Under review as a conference paper at ICLR 2027

FIT-MAC: FAILURE-AWARE INFERENCE-TIME MULTI-
AGENT CONTROL FOR ROBUST VLA MANIPULATION

Anonymous authors
Paper under double-blind review

ABSTRACT

Vision-language-action (VLA) models have achieved strong performance on stan-
dard robotic manipulation benchmarks. However, their reliability can degrade
substantially when task conditions deviate from the nominal setting. Perturbations
in object positions and task instructions may lead to complete task failure. Existing
VLA policies generally lack an explicit runtime mechanism for distinguishing these
failure modes and selecting an appropriate recovery strategy. To systematically mit-
igate this issue, we propose FIT-MAC, a failure-aware inference-time multi-agent
control framework for robust VLA manipulation. FIT-MAC augments a frozen
VLA policy with an inference-time control layer. First, the Task Planner Agent
decomposes the language instruction into an ordered sequence of manipulation sub-
tasks, and the Grounder Agent resolves each instruction-level reference to a visual
target. Next, the Monitor-Diagnosis Agent tracks phase-specific execution progress
and distinguishes target-binding failures from local execution failures. Finally, FIT-
MAC routes each detected failure to a corresponding recovery mechanism, target
rebinding for target failures and bounded grasping or placement recovery for execu-
tion failures. When no failure is detected, the original VLA remains the default ac-
tion generator. Extensive experiments on LIBERO-PRO demonstrate that FIT-MAC
achieves state-of-the-art performance under diverse perturbations and consistently
improves success rate across multiple VLA backbones. The largest gains occur
under position, task, and environment perturbations, while high success rates are
maintained under object and semantic perturbations. Code is available at https::
//anonymous.4open.science/r/research-artifact-B431.

1 INTRODUCTION

Vision-language-action (VLA) models integrate language understanding, visual perception, and action
generation for general-purpose robotic manipulation. OpenVLA provides an open-source foundation
for generalist robot control (Kim et al.| 2024), while 7y uses flow matching to generate continuous
actions (Black et al.,[2025)). Its successor, 7 5, further improves open-world generalization through
heterogeneous co-training (Physical Intelligence et al.,[2025). Recent models pursue complementary
directions. NORA reduces the computational cost of generalist VLA policies (Hung et al., [2025]),
while X-VLA targets scalable cross-embodiment transfer (Zheng et al.l [2025). MolmoAct incor-
porates structured spatial reasoning between perception and low-level control (Lee et al., [2025]).
Other methods improve predictive modeling and long-horizon execution through world-knowledge
modeling, future-goal prediction, and phase-aware policies (Zhang et al.| |2025bjc} [Fan et al.| [2025).
These advances highlight the potential of VLAs as generalist robotic policies.

However, strong benchmark performance does not necessarily translate to reliable execution under
distribution shift. AGNOSTOS reveals limited zero-shot generalization across tasks, while SAFE
highlights frequent failures on novel tasks, underscoring the need for runtime failure detection (Zhou
et al., [2025; |Gu et al.| 2025). Broader evaluations reveal substantial sensitivity to perturbations in
actions, instructions, observations, and environments, including controlled changes to objects, their
positions, instructions, and scene layouts (Guo et al., 2026} Zhou et al., 2026)). VLATest reports
similar robustness gaps under changes in clutter, lighting, viewpoints, and instructions, as well as
when encountering unseen objects (Wang et al.,[2025b). Adversarial evaluations reveal additional
vulnerabilities to digital and physical perturbations (Wang et al., 2025a)). Robust deployment therefore
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Figure 1: Comparison of standard VLA execution and FIT-MAC. Top: a VLA policy predicts actions
from visual observations and a language instruction. Bottom: FIT-MAC augments the pretrained
policy with specialized agents for task planner, instance-level grounding, and runtime monitoring and
diagnosis.

requires VLAs to complete tasks under nominal conditions and to detect, diagnose, and recover from
execution failures at inference time.

These challenges have motivated work on runtime recovery in robotic manipulation. RACER
combines a VLM supervisor with an actor trained on automatically generated recovery trajectories
(Dai et al.l 2025)). COME-robot monitors execution, identifies failure causes, and performs closed-
loop recovery (Zhi et al., 2025). TCoT unifies hierarchical trajectory reasoning, failure detection, and
recovery through global-local switching within a VLA framework (Li et al.,|2026). These approaches
highlight the value of execution monitoring and corrective control. We study a complementary
runtime decision problem: distinguishing incorrect target binding from local execution failure and
selectively applying the appropriate recovery mechanism. The pretrained VLA remains the default
action generator.

As illustrated in Fig. [T} we investigate runtime recovery to improve pretrained VLA robustness
without modifying the underlying policy. Our key observation is that perturbations lead to distinct
failure types. The first is target failure: incorrect grounding of the language-specified target object or
reference relation causes the policy to approach the wrong object instance before grasping. The second
is execution failure: the target is correctly identified, but unstable local control during grasping,
transport, or placement causes empty grasps, failed lifts, unstable releases, or stalled execution.
Distinguishing these failure types enables an external controller to tailor recovery to each case rather
than rely on generic retries.

Building on this observation, we propose FIT-MAC, a failure-aware inference-time multi-agent control
framework. Specialized agents coordinate task parsing, visual grounding, monitoring, diagnosis,
routing, and recovery through a shared execution state. FIT-MAC uses the pretrained VLA as the
default action generator and intervenes only when runtime monitoring detects evidence of failure
during a grasping or placement attempt. Intervention proceeds through monitoring, diagnosis, routing,
and correction. Our method tracks the task stage and execution state, detects stagnation from stage
progress, target visibility, and grasping or placement signals, and selects target rebinding or local
recovery control accordingly.
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This design offers two benefits. First, FIT-MAC distinguishes incorrect target grounding from local
execution failure to guide recovery. Second, it intervenes only when observable evidence of failure
emerges, limiting disruption to nominal rollouts. FIT-MAC thus preserves the pretrained VLA’s
general action-generation capability while adding selective, interpretable inference-time recovery
tailored to each failure type.

Experiments on LIBERO-Object and LIBERO-Spatial show that FIT-MAC consistently improves the
robustness of OpenVLA, 7, and 7y 5 across diverse perturbations. Gains are largest under position,
task, and environment perturbations, where successful execution often requires target rebinding
or stage-wise recovery. FIT-MAC also maintains high success rates under object and semantic
perturbations, extending its effectiveness across different perturbation types. Our contributions are as
follows:

* We propose FIT-MAC, a failure-aware inference-time multi-agent control framework. Special-
ized agents coordinate closed-loop monitoring, diagnosis, routing, and correction through a
shared execution state while retaining the pretrained VLA as the default action generator.

* We introduce attempt-level failure attribution that distinguishes target failures from execution
failures using explicit, auditable triggering conditions.

* We design two complementary recovery pathways: target rebinding with closed-loop correction
for target failures and bounded local grasping and placement control for execution failures.

» Extensive experiments on LIBERO-Object and LIBERO-Spatial demonstrate consistent robust-
ness gains across OpenVLA, 7y, and 7y 5, particularly under position, task, and environment
perturbations.

2 RELATED WORK

Generalist and Long-Horizon Vision-Language-Action Models. Generalist VLA models learn
language-conditioned visuomotor policies from heterogeneous robotic data. OpenVLA provides an
open-source autoregressive foundation model (Kim et al.,[2024). 7 uses flow matching for continuous
action generation, while 7y 5 improves open-world generalization through heterogeneous co-training
(Black et al., |2025]; [Physical Intelligence et al.l 2025). NORA improves inference efficiency, X-VLA
supports cross-embodiment transfer through soft prompts, and MolmoAct integrates depth-aware
perception, spatial reasoning, and action prediction (Hung et al., 2025} Zheng et al.| 2025; Lee et al.,
2025).

Recent approaches address long-horizon manipulation through hierarchical reasoning, memory,
future-state prediction, and spatial representations. AtomVLA decomposes demonstrations into
atomic subtasks and scores action chunks using a latent world model (Sun et al., 2026). LaMP
incorporates a 3D scene-flow prior, R3DP introduces a real-time 3D-aware policy, and RoboTALES
uses task-aligned simulated futures to guide policy learning (Wang et al.l 2026b; [Zhang et al.,|2026b;
Gani et al.|[2026)). These methods modify the policy architecture, representation, or training procedure.
FIT-MAC instead preserves the pretrained policy and performs diagnosis and recovery entirely at
inference time.

Perturbation Evaluation and Robust Policy Optimization. Benchmarks such as LIBERO-PRO,
LIBERO-X, VLATest, adversarial VLA benchmarks, and LIBERO-RECOVER assess VLA robust-
ness to changes in objects, positions, language, observations, and environments (Zhou et al., [2026;
Wang et al., [2026a; 2025bja; |Liu et al.l [2026a). Existing methods improve robustness through
perturbation-based training, post-training, uncertainty-aware action refinement, or latent world-model
scoring (Guo et al.| 2026} |Zhang et al., 2025a; [Islam et al., 2026; Sun et al.,[2026). VLS instead uses
a vision-language model to steer a pretrained policy at inference time (Liu et al.,[2026b)).

Online Failure Detection and Agentic Runtime Recovery. Runtime recovery methods monitor
execution and intervene when failures occur. SAFE, RecoveryChaining, RACER, COME-robot, and
TCoT explore failure detection, recovery to resumable states, VLM supervision, execution tracing,
and hierarchical recovery (Gu et al., [2025} |Vats et al.,[2025; Dai et al.l 2025} |Zhi et al., 2025} |Li et al.|
2026). GTA-VLA uses interactive visual guidance, including points, boxes, and traces, to steer VLA
execution under spatial and visual ambiguity (Ling et al., 2026)). Code-based and agentic systems
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Figure 2: Overview of FIT-MAC. The framework first establishes an instance-level target lock through
target rebinding, then monitors stage-specific execution progress and routes detected failures to target
correction or bounded local recovery.

extend runtime recovery through execution feedback, visual verification, skill synthesis, and modular
coordination (Fu et al., 2026} [Zhang et al.| 20264} (Garrabé et al., 2025}, [Singh et al.,[2025}; [Chen et al.,
[2025},[Yang et al.| [2025}; [Yoon et al.,[2026).

FIT-MAC explicitly distinguishes target failures from execution failures and routes them to target
rebinding with closed-loop correction or bounded local grasping and placement control, respectively.
The pretrained VLA remains the default action generator, with intervention triggered only by runtime
evidence of failure.

3 METHOD

3.1 OVERVIEW

Given a language instruction x, a visual observation I;, and a low-dimensional robot state o;, FIT-
MAC augments a frozen VLA policy myr,a with an inference-time control layer. It comprises a
Planner Agent, a Grounder Agent, a Monitor-Diagnoser Agent, and an Execution Recovery Module.
The Planner Agent parses x into an ordered sequence of manipulation subtasks. Before each subtask,
the Grounder Agent maps the instruction’s target reference to a visual instance and constructs a
grounded prompt Z, . During execution, the Monitor-Diagnoser Agent tracks phase-specific progress
and distinguishes target-binding errors from physical execution failures. Let g, denote the active
target-grounding state, k; the current subtask index, and ¢, the current manipulation phase.

When the target lock is reliable and no physical execution failure is detected, the pretrained VLA
generates the action:

mvra(ly, Tk, ) d; = none,
ar = 9 Tpick(It, 01, g1, ki), dy = pick failure, 1)
Tplace (It, 0t, 9i, ki), dy = place failure.
Target correction is triggered when the target binding is uncertain or inconsistent. The bounded local

recovery controllers 7mpick and mpjace return control to the pretrained VLA when recovery succeeds,
or the recovery budget is exhausted. The VLA parameters remain unchanged.

3.2 TASK DECOMPOSITION AND STAGE MODELING

The Task Planner Agent parses z into a structured representation of the target object, source and
destination descriptions, placement relation, and spatial constraints. Each long-horizon rollout is
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divided into bounded pick-and-place attempts. The active phase ¢, belongs to either the pick-phase
set ®pick or the place-phase set D pjace.

FIT-MAC measures the end-effector—target distance during picking and the object—destination dis-
tance during placement:

obj dst

At = ||py° —pi||,, A = ’pt — P}

) @
2

where p§°, pigt, pfbj, and p?St denote the end-effector, target, object, and destination positions,

respectively. The distance reductions over A control steps are
A = i = A = i - ®

Positive values indicate motion toward the corresponding target. Gripper closure, object—gripper
motion, and post-release stability provide additional signals for detecting grasp completion, lifting,
and placement.

3.3 VISUAL GROUNDING AND TARGET REBINDING

Language instructions describe targets semantically, but robot execution requires identifying a specific
visual instance. FIT-MAC therefore performs target rebinding before each subtask. Grounding DINO
detects candidate target, destination, and reference objects. The task-level grounder then matches
their descriptions and spatial relations to the instruction. When detections are uncertain or ambiguous,
a VLM resolver selects the candidate that best matches the instruction. The selected target and
destination are stored in the target-grounding state g; and used to construct the grounded prompt Z, .

Let C;°™ denote the instruction-compatible candidates. Runtime geometric verification scores each
candidate as

Si(e) = [|pf xy — Syl + A= [PE2 — PES @

yielding the geometrically closest compatible candidate, ¢; = arg min.ccsem S¢(c). This score
informs target rebinding while preserving semantic grounding.

The selected instance remains locked as the target throughout the current subtask. If its confidence
falls below 7,; or the locked instance is inconsistent with the current observation, FIT-MAC updates g,
and regenerates the grounded prompt. Target correction thus resolves incorrect or uncertain instance
binding before local execution recovery is invoked.

3.4 RUNTIME MONITORING AND FAILURE DIAGNOSIS

After target rebinding, the pretrained VLA remains the default action generator. The monitor tracks
target approach, gripper closure, object—gripper motion, destination approach, and post-release
stability. For the current phase ¢;, progress is measured using the phase-specific thresholds Tig¢, Tst,
Tees and Tobj-

1[Adf§gt > Tigt V HApfeH2 > 7—ee:l ) o € (I>pick7

Xgrog _ (5)
< bi
1 {Adgbt > Tast V ||Ap? J||2 > 7-obj:| , ¢t € q)place-

A phase is considered stalled when no progress is observed during its patience window W, :

t

=1 Y e =0l ©)
T=t—Wy,+1

To detect prolonged execution, FIT-MAC also uses a phase-timeout indicator yfimeout — 1[pPhase
Ty,], where nfhase is the elapsed duration of the current phase and Ty, is its maximum allowed

duration.
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The diagnosed state is:

target_correction, k; < 7, V Inconsistent(g;, It),

dt _ pick,failure, ¢t € (I)pick A (X:tall =1lv X;imeout = 1) ? (7)
place_failure, ?t € Pplace N (X?tan =1V yjimeout — 1) )
none, otherwise.

Here, k; denotes the confidence of the active target lock, and Inconsistent (g, I;) indicates a mis-
match between the locked instance and the observed scene or task relation. Pick failures occur
during approach, grasping, or lifting; place failures occur during transport, placement, release, or
post-release stabilization.

3.5 TARGET CORRECTION AND EXECUTION RECOVERY

FIT-MAC supports two intervention paths. When d; = target correction, the Grounder Agent reruns
object detection, matches candidate instances to the instruction, updates g;, and regenerates Z,. The
pretrained VLA then resumes control with the corrected target binding.

When physical execution fails despite correct target grounding, FIT-MAC retains the target lock and
invokes a bounded local recovery policy. The controller selects a phase-specific waypoint p;: a hover
point for approach, the grounded target for grasp and lift, the grounded destination for transport and
place, and a retreat point for release. The translational recovery command is

wr*e = clip ((pf — p°) @ (0.045,0.045,0.035), —1,1) , 8)

where © denotes element-wise division. The complete recovery action is
T T grip T
rec __ rec
a = [()", o], af™] ©)

where af"'? is the gripper command.

Pick recovery succeeds when the object moves consistently with the gripper after closure. Place
recovery succeeds when the object is released within the destination region and remains stable. When
recovery succeeds, or its budget is exhausted, control returns to the pretrained VLA or execution
advances to the next subtask. FIT-MAC thus addresses binding errors through target correction and
physical execution failures through local recovery, while retaining the pretrained VLA as the default
action generator.

4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP

We evaluate FIT-MAC on LIBERO-Object and LIBERO-Spatial (Liu et al.,2023) using the LIBERO-
PRO perturbation protocol (Zhou et al.,[2026). We consider five perturbation types: Pos, Task, Env,
Obj, and Sem, corresponding to changes in object position, task instruction, environment, object
identity, and semantic binding, respectively. We compare OpenVLA with and without FIT-MAC
under matched task allocations, episode budgets, and random seeds, and use reported results for other
methods.

We use success rate (SR) as the primary metric, complemented by intervention rate (IR) and recovered
success rate (RSR). Let N, denote the total number of evaluated episodes, Vi, the number with at
least one corrective action, and Ngycc,int the number of intervened episodes that succeed. We define
IR = Nint 7 RSR — Nsucc,int ) (10)
N, all N int
IR measures intervention frequency, while RSR measures success among intervened episodes. To-
gether with SR, these metrics characterize FIT-MAC’s runtime behavior and task completion.

To assess generality, we also integrate FIT-MAC with 7 (Black et al.| [2025)) and 7y 5 (Physical
Intelligence et al.| 2025), keeping all backbone parameters frozen. We conduct module ablations
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Table 1: Comparison with state-of-the-art methods on LIBERO-PRO. The overall average is reported
for methods evaluated on all ten perturbation settings.

Method LIBERO-Object LIBERO-Spatial Avg.
Obj. Pos. Sem. Task Env. Obj. Pos. Sem. Task Env.
MolmoAct|Lee et al.|(2025) 92.0 6.0 960 00 - 900 0.0 880 00 - -
NORA Hung et al.|(2025) 86.0 0.0 920 00 - 920 00 910 00 - -
X-VLA [Zheng et al.|(2025) 89.0 2.0 980 80 - 970 00 96.0 00 - -
AtomVLA Sun et al.|(2026) 93.0 100 990 00 - 950 160 950 10 - -
CaP-Agentg Fu et al.|(2026) - 220 - 180 - - 120 - 140 - -
RATs|Zhang et al.|(2026a) - 610 - 630 - - 290 - 310 - -
OpenVLA [Kim et al.|{(2024) 98.0 0.0 98.0 00 00 970 00 770 0.0 89.0 459
FIT-MAC (Ours) 99.0 934 98.8 87.2 48.8 97.2 40.2 86.8 37.8 97.8 78.7

Table 2: Runtime intervention and recovery behavior of FIT-MAC under different perturbations. SR,
IR, and RSR denote success rate, intervention rate, and recovered success rate, respectively.

LIBERO-Object LIBERO-Spatial
Perturbation SR. (%) IR.(%) RSR.(%) SR.(%) IR.(%) RSR. (%)
Ob;. 99.0 99.8 99.3 97.2 37.8 97.9
Pos. 934 99.5 93.8 40.2 87.6 41.3
Sem. 98.8 98.9 99.6 86.8 42.8 98.6
Task 87.2 100.0 87.1 37.8 90.6 355
Env. 48.8 504 97.5 97.8 21.2 99.1

and sensitivity analyses of intervention criteria, recovery timing, and execution horizon. For the
controlled OpenVLA comparison, we average results over five random seeds (7, 11, 13, 17, and 23).
Complete per-seed results appear in Appendix

4.2 MAIN RESULTS

As shown in Table[I] FIT-MAC improves OpenVLA’s average success rate from 45.9% to 78.7%
across the ten perturbation settings, a gain of 32.8 %. It outperforms OpenVLA in every setting and
achieves the highest success rate in eight of ten settings. The largest gains occur under position and
task perturbations, where OpenVLA fails in both suites. FIT-MAC raises success rates to 93.4% and
87.2% on LIBERO-Object and to 40.2% and 37.8% on LIBERO-Spatial, respectively, exceeding
all reported baselines in these settings. Under environment perturbations, it improves success rates
from 0.0% to 48.8% on LIBERO-Object and from 89.0% to 97.8% on LIBERO-Spatial. These gains
accompany consistently strong performance under object perturbations. Although FIT-MAC does
not lead under semantic perturbations, it improves on OpenVLA in both suites. Overall, the results
support the effectiveness of selective runtime correction, while the lower success rates under spatial
position and task perturbations indicate remaining challenges.

In Table[2] we report SR, IR, and RSR for each perturbation to characterize intervention frequency
and recovery outcomes. On LIBERO-Object, FIT-MAC intervenes frequently across perturbation
types while maintaining high RSR. On LIBERO-Spatial, interventions are most frequent under Pos
and Task, the most challenging perturbations. Obj, Sem, and Env require fewer interventions and
yield substantially higher RSR.

In Figure [3| we illustrate target correction and execution recovery. In the top row, the instruction
specifies the bowl not between the plate and the ramekin, but the policy initially grasps the wrong
bowl. FIT-MAC corrects the target binding and redirects manipulation to the intended bowl for
placement on the plate. In the bottom row, the policy grasps the correct bowl from the cabinet but
places it in the ramekin instead of on the plate. FIT-MAC detects the placement error and invokes
local recovery to move the bowl to the instructed destination. These examples illustrate how FIT-MAC
addresses target-selection and execution failures through distinct corrective mechanisms.
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Target correction: pick the bowl not between the plate and the ramekin and place it on the plate.

Initially grasps the right bowl but places it on the ramekin; execution correction redirects to plate.‘

Figure 3: Examples of target correction and execution recovery. The top row shows target rebinding
after a grounding failure; the bottom row shows local recovery after a manipulation failure.
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Figure 4: FIT-MAC across VLA backbones on LIBERO-PRO. (a) Success rates of OpenVLA,
o, and my 5 with and without FIT-MAC, averaged over five perturbation types in each suite. (b)
Corresponding absolute gains in success rate.

4.3 GENERALIZATION ACROSS VLA BACKBONES

We evaluate FIT-MAC with OpenVLA, 7, and 7y 5 to assess its generality across VLA backbones.
As shown in Figure[#]a), FIT-MAC consistently improves average success rates on both LIBERO-
Object and LIBERO-Spatial for all three backbones. In Figure[f{b), the absolute gains show that these
benefits extend across policies with different architectures and baseline capabilities. These results
support the broader applicability of failure-aware runtime correction, which improves robustness
while keeping each backbone frozen and retaining it as the default action generator.

4.4 ABLATION STUDY

Module Ablation. In Table[3] We assess each module’s contribution through controlled ablations
with OpenVLA. Object and Spatial denote success rates averaged over five perturbation types; Avg.
is their mean. ASR reports the change in percentage points relative to full FIT-MAC. Removing
any component reduces performance on both suites. Execution correction contributes most: its
removal lowers average success from 78.7% to 54.7%, with drops of 38.4 and 9.6 percentage points
on LIBERO-Object and LIBERO-Spatial, respectively.

Hard pick primarily benefits LIBERO-Object, where its removal causes a 35.2-point drop, compared
with a 2.0-point drop on LIBERO-Spatial. Hard place contributes substantially to both suites, with
corresponding drops of 22.2 and 8.0 points. Target correction provides smaller but consistent gains,
with its removal reducing success by 8.2 and 2.2 points. These results support the complementary
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Table 3: Module ablation of FIT-MAC with the OpenVLA backbone on LIBERO-PRO.

Configuration Success Rate (%) ‘ ASR (pp)
Object Spatial Avg. ‘ Object Spatial
FIT-MAC 854 72.0 787 | 0.0 0.0
w/o target correction 71.2 69.8 735 | -82 2.2
w/o execution correction  47.0 62.4 547 | -384 -9.6
w/o hard pick 50.2 700 60.1 | -352 20
w/o hard place 63.2 64.0 636 | -22.2 -8.0

Table 4: Hyperparameter sensitivity of FIT-MAC with the OpenVLA backbone on LIBERO-PRO.
Default values are shown in bold.

Parameter Values Object Spatial Avg.

Failure threshold 2/3/4 85.4/85.4/854 70.8/70.6/70.6 78.1/78.0/78.0
Confidence threshold 0.10/0.12/0.18 85.4/85.4/854 71.0/70.6/71.0 782/78.0/78.2
Minimum rescue step 8/12/16 85.4/854/854 71.2/70.6/71.0 78.3/78.0/78.2
Execution horizon 1/2/3 68.0/85.4/874 72.0/70.0/69.8 70.0/77.7/78.6

roles of target correction and local execution recovery. Complete per-perturbation results appear in

Appendix

Hyperparameter Sensitivity Analysis In Table ] We assess FIT-MAC's sensitivity to four hyper-
parameters using OpenVLA. Object and Spatial denote success rates averaged over five perturbation
types; Avg. is their mean. Performance remains stable across the tested failure thresholds, confidence
thresholds, and minimum rescue steps: LIBERO-Object success stays at 85.4%, and average success
varies by at most 0.3 percentage points. We select intermediate values of 3, 0.12, and 12, respectively,
to balance failure detection, target reliability, and recovery timing.

The execution horizon has a larger effect. Increasing it from 1 to 2 raises average success from
70.0% to 77.7%, primarily through gains on LIBERO-Object. A horizon of 3 further increases
the average to 78.6%, but reduces performance under position and environment perturbations on
LIBERO-Spatial. We therefore retain 2 for more balanced performance across perturbation types.
Complete per-perturbation results appear in Appendix [A.5]

5 CONCLUSION

We introduced FIT-MAC, a failure-aware multi-agent framework that improves VLA robustness at
inference time. FIT-MAC distinguishes target-binding failures from local execution failures and
applies targeted corrections without retraining or modifying the pretrained policy. Experiments across
VLA backbones and perturbation settings show consistent robustness gains. Intervention and recovery
analyses characterize its runtime behavior, while ablations identify execution correction as the largest
contributor to these gains. Future work will reduce intervention overhead and improve semantic and
spatial grounding for reliable long-horizon execution.

Al USE STATEMENT

In this work, we used generative Al tools for language refinement and grammar checking. We have
not used generative Al tools for designing the proposed method, conducting experiments, generating
experimental results, or making scientific claims. All Al-assisted content was reviewed and verified
by the authors. We take responsibility for the final content of this work, including text, claims, and
artifacts produced with the aid of generative Al
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A ADDITIONAL EXPERIMENTAL RESULTS

A.1 EVALUATION PROTOCOL

We evaluate OpenVLA, 7, and 7y 5 on LIBERO-Object and LIBERO-Spatial. Each suite includes
five perturbation conditions: Task, Pos, Obj, Sem, and Env. For each method and perturbation setting,
we report success rate (SR), intervention rate (IR), and recovered success rate (RSR). SR is the
fraction of successful episodes, IR is the fraction with at least one intervention, and RSR is the
fraction of intervened episodes that succeed.

Under each evaluation condition, we run 50 episodes per task for the main experiments and 10
episodes per task for the ablation experiments. Multi-seed experiments use five random seeds,
7,11,13,17,23, with 10 episodes per task per seed under each evaluation condition. Unless otherwise
specified, all methods compared within each experiment use identical task allocations, episode
budgets, and random seeds.

A.2 COMPLETE CROSS-BACKBONE RESULTS

In table [5] we report complete results by suite and perturbation for OpenVLA and 7 5 to assess
FIT-MAC’s effectiveness across action policies. Backbone-only models do not use FIT-MAC’s
intervention modules, so their intervention rate (IR) and recovered success rate (RSR) are marked as
“~. This breakdown helps distinguish gains from FIT-MAC from differences in baseline robustness
across backbones.

As shown in table[6] FIT-MAC consistently improves the average success rate across all three VLA
backbones. On LIBERO-Object, FIT-MAC improves OpenVLA, 7, and 7 5 from 39.2%, 42.6%,
and 57.0% to 85.4%, 78.4%, and 79.4%, respectively. These results correspond to absolute success-
rate gains of 46.2%, 35.8%, and 22.4%. On LIBERO-Spatial, FIT-MAC raises the corresponding
success rates from 52.6%, 50.8%, and 52.2% to 72.0%, 67.4%, and 69.2%, yielding absolute success-
rate gains of 19.4%, 16.6%, and 17.0%. Although the magnitude of improvement varies across
backbones and benchmarks, the consistent positive gains show that FIT-MAC remains effective under
different underlying action policies.

Table 5: Complete cross-backbone results under five perturbation conditions. Each cell reports
SR/IR/RSR, all expressed as percentages (%).

Benchmark Condition OpenVLA OpenVLA + FIT-MAC 70 70+ FIT-MAC 70.5 70.5+ FIT-MAC

Task 0.0/-/- 87.3/100.0/87.1 0.0/~/-  84.0/98.0/85.7  1.0/-/-  80.0/100.0/80.0
Pos 0.0/~/—- 93.1/99.5/93.8 0.0/~/-  67.0/100.0/67.0 17.0/-/-  67.0/99.0/67.7
LIBERO-Object  Obj 98.0/~/— 99.0/99.8/99.3 94.0/-/- 89.0/100.0/89.0 98.0/-/—  92.0/100.0/92.0
Sem 98.0/—/— 98.8/98.9/99.6 90.0/~/- 87.0/97.0/89.7 96.0/-/—  89.0/97.0/91.8
Env 0.0/-/- 48.8/50.4/97.5 29.0/-/- 65.0/78.0/82.1 73.0/-/-  69.0/79.0/86.1
Task 0.0/-/—- 37.8/90.6/35.5 0.0/~/-  27.0/100.0/27.0  1.0/~/-  25.0/100.0/25.0
Pos 0.0/-/- 40.2/87.6/41.3 0.0/~/-  36.0/98.0/34.7 20.0/~/-  37.0/98.0/37.8
LIBERO-Spatial Obj 97.0/—/—- 97.2/37.8/97.9 97.0/~/- 97.0/52.0/98.1  97.0/-/-  97.0/52.0/100.0
Sem 77.0/-/—- 86.8/42.8/98.6 97.0/-/- 83.0/60.0/81.7 97.0/-/-  93.0/63.0/88.9
Env 89.0/—/— 97.8/21.2/99.1 60.0/~/— 94.0/42.0/95.2  46.0/-/—  94.0/41.0/97.6

A.3 MULTI-SEED RESULTS

We assess the stability of FIT-MAC across five random seeds, {7, 11,13, 17,23}, using OpenVLA
as the backbone on LIBERO-Object and LIBERO-Spatial. For each seed, we run 10 episodes per
task under each perturbation condition. As shown in tables[7]and [8] we report success rate (SR),
intervention rate (IR), and recovered success rate (RSR) for each perturbation condition on the two
benchmarks, respectively.
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Table 6: Average success rates (%) of FIT-MAC with different VLA backbones. Results are averaged
over the five perturbation types within each benchmark. The A rows report absolute gains in
percentage points (pp) over the corresponding backbone-only baselines.

Benchmark Method OpenVLA 7o 0.5
Backbone only 39.2 426 570
LIBERO-Object FIT-MAC 854 784 794
A (pp) +46.2 +35.8 +224
Backbone only 52.6 50.8 522
LIBERO-Spatial FIT-MAC 72.0 674  69.2
A (pp) +19.4 +16.6 +17.0

Table 7: Multi-seed results of FIT-MAC on LIBERO-Object with OpenVLA. Each cell reports
SR/IR/RSR (%).

Method Seed Obj. Pos. Sem. Task Env.

7 TBD/TBD/TBD TBD/TBD/TBD TBD/TBD/TBD TBD/TBD/TBD TBD/TBD/TBD
11 TBD/TBD/TBD TBD/TBD/TBD TBD/TBD/TBD TBD/TBD/TBD TBD/TBD/TBD
OpenVLA + FIT-MAC 13 TBD/TBD/TBD TBD/TBD/TBD TBD/TBD/TBD TBD/TBD/TBD TBD/TBD/TBD
17 TBD/TBD/TBD TBD/TBD/TBD TBD/TBD/TBD TBD/TBD/TBD TBD/TBD/TBD
23 TBD/TBD/TBD TBD/TBD/TBD TBD/TBD/TBD TBD/TBD/TBD TBD/TBD/TBD

For each suite, perturbation type, and metric, we compute the mean and standard deviation across
seeds. Let x; denote the result for seed 7, and N = 5. These statistics are defined as

N
1 1 _\2
T = N E T, Oy = N ;:1 (z; — 7). (11)

The seed-level results and their aggregate statistics allow us to distinguish consistent behavior from
outcomes that may be dominated by a particular evaluation seed.

Summary. Across the five evaluation seeds, OpenVLA with FIT-MAC achieves an average SR
of [TBD] on LIBERO-Object and [TBD] on LIBERO-Spatial, with standard deviations of [TBD]
and [TBD], respectively. With 7 5 as the underlying backbone, FIT-MAC achieves corresponding
average SRs of [TBD] and [TBD], with standard deviations of [TBD] and [TBD]. The largest
seed-level variation is observed under [TBD] perturbations, whereas performance under [TBD]
perturbations remains comparatively stable. Overall, the multi-seed results show that [TBD: state
whether FIT-MAC maintains consistent performance across seeds], rather than being driven by a
single favorable evaluation seed.

A.4 COMPLETE MODULE ABLATION

We conduct controlled module ablations on OpenVLA and 7y 5 to assess the contribution of each FIT-
MAC component. We compare full FIT-MAC, which includes both correctors and both constraints,
with four leave-one-module-out variants: w/o target corrector, w/o execution corrector, w/o hard pick,
and w/o hard place. Each variant removes one component while keeping the backbone, prompts,
evaluation seeds, perturbation settings, and remaining components unchanged.

In table [9] and table we report results on LIBERO-Object and LIBERO-Spatial, respectively.
Each cell reports success rate (SR), intervention rate (IR), and recovered success rate (RSR). For
backbone-only baselines, IR and RSR are marked as “~”. For FIT-MAC variants with no interventions,
IR is reported as 0.0% and RSR as “-".

Full FIT-MAC generally outperforms the ablated variants across perturbation settings. Removing
the target corrector primarily affects settings involving incorrect target selection, while removing the
execution corrector reduces robustness to failures during manipulation. The hard-pick and hard-place
ablations assess the contributions of initial target localization and stage-specific action constraints.
Although the effects vary across backbones and perturbations, these results support the modules’
complementary roles.
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Table 8: Multi-seed results of FIT-MAC on LIBERO-Spatial with OpenVLA. Each cell reports

SR/IR/RSR (%).
Method Seed Obj. Pos. Sem. Task Env.
7 TBD/TBD/TBD TBD/TBD/TBD TBD/TBD/TBD TBD/TBD/TBD TBD/TBD/TBD
11 TBD/TBD/TBD TBD/TBD/TBD TBD/TBD/TBD TBD/TBD/TBD TBD/TBD/TBD
OpenVLA + FIT-MAC 13 TBD/TBD/TBD TBD/TBD/TBD TBD/TBD/TBD TBD/TBD/TBD TBD/TBD/TBD
17 TBD/TBD/TBD TBD/TBD/TBD TBD/TBD/TBD TBD/TBD/TBD TBD/TBD/TBD
23 TBD/TBD/TBD TBD/TBD/TBD TBD/TBD/TBD TBD/TBD/TBD TBD/TBD/TBD

Table 9: Module ablation results under different perturbation conditions on LIBERO-Object. Each
cell reports SR/IR/RSR (%).

Backbone Configuration Task Pos. Obj. Sem. Env.
Baseline 0.0/—/- 0.0/—/- 98.0/—/— 98.0/-/— 0.0/~/-
Full FIT-MAC 86.0/100.0/86.0  94.0/99.0/94.9  100.0/100.0/100.0 98.0/98.0/100.0 49.0/49.0/100.0

OpenVLA w/o target_corrector 69.0/80.0/86.3  70.0/75.0/93.3  100.0/100.0/100.0 98.0/98.0/100.0 49.0/49.0/100.0
w/o execution_corrector 0.0/0.0/- 4.0/0.0/- 100.0/0.0/— 97.0/0.0/- 34.0/0.0/-
w/o hard_pick 0.0/0.0/- 4.0/4.0/100.0  100.0/100.0/100.0 98.0/98.0/100.0 49.0/49.0/100.0
w/o hard_place 25.0/100.0/25.0  60.0/96.0/58.3 100.0/0.0/- 97.0/0.0/— 34.0/0.0/—
Baseline 1.0/-/- 17.0/-/- 98.0/-/— 96.0/-/— 73.0/-/-
Full FIT-MAC 80.0/100.0/80.0  67.0/99.0/67.7  92.0/100.0/92.0  89.0/97.0/91.8  69.0/79.0/86.1

705 w/o target_corrector 71.0/83.0/85.5 59.0/94.0/62.8  90.0/100.0/90.0  87.0/100.0/87.0 67.0/79.0/84.8
w/o execution_corrector 8.0/0.0/- 11.0/0.0/- 92.0/0.0/— 92.0/0.0/- 53.0/0.0/-
w/o hard_pick 13.0/13.0/100.0 11.0/13.0/84.6  96.0/100.0/96.0 ~ 91.0/98.0/92.9  56.0/75.0/74.7
w/o hard_place 36.0/89.0/31.5 45.0/100.0/45.0 97.0/0.0/— 89.0/0.0/— 55.0/0.0/—

A.5 COMPLETE HYPERPARAMETER ABLATION

We assess FIT-MAC’s sensitivity to four control parameters governing intervention criteria, recovery
timing, and policy query frequency. We vary one parameter at a time while holding the backbone,
benchmark, perturbation type, random seed, and all other settings fixed. Each cell reports success
rate (SR), intervention rate (IR), and recovered success rate (RSR) for the backbone specified in
the corresponding table. Together, these analyses assess sensitivity to intervention criteria, target-
confidence requirements, recovery timing, and execution horizon.

A.5.1 INTERVENTION-GATE SENSITIVITY

The parameter multi-agent-adaptive-intervention-failures sets the minimum number of consecutive
actionable failures of the same type required to satisfy the adaptive gate’s failure-streak condition. A
failure counts only when the current attempt is flagged as a candidate for termination and diagnosed
with a target or execution failure. The streak resets when the diagnosed failure type changes.

The gate also requires a sufficient streak of high-confidence target observations. This parameter
therefore governs only the failure-streak condition; intervention also depends on other gating con-
ditions and activation signals from strong-evidence and recovery paths. As shown in table[TT|and
table[I2] we evaluate thresholds of 2, 3,4 and report results on LIBERO-Object and LIBERO-Spatial
, respectively. Lower thresholds allow faster responses to repeated failures, while higher thresholds
require more persistent evidence.

A.5.2 TARGET-CONFIDENCE GATE SENSITIVITY

The parameter multi-agent-adaptive-intervention-confidence sets the minimum target confidence
required by the adaptive intervention gate. Confidence can be derived from target probes, shadow
grounding, live grounding, and monitor signals. This threshold determines whether target evidence is
reliable enough to inform intervention decisions and is distinct from the confidence thresholds of
individual grounding or VLM components.

In table[13]and table [[4] we evaluate thresholds of 0.10,0.12,0.18 and report results on LIBERO-
Object and LIBERO-Spatial, respectively. Lower thresholds admit weaker target evidence, while
higher thresholds require greater confidence in the target estimate.
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Table 10: Module ablation results under different perturbation conditions on LIBERO-Spatial. Each
cell reports SR/IR/RSR (%).

Backbone Configuration Task Pos. Obj. Sem. Env.
Baseline 0.0/—/— 0.0/~/—- 97.0/~/—- 77.0/~/—- 89.0/-/—
Full FIT-MAC 38.0/94.0/38.3  41.0/88.0/40.9 97.0/34.0/100.0 85.0/44.0/97.7 99.0/24.0/100.0

OpenVLA w/o target_corrector 41.0/79.0/36.7  25.0/78.0/25.6 98.0/26.0/100.0 86.0/33.0/100.0 99.0/12.0/100.0
w/o execution_corrector 28.0/0.0/- 5.0/0.0/- 95.0/0.0/— 86.0/0.0/- 98.0/0.0/—
w/o hard_pick 28.0/40.0/35.0  41.0/37.0/97.3 97.0/34.0/100.0 85.0/44.0/97.7 99.0/24.0/100.0
w/o hard_place 36.0/80.0/26.3  5.0/70.0/0.0 95.0/0.0/~ 86.0/0.0/- 98.0/0.0/—
Baseline 1.0/~/— 20.0/~/—- 97.0/~/—- 97.0/~/—- 46.0/—/—
Full FIT-MAC 25.0/100.0/25.0 37.0/98.0/37.8 97.0/52.0/100.0 93.0/63.0/88.9 94.0/41.0/97.6

0.5 w/o target_corrector 27.0/100.0/27.0 30.0/97.0/28.9 95.0/52.0/98.1  90.0/64.0/84.4 97.0/42.0/100.0
w/o execution_corrector 47.0/0.0/— 35.0/0.0/- 96.0/0.0/— 95.0/0.0/— 96.0/0.0/—
w/o hard_pick 45.0/60.0/56.7 55.0/38.0/86.8 95.0/52.0/96.2  90.0/63.0/84.1 98.0/42.0/100.0
w/o hard_place 35.0/100.0/35.0 14.0/94.0/10.6  97.0/0.0/— 96.0/0.0/— 96.0/0.0/—

Table 11: Sensitivity to the intervention-gate threshold on LIBERO-Object. Each cell reports
SR/IR/RSR (%).

Backbone Setting  Value Task Pos. Obj. Sem. Env.

FIT-MAC 86.0/100.0/86.0  94.0/99.0/94.9  100.0/100.0/100.0 98.0/98.0/100.0 49.0/49.0/100.0

OpenVLA failures 2 86.0/100.0/86.0 94.0/99.0/94.9 100.0/100.0/100.0 98.0/98.0/100.0 49.0/49.0/100.0
P failures 3 86.0/100.0/86.0 94.0/100.0/94.0 100.0/100.0/100.0 98.0/98.0/100.0 49.0/49.0/100.0
failures 4 86.0/100.0/86.0 94.0/100.0/94.0 100.0/100.0/100.0 98.0/98.0/100.0 49.0/49.0/100.0
FIT-MAC 80.0/100.0/80.0  67.0/99.0/67.7  92.0/100.0/92.0 ~ 89.0/97.0/91.8  69.0/79.0/86.1
0.5 failures 66.0/84.0/78.6  71.0/95.0/74.7  91.0/99.0/91.9  85.0/99.0/85.9  81.0/84.0/96.4

2
failures 3 69.0/85.0/81.2  78.0/94.0/83.0  93.0/99.0/93.9  92.0/98.0/93.9  79.0/84.0/92.9
failures 4 68.0/84.0/81.0  73.0/97.0/75.3  95.0/99.0/96.0  90.0/99.0/90.9  84.0/87.0/95.4

A.5.3 RESCUE-TIMING SENSITIVITY

The parameter multi-agent-adaptive-execution-rescue-min-step sets the earliest execution step at
which time-based evidence can inform execution recovery. This delay helps avoid mistaking early
transient deviations for execution failures. Recovery also requires phase-specific evidence, such as
persistent wrong-target behavior, stagnation late in picking or placement, or lack of manipulation
progress. Reaching the threshold alone does not trigger recovery.

In table[T5]and table we evaluate thresholds of 8, 12, 16 and report results on LIBERO-Object and
LIBERO-Spatial, respectively. Lower thresholds allow earlier consideration of recovery evidence,
while higher thresholds give the current action more time to make progress.

A.5.4 CONTROLLER-HORIZON SENSITIVITY

The parameter multi-agent-exec-horizon sets the maximum number of predicted actions executed
before the next policy query and monitoring update in multi-agent control mode. The effective
horizon is also bounded by the open-loop horizon:

Hefective = min (HOpen-loopa Hexec) ,

where Heyoc denotes the configured execution horizon. This parameter controls feedback frequency
without changing the action-chunk length predicted by the pretrained VLA.

In table[T7)and table[I8] we evaluate horizons of 1, 2, 3, 4 and report results on LIBERO-Object and
LIBERO-Spatial, respectively. Shorter horizons enable more frequent policy queries and monitoring
updates, potentially allowing earlier responses to failures. Longer horizons execute more predicted
actions before the next update but delay feedback-based correction.

B ADDITIONAL QUALITATIVE RESULTS

We present additional qualitative examples from LIBERO-PRO to illustrate how FIT-MAC handles
target-selection errors and execution failures. Each example traces the robot state before and after
intervention, highlighting the initial error, the corrective action, and the subsequent behavior. Red
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Table 12: Sensitivity to the intervention-gate threshold on LIBERO-Spatial. Each cell reports
SR/IR/RSR (%).

Backbone Setting  Value Task Pos. Obj. Sem. Env.
FITMAC - 38.0/94.0/38.3 41.0/88.0/40.9 97.0/34.0/100.0 85.0/44.0/97.7 99.0/24.0/100.0
OpenVLA failures 2 36.0/95.0/35.8  39.0/89.0/41.6 97.0/31.0/100.0 85.0/46.0/97.8 97.0/27.0/100.0
P failures 3 31.0/94.0/30.9 41.0/88.0/40.9 97.0/34.0/100.0 85.0/44.0/97.7 99.0/24.0/100.0
failures 4 31.0/94.0/30.9 41.0/88.0/40.9 97.0/34.0/100.0 85.0/44.0/97.7 99.0/24.0/100.0
FIMAC - 25.0/100.0/25.0 37.0/98.0/37.8 97.0/52.0/100.0 93.0/63.0/88.9 94.0/41.0/97.6
05 failures 2 39.0/100.0/39.0 51.0/97.0/49.5 95.0/52.0/94.2 94.0/62.0/91.9 95.0/42.0/95.2
e failures 3 39.0/100.0/39.0 41.0/89.0/33.7 94.0/52.0/94.2 93.0/63.0/93.7 96.0/42.0/100.0
failures 4 38.0/100.0/38.0 42.0/89.0/34.8 98.0/52.0/100.0 92.0/63.0/90.5 94.0/42.0/97.6

Table 13: Sensitivity to the confidence threshold on LIBERO-Object. Each cell reports SR/IR/RSR
(%).

Backbone Setting Value Task Pos. Obj. Sem. Env.

FIT-MAC - 86.0/100.0/86.0 94.0/99.0/94.9 100.0/100.0/100.0 98.0/98.0/100.0 49.0/49.0/100.0
confidence 0.10 86.0/100.0/86.0 94.0/99.0/94.9 100.0/100.0/100.0 98.0/98.0/100.0 49.0/49.0/100.0
confidence 0.12 86.0/100.0/86.0 94.0/100.0/94.0 100.0/100.0/100.0 98.0/98.0/100.0 49.0/49.0/100.0
confidence 0.18 86.0/100.0/86.0 94.0/99.0/94.9 100.0/100.0/100.0 98.0/98.0/100.0 49.0/49.0/100.0

OpenVLA

FIT-MAC - 80.0/100.0/80.0 67.0/99.0/67.7  92.0/100.0/92.0  89.0/97.0/91.8  69.0/79.0/86.1
confidence 0.10  69.0/85.0/81.2 71.0/95.0/74.7  91.0/100.0/91.0 ~ 88.0/100.0/88.0 83.0/86.0/95.3
confidence 0.12  70.0/85.0/82.4 71.0/94.0/75.5  89.0/99.0/89.9  84.0/99.0/84.8  79.0/85.0/92.9
confidence 0.18  68.0/85.0/80.0 71.0/94.0/75.5  91.0/100.0/91.0 ~ 79.0/99.0/79.8  70.0/91.0/76.9

70.5

annotations indicate the initially incorrect target or destination, whereas green annotations identify
the corrected target or destination. These examples complement the quantitative results by showing
how corrections affect the robot’s actions during task execution.

B.1 TARGET-CORRECTION CASES

In Figure [5] we present representative cases in which the policy initially approaches or grasps an
object inconsistent with the instruction. Such errors concern which object the robot acts on, rather
than how it executes the manipulation. FIT-MAC detects the mismatch between the selected object
and the instruction, corrects the target binding, and redirects subsequent actions toward the intended
object. The before-and-after states illustrate how target correction changes the robot’s immediate
behavior and brings object selection back into alignment with the task instruction.

B.2 EXECUTION-CORRECTION CASES

In Figure[6] we present cases in which the policy selects the correct object but transports or places
it at an incorrect destination. For example, the robot may place the object on a cookie box or in
another bowl instead of on the instructed plate. Here, the selected object remains consistent with
the instruction, but the resulting placement does not satisfy the task requirement. FIT-MAC detects
this mismatch and invokes local recovery to redirect the object to the intended destination. The
illustrated sequences show how execution correction addresses the placement error while preserving
the intended object selection.

B.3 FAILURE CASES

In Figure [/} we illustrate two failure modes, incorrect target rebinding during grounding and stalled
grasping despite correct target identification. In the left example, the robot is instructed to pick the
bowl next to the cookie box and place it on the plate. Grounding DINO detects candidate bowls, but
the VLM selects the bowl next to the ramekin, producing a target binding inconsistent with the spatial
relation specified in the instruction. The controller then follows this incorrect binding and grasps the
wrong bowl. This failure originates in target selection rather than low-level control, executing the
grasp does not resolve the upstream grounding error.
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Table 14: Sensitivity to the confidence threshold on LIBERO-Spatial. Each cell reports SR/IR/RSR
(%).

Backbone Setting Value Task Pos. Obj. Sem. Env.

FIT-MAC 38.0/94.0/38.3  41.0/88.0/40.9 97.0/34.0/100.0 85.0/44.0/97.7 99.0/24.0/100.0
confidence 0.10 37.0/95.0/36.8 39.0/90.0/41.1 97.0/31.0/100.0 85.0/46.0/97.8 97.0/27.0/100.0
confidence 0.12  31.0/94.0/30.9 41.0/88.0/40.9 97.0/33.0/100.0 85.0/44.0/97.7 99.0/24.0/100.0
confidence 0.18  36.0/95.0/35.8 39.0/90.0/41.1 98.0/32.0/100.0 85.0/46.0/97.8 97.0/27.0/100.0

FIT-MAC 25.0/100.0/25.0 37.0/98.0/37.8 97.0/52.0/100.0 93.0/63.0/88.9 94.0/41.0/97.6
confidence 0.10 41.0/100.0/41.0 44.0/89.0/37.1 96.0/52.0/98.1 93.0/64.0/90.6 96.0/42.0/97.6
confidence 0.12  39.0/100.0/39.0 41.0/92.0/35.9 98.0/52.0/98.1 93.0/63.0/88.9 97.0/42.0/97.6
confidence 0.18 40.0/100.0/40.0 43.0/89.0/36.0 97.0/51.0/98.0 94.0/62.0/93.5 96.0/42.0/97.6

OpenVLA

0.5

Table 15: Sensitivity to the minimum rescue step on LIBERO-Object. Each cell reports SR/IR/RSR
(%).

Backbone Setting Value Task Pos. Obj. Sem. Env.

FIT-MAC 86.0/100.0/86.0  94.0/99.0/94.9  100.0/100.0/100.0 98.0/98.0/100.0 49.0/49.0/100.0
rescue_min_step 8  86.0/100.0/86.0 94.0/99.0/94.9 100.0/100.0/100.0 98.0/98.0/100.0 49.0/49.0/100.0
rescue_min_step 12 86.0/100.0/86.0 94.0/100.0/94.0 100.0/100.0/100.0 98.0/98.0/100.0 49.0/49.0/100.0
rescue_min_step 16  86.0/100.0/86.0 94.0/99.0/94.9 100.0/100.0/100.0 98.0/98.0/100.0 49.0/49.0/100.0

OpenVLA

FIT-MAC - 80.0/100.0/80.0 67.0/99.0/67.7  92.0/100.0/92.0  89.0/97.0/91.8  69.0/79.0/86.1
rescue_min_step 8 68.0/85.0/80.0  75.0/95.0/78.9  91.0/99.0/91.9  85.0/99.0/85.9  64.0/75.0/84.0
rescue_min_step 12 63.0/84.0/75.0 72.0/95.0/75.8  93.0/100.0/93.0  87.0/100.0/87.0 63.0/76.0/82.9
rescue_min_step 16 68.0/84.0/81.0 73.0/94.0/77.7  92.0/100.0/92.0 ~ 85.0/100.0/85.0 62.0/78.0/78.2

0.5

In the right example, the robot is instructed to pick the bowl next to the ramekin and place it on the
plate. The VLM correctly identifies the target among the candidates detected by Grounding DINO,
but the gripper repeatedly fails to grasp the bowl after approaching it. These unsuccessful attempts
stall execution and prevent the robot from proceeding to placement. This case shows that correct
grounding alone does not ensure successful manipulation. Together, the two examples highlight
remaining limitations in spatially grounded target selection and grasp execution, either of which can
prevent task completion.

C FIT-MAC EXECUTION AND IMPLEMENTATION

C.1 BENCHMARK AND PERTURBATION SETUP

LIBERO-Object. This benchmark evaluates object-centric manipulation, requiring the policy to
identify the object specified in the instruction and perform the requested interaction. Successful
execution therefore depends on both selecting the intended object and carrying out the manipulation.
We use this benchmark to examine whether FIT-MAC can address incorrect object selection and
execution failures, and how these corrections affect task completion under different perturbation
conditions.

LIBERO-Spatial. This benchmark evaluates manipulation guided by spatial relations in the instruc-
tion. The policy must identify the intended target in relation to other objects and execute actions
consistent with the specified goal. Recognizing the relevant object category alone may be insufficient
when the instruction distinguishes the target by its spatial context. We use this benchmark to examine
FIT-MAC’s ability to correct target bindings and execution errors in tasks that require spatially
grounded decisions.

Perturbation Settings. Following LIBERO-PRO, we consider five perturbation types: Task, Pos,
Obj, Sem, and Env. Task perturbations modify task instructions, whereas Pos perturbations modify
object positions. Obj perturbations change object identities, Sem perturbations modify semantic
bindings, and Env perturbations alter environmental conditions. These settings probe different aspects
of policy robustness, including instruction interpretation, target grounding, and execution under
changes to the scene. We report results separately for each perturbation type and average success
rates over the five types when summarizing cross-backbone performance.
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Table 16: Sensitivity to the minimum rescue step on LIBERO-Spatial. Each cell reports SR/IR/RSR
(%).

Backbone Setting Value Task Pos. Obj. Sem. Env.

FIT-MAC - 38.0/94.0/38.3  41.0/88.0/40.9 97.0/34.0/100.0 85.0/44.0/97.7 99.0/24.0/100.0
rescue_min_step 8 37.0/95.0/36.8 39.0/90.0/41.1 97.0/31.0/100.0 86.0/47.0/97.9 97.0/27.0/100.0

OpenVLA rescue_min_step 12 31.0/94.0/30.9 41.0/88.0/40.9 97.0/31.0/100.0 85.0/44.0/97.7 99.0/24.0/100.0
rescue_min_step 16 36.0/95.0/35.8 39.0/90.0/41.1 97.0/31.0/100.0 86.0/47.0/97.9 97.0/27.0/100.0
FIT-MAC - 25.0/100.0/25.0 37.0/98.0/37.8 97.0/52.0/100.0 93.0/63.0/88.9 94.0/41.0/97.6
0.5 rescue_min_step 8  36.0/100.0/36.0 41.0/90.0/34.4 97.0/52.0/98.1 95.0/63.0/92.1 95.0/42.0/95.2

rescue_min_step 12 39.0/100.0/39.0 40.0/90.0/33.3 96.0/52.0/96.2 95.0/62.0/91.9 94.0/42.0/95.2
rescue_min_step 16 41.0/100.0/41.0 44.0/90.0/37.8 97.0/52.0/98.1 94.0/62.0/91.9 97.0/42.0/97.6

Table 17: Sensitivity to the execution horizon on LIBERO-Object. Each cell reports SR/IR/RSR (%).
Backbone Setting Value Task Pos. Obj. Sem. Env.

FIT-MAC
exec_horizon

86.0/100.0/86.0  94.0/99.0/94.9  100.0/100.0/100.0 98.0/98.0/100.0 49.0/49.0/100.0

36.0/100.0/36.0 58.0/100.0/58.0 100.0/100.0/100.0 97.0/98.0/99.0  49.0/49.0/100.0
OpenVLA

1
exec_horizon 2 86.0/100.0/86.0 94.0/100.0/94.0 100.0/100.0/100.0 98.0/98.0/100.0 49.0/49.0/100.0
exec_horizon 3 96.0/100.0/96.0 94.0/99.0/94.9 100.0/100.0/100.0 98.0/98.0/100.0 49.0/49.0/100.0
exec_horizon 4  77.0/100.0/77.0 79.0/99.0/79.8  99.0/100.0/99.0 ~ 98.0/98.0/100.0 49.0/49.0/100.0
FIT-MAC - 80.0/100.0/80.0 67.0/99.0/67.7  92.0/100.0/92.0  89.0/97.0/91.8  69.0/79.0/86.1
0.5 exec,hor%zon 1 64.0/100.0/64.0 44.0/100.0/44.0 88.0/100.0/88.0  82.0/92.0/89.1  55.0/70.0/78.6
exec_horizon 2 80.0/100.0/80.0 67.0/99.0/67.7  92.0/100.0/92.0 ~ 89.0/97.0/91.8  69.0/79.0/86.1
exec_horizon 3 68.0/82.0/82.9  68.0/96.0/70.8  90.0/100.0/90.0  93.0/99.0/93.9  67.0/79.0/84.8
exec_horizon 4 64.0/85.0/75.3  72.0/93.0/77.4  89.0/99.0/89.9  92.0/100.0/92.0 81.0/90.0/90.0

C.2 FIT-MAC EXECUTION ALGORITHM

FIT-MAC wraps a frozen VLA policy with a runtime controller that performs grounding, failure
diagnosis, target correction, and execution correction. Target correction addresses errors in the
selected object or destination by revising the grounding result before action generation. Execution
correction addresses failures that occur after manipulation has started, including unsuccessful grasping,
failed lifting, stalled transport, and incorrect placement. The controller makes routing decisions at
action-query boundaries without modifying the parameters of the underlying VLA policy.

Let P denote the ordered subtask plan, G the persistent grounding record, .S the attempt-monitor
state, I the persistent execution-correction state, and # the diagnostic history. The grounding record
stores the selected target, target confidence, target-instance lock, image location, and, when available,
the destination reference. Once a target instance has been resolved, subsequent monitoring tracks the
same instance instead of independently rematching a potentially different visual candidate at every
query.

At each action-query boundary, FIT-MAC first identifies the active subtask and initializes or updates
its grounding state. The monitor then summarizes the current manipulation attempt, and the diagnoser
classifies the observed evidence. Based on the diagnosis, target confidence, target-instance reliability,
progress state, and failure persistence, the adaptive gate determines whether target correction or
execution correction is authorized. When neither correction branch is activated, FIT-MAC preserves
the action generated by the base policy.

Here, L indicates that the selected correction controller does not provide a valid action for the current
query. In this case, control falls back to the base policy. The effective execution horizon is bounded
by both the open-loop action horizon and the configured multi-agent execution horizon:

Heﬁ = min (Hopen—loop> Hexec) ) (12)

where Hoyo. denotes multi_agent_exec_horizon. Thus, the execution horizon controls the
maximum number of predicted actions executed before the next policy query and monitoring update
in the corresponding multi-agent control mode. It does not replace the original action chunk length of
the underlying VLA policy in all execution modes.

Grounding and Persistent Target State. For each active subtask, the grounding module resolves
the target object from the task instruction and the current observation. Candidate detections are
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Table 18: Sensitivity to the execution horizon on LIBERO-Spatial. Each cell reports SR/IR/RSR (%).
Backbone Setting Value Task Pos. Obj. Sem. Env.

FIT-MAC - 38.0/94.0/38.3  41.0/88.0/40.9 97.0/34.0/100.0 85.0/44.0/97.7 99.0/24.0/100.0
OpenVLA exec_horizon 1 38.0/94.0/38.3  40.0/88.0/39.8 97.0/34.0/100.0 86.0/45.0/97.8 99.0/24.0/100.0
exec_horizon 2 28.0/94.0/27.7 41.0/88.0/40.9 97.0/34.0/100.0 85.0/44.0/97.7 99.0/24.0/100.0
exec_horizon 3 31.0/95.0/30.5 39.0/90.0/41.1 97.0/31.0/100.0 85.0/46.0/97.8 97.0/27.0/100.0
exec_horizon 4 29.0/95.0/28.4  39.0/90.0/41.1 97.0/31.0/100.0 84.0/46.0/95.7 97.0/27.0/100.0
FIT-MAC - 25.0/100.0/25.0 37.0/98.0/37.8 97.0/52.0/100.0 93.0/63.0/88.9 94.0/41.0/97.6
0.5 exec_horizon 1 29.0/100.0/29.0 16.0/98.0/14.3 98.0/52.0/100.0 86.0/60.0/80.0 93.0/40.0/97.5
exec_horizon 2 25.0/100.0/25.0 37.0/98.0/37.8 97.0/52.0/100.0 93.0/63.0/88.9 94.0/41.0/97.6
exec_horizon 3 35.0/100.0/35.0 45.0/98.0/43.9 95.0/52.0/94.2 91.0/63.0/87.3 98.0/42.0/100.0
exec_horizon 4 38.0/100.0/38.0 46.0/97.0/44.3 98.0/52.0/100.0 92.0/62.0/88.7 93.0/42.0/92.9

Figure 5: Qualitative target-correction cases. In each row, the policy initially selects or approaches
an incorrect object (red). FIT-MAC detects the error, corrects the target binding, and redirects
manipulation toward the intended object (green).

filtered using the object category and spatial description. When detections are missing, weak, or
ambiguous, an additional language-model query may be used subject to the configured query budget.
The resulting grounding record contains the selected target, confidence evidence, target-instance lock,
image location, and destination reference when one can be resolved.

The initial target identity is retained across subsequent action queries. Therefore, monitoring and
correction operate on a consistent object instance rather than repeatedly rematching an unrelated
visual candidate. When the active subtask changes, the grounding state is reinitialized for the new
instruction.

Monitoring and Diagnosis. The attempt monitor estimates the current manipulation phase from
gripper state, end-effector motion, target lift, target—gripper geometry, and the verifier state. It also
tracks the relationship between the robot motion and the resolved target instance. Phase-specific
patience rules identify candidate failures, including approaching an incorrect object, unsuccessful
grasping or lifting, stalled transport, and failed placement.

The diagnoser combines the current monitor snapshot with the recent diagnostic history. It classifies
the current observation as a target-related failure, an execution-related failure, or a non-actionable
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Figure 6: Qualitative execution-correction cases. The robot initially transports or places the selected
bowl at an incorrect destination (red). FIT-MAC detects the placement error and redirects the bowl to
the instructed plate (green).

Target Rebinding Error : pick the bowl on the Pick Stall : pick the bowl next to the ramekin
and place it on the plate.

cookie box and place it on the plate.

The VLM selects the bowl next to the ramekin The target is crfectly idehtiﬁd; but the
instead of the bowl on the cookie box, causing gripper repeatedly fails to establish a
an incorrect target binding. successful grasp.

Grounding-DINO Correct VLM ; Pick S tall‘

Grounding-DINO Incorrect VLM Correct VLM
Proposals Selection Selection Proposals Selection

Figure 7: Representative FIT-MAC failures. Left: target rebinding error, The VLM selects the bowl
next to the ramekin rather than the instructed bowl, causing the controller to grasp the wrong object.
Right: pick stall, The target is correctly identified, but repeated grasp attempts fail.

observation. Target-related failures indicate that the selected object or destination may be incorrect or
unreliable. Execution-related failures indicate that manipulation has already started but the expected
grasping, lifting, transport, or placement progress has not been observed. An optional language-model
assessment can supplement the rule-based diagnosis, while the monitor and diagnosis state remain
part of the deterministic runtime trace.
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Algorithm 1 FIT-MAC runtime execution

Require: Instruction z, base policy 7, environment £, configuration 6, execution budget 7"
Ensure: Episode trace £ and verified outcome y

1:

48:
49:
50:
51:

P < PARSEANDDECOMPOSE(x)

: Initialize grounding record (G, monitor state .S, correction state R

: Initialize verifier V, diagnostic history H, action queue (), and trace £
: y < UNKNOWNOUTCOME

cfort=0,...,7—1do

if Q@ = () then
ot < OBSERVE(E)
J < SELECTACTIVESUBTASK(P,V, G)
zj < Plj]
if ; is new or G is not initialized then
G <+ GROUNDTARGETANDDESTINATION(2;, 0¢, 6)
end if
S < MONITORATTEMPT(S, R, G, 01, V, E)
(D, H) < DIAGNOSE(S, H, G, 0)
I’ « ADAPTIVEGATE(D, S, G, H, 0)
if HASPENDINGEXECUTIONCORRECTION(R) then
M <— pending execution correction
else if I".allow_target_correction then
M < target correction
else if I".allow_execution_correction then
M <— execution correction
else
M < base policy
end if
if M = target correction then
G < CORRECTTARGETGROUNDING(G, S, 0, 0)
£ < BUILDPOLICYINSTRUCTION(z;, G, 6)
A+ 7T(£, Ot)
else if M € {pending execution correction, execution correction} then
(A, R) <+ RUNEXECUTIONCORRECTION(R, G, 0+, S,V, E,0)
if A = 1 then
£ <— BUILDPOLICYINSTRUCTION(z;, G, 6)
A+ w(l,0)
end if
else
£ < BUILDPOLICYINSTRUCTION(z;, G, 6)
A+ w(l,0)
end if
H.s + EFFECTIVEHORIZON(0,T")
Q < PREFIX(A, min(Heg, |Al))
Append the routing decision and controller state to £
end if
at < POPFRONT(Q)
(041, terminal) < £.STEP(()a¢)
Append (at, 0¢41) to £
if terminal then
break
end if
end for
y < VERIFYEPISODEOUTCOME(E, V, L)
return (y, £)

Adaptive Intervention Gate. A diagnosis does not automatically trigger a correction action. The
adaptive gate evaluates whether the observed evidence is sufficiently reliable and persistent for
intervention. Its decision considers the diagnosed failure type, the target confidence, the reliability of
the target-instance lock, persistent lack of progress, phase-specific execution evidence, and motion
away from the selected target. The gate also uses failure-streak and high-confidence-streak conditions

when repeated evidence is required.

For the object-, semantic-, and environment-related perturbation routes, the gate applies an additional
progress guard. When the base policy is making recognized progress, the controller avoids inter-

22



Under review as a conference paper at ICLR 2027

rupting the current execution unless stronger wrong-target or execution-failure evidence is available.
Consequently, failure diagnosis and correction activation are separate decisions, FIT-MAC can detect
and record a failure while continuing to observe the base policy when the evidence is insufficient for
safe correction.

Target Correction. Target correction operates on the target-level state used to construct the policy
instruction. When the monitor and diagnoser indicate a wrong-target approach, an unreliable target
lock, an ambiguous target instance, or an incorrect destination reference, the controller revisits the
available grounding evidence. It can update the selected target, target-instance lock, or destination
representation, and then rebuild the instruction supplied to the base policy.

Target correction changes which object or destination the policy is instructed to manipulate. It does
not directly replace the low-level action controller. After the corrected grounding record is committed,
the base policy generates the next action chunk using the revised target information.

Execution Correction. Execution correction operates after manipulation has started and maintains
persistent phase-dependent controller state across action queries. The execution-correction controller
dispatches the appropriate routine according to the current manipulation phase and the available
failure evidence.

The pick-correction routine approaches the selected target, descends, closes the gripper, and verifies
whether the target object has been lifted. If the lift test is unsuccessful, the controller can reopen
the gripper and initiate another controlled descent. Once carrying evidence is confirmed, control is
transferred to the placement routine.

The place-correction routine verifies that the object is being carried, resolves a valid destination
anchor, lifts the carried object, transports it above the destination, corrects the object—destination
alignment, descends, releases the object, and retreats. The geometric placement controller is applied
only when the destination can be represented by a direct anchor. Instructions that require a more
complex destination relation remain under the base-policy execution path.

After release, a post-release settling routine may keep the gripper open and apply a small upward
motion for a configured number of queries. This step reduces the likelihood that the object remains in
contact with the gripper or is immediately disturbed after release. Execution correction is cancelled
when its validity conditions fail, when the current attempt transitions to an incompatible phase, or
when the correction query budget is exhausted. In all such cases, the controller returns L, and control
falls back to the base policy.

C.3 REPRESENTATIVE RUNTIME TRACES

In table 19| we present an event-level trace of a successful LIBERO-Spatial episode under Task
perturbation. The instruction is “Pick the akita black bowl not between the plate and the ramekin
and place it on the plate.” The initial observation contains two detected black bowls, requiring the
grounder to resolve the specified spatial relation before execution.

Target correction selects the intended object from detected candidates using the instruction and,
when needed, VLM-based candidate selection. It then establishes a persistent target-instance lock.
Execution correction applies phase-specific control to recover from failures during approach, grasping,
lifting, transport, alignment, or placement.

C.4 AGENT PROMPTS

We document the prompts and output interfaces for FIT-MAC’s three agents, covering task planning,
target grounding, and execution monitoring. The Task Planner Agent converts the instruction into a
structured task description that specifies the intended manipulation. The Grounder Agent identifies
the target instance and destination, linking the task description to the objects in the scene. The
Monitor & Diagnoser Agent monitors execution and detects actionable failures that require corrective
intervention. For each agent, we provide the prompt and expected output format to clarify its role
and the information it passes to subsequent components. Together, these interfaces describe how
FIT-MAC connects instruction interpretation, scene grounding, and failure diagnosis during task
execution.
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Table 19: Representative runtime trace of a successful LIBERO-Spatial episode under Task perturba-
tion. Target correction resolves ambiguity between candidate bowls during grounding. Execution
correction activates after a wrong-target approach and remains active through placement correction.

Query Step Phase Event / evidence Diagnosis and Controller state
route
1 10  Pick Two bowl candidates are Target Target-instance lock established;
approach  detected. Grounding grounding; base policy starts execution.
resolves the spatial relation  target
and selects the black correction
bowl[1] with VLM completed.
confidence 0.95.
5 42 Pick The robot continues None; baseline Base policy continues with an
approach  approaching the resolved execution. eight-action chunk.
target.
6 50 Pick The monitor reports a Execution Hard-pick correction starts in
approach  wrong-target approach. failure; approach-hover phase.
execution
correction
activated.
7 51 Pick The correction state remains Execution Hard-pick controller continues
approach  pending. failure; with one corrective action.
correction
remains active.
30 74 Place The pick attempt transitions Successful Destination-locked place
transport  successfully to placement.  pick-to-place  correction starts in lift-carry
The object is reported as transition. phase.
lifted and carried.
31 75  Place The monitor reports Execution Destination is locked to the
transport  insufficient placement failure; plate_1.
progress and a placement correction
stall. remains active.
33 77  Place The object has not reached  Execution Move-above-destination phase
transport  the destination. failure; performs alignment.
correction
remains active.
55 99  Place The controller progresses to  Execution Descent-to-destination phase;
transport  the descent stage. failure; release height not yet reached.
correction
remains active.
59 103 Place The object reaches the Execution Release phase enters the
descend release condition. correction; release-ready state.
release
permitted.
60 104  Place The controller holds the No new Release-hold phase.
release release state while waiting  failure;
for the gripper to open. correction
remains
pending.
61 105 Place The environment returns Successful Episode ends after the final
comple-  reward 1 and terminates completion. release-hold action.
tion successfully.
C.4.1 TASK PLANNER AGENT

The task planner converts the natural-language LIBERO instruction into a canonical instruction and a
coarse-grained execution plan. The planner keeps the same granularity as the original instruction and
does not unnecessarily split a simple pick-and-place instruction into separate locate, grasp, move,
and release subtasks. A rule-based planner is used as the fallback, while a local language model can
optionally produce the same structured interface.
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The system prompt is:
Task Planner System Prompt

You are a LIBERO task decomposition agent.

Given a natural-language manipulation instruction, produce a structured
task description. Output JSON only with the following keys:

canonical_instruction
plan

action

target_object
source_phrase
destination
destination_prep
destination_relation
confidence

Keep the plan at the same granularity as the instruction. Do not invent
locate, grasp, move, or release steps when they are not explicitly required.
Preserve object identities, spatial relations, and destination references.
Return only valid JSON.

C.4.2 GROUNDER AGENT

The grounder first obtains object candidates from Grounding-DINO, parses the task-level target and
spatial relation, and invokes a VLM candidate selector when the candidate set is ambiguous or the
detector confidence is insufficient. The resulting target record is used to establish a target-instance
lock that is maintained during subsequent manipulation.

For candidate-based grounding, the system prompt is:
Grounder System Prompt

You are a LIBERO grounding agent.
Follow the instruction to select the correct target object.

The green—labeled box is a reference object when present.

The red-labeled boxes are the only candidate target objects that may be
selected.

Blue-labeled boxes are extra detections shown for context only and are not
selectable.

Do not select the reference object, the robot arm, or any other non—target
object.

Output JSON only with the following keys:
selected_index, confidence, reason

Use zero—based indexing. Choose the target by the source phrase and its
spatial relation to the reference object. Do not choose by candidate order
or detector score alone.

The corresponding user prompt is:
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Grounder User Prompt

Instruction: <instruction>

Canonical instruction: <canonical_instruction>
Source phrase: <source_phrase>

Target object: <target_object>

Reference objects: <reference_objects>

Candidates:
<candidate _list>

Other detected instances:
<other_instances>

Selection rules:

— Select only a red candidate box.

— Use the source phrase and its relation to the reference object.

— Ignore candidate order unless multiple candidates are equally plausible.
— Do not select a reference object or an extra detection.

— Return only valid JSON.

C.4.3 MONITOR & DIAGNOSIS AGENT

The monitor tracks manipulation progress using deterministic state and motion signals. It does
not directly replace the controller’s action policy. The diagnoser consumes the monitor snapshot
and assigns one of the failure labels from none, target failure,execution failure, or success. An
optional language-model critic can provide an additional diagnosis, but its output is normalized,
confidence-clamped, and merged with the rule-based evidence before it is used by the recovery router.

The diagnoser first checks task completion, then determines whether there is an actionable failure.
If no attempt-end condition is present, it returns none. If a correction is already pending, it returns
an intermediate diagnosis indicating that recovery is still in progress. Evidence for target failure
includes target ambiguity, target-probe mismatch, wrong-target evidence, and an instruction—target
mismatch. Evidence for execution failure includes phase stalls, repeated stalls, wrong-target approach
after execution has started, failed grasp or lift, failed placement, and lack of motion progress.

When enabled, the optional critic receives the following system prompt:

Diagnosis System Prompt

You are a LIBERO critic agent.

Inspect the task instruction and the execution snapshot. Output JSON only
with the following keys:

failure_type
reason
confidence
evidence_tags

failure_type must be one of:
none, target_failure, execution_failure, success.

Use target_failure when the target object is likely wrong, ambiguous, or
mismatched with the instruction. Use execution_failure when the target seems
correct but the robot stalled, failed to grasp, failed to place, or made no
progress. Use none when there is no actionable failure. Keep the reason

short and factual.

The critic user prompt is:
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Diagnosis User Prompt

Task label: <active_instruction>

Snapshot:

{
“route”: ”<route>”,
“phase”: ”<phase>",
“attempt_kind”: ” <attempt_kind>",
“attempt_id”: <attempt_id>,
“phase_steps”: <phase_steps>,
”stall_reason”: ”<stall_reason>",
“attempt_end_candidate”: <true_or_false>,
”gripper_closed”: <true_or_false>,
“target_lifted”: <true_or_false>,
“target_selected”: ” <target_selected>",
“target_confidence”: <target_confidence>,
“progress_flags”: <progress_flags>,
“verifier_status”: ” <verifier_status>",
“target_probe”: <target_probe>,
“rule_hint”: ”<rule_hint>",
“recent_contexts”: <recent_contexts>,
“recent_diagnoses”: <recent_diagnoses>

}

Return only valid JSON.

D VIDEO DEMONSTRATIONS
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