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Abstract—Vision-Language-Action (VLA) models are promis-
ing for robotic foundation models, but per-timestep action decod-
ing with large Vision-Language Models (VLMs) is computation-
ally expensive. Moreover, learning long-horizon manipulation di-
rectly at the action level typically requires substantial demonstra-
tion data. These challenges motivate architectures that separate
high-level semantic reasoning from low-level action generation.
In this paper, we present a hierarchical VLA framework based
on continuous skill abstraction. A VLM-based high-level module
predicts latent skill embeddings at a coarse temporal rate, while
a lightweight low-level policy generates actions conditioned on
waypoint-based subgoals and current observation. This design
reduces reliance on per-step VLM decoding and introduces a
compact skill interface for temporally abstract behavior. We
present this work as an early investigation of hierarchical VLA
design, focusing on the motivation, architecture, and initial
empirical results. On LIBERO, the current model achieves 88.4%
average success across the Spatial, Object, Goal, and Long suites.
Under this evaluation setting, the result is competitive with
several recent imitation-learning and VLA baselines.

Index Terms—Vision-Language-Action Model, Robot Learn-
ing, Hierarchical Control, Robotic Manipulation

I. INTRODUCTION

Robot learning has made significant progress across a wide
range of tasks, leveraging varying levels of supervision from
expert demonstrations [1]–[4], reinforcement learning [5]–[9],
and self-supervised exploration [10], [11]. Yet generalizing
beyond narrow task distributions remains a central challenge
in robotics. Recent progress in foundation models suggests a
promising direction toward more general and adaptable robotic
systems.

Vision-Language-Action (VLA) models have emerged as
a promising approach toward robotic foundation mod-
els by leveraging pretrained Vision-Language Models
(VLMs) [12]–[14]. By fine-tuning VLMs on large-scale
robotics datasets [15]–[17], VLAs learn to map visual ob-
servation and language instructions directly to low-level ac-
tions. However, robotics remains fundamentally more data-
constrained than language or vision: embodied interaction data
is expensive to collect and difficult to scale, and typically
covers a narrower range of tasks, environments, and behav-
iors than language or vision data. This makes the design
of learning- and compute-efficient VLA systems especially
important.

Most existing VLA systems remain monolithic: a single
large model is responsible for both high-level semantic rea-
soning and low-level action generation. This design can intro-
duce several practical limitations. First, because the vision-
language backbone is tightly coupled to action generation,

Fig. 1. Monolithic VLAs decode low-level actions directly from a large VLM
at every timestep. In contrast, hierarchical VLAs predict a latent embedding
at a coarse temporal rate and use a low-level policy to generate actions at
each control step.

both training and deployment can be computationally expen-
sive. Second, learning long-horizon manipulation directly at
the action level can place heavy demands on scarce robot
demonstrations. Third, although recent systems often reduce
inference cost through action chunking [14], [18], executing
multiple actions in open loop can reduce responsiveness in
dynamic or contact-rich settings. Prior works have started to
address these limitations separately, for example through faster
action representations [19], [20] or hierarchical designs [21].
However, a unified interface that jointly reduces VLM usage,
introduces temporal abstraction, and still supports frequent
low-level feedback remains underexplored.

Motivated by these limitations, we explore a hierarchical
VLA framework built around continuous skill abstraction.
Instead of decoding actions directly from the VLM at every
timestep, a high-level module predicts a latent skill embedding
at a coarse temporal rate, and a lightweight low-level policy
executes that skill through waypoint-conditioned control. This
design shifts long-horizon reasoning to a compact skill space
while retaining responsive low-level feedback during execu-
tion. In this paper, we focus on the motivation and current
system design, and present initial simulation results for this
hierarchical formulation. We position hierarchical continuous
skill abstraction as a promising design direction for future
VLA pipelines.

II. METHOD

To address the computational cost and data demands of
monolithic VLA systems, we explore a hierarchical VLA
framework built around continuous skill abstraction. The key
idea is to decouple long-horizon semantic reasoning from low-
level action generation by operating at two temporal scales. A
high-level module predicts a compact latent skill embedding
once every short horizon, while a lightweight low-level con-



Fig. 2. Overview. The high-level module combines task instruction, side-view image, and wrist-view image with a pretrained VLM and a skill encoder to
predict a continuous skill embedding for the current skill horizon. A waypoint decoder then grounds this skill into midpoint and endpoint subgoals, and a
low-level flow-matching policy generates action chunks conditioned on wrist-view image, proprioception, timestep information, and the predicted waypoints.

troller executes this skill through waypoint-conditioned action
generation. In this way, the model separates what behavior to
perform over the current skill horizon from how to realize it
at the control level.

A. High-Level Skill Abstraction

The high-level module summarizes the intended behavior
over the current skill horizon into a compact latent variable.
It takes as input the task instruction together with a side-
view image and a wrist-view image, and uses a pretrained
VLM to extract a multimodal representation. A lightweight
skill encoder then combines this representation with robot-
state information to predict a single skill embedding zτ ∈ Rd,
where τ indexes the high-level step.

A central design choice in our method is to represent skills
as continuous latent variables rather than discrete skill IDs.
This allows the skill space to capture gradual variation in
manipulation behavior, such as different approach directions or
grasp configurations, without requiring manually defined skill
categories. To make this skill space behaviorally meaningful,
we shape it using supervision from future motion: embeddings
associated with similar future trajectories are encouraged to
lie close in latent space, while embeddings associated with
dissimilar futures are pushed apart. In the full system, this is
implemented through a trajectory-similarity-based contrastive
objective together with auxiliary waypoint prediction, so that
the learned skill representation is both discriminative and
grounded in future end-effector motion.

The skill embedding is held fixed for the following low-
level control steps within the skill horizon. Thus, the VLM
is queried only at a coarse temporal rate, while the low-level
controller can still act at the full control frequency.

B. Waypoint Decoder

The skill embedding is intentionally compact, but it is not
directly expressed in a spatial form convenient for control.
To bridge semantic skill abstraction and low-level action

generation, we introduce a waypoint decoder that maps the
skill embedding to explicit future subgoals.

Given the current skill embedding, the recent end-effector
trajectory, the current low-level timestep, and a future query
time, the waypoint decoder predicts a target end-effector pose
and gripper state. In practice, we query the decoder at two
future horizons within the current skill horizon: a midpoint
waypoint and an endpoint waypoint. These two predictions
provide both intermediate and terminal guidance for the low-
level controller.

This waypoint interface serves two purposes. First, it
grounds the abstract skill embedding in future robot motion,
which improves the behavioral meaning of the skill space.
Second, it gives the low-level controller a spatially inter-
pretable target representation, making it easier to generate
action sequences that remain aligned with the current skill
horizon goal.

C. Waypoint-Conditioned Low-Level Policy

The low-level module generates actions at every control step
without re-querying the VLM. It receives the current wrist-
view image, proprioceptive state, low-level timestep, and the
predicted midpoint and endpoint waypoints. The waypoints are
represented relative to the current state and augmented with
temporal information indicating how far in the future they lie.

Conditioned on these inputs, the low-level policy predicts
a short action chunk using conditional flow matching. Intu-
itively, the policy learns to transform a simple initial action
sample into an action sequence that is consistent with the
current visual observation and the waypoint-defined subgoals.
In our implementation, the action head is realized with a
transformer-based denoising architecture, which allows tem-
poral coordination across the predicted action chunk.

This design assigns distinct roles to the two levels of the
hierarchy. The high-level module determines the behavior over
a skill horizon through the skill embedding, the waypoint
decoder translates that skill into spatial subgoals, and the low-



level policy realizes the behavior through action generation
informed by the current observation.

D. Training and Inference

We train the system in two stages. In the first stage, the high-
level module is trained to produce behaviorally meaningful
skill embeddings. The training objective combines a weighted
Soft-Nearest Neighbor (SNN) loss, which encourages em-
beddings to reflect future trajectory similarity, with waypoint
prediction losses that ground the embedding in future motion.

In the second stage, the high-level module is frozen, and
the low-level controller is trained on top of the learned skill
representation. During this stage, the waypoint decoder is
also supervised so that its predictions remain aligned with
the low-level control objective. The low-level policy is then
optimized with a flow-matching loss on demonstrated action
chunks, conditioned on the predicted waypoints and current
observation.

At inference time, the two levels operate at different fre-
quencies. At the start of each skill horizon, the high-level
module predicts a skill embedding. This is cached for the
subsequent low-level steps.

The waypoint decoder predicts the corresponding subgoals,
and the low-level policy then generates actions at every control
step conditioned on the cached skill embedding, predicted
waypoints, and updated observation. After the skill horizon
ends, the high-level module is queried again for the next skill.

III. EXPERIMENTAL RESULTS

We report two targeted simulation evaluations on the
LIBERO benchmark [22]: benchmark performance across the
four standard suites, and sensitivity to the number of executed
low-level steps before replanning. These results are intended
to characterize the current hierarchical system rather than to
provide a comprehensive empirical study.

A. LIBERO Benchmark Results

We evaluate our method on the four standard LIBERO
suites: Spatial, Object, Goal, and Long. Following the stan-
dard evaluation protocol, we report the success rate for each
suite and the average across all four. Table I compares the
current system with representative imitation-learning and VLA
baselines. Our result is obtained by training only on LIBERO
demonstrations, without additional large-scale robot pretrain-
ing.

Under this comparison, Diffusion Policy, VLA-OS-A-S,
and our method are trained from scratch on LIBERO in the
sense of not using additional large-scale robot-demonstration
pretraining, while several other VLA baselines are adapted
from pretrained models before LIBERO evaluation. The cur-
rent model achieves 88.4% average success across the four
LIBERO suites. As shown in Table I, it performs competitively
with several recent imitation-learning and VLA baselines, ex-
ceeding the reported average of multiple prior methods, while
π-zero remains stronger overall. These results suggest that
hierarchical continuous skill abstraction can already achieve

TABLE I
TASK SUCCESS RATE ON LIBERO BENCHMARKS (%).

Method Spatial Object Goal Long Average

Diffusion Policy [4] 78.3 92.5 68.3 50.5 72.4
TraceVLA [23] 84.6 85.2 75.1 54.1 74.8
Octo [24] 78.9 85.7 84.6 51.1 75.1
OpenVLA [13] 84.7 88.4 79.2 53.7 76.5
DiT-Policy [25] 84.2 96.3 85.4 63.8 82.4
CoT-VLA [26] 87.5 91.6 87.6 69.0 83.9
ThinkAct [27] 88.3 91.4 87.1 70.9 84.4
Pi-zero-FAST [19] 96.4 96.8 88.6 60.2 85.5
VLA-OS-A-S [28] 87.0 96.5 92.7 66.0 85.6
Pi-zero [14] 96.8 98.8 95.8 85.2 94.2

Ours 92.5 95.0 91.5 74.5 88.4

TABLE II
SUCCESS RATE (%) WHEN VARYING THE NUMBER OF EXECUTED

LOW-LEVEL STEPS.

Execute steps Spatial Object Goal Long Average

1 92.5 95.0 91.5 74.5 88.4
2 92.0 92.0 90.5 76.5 87.8
3 90.5 95.0 92.5 77.5 88.9
5 89.5 95.0 90.0 73.5 87.0
10 91.0 94.0 91.0 75.5 87.9

strong LIBERO performance under a more limited training
setting.

B. Varying the Number of Executed Low-Level Steps

To probe whether the hierarchical interface remains useful
beyond a single execution setting, we vary the number of
low-level actions executed before replanning while keeping
the denoising steps fixed at 10. We choose 1, 2, 3, 5, and
10 executed steps to span the range from fully stepwise
replanning to executing the full predicted action chunk in open
loop, where the action chunk size is 10. The results are shown
in Table II.

Average success remains within a narrow range, from 87.0%
to 88.9%, as the number of executed low-level steps varies
from 1 to 10. This suggests that the hierarchical interface be-
tween skill prediction and low-level control is not limited to a
single execution setting, and can maintain similar performance
even when replanning is performed less frequently. This may
provide useful flexibility at inference time.

IV. CONCLUSION

We presented an early investigation of hierarchical design
for Vision-Language-Action systems. The central idea is to
decouple temporally abstract skill prediction from low-level
action generation through a continuous skill interface: a high-
level vision-language module predicts a skill embedding over
the current skill horizon, a waypoint decoder grounds that
embedding into spatial subgoals, and a lightweight low-level
controller executes the behavior. On LIBERO, the current
system achieves strong simulation performance and maintains
similar performance across multiple execution-step settings.



Since these results are obtained using only LIBERO demon-
strations, without additional large-scale robot-demonstration
pretraining, an important next step is to study how hierar-
chical continuous skill abstraction benefits from broader robot
pretraining. More broadly, we hope this work helps motivate
hierarchical interfaces as a useful design direction for future
VLA pipelines.
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