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Figure 1: VoLo overview. VOLOAGENT plans, monitors (e.g., subgoal complete), and uses tools (e.g., VLA,
SAM3) to act and recover from failures (e.g., wrong object). RoBoVoLo is a high-fidelity benchmark for
evaluating and diagnosing open-vocabulary long-horizon manipulation.

Abstract

Open-vocabulary long-horizon manipulation requires robots to reason over flexible instructions and
complex multi-object scenes while adaptively planning, executing, monitoring, and recovering from
failures. We address these demands with a closed agent loop in which a VLM orchestrates heterogeneous
robot capabilities as interruptible tools. Unlike in virtual AI agents, the timing of decisions, actions and
tool calls is important in a physical world that does not pause for reasoning. We refer to this setting as
Physical Orchestration, and propose VOLOAGENT, a VLM that plans, monitors, and recovers by treating
a VLA/WAM as an interruptible tool it steers mid-rollout alongside vision models and action primitives.
To evaluate these long-horizon capabilities, we introduce RoBoVoLo, a high-fidelity benchmark for
open-vocabulary long-horizon manipulation across common sense, memory/state tracking, complex
references, and world knowledge, with both task-level success and failure-mode diagnostics. Experiments
show VoLoAGENT substantially outperforms single VLA/VLM or tool-based systems, with validation on
real-robot experiments. Project page: https://chicychen.github.io/VoLo/
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1. Introduction

Real-world manipulation is often open-vocabulary and long-horizon, rather than a template pick-and-place
task. As illustrated in Fig. 1, when asked to “put every item on the table into the bowl, except the red block and
the tuna can,” a robot must understand negative references such as “except,” plan over a sequence of objects,
monitor whether each subgoal succeeds, and recover from failures such as picking the wrong object. These
open-vocabulary long-horizon tasks require high-level capabilities including planning, reasoning over complex
language, using world knowledge, spatial reasoning, and maintaining memory of the evolving scene. At the
same time, they demand reliable embodied perception and precise low-level action skills.

Existing manipulation approaches only partially address these challenges. End-to-end vision-language-action
(VLA) models ( s v ) and world action models (WAMSs) ( s ;

s ; s ; s ; s ) exhibit precise manipulation, but lack robust
planning, monitoring, and perception in the multi-object scenes typical of long-horizon tasks. LLM/VLM-driven
code-as-policy methods ( S ; s ; s ), including tool-augmented
variants ( , ), support explicit reasoning over perception and classical control primitives, but are
limited by fixed toolsets and control APIs for contact-rich manipulation, while largely overlooking monitoring
and recovery. Recent hierarchical systems pair a VLM planner with a VLA executor ( , ; ,

; s ; s ; s ; s ), but usually hard-wire this control
flow rather than adaptively composing VLA/WAMs with perception, action, monitoring, and recovery tools. In
short, the VLA is treated as a fixed executor rather than one interruptible capability among many.

We instead approach open-vocabulary long-horizon manipulation as physical orchestration: unlike a virtual
agent, which can pause the world while it thinks, a physical agent must decide when to act, advance, or stop
against a world that keeps moving (Sec. 4.1). We present VOLOAGENT, an instantiation of this idea that unifies
a VLA/WAM with perception models and grasp/place primitives as callable tools in a flexible VLM-managed
agent loop, and outperforms hard-wired pipelines.

To study this regime, we introduce RoBoVoLo, a high-fidelity benchmark for open-vocabulary long-horizon
manipulation built on RoboLab ( R ). Existing benchmarks ( s ; R ;
s ; s ) often focus on short-horizon skills, overlook open-vocabulary reasoning,
or use simplified scenes, leaving limited room to study long-horizon state tracking and adaptive recovery.
RoBoVoLo spans four suites: common sense, memory, complex references, and world knowledge, comprising
15 task categories and 126 tasks in total. Comprehensive experiments show that VOLOAGENT substantially
outperforms standalone action models, code-as-policy systems, and TAMP-style baselines (i.e., task and motion
planning). We further analyze both robot-level failures, such as wrong-object picks and stuck behavior, and
VLM-level failures, such as planning mistakes, missed failure detection, and tool-use errors, to diagnose the
strengths and limitations of tool-augmented robotic agents. Finally, we validate our findings on real Franka
manipulation tasks, showing that orchestration substantially improves over a standalone action model.

We make the following contributions:

1. VOLOAGENT, an adaptive tool-augmented robotic agent that uses a VLM to plan, reason, monitor, and
recover by composing an interruptible VLA/WAM with perception models and classical action primitives
callable tools in a single closed loop.

2. RoBoVolLo, a high-fidelity benchmark with 126 tasks for open-vocabulary long-horizon manipulation,
spanning common sense, memory, references, and world knowledge, designed independently of the system.

3. Alarge-scale empirical study comparing action models, code-as-policy systems, TAMP-style systems, and
ablations of VOLOAGENT orchestrator, complemented by real robotic experiments.
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2. Related Work

Vision-Language-Action and World Action Models. End-to-end VLAs map observations and instructions
directly to robot actions, achieving strong dexterity at scale (Brohan et al., 2023; Deshpande et al., 2026; Fang
et al., 2026; Intelligence et al., 2025,, 2026; Jiang et al., 2023; Kim et al., 2024; Lee et al., 2025; Liu et al.,
2025); world action models (WAMs) extend this line by jointly predicting future video and actions (Cheang
etal., 2024; Gao et al., 2026; Kim et al., 2026; Li et al., 2026; Ye et al., 2026). Recent variants interleave explicit
reasoning, dual-system architectures, chain-of-thought planning, or depth-aware spatial tokens (Intelligence
et al., 2025; Lee et al., 2025; Zhang et al., 2024), and some push memory inside the policy via memory
banks Shi et al. (2026) or multi-frame chunking 1.i et al. (2026). However, their action chunks still execute
largely open-loop, limiting planning, reasoning, real-time monitoring, and tool-based recovery during execution.
We instead use VLA/WAM as an interruptible tool inside a physical orchestrator.

Agentic and Hierarchical Robot Frameworks. LLM- and VLM-driven program synthesis grounds high-level
reasoning in robotic primitives via code generation (Fu et al., 2026; Liang et al., 2023; Singh et al., 2023) or
closed-loop VLM verification (Huang et al., 2022; Zhi et al., 2025), with TAMP-augmented variants guiding
symbolic task-and-motion planners (Shen et al., 2026; Yang et al., 2024). These remain limited by fixed
primitive interfaces and largely overlook real-time monitoring and failure recovery. A parallel line stacks a
VLM planner above a VLA executor (Duan et al., 2024; Lei et al., 2026; Li et al., 2025; Liu et al., 2026; Ma
et al,, 2026; Schakkal et al., 2025; Shi et al., 2025; Yang et al., 2026, 2025), sometimes paired with a critic
for failure detection and replanning (Chen et al., 2026; Dai et al., 2024; Duan et al., 2025; Feng et al., 2025;
Fu et al., 2026; Gu et al., 2025; Lin et al., 2025; Liufu et al., 2026; Mei et al., 2024; Pchelintsev et al., 2025;
Skreta et al., 2024; Yang et al., 2026; Ye et al., 2025; Vi et al., 2026). Concurrent work Lei et al. (2026) routes
a VLM through a family of specialized VLAs. However, these systems still treat the VLM-VLA call as a hardwired
pipeline; in contrast, our physical orchestrator treats the VLA/WAM as one interruptible tool among others,
enabling real-time monitoring, mid-rollout intervention, and adaptive tool switching to perception or action
primitive tools.

Long-Horizon Open-vocabulary Manipulation Benchmarks. Manipulation benchmarks span tabletop
manipulation (James et al., 2020; Liu et al., 2023; Tao et al., 2024; Zhu et al., 2020), household and kitchen
environments (Li et al., 2022; Nasiriany et al., 2024), and language-conditioned long-horizon tasks (Han et al.,
2025; Mees et al., 2022; Zhang et al., 2024), with real-to-sim suites measuring policy transfer (Kim et al., 2026;
Lietal., 2024). While RoboCerebra (Han et al., 2025) and VLABench (Zhang et al., 2024) stress multi-step
reasoning, they are low-fidelity, evaluate subtasks against a reset scene, and do not measure memory carried
across them; closer to our memory axis, RMBench (Chen et al., 2026) targets memory-dependent manipulation
but scopes it to short single-task contexts. RoBoVoLo, built on RoboLab (Yang et al., 2026), instead requires
reasoning over spatial state accumulated by earlier subtasks, isolating persistent memory as a measurable axis.

3. RoBoVoLo Benchmark

Tasks and Scenes. Long-horizon, open-vocabulary manipulation requires a robot to reason and act over many
steps. It must ground intent in scene context, track state as the scene changes, resolve fine-grained references,
and apply world knowledge to carry out each step while monitoring and recovering from failures. This coupling
of reasoning and execution is largely unsolved, and current benchmarks do not isolate it. RoBoVoLo fills
that gap with 126 tasks that span four reasoning categories, each requiring a chain of grounded manipulation
actions. The tasks are built so they cannot be solved by obvious instruction-independent behavior. Figure 2
summarizes the taxonomy of four main categories:

1. Commonsense grounding. Success depends on understanding the functional or contextual role of objects
in the current environment, rather than following the instruction verbatim.
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Figure 2: RoBoVoLo benchmark. 126 long-horizon manipulation tasks across 15 categories, grouped into
four capability suites: Common Sense (infer intent from scene context), Memory (track state across actions),
Complex References (resolve spatial, ordinal, size, and negation cues), and World Knowledge (apply external
knowledge spanning math, art, chemistry, and recycling). Each panel shows one representative task with its
instruction.

2. Memory. These tasks require the policy to maintain information about earlier scene states during execution.
Examples include restoring a previous arrangement, undoing a change, swapping objects, or rearranging
objects relative to their initial configuration.

3. Complex references. Evaluate fine-grained language understanding. Instructions contain spatial, ordinal,
relational, size-based, or negative references that disambiguate objects.

4. World knowledge. These tasks require general knowledge beyond the immediate geometry of the scene,
covering domains like recycling, arithmetic, chemistry, and visual art.

Simulator. RoBoVolLo is built on RoboLab (Yang et al., 2026), a high-fidelity simulation environment based
on NVIDIA Isaac Lab (Mittal et al., 2025). To support these tasks, we expand Robolab’s asset library with 501
new objects: 247 household assets from NVIDIA’s Lightwheel SimReady collection and 254 task-specific assets,
including 118 chemical periodic-table element cubes, 120 geometric art objects varying in color, shape, and size,
and 16 wooden math cubes with digits and operators. All assets include collision geometry and realistic physics
materials, yielding a diverse collection spanning household, semantic, symbolic, and task-specific categories.

4. VoLoAGENT and Physical Orchestration
4.1. Physical Orchestration

Virtual Al agents assume a world that holds still while the agent thinks, whereas a physical agent must reason
while the world keeps moving. This imposes a core requirement: the agent must monitor the world for
divergence between what it believes it has accomplished and the actual scene, halt an in-flight action as quickly
as possible if divergence is detected, and redirect by choosing a correction: replanning, reissuing the action,
or switching tools. Safe halting during reasoning may require an idling policy that for a fixed-base arm is
simply stopping, but in general must keep the agent out of harm’s way. We refer to this monitor—halt-redirect
requirement as physical orchestration.

Prior closed-loop systems address parts of it: VLM-driven frameworks perform situated reasoning and failure
recovery (Zhi et al., 2025), key-frame agents recover from execution errors (Nazarczuk et al., 2025), and reactive
controllers halt a moving base to recover mid-task (Burgess-Limerick et al., 2023), but each targets a subset of
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Figure 3: VOLOAGENT system. A VLM agent plans, monitors, and orchestrates tools (VLA/WAM rollouts,
perception models, grasp/place primitives) through one closed-loop control law. The agent can interrupt a VLA
rollout and switch to a different tool when execution drifts.

these capabilities or a fixed pipeline. With physical orchestration we emphasize the need to handle all three
together, for an open-vocabulary agent that switches tools mid-rollout, including interrupting asynchronous
tools such as a learned visuomotor policy mid-rollout.

4.2. VOLOAGENT System

VOoLOAGENT is a physical orchestrator: a single VLM agent that plans subtasks, monitors execution, and
continuously routes among tools, deciding whether to continue, switch tools, advance, or recover. Unlike
prior hierarchical systems that split control between a VLM planner and a VLA executor, here the VLA is one
callable tool alongside perception models and grasp/place primitives, combined complementarily. It realizes
the monitor-halt-recover loop through three design choices. (P1) Asynchronous tools: robot motion runs
independent of the agent’s reasoning, so the agent interleaves monitoring with execution rather than blocking.
(P2) Fast and slow memory: a short monitor context (current observation, active subgoal, recent decisions)
read as close to the motion timescale as possible (0.2Hz here), and a fuller deliberation context (task memory,
scene history, tool catalog) consulted only at planning points, echoing dual-system VLA designs (Intelligence
et al., 2025). (P3) Safety-aware idling: holding the robot still when reasoning must continue mid-task.

We instantiate three complementary tool families: VLA/WAM (e.g. 7.5, DreamZero) is a first-class visuo-
motor tool but can struggle with open-vocabulary grounding. Perception tools (GroundingDINO (Liu et al.,
2024), SAM2 (Ravi et al., 2024), SAM3 (Carion et al., 2025), Molmo2 (Clark et al., 2026; Deitke et al.,
2024)) provide open-vocabulary detection and segmentation. Action primitives such as grasp(target) and
place(destination) combine perception, GraspGen (Murali et al., 2025), and IK for geometry-grounded
motion but remain rigid under contact-rich interaction. Full API signatures and prompts are in Appendices B
and C. The VLM routes among these tools through the following phases:

Initial execution. Given a user instruction and the initial scene, the agent decomposes the task into atomic
subgoals and stores them with the final goal and initial scene in external memory. It then issues the first tool
call, typically a VLA rollout for its continuous visuomotor control, and begins monitoring concurrently.
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Table 1: Results of various methods on our benchmark (rows: Common Sense, Memory, Complex References,
World Knowledge), as well as on the Robolab-Vague benchmark. Methods (columns) are grouped by families:
Single action model (no orchestrator), Code-as-policy + VLM, TAMP + VLM, and VoLoAgent. Each task is run for
3 episodes. All values are success rate (%, higher is better). Bold = best in row; underline = second-best.

Single action model Code-as-policy = TAMP VoLoAGeNT (Ours)
Suite Category 70.5 7o-FAST MolmoBot MolmoAct2 DreamZero CaPX-s CaPX-e TiPToP No VLA Only VLA Full
Infer 0.00 9.52 14.29 0.00 19.05 9.52 1429 4.76 19.05 52.38 52.38
Kit 16.67  4.17 0.00 0.00 12.50 12.50 16.67 8.33 41.67 33.33  50.00
Common Sense Recover 4.17 0.00 12.50 12.50 20.83 37.50 29.17 0.00 62.50 45.83 62.50
Sort 23.81 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 47.62 52.38
Overall 11.11 3.33 6.67 3.33 13.33 15.56 15.56  3.33 32.22 44.44  54.44
Order 12.50 25.00 33.33 25.00 29.17 16.67 16.67 0.00 25.00 29.17 54.17
Memory Recall 23.33 3.33 30.00 3.33 21.43 23.33 2333 3.33 6.67 63.33  56.67
Swap 3.33 0.00 6.67 3.33 0.00 6.67 6.67 0.00 10.00 10.00 3.33
Overall 13.10 8.33 22.62 9.52 15.85 15.48 15.48 1.19 13.10 34.52 36.90
Spatial 14.81 11.11 0.00 7.41 11.11 7.41 7.41 25.93 7.41 29.63  40.74
Counting  16.67 12.50 12.50 0.00 0.00 4.17 4.17 12.50 4.17 45.83 54.17
Complex References Negation 16.67 0.00 0.00 0.00 0.00 0.00 0.00 20.83  25.00 45.83 54.17
Size+Sort 19.05 4.76 9.52 0.00 4.76 19.05 19.05 23.81 0.00 42.86 57.14
Overall 16.67 7.29 5.21 2.08 4.17 7.29 7.29  20.83 9.38 40.62  51.04
Art 0.00 0.00 0.00 0.00 0.00 0.00 0.00 16.67 16.67 4.17 8.33
Chem 8.33 0.00 12.50 4.17 12.50 4.17 4.17  50.00 29.17 41.67  54.17
World Knowledge Math 4.17 0.00 0.00 0.00 0.00 0.00 0.00 4.17 20.83 0.00 12.50
Recycle 25.00 0.00 4.17 0.00 0.00 4.17 4.17 20.83 0.00 37.50 25.00
Overall 9.38 0.00 4.17 1.04 3.12 2.08 2.08 2292 16.67 20.83  25.00
Easy 19.79 10.94 13.76 6.25 19.79 16.67 15.10 29.69 19.79 35.94 34.90
Med 17.54 11.40 11.40 6.14 18.80 14.04 9.65 7.02 16.67 26.32 30.70
Robolab-Vague
Hard 5.56 3.70 3.77 0.00 13.73 7.41 1.85 5.56 12.96 16.67  24.07
Overall 16.94 10.00 11.52 5.28 18.61 14.44 11.39 18.89 17.78 30.00 31.94

Method abbreviations: CaPX-s = CaP-X single, CAPX-e = CAP-X ensemble.

Monitoring & routing. At each monitor step the agent reads the latest observation with memory under the
monitor context (P2) and selects one of {CONTINUE, NEXT_SUBGOAL, RECOVERY}. There is no fixed split
between planner and executor; the same agent decides whether to keep the current tool running, advance, or
pause for recovery.

Recovery. On RECOVERY the active tool is idled (P3) and the agent enters the deliberation context to pick
one of: CONTINUE if the alarm was a false positive (resume the rollout), REPLAN to re-issue the remaining
subgoal decomposition, REWRITE to run the VLA with a new subgoal instruction, or GRASP / PLACE to run the
respective primitive on a perception-grounded target.

The loop terminates on timeout or task completion. A key emergent property is complementarity: action
primitives inject perception grounding into the VLA, so even a failed grasp leaves the gripper near the target
with a clean view for the VLA to finish the pick (Sec. s ).

5. Experimental Results

5.1. Setup

Simulation benchmarks. We evaluate on four RoBoVoLo suites covering 126 tasks and on the existing
RoboLab ( ) benchmark (120 tasks) with vague-choice instructions. All policy models use
the DROID setup ( , ): a 7-DoF Franka Research 3 arm with a Robotiq 2F-85 gripper,

external ZED 2i and wrist ZED mini cameras, and a 7-DoF joint-position plus binary-gripper action space.
Camera poses and lighting match the real DROID configuration. Each task is evaluated over three fixed-seed
trials to ensure identical initial states across systems. We also explored MuJoCo-based benchmarks, including
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LIBERO, RoboCerebra, and VLABench, but found them unsuitable due to limited generalist-policy support and
insufficient realism; see Appendix H.

VOLOAGENT. VoLoAGENT (Full) uses Claude Opus 4.6 (Anthropic, 2026) as the decision-making VLM with
the following tools: w5 (Intelligence et al., 2025) as the VLA, SAM3 (Carion et al., 2025) and Molmo2 (Clark
et al., 2026) as perception tools, and GraspGen (Murali et al., 2025) with multi-start IK plus depth-projected
point placement for pick and place execution. The VLA and primitives run at 15Hz, while the VLM monitors
at 0.2Hz from a front camera. We found this monitoring frequency reasonable for the pace of VLA motion,
but increasing or adaptively varying it is an important future design goal. We compare two main ablations:
VoLoAGENT (No VLA), which only uses perception tools and GRASP/PLACE action primitives, and VoOLOAGENT
(Only VLA), which disables all other tools and only relies on verbal steering of the VLA. Complete component
ablations are in Sec. 5.4.

Baselines. We compare against three baseline families: (i) standalone action-model policies (g 5 (Intelligence
et al., 2025), my-FAST (Pertsch et al., 2025), MolmoBot (Deshpande et al., 2026), MolmoAct2 (Fang et al.,
2026), DreamZero (Ye et al., 2026)), (ii) code-as-policy + VLM (CaP-X (Fu et al., 2026), single and ensemble),
and (iii) TAMP + VLM (TiPToP (Shen et al., 2026)).

5.2. Main Results

Table 1 shows that VOLOAGENT achieves the best long-horizon open-vocabulary manipulation performance,
outperforming single-model, code-as-policy, and TAMP baselines on every suite. The full system is significantly
better than all methods (p < 0.05), except the Only VLA ablation (p = 0.0598), under a paired randomization
test that asks whether one method consistently outperforms another across tasks (Edgington and Onghena,
2007) (see Appendix F). Against the strongest baseline in each suite, VOLOAGENT (Full) gains +38.9% on
Common Sense, +30.2% on Complex References, +14.3% on Memory, and +13.1% on Robolab-Vague; the
exception is World Knowledge (+2.1%), where the TAMP baseline’s symbolic planning is competitive. The
gains come primarily from the planning, monitoring and recovery inherent in a physical orchestrator design,
supplemented by the availability of complementary tools whose individual strengths cover others’ blind spots.
The full system also exceeds its own strongest ablation on every suite by between +1.9% and +10.4%.

Complex References — Spatial Memory — Recall
“Three fruits are in a row. Put the leftmost into the bowl and the rightmost into the bin.” “Unstack all four blocks onto the table. Then put the two blocks that were in the top half into the bin.”

To-5
180'S

To-s
1208

VoLoAgent
(No VLA)
180 S

VolLoAgent
(No VLA)
1208

VoLoAgent
(Only VLA)
180 S

VoLoAgent
(Only VLA)
1208

VoLoAgent
538

VolLoAgent
648

bl ) 2
wrong object | tool recovery — VLA

Figure 4: Process comparison on two open-vocabulary long-horizon tasks, one row per system. Red tags
mark failure events and green tags mark grasp-tool recovery events. The behaviors shown are described in
Sec. 5.2.

Figure 4 illustrates these gains on two representative tasks. mg 5 relies on visual priors and ignores open-
vocabulary constraints, placing all objects into the same bowl. VOLOAGENT (No VLA) grounds the instruction
and plans subtasks, but its action primitives struggle with contact-rich picks and exhaust the step budget.
VoLoAGENT (Only VLA) can steer the VLA through prompts, but remains limited by the VLA’s perception
errors, such as grasping an orange instead of a lemon. The full system combines their strengths: when the VLA
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selects the wrong object, the grasp tool repositions the gripper on the correct target, and the VLA completes
the contact-rich manipulation.

5.3. Failure Mode Analysis

Metrics Definition. We analyze failures along two axes. World failures measure state-level execution errors:
wrong-object pick (WOP), wrong-target placement (WTP), and lack of end-effector progress for over 10s
(Stuck), each paired with a recovery event when resolved. VLM failures measure reasoning and action errors:
incorrect planning, false or missed completion monitor, missed failure detection, and wrong tool calling. Metrics
mainly use ground-truth simulation states and human-labeled task features; full definitions are in Appendix K.

Mos SUCCESS (10) B VoLoAgent SUCCESS (49) I

INCOMPLETE (5) =

INCOMPLETE (9) B

No failures (20) I

Episodes (90) Nofallures (= Allrecoverea (A1l Episodes (90) Al recovered (38) I
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Failures (86) Unrec: WTP (3) = Failures (70) Unrec: WTP(2) — (32 I

Figure 5: World failure analysis tracing episodes through failures, recovery, and outcomes for 7y 5 (left) and
VOLOAGENT (right). Major failure subtypes: stuck, WOP=wrong object picked, WTP=wrong target place.
Band thickness is proportional to the number of episodes.

World Failures. Figure 5 traces 7y 5 and VOLOAGENT through the failure-recovery pipeline for world failures.
VoLoAGENT has 5x more failure-free episodes than my 5 (20 vs. 4). Among episodes that do hit a failure,
VOLOAGENT recovers from 54% (38/70) vs. only 13% (11/86) for 7 5, showing that VOLOAGENT not only
enhances direct success but also greatly improves failure recovery (see Appendix J for VOLOAGENT ablations).
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Figure 6: VLM failure audit. Left: one example per failure type (Planning, Completion-monitor, Failure-monitor,
Tool-use). Right: per-VLM error counts across n=90 episodes; segment colors match the example tag colors.
Qwen3-VL-8B reaches 23% of the ceiling error counts, Claude Opus 4.6 only 5%. Error definitions in Appendix K.

VLM Failures. Figure 6 shows one qualitative example per VLM failure class (left) and per-VLM event counts
across four frontier VLMs (right). Completion-monitor errors dominate every backend, accounting for >67% of
total events and increasing 4.3x across VLM capability. Failure-monitor errors are another major class for every
VLM except Claude Opus 4.6: GPT-5.5 has 44, Gemini 2.5 Flash 81, and Qwen3-VL-8B 89. Planning errors
are rare for every backend (< 9 events per 90 episodes) as are tool-use mismatches (< 12 events). Improving
completion and failure monitoring are next steps to strengthening the physical orchestrator design.

5.4. Component Ablations

We conduct comprehensive ablation studies, varying one component at a time while holding the rest at our
default and study four axes: System comparing single VLA and VoLoAgent variants, Perception varying the
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“Sort items in bins.” “Sort the remaining items by storage temperature.”

o
4 (e ?

Figure 7: Real robot examples. VOLOAGENT monitors and recovers from failures such as wrong place
destination, wrong object pick in the real world as well.

perception tools and camera view, and the choice of VLM and VLA  Table 2: Component ablation, cross-suite Overall

model. Table 2 reports cross-suite Overall success rates. System. The ~— RoPoVoLo success rate (%). Full breakdown in

Table 4.
full system reaches 41.80, while Single-VLA, VoLoAGeNT (No VLA),
and VoLoAGeNT (Only VLA) score 12.57%, 17.76%, and 34.97% Axis Ablation Success rate
respectively. Perception. The system is robust to the choice of 0.5 (Pure VLA) 12,57
perception tool, with all variants achieving substantial gains. It  System  VoLoAcenT (NoVLA) 17.76
. . . . VoLoAGENT (Only VLA) 34.97
also remains strong with the DROID exterior camera view to the
. . GDino+SAM2 / Molmo2 38.52
orchestrator, though performance drops slightly because objects Perception  SAMS3 / VLM-point 36.07
are sometimes occluded in the exterior and wrist views. VLM. Exterior camera 36.94
Frontier VLMs as orchestrator yield +19% to +29% over the VLA- GPT-5.5 35.52
only baseline; with weaker VLMs the gain becomes marginal, the VM model gemi’;i'\ifg“h ?;'zz
'Wens-vL- B
open-weights Qwen3-VL-8B model drops to +7%, aligning with o o
. . . . . o~ .
its 4x higher VLM-failure count in Fig. 6. VLA. The orchestrator  y;a model B/;)olmoBot-DROID 24.86
multiplies every VLA backbone by 2-6x overall, and gains hold DreamZero-DROID 21.86
across every base policy. We compared methods using task-paired  VoLoAcent 41.80

success-rate differences, using aggregate success over all trials and
two-sided exact sign-flip permutation tests over per-task success fractions. The only non-significant comparisons
(p < 0.05) to the full system were two perceptual ablations: GDino+SAM2 / Molmo2 and Exterior camera.

5.5. Real Robot Validation

To evaluate whether VOLOAGENT can operate beyond simulation, we

deploy it on a real Franka FR3 with physical objects across a representative  Table 3: Real-robot success rate (%) with
. S . 95% Wilson confidence across 14 tasks

sample of 14 RoBoVoLo tasks, running 3 matched-initial-state trials per

X 3 trials.
task for g 5, VOLOAGENT variants, and full VoLOAGENT, for a total of
168 rollouts across variants. Full VOLOAGENT achieves 42.9% success System Overall ~ 95% CI
versus 14.3% for m 5, a 3x improvement that supports the physical appli- 7o 14.3%  [6.7,27.8]

o1 . . . VoLoAGENT (No VLA) 45.2% [31.2, 60.1]
cability of our agent loop design (Table 3). Figure 7 shows representative  yopoacent (OnlyViae) 40.5% [27.0,55.5]

real-world recoveries from wrong-object picks and wrong-place drops. The = VoLoAcenT (ful) 42.9% [29.1,57.8]
intermediate variants achieve similar real-robot success (45.2% and 40.5%)

with highly overlapping confidence intervals. Qualitatively, the grasp tool appears to work better in the real
world than sim due to contact dynamics differences. Reaching statistical power to compare the ablations
requires a larger real-robot study on substantially more tasks and trials per system. See Appendix G for more
details including full list of tasks.

6. Conclusion and Limitations

We introduced VOLOAGENT, a physical orchestrator that unifies VLA/WAM rollouts, perception models, and
grasp/place primitives in a VLM-managed closed loop, and RoBoVoLo, a 126-task benchmark for open-
vocabulary long-horizon manipulation. VOLOAGENT outperforms existing baselines, with ablations showing
that orchestration drives the gains.
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Limitations. Our failure analysis (Sec. 5.3) highlights completion monitoring accuracy as a key direction for
improvement. The per-call latency (~1-5s for cloud VLMs) of the orchestrating VLM bounds reaction time

and may miss fast failures, calling for fast local monitors. VOLOAGENT was demonstrated on a single-arm

manipulator with a parallel-jaw gripper. Extending to bimanual, dexterous-hand, or mobile embodiments
is supported by the framework, but requires retraining or swapping the VLA. Safe idling currently reduces
to halting the arm, which does not generalize to embodiments that must act to stay safe (e.g., a balancing
humanoid).
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