© © N o g b~ 0 O =

20
21
22
23
24

25
26
27
28
29
30

32
33
34
35
36
37

When Looking Changes the Grasp: Recovery
Interventions in Frozen VLA Manipulation

Anonymous Author(s)
Affiliation
Address

email

Abstract: External recovery supervisors for frozen vision-language-action (VLA)
policies must verify whether a grasp succeeded before intervening, yet the robot’s
own gripper often occludes the object from overhead cameras. While moving the
arm can restore visibility, the physical maneuver used to inspect the grasp risks
altering contact and disrupting a manipulation that would otherwise succeed. To
isolate this physical observer effect from control interruption, we evaluate a task-
trained frozen SmolVLA policy on a simulated SO-101 arm across six manipu-
lation scenarios (30 continuations) using a five-condition ablation that separates
policy pause/reset, gripper opening, upward arm clearance, and their combination.
Nominal execution, opening in place, and closed-gripper clearance each complete
5/6 tasks, and pause/reset completes 4/6, whereas combined opening and clear-
ance collapses completion to 0/6 by leaving the released cube on the table as
the arm withdraws. Because passive wrist-camera heuristics detect at most 2/6
historical failures without false alarms (0/8) in offline replays, reliable VLA re-
covery cannot rely on active viewing maneuvers that destroy the grasp state they
are meant to assess. Companion video: https://vla-grasp-intervention.
netlify.app/
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1 Introduction

When a robot closes its gripper around an object, an external recovery supervisor must verify
whether the grasp succeeded before the policy proceeds to transport or placement. Missing a failed
pickup leads to downstream task failure, whereas falsely declaring failure interrupts a trajectory that
would otherwise succeed. Effective supervision therefore requires accurately diagnosing contact
state while preserving nominal execution whenever a grasp is viable.

Obtaining clear visual evidence for this decision is difficult under self-occlusion. The gripper of-
ten hides the object from overhead cameras, and nearly identical finger apertures can accompany
different contact configurations. Withdrawing the arm exposes the workspace to the camera, but
the motion itself alters the arm’s position and contact with the object; opening the gripper during
withdrawal changes that interaction further. Consequently, the clearer image captures the physical
aftermath of the sensing maneuver rather than the grasp state that prompted it.

This coupling between sensing actions and physical state is particularly critical when wrapping
external supervisors around frozen vision-language-action (VLA) models such as RT-2 (Zitkovich
et al., 2023) and SmolVLA (Shukor et al., 2025). While recent active-perception methods improve
manipulation by selecting informative virtual views (Liu et al., 2026) or adjusting camera viewpoints
under occlusion (Luo et al., 2026), they evaluate sensing actions primarily by visual observability.
In single-arm manipulation, however, moving the arm to clear an occluded overhead view physically
modifies the environment state from which the frozen policy must resume.

Submitted to the 10th Conference on Robot Learning (CoRL 2026). Do not distribute.


https://vla-grasp-intervention.netlify.app/
https://vla-grasp-intervention.netlify.app/
https://vla-grasp-intervention.netlify.app/

38
39
40
41
42
43

44

45
46
47
48
49
50
51
52
53
54

55
56
57
58
59
60
61

62
63
64
65
66
67
68
69
70
71
72
73

74
75
76

We investigate this physical observer effect using a task-trained frozen SmolVLA policy on a sim-
ulated SO-101 arm. Motivated by preliminary localization and recovery diagnostics, we design
a five-condition ablation across six manipulation scenarios that decouples policy pause/reset from
gripper opening, upward arm clearance, and their combination. Alongside an offline audit of passive
wrist-camera signals during nominal execution, our study evaluates how the physical composition
of a sensing maneuver impacts downstream task completion.

2 Experimental Setup and Intervention Study

Figure 1 illustrates our control and supervision pipeline for an SO-101 arm manipulating a 25 mm
cube in MuJoCo (Todorov et al., 2012). In the nominal loop (top), a task-trained frozen SmolVLA
policy maps overhead and wrist RGB, proprioception, and language instructions to 50-step chunks
of six absolute joint-position targets. Downstream, an external alignment controller adds smoothed
arm-target offsets based on joint feedback and a cached cube-position reference, executing one joint-
limit-clipped command per step. When triggered, a separate recovery supervisor (bottom) monitor-
ing only overhead RGB and proprioception overrides execution. It couples gripper opening with up-
ward arm withdrawal to clear the overhead view before relocalizing the cube and deciding whether
to retry. Because this physical maneuver (where opening’s standalone visibility gain is unmeasured)
precedes re-observation, the new camera frame captures an already altered manipulation state.

New images and proprioception

Overhead + wrist RGB | | Frozen SmolVLA .| Feedback + bounded control
Proprioception + instruction 50-action chunks I SO-101 in MuJoCo
l override
Sgperwsor trigger Ojpem ety < Relocalize, then uncertainty
verhead RGB — arm clearance ™1 Retry/abstain. then resume
Joint + gripper state Physical intervention ty 2

Figure 1: Policy and historical supervisor. Both cameras feed SmolVLA; the supervisor excludes
wrist RGB. Its physical intervention precedes the new observation and uncertainty decision.

Our evaluation centers on six deterministic manipulation scenarios: three testing cube pickup and
three adding target placement. Pickup success requires grasp acquisition and a stable lift (peak cube
height increase > 30 mm, without requiring a sustained hold), while placement additionally requires
a final target distance < 50 mm and cube-center height < 27.5 mm. These criteria evaluate end-of-
episode task completion rather than contact retention during the intervention. Using these scenarios,
we conduct a 30-run intervention ablation (6 scenarios X 5 conditions) alongside a 14-trajectory
offline wrist-camera audit.

In the 30-run ablation, all five conditions for a given scenario initialize the alignment reference from
the declared cube spawn and share matched seeds and nominal histories up to a closure-related trig-
ger (with one recorded prestate differing slightly). At the trigger, each scenario branches into five
continuations: nominal continues uninterrupted, while four conditions override control for 25 steps
under a common pause/reset protocol that crosses gripper opening with arm withdrawal. Specifi-
cally, reset only holds the arm in place with closure commanded (bundling waiting, holding, clamp-
ing, and resets); opening only holds the arm with the gripper open; clearance only withdraws the
arm with closure commanded; and opening plus clearance combines both. After 25 steps, the four
interrupted branches discard pending policy actions, separately reset controller offsets and gripper
open/close state, and update the external alignment reference to the simulator cube XY sampled at
the trigger. These coordinates guide external controller offsets rather than direct SmolVLA inputs,
without using post-clearance camera estimates, an uncertainty gate, or a scripted corrective reach.

In the complementary offline audit, we examine 14 recorded nominal trajectories (eight historical
successes and six failures, sharing five scenarios with the ablation) to test whether passive observa-
tions could flag failures without moving the arm. We compare gripper-aperture and wrist-camera
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red-area/centroid rules on images sampled 15 steps after closure detection (with a final-frame fall-
back). In the five shared scenarios, this sampling window falls after the ablation’s intervention
trigger, so the audit evaluates post-closure separability rather than pre-intervention online decisions.

3 Results

3.1 Why better localization did not resolve recovery

Preliminary post-contact diagnostics tested whether a second grasp was physically feasible. In one
diagnostic state, feeding exact simulator cube coordinates to the external controller enabled a correc-
tive retry that achieved a 119.1 mm lift, whereas relying on the existing overhead-camera estimate
caused the supervisor to reject the estimate and decline the retry, reaching only 5.6 mm. Although
this single-state test did not demonstrate autonomous recovery, it motivated clearing the arm to
improve overhead visibility. In two development trials, upward arm clearance reduced localiza-
tion error from 41.69 to 5.24 mm and from 52.74 to 4.39 mm. Despite this sharper view, earlier
clearance-based procedures completed 0/6 tasks compared to 5/6 under nominal execution, with the
uncertainty-gated variant declining every retry after opening and withdrawal. This mismatch raised
the question of whether policy interruption, gripper opening, or arm motion caused the collapse.

3.2 Separating the components of the intervention

Figure 2 compares the five ablation conditions across our six scenarios to decouple the control
pause from gripper opening and arm withdrawal. Nominal execution completes 5/6 tasks, reset only
completes 4/6, opening only completes 5/6, clearance only completes 5/6, and combined opening
and clearance completes 0/6. Pausing policy prediction alone does not explain the collapse, as reset
only retains four successes (losing one placement trial). Likewise, neither physical action fails on
its own, though identical 5/6 totals mask different scenario outcomes: clearance only repairs one
placement failure but loses one nominal pickup success.

The intermediate trajectories in Figure 2a explain why only the combined maneuver fails across all
five nominal passes. With closure commanded, upward clearance carries the grasped cube along
with the gripper. Opening alone leaves the cube supported on the table during the intervention
prefix (with post-prefix grasp events unlogged), but keeps the open fingers directly around it so the
resumed policy still completes 5/6 tasks. By contrast, combining opening with withdrawal releases
the cube and pulls the arm away; end-of-intervention telemetry confirms table support and zero
gripper contact in all six combined runs, and resumed execution completes no tasks.

Limited passive evidence. Following the 14-replay offline setup in Section 2, we evaluated
whether wrist-camera and aperture rules could detect failures without moving the arm. Against
historical labels, wrist-camera rules flag 1/6 failures and 0/8 successes, while a combined wrist-and-
aperture rule flags 2/6 failures and 0/8 successes (all in development examples). An aperture-only
rule triggering outside [0.242, 0.245] rad flags all 6/6 failures and all 8/8 successes, whereas over-
head rules flag neither. Because these rules miss most failures and sample after the intervention
trigger, whether passive observations can support timely online recovery decisions remains an open
question.

4 Discussion and Limitations

Our ablation demonstrates that the performance drop during recovery is not an unavoidable byprod-
uct of moving the arm for visibility, but rather depends on the intervention’s composition and the
state from which the frozen policy resumes. While closed-gripper clearance preserves task com-
pletion in most scenarios, combining gripper opening with arm withdrawal destroys the grasp state.
This insight complements active-perception methods that optimize virtual views (Liu et al., 2026)
or camera placement under occlusion (Luo et al., 2026), highlighting that observation quality must
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Common initial state (t = 293) Clearance only (t = 318) Open + clearance (t = 318)

Before intervention Cube moves with gripper Cube remains on table

(b) Full-task success

Nominal 5/6
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Figure 2: Physical intervention and task completion. (a) From a common illustrated state, closed-
gripper clearance carries the cube; opening during withdrawal leaves it on the table. Frames are
intermediate. (b) Full-task outcomes on six reused scenarios.

be weighed against its physical effect on manipulation. Furthermore, while contact-aware uncer-
tainty calibration addresses contact-dependent prediction errors (Marques et al., 2026), a decision
triggered after a disruptive physical action cannot prevent that action’s consequences.

These findings are subject to several scope limitations. The study evaluates a single simulated SO-
101 configuration, one frozen task-trained policy, and six deterministic scenarios without measuring
generalization or hardware reliability. In one scenario, a clearance-only prestate differed slightly by
0.0022 rad in gripper angle and 0.1 mm in cube height; excluding this trial preserves the qualitative
contrast (4/5 vs. 0/5 successes). Additionally, privileged reset coordinates preclude interpreting
the setup as fully autonomous recovery, and inherited labels with differing spawn settings mean our
offline rule counts reflect exploratory label agreement rather than a verified online safety guarantee.

Looking forward, designing reliable recovery requires determining whether onboard observations
can identify failed grasps prior to intervention. Prospective monitors must evaluate failure detec-
tion, false intervention rates, and intervention costs together, comparing contact-preserving observa-
tion strategies against release and withdrawal. Because simulated friction, compliance, and control
delays may alter whether a physical SO-101 retains the cube during withdrawal, validating these
relative outcomes on physical hardware remains an essential next step.

5 Conclusion

Physical interventions intended to clarify grasp state can themselves disrupt the manipulation task.
In our simulated SO-101 setup, combining gripper opening with arm withdrawal is far more damag-
ing than either action or control interruption alone, showing that active perception must be evaluated
by its physical impact, not just observability gains. Reliable sim-to-real recovery thus calls for
contact-preserving monitoring and robust hardware validation.
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