Agentic Decomposition for Reasoning-Oriented Real-World Robot Manipulation
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Abstract

Generalist vision-language-action (VLA) models provide
strong visuomotor priors, but reasoning-oriented robot ma-
nipulation also requires task interpretation, scene ground-
ing, atomic skill decomposition, progress monitoring, and
recovery. We introduce AgentVLA, an agentic task interface
that treats a VLA model as a reusable low-level executor
inside a tool-augmented robot system. AgentVLA converts
multi-view observations and task instructions into scene-
grounded atomic-skill context, invokes tools for ground-
ing and diagnosis, and conditions the executor on explicit
task-stage information while keeping the robot-control pro-
tocol unchanged. We validate this design on the Mani-
pArena Challenge at the CVPR 2026 Embodied Al Work-
shop, where our system achieved the highest success rate
in the preliminary evaluation across five bimanual ma-
nipulation tasks. Our analysis further shows that noisy
demonstrations can teach premature task completion, while
spatial-layout shifts can induce brittle geometric priors.
These failures motivate separating task reasoning from low-
level action generation by atomizing long-horizon tasks into
grounded, reusable, and verifiable skill primitives around a
shared VLA executor.

1. Introduction

Vision-language-action (VLA) models provide a com-
pelling abstraction for robot manipulation: a policy con-
sumes visual observations, proprioception, and language,
and produces continuous actions [1-3, 6—8]. World-action
models offer a complementary paradigm by predicting fu-
ture visual states and actions [11]. Both lines provide strong
visuomotor priors, but reasoning-oriented manipulation is
not only a control problem. The robot must preserve task
state: which object remains unhandled, which relation de-
fines success, when a subgoal is complete, and whether re-
covery is needed. If these decisions are folded into a sin-
gle imitation policy, noisy demonstrations can teach pre-
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mature termination and narrow spatial-layout distributions
can become brittle geometric priors. This motivates an
agentic decomposition that atomizes long-horizon tasks into
grounded, reusable, and verifiable skill primitives before
delegation to a VLA executor.

Recent agentic VLA systems make a related observa-
tion: a VLA need not be the entire robot agent. Agen-
tic Robot [10] augments a VLA executor with planning,
verification, and recovery, while VLAZ [12] uses retrieval,
grounding, masking, and language replacement to convert
unseen concepts into executor-friendly representations. We
study a complementary real-world setting where objects
can remain in distribution, but failures still arise because
progress, completion conditions, spatial relations, and skill
choices are weakly represented. We frame this as a fask-
interface problem: exposing scene-grounded task structure
to a pretrained VLA executor while keeping the low-level
action protocol unchanged.

2. Method

AgentVLA treats the VLA as a general-purpose visuomo-
tor executor inside a tool-augmented robot policy (Fig. 1).
The task interface converts raw instructions into compact
scene-grounded plans, makes target relations and atomic
skill order explicit, conditions the executor on the current
skill stage, and records full-chain diagnostics so closed-loop
failures can be traced to perception, language, or control.
In our implementation, an embodied foundation model
planner [5] produces compact plans from multi-view obser-
vations and task instructions. The plan is not a symbolic
controller and does not replace visuomotor control; it is
a structured conditioning signal. The executor is trained
and deployed with the same interface: three RGB views,
robot state, and the generated plan. We use a mg 5-style
executor [8]; the same interface can be used with other
open VLA executors such as OpenVLA [6]. For desktop
manipulation, we use the official 14D end-effector repre-
sentation: left-arm 7D and right-arm 7D end pose. End-
effector pose dimensions are trained as deltas while grip-
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Figure 1. AgentVLA architecture. The agent parses instructions, grounds scene entities, organizes skill stages, and delegates end-effector

action chunks to a reusable VLA executor.

per values remain absolute; deployment converts predicted
chunks back to absolute end-pose trajectories. This chun-
ked continuous-control formulation is related to recent vi-
suomotor action-generation policies [4]; our focus is the
task interface around the executor.

3. Experiments and Discussion

We evaluate on ManipArena [9], a real-robot challenge
for reasoning-oriented generalist manipulation at the CVPR
2026 Embodied AI Workshop. In its preliminary evalua-
tion, our system ranked first in success rate across five real
desktop tasks. Table | summarizes the official results.

Task 0.5 Single 7.5 OneModel DreamZero AgentVLA (Ours)
put_ring 41/20% 60 /20% 271 0% 93/90%
put_spoon 52/20% 43/10% 54 /20% 94 /90 %
put_blocks 48 /30% 42 /30% 2710% 100 /100 %
classify_items 59 /20% 63 /40% 36/0% 54/ 40%
press_button 48 /20% 13/0% 3/0% 58 /0%
Average SR 22% 20% 4% 64%

Total score 248 221 147 399

Table 1. Official preliminary ManipArena results. Each cell re-
ports score / success rate. Bold marks the best score or success
rate in each row; ties are included.

AgentVLA substantially improves the three execution-
style tasks: ring insertion, spoon placement, and block sort-
ing. These tasks benefit from explicit target relations and
atomic skill order, while leaving continuous control to the
VLA executor.

The two semantic tasks reveal limitations of pure im-
itation. In classify_items_as_shape, some demonstrations
appear to terminate while visible objects remain outside
target containers, so the policy can treat a partial state
as complete. In press_button_in_order, the semantic ob-
jective is a color-order permutation, but training demon-
strations mostly contain triangular button layouts whereas

some evaluation cases are nearly collinear; this layout shift
can induce brittle geometric priors. These failures show
that monolithic imitation can entangle task-state estima-
tion, scene grounding, completion detection, and action
generation. Once entangled, more demonstrations alone do
not provide an explicit check for whether all objects have
been handled, whether the layout violates a learned spatial
prior, or whether execution should recover before continu-
ing. They also suggest a path beyond simply scaling imita-
tion data. A promising direction is to optimize the agentic
layer with task-level feedback, for example through rein-
forcement learning or preference optimization. Instead of
only updating the low-level action generator, the system can
learn when to continue a subgoal, switch stages, re-observe
the scene, trigger recovery, or re-ground targets under lay-
out shifts. In this view, the VLA executor remains responsi-
ble for continuous control, while reinforcement learning im-
proves the planner, verifier, and recovery modules that de-
cide how execution should adapt to task progress and scene
changes.

4. Conclusion

These results support a modular view of VLA adaptation.
Generalist VLAs are useful executors, but robust manipu-
lation also requires grounding, skill organization, progress
monitoring, and recovery. The role of agentization is not to
replace the VLA policy, but to atomize long-horizon tasks
into separable decisions that should not be hidden inside
a single action generator. A planner exposes task struc-
ture; grounding binds objects and spatial relations to the
scene; a skill layer composes reusable primitives; a ver-
ifier decides whether a subgoal is complete; and recov-
ery intervenes when execution stalls. This decomposition
makes failures observable and correctable while preserving
the learned visuomotor prior of the VLA executor. It also
makes the agentic layer a natural target for task-level opti-
mization, while keeping the executor reusable across tasks
and embodiments.
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