbones struggle; routing cannot exceed
the strongest available branch when no single backbone is
strong on a task.

Student diagnostics. We report open-loop fitting sepa-
rately as a diagnostic for the student path.

Table 2. Open-loop action fit. Validation MSE vs. demonstra-
tions.

Params Val MSE

Pi0 action prior 3.5B 0.0453
SmolVLA action prior ~ 0.5B 0.2289
AB-DualVLA student 79M 0.0099

Predictor

The 79M student obtains lower validation MSE than ei-
ther backbone action prior, but this does not transfer to
closed-loop SR: open-loop MSE on cached states does not
penalize compounding errors under autoregressive execu-
tion [20], motivating the routed-path role of the student
rather than standalone use.

Latency and degradation. When the student path is se-
lected, AB-Dual VLA avoids the full PiO flow decoder [12]
and runs in 131 ms per action chunk, vs. 891 ms for Pi0 and
428 ms for SmolVLA on the same single-GPU benchmark.
The 131 ms covers the student forward and backbone partial
forwards but excludes cloud—edge network round-trip.
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