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I. METHOD FULL TECHNICAL DETAILS
A. Tabletop Manipulation Modules

We equip our tabletop manipulation agent with a suite
of tools spanning perception, reasoning, control, pre-trained
visuomotor policies, and image editing. The tools are provided
in bolded text below.

Perception. For perception tools, we adopt a “coarse-
to-fine” approach. At the fastest and simplest level, the
agent can access raw sensory inputs (RGB images and
robot proprioception). Because raw depth is often noisy, we
use FoundationStereo [1] to estimate more reliable depth
maps from RGB. For object center point, given a language
description, we employ Grounded-SAM to produce a mask
and its center point, while a Gemini-based pointing tool
returns single 2D points corresponding to language queries.
For tasks requiring higher precision—such as grasping towel
corners—we provide a salient task-relevant points tool
inspired by ReKep [2]: after generating a segmentation mask,
we overlay a uniform point grid and ask GPT-03 to select the
most relevant points. This tool hierarchy balances granularity
and runtime: raw images are coarse but fast, while salient
points are slower but more precise. MAESTRO autonomously
reasons about which tools to use and how to use them for
each task, achieving a balance between execution speed and
task performance.

Reasoning. In our initial experiments, we observed that
even with advanced perception tools, MAESTRO struggled to
perform task-relevant spatial reasoning. We identified the key
limitation as the lack of spatial chain-of-thought reasoning in
current VLMs. To address this, we equipped MAESTRO with
a small suite of simple but targeted tools designed to spark
spatial reasoning and break complex tasks into intermediate
steps. These include measuring distances, constructing
vectors using points, computing relative rotations between
vectors, and rotating a vector by specified angles. Together,
these tools dramatically improve MAESTRO’s ability to reason
about spatial relationships and act accordingly.

Control. For low-level manipulation, we provide a set of
simple Cartesian end-effector control tools: move gripper
to, open gripper, and close gripper. To ensure safe and
reliable motion, we incorporate cuRobo [3] for point-cloud-
based, collision-free motion planning, which greatly mitigates
the risk of unintended contact with the environment and
drastically improve object interaction performance.

Learned Visuomotor Policies. We equip MAESTRO with

two types of learned visuomotor policies: a grasp model
and a VLA. For grasping, we provide GraspGen [4], while
for general-purpose low-level visuomotor control we provide
the state-of-the-art 7y s model [5]. A key challenge when
integrating end-to-end VLAs as tools is determining when
to interrupt their execution, since they continue running
inference until externally stopped. Because VLAs operate at
high inference speeds, our framework requires an equally fast
closed-loop monitor. To achieve this, we host Qwen-2.5-VL-
72B-Instruct locally to check task completion at 2 Hz using
a simple yes/no question, allowing rapid feedback and timely
intervention.

Image Editing. Prior work [6, 7] shows that adding visual
marks can improve the grounding and reasoning abilities
of VLMs. Thus, we provide MAESTRO with image-editing
tools that can draw points and overlay 6D poses on images,
enabling clearer spatial references and richer visual reasoning
during manipulation.

B. Additional Modules for Mobile Manipulation

To extend beyond tabletop tasks, we equip MAESTRO with
additional tools that enable mobile manipulation.

Perception. For a mobile manipulator, obtaining the
full robot 6D state requires more than raw propriocep-
tion. We therefore employ Faster-LIO [8], a lightweight
LiDAR-Inertial Odometry method, to provide robust state
estimation of the mobile base even under visually challenging
conditions. This enhanced perception ensures reliable nav-
igation and spatial reasoning across larger workspaces. In
addition, mobile manipulation benefits from active perception
to build a more complete understanding of the surroundings
and gather task-relevant information on demand. To this end,
we provide MAESTRO with active perception tools—look
left, look right, look to the ground, and view carry-on
basket, remember object location—which allow it to scan
the environment, adjust its viewpoint, and access the basket
contents as needed.

Locomotion. We supply two tools: (1) the nudge tool,
which applies small velocity adjustments for precise posi-
tioning near a target location, and (2) the navigation tool,
which leverages Nav2[9] to move the robot safely to a target
pose on the map. This dual interface allows MAESTRO to
fluidly switch between global navigation and fine-grained
local control.

Manipulation. To support transport tasks, we provide
a dedicated put in basket tool that enables the robot to



efficiently carry multiple objects during long-horizon mobile
manipulation. For unloading, MAESTRO leverages the view
carry-on basket perception tool to inspect the basket’s
contents and then automatically generates the code needed
to move objects out of the basket.

II. TASK EVALUATION RUBRIC

We performed rigorous evaluation on all tasks following
StarGen [10] to generate new trial for zero-shot generalization
capabilities. 5 trials each task (1 initial setup following 4
generated by StarGen), and for each StarGen generated trial,
vary all of the following:
« Object placement
« Object instance
o Scene / Lab setting
o Language instruction (paraphrase)
We designed a task completion tracking rubric to quantita-
tively evaluate the system performance, presenting results
as a percentage of completion, where the maximum score
is 100%. The overall task is decomposed into a sequential
series of verifiable sub-steps. This metric moves beyond a
simple binary success/failure and provides diagnostic detail
on where the agent fails, which is critical for evaluating
complex, long-horizon manipulation tasks.
The evaluation metrics along with StarGen variations for
table-top manipulation tasks are detailed below:
1) Pick-place (“Put item in bowl.”)
[25%] Approach the item.
[50%] Grasp the item.
[60%] Lift up the item.
[75%] Approach the target place.
[100%] Place correctly.

2) Deformable object (“Fold the four corners of the towel
into the center.”)
For this task, StarGen introduces significant geometric
and interactive variability across trials (e.g., varying
object shape and location), we could not rely on one
static metric. Instead, the task completion rubric was
dynamically fine-tuned for each generated trial, ensuring
a precise and fair evaluation of progress completion
against the specific, activated sub-goals of that unique
scenario.

a) “Fold the four corners of the towel into the center.”
(color of the towel is different between two trials)
[25%] One corner folded in.

[50%] Two corners folded in.
[75%] Three corners folded in.
[100%] All four corner folded in successfully.

b) “Fold the T-shirt into a rectangle.”

[15%] One t-shirt sleeve folded in.

[309%] Both t-shirt sleeves folded in.

[60%] Bottom of t-shirt folded in.

[100%] Fold entire t-shirt inward successfully.

¢) “Place one corner of the towel to its diagonal corner.”
[30%] Approach one corner.

[60%] Grasp and lift up the corner.
[100%] Place at the diagonal corner successfully.

d) “Unfold the towel into a square.”
[30%] Accurately approach the folded corner.
[60%] Grasp and lift up the corner.
[100%] Place at the table to finish unfolding.

3) Articulated object (“Open cabinet.”)

[10%] Approach to the cabinet.

40%] Grasp the handle.

60%] Attempt to pull.

70%] Open the door slightly.

100%] Open the door completely.

4) Spatial reasoning (“Rotate cube purple side up.”)
[10%] Approach the cube.

[30%] Grasp the cube.
[60%] Rotate the cube.
[100%] Purple side faces up.

5) Memory & long-horizon & semantic (“Erase instruc-
tions on whiteboard, then follow instruction to stack
cups.”)

[20%] Pick up the erasor.

[30%] Erase the white board partially.
[50%] Erase the white board completely.
[

[

—_r——_—

60%] Return the eraser.
80%] Stack the second cube on top of the first cube.
[100%] Stack the third cube on top of the second cube.

The evaluation metrics for mobile manipulation tasks are
detailed below:

1) Long-horizon manipulation (“Collect all toys on table.”)
[25%] Collect one toy.
[50%] Collect two toys.
[75%] Collect three toys.
[100%] Collect all four toys.
2) Long-horizon loco-manipulation (“Throw the ball into
garbage can.”)
[16.7%] Find the ball.
[33.3%] Move to the ball.
[50%] Pick up the ball.
[66.7%] Find the trash can.
[83.4%] Move to the trash can.
[100%] Drop the ball into the trash can.
3) Active exploration (“Search item and return when
grasped.”)
[20%] Explore around the area.
[40%] See the object.
[60%] Move to the object.
[80%] Grasp the object.
[100%] Return to the initial position.
4) Object affordance (“Press button to open door.”)
[33.3%] Identify the correct label.
[66.6%] Approach to the correct button.
[100%] Press button to open the door.

III. EXTENDED DISCUSSION ON PRIOR WORK

A. VLMs and LLMS in Robotics

Vision—Language Models (VLMs) and Large Language
Models (LLMs) are among today’s most capable and widely
available “foundation” AI models. In robotics, they have



been applied primarily as modular components in manually
designed pipelines in various ways, ranging from high-level
planning [11, 12], reward and constraint design [2, 13-16],
environment and hardware design [17-20], visual question
answering [7, 21-23], in-context learning [24, 25], and task-
progress evaluation [26-28]. In these settings, however, their
role in the control loop remains limited. Our work focuses
on a more direct use of VLMs as agentic policies—writing,
executing, and adapting code to orchestrate robotic modules.

B. Large Models in Rigid Modular Robotic Systems

A wide range of prior work has explored the use of
large models — Vision-Language Models (VLMs) and Large
Language Models (LLMs) — to support specific components
of robotic systems. In the common paradigm, these models are
embedded into manually designed, typically rigid, modular
pipelines, where large models take on one or several well-
defined roles while the remaining pipeline is built through
“good old-fashioned engineering” by humans. These roles
span reward and environment design [13, 17-20], constraint-
function design [2, 14-16], high-level planning [11, 12],
self-reflection [29], visual question answering [7, 21-23], in-
context learning [24, 25], and task-progress evaluation [26—
28].

While effective within their intended scope, these ap-
proaches remain constrained by their rigid workflows. Be-
cause large models automate only a small portion of the
pipeline, substantial manual effort is still required to design
the rest. This rigidity also limits scalability: systems tuned
and fixed for specific settings struggle to generalize to diverse,
in-the-wild scenarios. As a result, these methods fall short
of the requirements for scalable, general-purpose robotic
manipulation.

We show that achieving this goal requires the opposite of
prior practice: rather than increasing the complexity of the
agentic system, especially its hand-engineered components,
we reduce it. By stripping away rigid, manually defined
workflows and instead scaling up the breadth and quality of
the tools available to the agent, we create a more fluid and
autonomous framework: one capable of dynamically deciding
how, when, and which modules to employ.

C. Scaling up Data for Zero-Shot Robot Control

Data-driven approaches have recently become the dominant
route toward general-purpose robotic manipulation. While
some efforts have explored alternative data sources—such
as simulation data [30-32] or human videos [33-35]—the
most performant methods still rely on massive real-world
teleoperation data [5, 36-39], which are costly and labor-
intensive to collect.

In our experiments, we adopt the state-of-the-art 7 s
model [5] as a strong baseline. We demonstrate that, beyond
simply scaling robot data, scaling the right set of tools for a
robotics agent can also yield general-purpose manipulation
capabilities. Furthermore, we show that MAESTRO can strategi-
cally leverage VLAs as callable tools in addition to its original
set of tools, thus providing coverage in scenarios where

VLAs struggle or face out-of-distribution inputs, while still
maintaining the efficiency and strengths of VLAs themselves.

Taken together, these results indicate that large-scale robot
data is not the only viable path to generalist robotic manip-
ulation. By appropriately scaling the toolset and autonomy
of code-based agents, it is possible to achieve and even
surpass the performance of data-heavy approaches in zero-
shot settings.
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