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Abstract

Simulation enables scalable robot data collection, but raw 3D assets provide only ge-
ometry and appearance, lacking the semantic, interactive, and physical knowledge
needed to specify where and how robots should act. In this work, we present Anno-
tateAnything, a general automatic annotation framework that converts passive 3D
assets into manipulation-ready assets with structured, diverse, and executable ma-
nipulation labels. AnnotateAnything is built around two complementary pipelines.
First, a unified visual-language annotation pipeline leverages vision-language
reasoning to infer object semantics, interaction constraints, and 3D-grounded cues
such as keypoints, and parts, providing human-prior guidance for identifying mean-
ingful interaction regions. Second, a fully automatic and massively parallel physics
annotation pipeline grounds these priors in each asset’s geometry, kinematics,
and physical constraints through candidate generation, geometry optimization,
trajectory generation and data augmentation. This pipeline produces diverse and ex-
ecutable action annotations, including grasp poses, dexterous contacts, articulation
waypoints, insertion directions, hanging affordances, and navigation targets. Based
on the generated annotations, we further build an asynchronous parallel simulation
data-collection system across diverse objects, tasks, and robot embodiments. Exper-
iments demonstrate that Annotate Anything achieves superior annotation efficiency,
data-collection efficiency, and task success rates over existing annotation and data-
generation pipelines, while also supporting downstream tasks such as affordance
detection, robotic VQA, and visual instruction finetuning. We will open-source our
code, annotations, and benchmark to facilitate future research. Project page: XXXX.

1 Introduction

Training general-purpose robotic agents requires large amounts of diverse interaction data [1H5]].
Recent progress in imitation learning and robot foundation models has further highlighted the
importance of scaling robot data across objects, scenes, and tasks [6H12]. However, collecting real-
world robot trajectories remains expensive, labor-intensive, and difficult to scale [13H16]. Simulation
provides a promising alternative, where interactions can be generated automatically, safely, and in
parallel [17-20]. Recent asset repositories and simulation benchmarks further provide rich geometric
and visual substrates for simulation-based data generation [21H24]. Yet assets and environments alone
are not enough: raw 3D assets usually describe only shape and appearance, but lack the semantic,
interactive, and physical knowledge that makes robot data valuable, such as where to grasp, which
part can move, how an object should be articulated, or where insertion and hanging are feasible.
Therefore, the central bottleneck is not merely obtaining more assets, but automatically producing
manipulation annotations that turn passive 3D geometry into actionable robot interaction data.
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Figure 1: Teaser. High-level overview of AnnotateAnything and its visual-language-action annotation
pipeline.

Generating manipulation annotations for raw 3D assets presents four key challenges. First, useful
annotations must encode human interaction priors so that the resulting robot trajectories are human-
like, safe, and likely to succeed. This requires automatic annotation to incorporate high-level
human-prior reasoning and interaction understanding (C1) [23,[26]. Second, semantic annotation
alone is insufficient: labels must be grounded in each asset’s geometry and kinematics, since feasible
actions depend on shape, collision constraints, and articulated structure. The challenge is to transform
abstract interaction intent into asset-specific executable labels (C2) [28]]. Third, diversity is
essential for task deployment, as manipulation often admits multiple valid solutions across grasps,
poses, and interaction strategies. Automatic annotation must thus preserve diverse feasible labels
rather than collapse to a single canonical solution (C3) [29,[30]. Finally, annotations must scale
across large numbers of assets, categories, and tasks while preserving each asset’s geometric precision
and interaction specificity. This calls for a fully scalable and automated process that avoids per-asset
manual design or task-specific engineering (C4).

Producing annotations that meet these requirements remains difficult. Existing works often rely on
human annotation to provide semantic, interactive, or physical knowledge [31} 30, 32} 33]], which is
costly, labor-intensive, hard to scale, and limited in diversity. RL-based alternatives reduce manual
labeling but require careful reward engineering, complex training, and substantial computation, while
often producing behaviors misaligned with human priors and hard to deploy in realworld [33].

Therefore, we present AnnotateAnything, a general automatic annotation framework that transforms
raw 3D assets into manipulation-ready assets with structured, actionable, and executable robot ma-
nipulation labels. AnnotateAnything provides three complementary types of annotations: language
annotations for semantic and interaction-level reasoning, visual annotations for 3D-grounded under-
standing, and action annotations that specify executable manipulation parameters such as grasp poses,
articulation waypoints, and navigation trajectory.

To inject human interaction priors, AnnotateAnything builds a vision-language annotation pipeline
that leverages VLMs to bridge language reasoning and visual grounding. Language annotations
provide multi-granularity reasoning from object semantics to interaction constraints, while visual
annotations translate such reasoning into 3D-grounded cues such as affordances, keypoints, and
part segmentation. These cues localize meaningful interaction regions and guide the generation of
action annotations, incorporating VLM-derived human priors and interaction understanding into
automatic annotation (tackling C1). To ground annotations in each specific asset, Annotate Anything
combines geometry-based optimization with asset-specific physical reasoning. Geometry optimization
refines grasps, contacts, and interaction regions under local shape and collision constraints, while
physical reasoning derives waypoints and motion directions from the asset’s kinematic structure
and physical properties. This converts abstract priors into precise, asset-specific executable labels
(tackling C2)[36138]]. To preserve diversity, AnnotateAnything generates annotations at three levels.
Within each task, it produces many feasible candidates with different contacts, approach directions,
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Table 1: Comparison of automatic data collection and annotation generation methods. v: explicitly
supported or reported; (: partially supported; X: not supported or not reported.
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orientations, and interaction configurations, rather than a single canonical label. Across tasks,
it covers primitives such as grasping, dexterous manipulation, bimanual interaction, articulation,
folding, hanging, and mobile manipulation. Across embodiments, it supports parallel-jaw grippers,
dexterous hands, dual-arm systems, mobile manipulators, and humanoids (tackling C3)[39}40]. To
enable scalability, AnnotateAnything builds a complete and fully parallelized physics annotation
pipeline, covering candidate generation, geometry optimization, label selection, trajectory generation,
physical validation, and data augmentation without per-asset manual design. With CUDA-accelerated
optimization and validation [36], the pipeline scales across assets and tasks while preserving asset-
specific accuracy, interaction feasibility, and high execution success rates (tackling C4)..

Based on the generated annotations, we set up an asynchronous parallel data-collection system
for efficient simulation-based robot data collection. Beyond data collection, our integrated visual-
language-action annotations further support several downstream applications, including affordance
and keypoint detection [41H43], robotics-oriented VQA and reasoning, and visual instruction finetun-
ing for multimodal robot models. Experiments show that AnnotateAnything achieves substantially
higher annotation efficiency, data-collection efficiency, and task success rates than existing anno-
tation or data-generation pipelines, demonstrating the practical value of automatic, diverse, and
asset-specific manipulation annotations.

In summary, our contributions are as follows:

* We present AnnotateAnything, a general automatic annotation framework that converts pas-
sive 3D assets into manipulation-ready assets through structured, actionable, and executable
annotations.

* We design a unified visual-language-action annotation pipeline that integrates language reasoning,
3D visual grounding, and asset-specific action label generation, enabling human-prior reasoning,
3D-grounded understanding, and executable manipulation specification across diverse objects,
tasks, and robot embodiments.

* We develop a fully automatic and massively parallel physics annotation pipeline, covering candi-
date generation, geometry optimization, label selection, trajectory generation, physical validation,
and data augmentation, with CUDA-accelerated modules for scalable annotation without sacrificing
diversity, feasibility, or asset-specific precision.

* We demonstrate superior annotation efficiency, data-collection efficiency, and task success rates
over existing methods, together with utility across several downstream tasks.

2 Related Work

Automatic Data Collection for Robot Learning. Automatic data collection mainly follows two
paradigms. Annotation-based methods generate structured, often human-like trajectories from
demonstrations, scripts, or manually specified task annotations [33}[31}49]}, but are limited by human
effort and task-specific design. RL-based methods automate data generation in simulation [35} 134,50+
53], but require costly training, reward engineering, and careful reset or success definitions, while
often producing behaviors that are not human-like. In contrast, AnnotateAnything automatically
generates skill-consumable annotations from raw 3D assets, enabling reusable atomic skills to collect
structured and scalable robot interaction data.
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Automatic Annotation for Manipulation Existing automatic annotation methods often formulate
manipulation annotation as task-specific optimization, such as generating grasps, contact points,
affordances, or motion waypoints for a particular skill. While effective in specific settings, these
methods usually cover limited object diversity and annotation scale[29} 46], suffer from low success
rates on complex assets[50} 51} 38l |54], or support only a narrow set of embodiments and task
types[55) 153]. AnnotateAnything provides a more general annotation pipeline that produces diverse
skill-consumable labels across grasping, dexterous manipulation, bimanual interaction, articulation,
insertion, and hanging, enabling scalable data collection over broad 3D assets and manipulation skills.
Detailed discussion please refer to Appendix

3 Method

AnnotateAnything takes as input a raw 3D asset, ranging from a single object to a room-scale
scene, and converts it into a manipulation-ready asset with hierarchical language, visual, and action
annotations. Our framework first leverages VLMs to infer human interaction priors and ground
them into multi-level asset and scene annotations, including sparse/dense descriptions, keypoints,
part segmentation, occupancy maps, floor plans, and top-view layouts (Sec. [3.1I). These annotations
are generated through hierarchical language reasoning (Sec.[3.1.1), hierarchical visual grounding
(Sec.[3.1.2), and cross-level asset-to-room composition (Sec.[3.1.3)). The physics-based pipeline then
converts these visual-language cues into executable action annotations across rigid objects, articulated
objects, garments and deformable objects, and room-scale scenes (Sec.[3.2), using a unified action
schema (Sec.[3.2.1)), a general generation-and-validation pipeline (Sec.[3.2.2), and primitive-specific
instantiations (Sec. D).

Table 2: Hierarchical annotation schema of AnnotateAnything.

Level  Annotation Type Example Outputs

Asset  Language Sparse tags; dense object-, part- and task-level descriptions

Asset  Visual 3D keypoints; part segmentation;

Room  Language Scene descriptions; object relations; task contexts

Room  Visual Occupancy maps; floor plans; top-view/BEV maps; object layouts
Action  Rigid object Parallel-jaw grasps; dexterous contacts; insertion and hanging poses

Action Articulated object ~ Handles; motion axes; articulation waypoints; opening and closing trajectories
Action Deformable object Garment keypoints; bimanual grasp points; folding and hanging trajectories
Action Room-scale scene  Navigation targets; approach poses; interaction-ready candidate base poses

3.1 Hierarchical Visual-Language Annotation Pipeline
3.1.1 Hierarchical Language Annotation

Asset-level language annotation. For each object-level asset, we render multi-view RGB observa-
tions and use Qwen3-VL [56] to generate three-level language annotations: a semantic phrase, a
functional sentence, and a dense paragraph for part-aware interaction reasoning. The dense anno-
tation grounds segmented parts with their functions and feasible interactions, guiding downstream
visual grounding and action generation.

Room-level language annotation. Given selected room views and the labeled top-view occupancy
map, we use Qwen3.5-VL [56] to produce three-level room annotations: a layout summary, a
furniture-and-zone description, and a dense paragraph covering object relations, navigable regions,
interaction areas, and possible long-horizon robot tasks. These annotations complement asset-level
labels with functional scene context.

3.1.2 Hierarchical Visual Annotation

Asset-level visual annotation. For each object-level asset, we reconstruct a fused 3D point cloud
from multi-view RGB-D observations, making the pipeline consistent with real-world visual inference.
We annotate semantic keypoints by sampling candidates with FPS and using the VLM to select
functionally important anchors for interaction reasoning. In parallel, we generate part segmentation
annotations with a native 3D pipeline based on Hunyuan3D-style decomposition, P3-SAM [57]],
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Figure 2: Hierarchical visual-language annotation pipeline. AnnotateAnything generates asset-level
language and visual annotations, including sparse/dense descriptions, keypoints, part segmentation,
and affordance regions, and composes them into room-level annotations such as scene descriptions,
occupancy maps, floor plans, top-view maps, and object layouts.

and X-Part [58]]. These visual annotations provide 3D-grounded cues for downstream physics-based
action annotation.

Room-level visual annotation. For each room-scale scene, we generate visual annotations by
actively scanning the environment with simulated LiDAR and ray casting, and then stitching the
observations from individual rooms into a global scene representation. To capture spatial structure at
different levels, we construct multi-height occupancy maps, where each height slice encodes free
space, obstacles, and object geometry visible at that elevation. We further derive floor-plan and
wall-structure annotations by using VLM-based filtering to remove movable objects and furniture
from the raw occupancy evidence, retaining only persistent structural elements such as walls, doors,
and room boundaries. These room-level visual annotations provide global geometric context for
spatial exploration, navigation target generation, and scene-level action annotation.

3.1.3 Cross-level Composition and Consistency

We build room-level annotations by composing object-level annotations through scene instance
identities and 6D object poses. For each room-scale scene, we extract individual object instances
and process each one with the asset-level annotation pipeline, producing object-centric language
descriptions, keypoints, and part-masks. These annotations are then transformed from the object
coordinate frame to the global room coordinate frame and associated with room-level occupancy
maps, floor plans, top-view layouts, and scene descriptions. The resulting cross-level representation
links each object instance in the room to its semantic, visual, and affordance annotations, while
maintaining shared identifiers across language annotations, visual maps, and physics-based action
labels.

3.2 Physics-based Action Annotation Pipeline

The visual-language pipeline provides semantically meaningful 3D interaction regions, which are
further grounded in robot embodiment and physical feasibility by our physics-based action annotation
pipeline. This pipeline converts grounded visual-language priors into structured, executable, and
validation-aware action annotations through candidate target generation, trajectory generation, trajec-
tory optimization, physics validation, and physics-aware augmentation. The resulting manipulation-
ready assets contain diverse action labels, including grasp poses, dexterous contacts, articulation
waypoints, insertion directions, hanging poses, deformable-object trajectories, and navigation targets.



181

182
183
184
185

186
187
188
189
190
191

192
193
194
195
196

197
198

199
200
201
202
203
204
205
206
207

208

210
211

Physics-based action annotation pipeline

Insert the physics annotation figure here.

Figure 3: Physics-based action annotation pipeline. Grounded visual-language priors are converted
into executable action annotations through candidate target generation, trajectory generation, trajec-
tory optimization, physics validation, and physics-aware augmentation.

3.2.1 Unified Action Annotation Schema

A key design goal of our action annotation schema is to preserve action diversity while maintaining
functional consistency. Instead of assigning a single canonical action to each object or part, we
organize action annotations as a hierarchical candidate bank built on top of visual annotations. Given
an asset .4, the visual annotation stage provides grounded interaction anchors

H(A) = P(A) UK(A) URM (A) UR e (A),

where P denotes part-level regions, K denotes semantic keypoints, R*® denotes affordance regions,
and R°°°"° denotes scene-level regions such as reachable free space or object-centric approach regions.
Importantly, visual grounding provides not only the spatial anchor h, but also its functional affordance
@(h), such as grasp-for-lifting, grasp-for-opening, insertion, hanging, or navigation approach. Thus,
parts and keypoints define local functional manipulation targets, while scene-level regions define
navigation and approach targets.

For each anchor h € H(A), we infer compatible skills S(h) from its functional affordance ¢(h),
language priors, geometry, and task constraints. This is crucial for long-horizon manipulation, where
a physically stable grasp may be insufficient unless it supports the intended downstream interaction,
e.g., grasping a mug handle for pouring or a cabinet handle for opening. We then maintain a candidate
bank for every anchor-skill pair:

(%) Np,s
Bus = {ai} S sesm),
s
where IV, 5 is the number of feasible candidates for skill s at anchor h. Each candidate action is

represented as
af?, = (s, o(h), by 9(h), a9, 00, 70, v, q).

Here, s is the skill type, o(h) is the associated object, part, or scene instance, and ¢(h) conditions
action generation with functional affordance. The concrete target (%) is instantiated from the anchor,
such as a contact point, surface patch, support edge, opening, articulated handle, or navigation base
pose. The parameters §(*) store skill-specific quantities such as a 6D grasp pose, gripper width, contact
set, hand configuration, insertion direction, hanging pose, or target base pose. The optional trajectory
7(%) stores waypoints or motion templates for extended actions. The metadata v(*) records physical
and functional feasibility, including collision status, IK feasibility, contact stability, task success,
trajectory statistics, and affordance preservation. The descriptor d(®) records diversity factors such as
target location, approach direction, contact mode, trajectory family, and embodiment parameters.

This schema defines action annotation as a one-to-many mapping from grounded visual anchors to
function-conditioned executable candidates. Diversity exists across anchors and within each anchor-
skill pair, since B}, 5 stores multiple validated candidates with different poses, contacts, approach
directions, trajectories, and feasibility scores. As a result, Annotate Anything provides downstream
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modules with a diverse bank of physically feasible and functionally meaningful action labels rather
than a single heuristic annotation.

3.2.2 General Physics-based Action Generation Pipeline

Candidate target generation. Given a skill type s, we first use language annotations and visual
grounding to localize skill-compatible candidate regions C, from part masks, semantic keypoints,
affordance regions, or room-level occupancy/BEV maps. For example, functional grasping selects
grasp-for-use regions such as mug handles, articulation selects handles or movable parts, and nav-
igation selects traversable free-space regions around the target object. We then sample concrete
anchor targets from C; using farthest-point sampling on object surfaces or grid-based sampling on
scene maps. Depending on the primitive, a sampled target can be a contact point, surface patch,
support edge, opening, articulated handle point, navigation goal, or interaction-ready base pose. The
sampled targets are filtered by geometric and embodiment constraints, including surface normals,
curvature, visibility, collision margins, reachability, and traversability, before being used to instantiate
the candidate banks.

Trajectory generation. Given a retained target 2:(*) for skill s, we generate an initial trajectory or
waypoint sequence

) =g, (h,¢(h)7x(i)79(i);A> ,

where G is selected by the skill’s constraint source. Object-property-conditioned generators use
static geometry or garment keypoints to produce grasp, dexterous grasp, fling, or fold templates.
Object-trajectory-conditioned generators follow articulated part motion, e.g., preserving the end-
effector—handle relation while interpolating a door or drawer joint. Object-vector-conditioned
generators align actions with insertion, hanging, pouring, or placement vectors. Scene-trajectory-
conditioned generators use occupancy or BEV maps to sample interaction-ready base poses and
compute coarse navigation paths with A*, connecting free-space regions to manipulation targets.
These trajectories serve as template-level seeds for subsequent optimization and validation.

Trajectory optimization. The template trajectories are further refined by optimizing action param-
eters and waypoint sequences under contact, geometry, and embodiment constraints:

(95<Z)a T%SZ)) = arg I?élln Etask + Econtact + Ecoll + Ekin + Esmooth-

Here, E,sx encourages the trajectory to preserve the intended functional affordance, E.ontact im-
proves contact alignment and stability, E.,); penalizes penetration and unsafe clearance, Fy;, enforces
robot kinematics and embodiment constraints, and Fg,0tn regularizes waypoint motion. For dexter-
ous grasping, we optimize hand pose, finger configuration, and contact assignment so that the selected
contacts lie on the grounded functional region, satisfy joint limits and self-collision constraints,
and can support task-relevant object wrenches. For adaptive skills, we adjust waypoints according
to asset-specific geometry, e.g., scaling garment fold targets by sleeve length or hem-to-shoulder
distance. For navigation, the global path from A* is locally optimized through DWB-style rollout
under embodiment-specific dynamics, such as differential-drive, Ackermann, or holonomic motion
constraints, producing feasible trajectories that respect clearance, turning radius, and manipulation
reachability.

Physics validation. Optimized candidates are validated through batched physics simulation before
being stored as action annotations. For most object-centric skills, we use floating embodiments, such
as a floating parallel gripper or floating dexterous hand, to validate contact, collision, stability, and
task progress independently of a specific robot arm or base pose. This decoupling avoids prematurely
rejecting valid object interactions, since downstream data collection may randomize robot-object
poses and embodiments. For strongly embodiment-dependent skills, such as garment pushing,
washing, or retrieval from entangled configurations, we instead validate with the full manipulator
to account for reachability, arm collision, and entanglement. To test robustness, we additionally
apply disturbances and vary gravity magnitude or direction during validation, especially for grasp and
dexterous grasp candidates. Accepted candidates must satisfy skill-specific success criteria and are
stored with metadata such as success flags, collision statistics, contact stability, task progress, rollout
length, disturbance setting, and validation embodiment. Because many generated candidates fail
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these checks, scalable parallel validation is critical for retaining high-quality labels and improving
downstream success.

Physics-aware augmentation. To further increase diversity without breaking executability, we
augment validated candidates in two ways. Local perturbation samples small variations around
the validated anchor and action parameters while preserving the same functional affordance ¢(h).
For example, garment fold or fling points are jittered within local keypoint confidence regions,
fold/place targets are perturbed within a bounded range, grasp candidates perturb contact centers,
approach offsets, and in-plane rotations, and articulation candidates perturb handle contact points
and pulling directions. These perturbations are bounded by part masks, affordance regions, collision
margins, and embodiment constraints. Symmetry-aware augmentation uses symmetry priors from

visual-language annotations to expand candidates on symmetric objects or parts. Let Ggym (0) denote

the annotated symmetry group of object or part o. For a validated candidate agf’)s, we generate

transformed candidates ) )

&S,’sg) =9 agzl,)y 9 € Gsym(0),
by consistently transforming the target, pose parameters, and trajectory waypoints. For instance,
grasp poses on a rotationally symmetric bottle can be rotated around its symmetry axis to produce
additional feasible grasps. All augmented candidates are rechecked by lightweight geometric and
physical constraints, and only feasible, affordance-preserving augmentations are retained in the
candidate bank.

4 Downstream Tasks

AnnotateAnything turns passive 3D assets into reusable visual-language-action annotations for robot
learning. As shown in Fig.[5] we study two downstream usages: using executable action annotations
for large-scale simulation data collection, and converting the same annotations into supervision for
affordance and keypoint detection, robot reasoning VQA, and 3D VLM instruction finetuning.

4.1 Large-scale Robot Data Collection

We use the generated action annotations as executable interfaces for large-scale simulation-based
robot data collection. This system is not the main contribution of this paper; we include it to
demonstrate that AnnotateAnything annotations can be directly consumed by downstream
robot execution and data-collection pipelines.
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Figure 5: Downstream applications supported by AnnotateAnything. The same visual-language-
action annotations can be converted into supervision for affordance and keypoint detection, robot
reasoning VQA, and 3D VLM instruction finetuning.

Atomic skill interface. We build an atomic-skill library aligned with our annotation format, where
skills consume action parameters such as grasp poses, target parts, waypoints, insertion directions,
hanging anchors, and navigation goals. The library supports tabletop manipulation, bimanual
manipulation, whole-body control, humanoids, dexterous hands, and mobile manipulation, and can
compose atomic skills into long-horizon tasks.

Parallel rollout generation. We run heterogeneous parallel simulation environments, where each
environment independently samples assets, tasks, robot embodiments, object poses, and scene
layouts. For each rollout, asynchronous cuRobo-v2 planning is used for goal reaching and obstacle
avoidance [36} 37, with domain randomization over pose, lighting, material, camera, and scene
configuration.

Trajectory validation. For each randomized scene, we retrieve candidates from the annotation
bank, solve goal-set IK, and select the feasible solution with the lowest planning cost. We also remove
action candidates that repeatedly fail simulation validation, ensuring that the retained annotations
remain executable under diverse robot-object configurations.

4.2 Annotation-derived Downstream Applications
4.2.1 Keypoint Generation and Affordance Grounding

We reuse visual annotations as keypoint supervision and physics-validated action annotations as
affordance supervision. The former provides VLM-selected 3D functional anchors, while the latter
provides executable interaction labels, such as grasp directions, articulation trajectories, garment
pick-and-place points, and room-level navigation or interaction regions. These labels can be projected
to images, point clouds, or BEV maps for robot-centric perception training.

4.3 Robot Reasoning VQA

Robot reasoning VQA is constructed as a by-product of trajectory generation. During rollout, we
record execution-level ground truth, including the selected object, part anchor, skill type, IK goal-set
solution, approach side, navigation target, articulation direction, and garment manipulation points.
These labels depend on the runtime robot-object relative pose and the candidate selected from the
annotation bank, and therefore cannot be obtained from static assets alone. We use this mainly to
show that simulation rollouts generated from AnnotateAnything naturally provide grounded QA
supervision for robot execution reasoning.
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Table 3: Visual-language annotation quality on the audited evaluation suite. Human scores are
reported on a 0-100 scale. Detailed rubrics and sampling procedures are provided in the appendix.

Method Sem. Ground. Cover. Action. Overall

Direct VLM XXX XXX XXX XXX XXX
w/o3Drefine XXX XXX XXX XXX XXX
Ours XXX XXX XXX XXX XXX

4.4 3D VLM Instruction-tuning Data

AnnotateAnything can also provide instruction-tuning data for 3D VLMs. In simulation, assets and
rollouts provide dense grounding signals such as 3D bounding boxes, projected 2D boxes, instance
masks, object poses, and part identities, which can be converted into grounding-style instruction-
response pairs. Meanwhile, the language annotations and cross-level composition in Sec. 3.1.3]
provide object relations, room layouts, and task contexts, enabling QA pairs about 3D spatial
relationships, object localization, and scene-level reasoning. We use this mainly as a lightweight
downstream demonstration that our annotations can be repurposed into multimodal instruction data,
rather than as a full 3D VLM benchmark.

5 Experiment

5.1 Experimental Setup

Evaluation scope. We evaluate AnnotateAnything as an automatic annotation pipeline rather than
as a dataset release or a standalone data-generation system. Given heterogeneous raw 3D assets,
our experiments test whether the pipeline can convert passive geometry into manipulation-ready
language, visual, and action annotations that are semantically meaningful, 3D-grounded, physically
valid, and useful for downstream simulation rollouts. We evaluate four aspects: annotation scale and
conversion statistics, visual-language annotation quality, physics-grounded action annotation quality,
and annotation-enabled data collection.

Audited evaluation suite. All quality and success-rate results are reported on an audited evaluation
suite sampled from a larger heterogeneous asset pool. The pool spans multiple asset sources and
asset types, including rigid objects, articulated objects, deformable or garment assets, and room-scale
scenes. Since our goal is annotation conversion rather than curated asset release, we report source
and scale statistics separately, while pass rates, success rates, and human scores are computed on the
audited suite. The suite is stratified by valid asset—skill pairs, covering grasping, dexterous grasp-
ing, bimanual grasping, bimanual dexterous grasping, articulation, insertion, hanging, deformable
manipulation, and navigation or approach-target generation.

Evaluation protocol. Each experiment defines its metrics at the beginning of the corresponding
subsection. Human evaluation is reported as an overall 0—100 score in the main paper, with detailed
rubrics, sampling procedures, evaluator instructions, and per-dimension scores provided in the
supplementary material.

5.2 Annotation Coverage over Heterogeneous Assets
5.3 Visual-Language Annotation Quality

We evaluate whether the visual-language stage produces annotations that are semantically correct,
accurately grounded in 3D, and useful for subsequent action annotation. We compare Direct
VLM, which directly predicts language and interaction regions from multi-view renderings; w/o
3D refinement, which keeps hierarchical language reasoning but removes explicit 3D grounding
refinement; and Ours, the full visual-language annotation pipeline. Human raters score sampled
annotation bundles from the audited evaluation suite on a 0—100 scale. Table [3| reports semantic
correctness, 3D grounding accuracy, coverage of interaction-relevant regions, actionability, and
the overall score. Fig. ?? qualitatively shows how the predicted semantic priors are grounded into
keypoints, parts, affordance regions, and scene-level spatial cues.
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Table 4: Physics-grounded action annotation quality on the audited evaluation suite. The upper block
reports results by action family, and the lower block reports macro-level ablations. Human scores are
reported on a 0-100 scale. Full per-skill results, validation criteria, and human-evaluation rubrics are
provided in the appendix.

Setting Phys. Pass  Asset Ready Valid/Ready Exec. Succ. Ann./Hour Human
Action-family results

Grasping XXX XXX XXX XXX XXX XXX
Dexterous / Bimanual XXX XXX XXX XXX XXX XXX
Articulation XXX XXX XX.X XXX XXX XXX
Insertion / Hanging XXX XXX XXX XXX XX.X XXX
Deformable XXX XXX XXX XXX XX.X XXX
Navigation / Approach XXX XXX XXX XXX XXX XXX
Macro ablations

Geometry-only XXX XXX XXX XXX XXX XXX
VL-only XXX XXX XXX XXX XXX XXX
w/o physics validation - XXX XXX XXX XX.X XX.X
Ours full XX.X XX.X XX.X XX.X XX.X XX.X

Ours achieves the highest overall score. Direct VLM prompting often produces plausible language
descriptions but is less reliable at localizing interaction regions in 3D. Removing 3D refinement
reduces grounding accuracy and actionability, showing that language reasoning alone is insufficient
for manipulation-ready annotation. These results indicate that the visual-language pipeline provides
reliable human-prior guidance for the physics annotation stage.

5.4 Physics-grounded Action Annotation Quality

We next evaluate whether grounded visual-language priors can be converted into executable action
annotations. For each valid asset—skill pair in the audited evaluation suite, the physics pipeline gener-
ates candidates, filters them by geometry and embodiment constraints, optimizes poses or trajectories,
and validates them in simulation. Table 4] summarizes the resulting annotation quality. The upper
block reports results by action family; the lower block reports macro-level ablations comparing
Geometry-only, VL-only, w/o physics validation, and Ours. We report physics validation pass rate,
asset readiness, valid annotations per ready asset—skill pair, execution success, annotation throughput,
and human score. Fig. ?? illustrates the final action labels produced by the physics pipeline.

The full pipeline produces validated annotations across all action families while maintaining high asset
readiness and execution success. The ablations show that geometry-only sampling lacks semantic
precision, VL-only annotation lacks physical executability, and removing physics validation reduces
downstream execution reliability. These results demonstrate that Annotate Anything converts human-
prior visual-language cues into diverse, asset-specific, and physically executable action annotation
banks.

6 Conclusion

Do not change any aspects of the formatting parameters in the style files. In particular, do not modify
the width or length of the rectangle the text should fit into, and do not change font sizes. Please note
that pages should be numbered.

Most of the margin problems come from figures positioned by hand using \special or other
commands. We suggest using the command \includegraphics from the graphicx package.
Always specify the figure width as a multiple of the line width.

A number of width problems arise when I&TEX cannot properly hyphenate a line. Please give LaTeX
hyphenation hints using the \- command when necessary.
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A Language Annotation Pipeline

A.1 Asset-level Language Annotation Details

Automatic multi-view rendering. For each object-level asset, we automatically render multi-view
observations before querying the VLM. We first compute the asset’s axis-aligned bounding box and
use its center and diagonal length to normalize camera placement. Specifically, let ¢ denote the
bounding-box center and d denote the diagonal length. We place eight cameras on a horizontal circle
around the object with evenly spaced azimuth angles {0°,45°,90°,135°,180°, 225°,270°,315°},
and set the camera distance proportional to d so that the object is centered and consistently scaled in
every rendered image. All cameras look at ¢ and render RGB observations in simulation. We use eight
views by default because they provide sufficient coverage of most object geometries while remaining
close to the practical multi-image input budget for stable VLM reasoning in our implementation.

Global hierarchical description. Given the eight rendered views, we prompt Qwen3.5-VL [56]
to generate asset-level language annotations at three granularities: a phrase-level label, a sentence-
level description, and a paragraph-level description. The phrase-level label provides a compact
semantic index of the object, the sentence-level description summarizes its main function and major
manipulable components, and the paragraph-level description provides dense interaction reasoning
about object parts, affordances, feasible actions, and manipulation constraints.

Part-aware dense description. To make the dense paragraph grounded in object structure, we
further query the VLM with part-specific masked renderings. For each segmented part, we render
an image where the target part is highlighted while the remaining object is kept as context. The
VLM is then asked to describe only the highlighted part, including its part name, visual evidence,
function, feasible robot interactions, and manipulation constraints. Each part-level description is
associated with its segmentation ID, which allows the final dense language annotation to be traced
back to concrete visual regions rather than free-form text alone.

Output format and filtering. We require the VLM to produce a structured JSON output. To
reduce hallucination, the prompt explicitly asks the model to describe only visible evidence, avoid
unsupported assumptions, and mark uncertain attributes as unknown. We discard outputs that cannot
be parsed or whose part descriptions cannot be matched to a valid segmentation ID. The resulting
language annotations are used as semantic priors for visual grounding and physics-based action
generation.

Prompt for global asset-level language annotation. We use the following prompt to generate
phrase-, sentence-, and paragraph-level asset descriptions from the eight rendered views.

Global asset-level language prompt

System: You are a careful annotation engine for robot manipulation assets.
Your task is to describe the visible 3D object for robot reasoning and
manipulation. Use only visual evidence from the provided views. Do not invent
hidden mechanisms or unsupported functions. If an attribute is unclear, write
"unknown" .

User: You are given eight RGB renderings of the same 3D object from surrounding
viewpoints. Please analyze the object as a robot manipulation asset and output
a structured annotation with three levels of detail.

Level 1: phrase-level label. Write a short phrase, no more than 6 words, that
identifies the object category or functional identity.

Level 2: sentence-level description. Write one sentence, no more than 30
words, describing the object’s main function and major manipulable parts.
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Asset-level language annotation pipeline.

For each asset, we compute the bounding box, place eight cameras around the object, and
render eight RGB views.

Row 1: automatic camera placement and eight rendered views.

Row 2: part-masked inputs for part-aware dense description, e.g., mug handle and cabinet
drawer handle.

Figure 6: Supplementary illustration of asset-level language annotation. We automatically normalize
camera placement using the object bounding box and render eight surrounding views for global asset-
level description. For paragraph-level dense reasoning, segmented parts are individually highlighted
and fed to the VLM, enabling part-aware descriptions grounded in visual evidence.

Level 3: paragraph-level description. Write one dense paragraph for robot
manipulation reasoning. Describe the object’s visible parts, their functioms,
likely affordances, feasible interactions, and manipulation constraints. Focus
on what a robot can grasp, pull, push, support, open, insert into, hang on, or
avoid.

Return the result in JSON format with the following fields:

phrase, sentence, paragraph, major_parts, uncertain_attributes.

837

sze  Prompt for part-aware dense description. For paragraph-level annotation, we further query the
839 VLM with masked part renderings.

Part-aware language prompt

System: You are a robot manipulation annotation engine. You will be given an
image of a 3D object where one segmented part is highlighted. The highlighted
region is the target part. The rest of the object is shown only as context.
Describe only the highlighted part.

User: Please analyze the highlighted part for robot manipulation. Do not
describe unrelated parts unless they are needed to explain the target part.

If the highlighted part’s function is uncertain, write "unknown" instead of
guessing.

Please answer the following questions: 1. What is the name of the highlighted
part? 2. What visual evidence supports this part name? 3. What is the
function of this part? 4. What robot interactions are feasible with this
part? 5. What constraints should a robot consider when interacting with this
part? 6. How is this part related to the whole object?

Return the result in JSON format with the following fields:

part_name, visual_evidence, part_function, feasible_robot_interactions,
manipulation_constraints, relation_to_whole_object, confidence.

840

s41  Example output: mug.
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Global asset-level output: mug

Phrase-level label: Blue handled mug.

Sentence-level description: A blue mug with a hollow cup body and a side handle, designed for
containing liquid and being grasped by the handle.

Paragraph-level description: The object is a mug composed of a cylindrical cup body, an
open rim, a hollow interior, a side handle, and a bottom base. The cup body provides the main
container volume and can be used for placement and containment reasoning. The side handle is
the most important manipulation part because it supports stable grasping, lifting, and carrying.
The open rim and hollow interior indicate that the mug can contain liquid or small objects, but
they should be avoided as forceful grasp targets. The bottom base supports stable placement on
flat surfaces.

Part-aware output: mug handle

Highlighted part: Mug handle.

The highlighted part is the mug handle. It is a curved loop attached to the side of the cup body.
Its function is to provide a safe and stable grasping region for lifting or carrying the mug. Feasible
robot interactions include grasping the outer handle, inserting fingers or gripper tips through the
loop, and pulling or lifting the mug through the handle. The robot should avoid colliding with the
cup body near the handle attachment points and should align the grasp with the handle opening.

Example output: cabinet.
Global asset-level output: cabinet

Phrase-level label: Three-drawer cabinet.

Sentence-level description: A wooden cabinet with stacked front drawers, horizontal handles,
side panels, and an open top cavity for storage and drawer manipulation.

Paragraph-level description: The object is a cabinet with multiple stacked drawer fronts,
horizontal metal handles, side panels, an open top cavity, and a supporting base. The drawer
fronts are likely movable storage components that translate outward when pulled. The handles
are the primary interaction parts for grasping and pulling the drawers. The side panels and frame
provide rigid structural support and should generally be treated as non-manipulable surfaces.
The open top cavity can be used for placing or retrieving objects, while the base supports the
cabinet on the floor.

Part-aware output: cabinet drawer handle

Highlighted part: Drawer handle.

The highlighted part is a drawer handle on the front of the cabinet. It is an elongated horizontal
bar attached to a drawer panel and is designed as the main interaction target for opening the
drawer. Feasible robot interactions include parallel-jaw grasping, dexterous hooking, and pulling
along the drawer’s translation direction. The robot should approach the handle from the front,
avoid collisions with neighboring drawer panels, and keep the pulling motion aligned with the
drawer direction.

A.2 Room-level Language Annotation Details

Automatic room-view rendering. For each room-scale scene, we generate room-level language
annotations from both egocentric room views and a top-view spatial representation. We first de-
compose the scene into individual rooms and randomly sample camera poses inside each room.
Since uniformly sampled cameras may face walls or empty regions, we use simulator ground-truth
segmentation as an automatic view-quality signal. For each candidate camera pose, we render an
RGB image and its segmentation map, count the number of visible non-structural object instances,
and reject views with too few visible objects or views dominated by walls and floors. We keep a fixed
number of valid views, eight in our implementation, with diverse positions and viewing directions.
This produces informative room-level observations without manual camera placement.

Top-view layout input. In addition to the selected RGB views, we provide the VLM with a top-
view occupancy map of the room or scene. The map marks free space, obstacles, room boundaries,
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and object instances with their corresponding labels. The RGB views provide local appearance and
object-level evidence, while the labeled occupancy map provides global layout, spatial relations, and
navigable structure. This combination allows the VLM to reason about both what objects are present
and how they are arranged in the room.

Hierarchical room-level description. Given the selected room views and the labeled top-view
occupancy map, we prompt Qwen3.5-VL [56] to generate room-level language annotations at three
granularities. The phrase-level annotation summarizes the room type or global layout pattern. The
sentence-level annotation describes the major furniture, functional zones, and spatial arrangement.
The paragraph-level annotation provides dense scene-level reasoning, including object relations, navi-
gable regions, interaction-relevant areas, and possible long-horizon robot tasks. These descriptions
complement asset-level annotations by explaining how individual objects compose into a functional
scene.

Output format and filtering. We require structured JSON outputs and explicitly instruct the VLM
to use the labeled occupancy map for global layout reasoning and the RGB views for local visual
evidence. To reduce hallucination, the prompt asks the model to avoid unsupported object names or
hidden room functions and to mark uncertain attributes as unknown. We discard outputs that cannot
be parsed or whose object references cannot be matched to the labeled occupancy map.

Prompt for room-level language annotation. We use the following prompt to generate short-
sentence, long-sentence, and paragraph-level room descriptions from selected room views and the
labeled top-view occupancy map.

Room-level language prompt

System: You are a careful annotation engine for robot navigation and
manipulation scenes. Your task is to describe the visible room or indoor scene
for robot reasoning. Use the provided RGB views for local visual evidence

and the labeled top-view occupancy map for global layout, spatial relatioms,
and navigable structure. Do not invent hidden rooms, unsupported objects, or
functions that are not visible or labeled. If an attribute is unclear, write
"unknown" .

User: You are given multiple RGB renderings sampled inside a room-scale scene,
together with a top-view occupancy map. The occupancy map marks free space,
obstacles, room boundaries, and object instances with labels. Please analyze
the scene as a robot interaction environment and output a structured room-level
annotation with three levels of detail.

Level 1: short-sentence description. Write one short sentence, no more than 15
words, summarizing the room type and global layout.

Level 2: 1long-sentence description. Write one to two long sentences describing
the major furniture, functional zones, spatial arrangement, and navigation
structure.

Level 3: paragraph-level scene description. Write one dense paragraph

for robot navigation and manipulation reasoning. Describe the room layout,
object relations, navigable regions, interaction-relevant areas, and possible
long-horizon robot tasks. Focus on what a robot can navigate to, avoid,
approach, pick, place, open, retrieve, or interact with.

Return the result in JSON format with the following fields: short_sentence,
long_sentence, paragraph, room_type, functional_zones, object_inventory,
spatial_relations, navigable_regions, interaction_relevant_areas,
possible_robot_tasks, uncertain_attributes.

Example output: multi-room scene.
Room-level output: multi-room furnished apartment

Short-sentence description: A multi-room furnished apartment with connected rooms and open
navigation corridors.
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Long-sentence description: The scene contains several enclosed rooms arranged around
central open spaces and corridors, with furniture mostly placed near walls. Major interaction
areas include tables, cabinets, shelves, beds or sofas, and small objects on support surfaces.
Paragraph-level description: The scene contains multiple connected rooms with corridors,
open passages, and several functional zones. The top-view layout shows central open areas
surrounded by smaller rooms, with furniture arranged mostly along walls and corners. Visible
interaction-relevant objects include tables, cabinets, shelves, beds or sofas, lamps, and small
tabletop items. The main navigable regions are the open floor areas, corridors, and doorway
passages, while dense furniture clusters and narrow passages should be treated as collision-
sensitive regions. A robot can perform long-horizon tasks such as navigating between rooms,
approaching furniture, retrieving objects from tables or shelves, placing objects on support
surfaces, and interacting with storage furniture.

Room-level output: dining room

Short-sentence description: A rectangular dining room with a central table and surrounding
chairs.

Long-sentence description: The room contains a central dining area formed by a round table
and multiple chairs, with additional support and storage furniture near the rear and side walls.
Open floor space around the furniture provides navigation routes, while the table, chairs, and
shelf create local obstacles and approach constraints.

Paragraph-level description: The room is a rectangular dining or meeting space with most
interaction objects concentrated near the center and right wall. A round table with several chairs
forms the main functional zone for placing, picking, and tabletop manipulation. A secondary table
near the rear wall provides another support surface, while the side bookshelf can be used for
object retrieval or placement. The open floor around the furniture provides navigable space, but
the chairs and table legs create local obstacles that require careful path planning. A robot can
navigate around the table, approach chairs or tables, retrieve objects from the table or shelf, and
place objects on available support surfaces.

B Visual Annotation Pipeline

B.1 Asset-level Visual Annotation Details

Multi-view point-cloud reconstruction. For each object-level asset, we construct the input point
cloud from multi-view RGB-D observations rather than directly sampling points from the mesh.
This design makes the annotation pipeline closer to real-world inference, where object geometry is
reconstructed from camera observations. Similar to asset-level language annotation, we first compute
the object bounding box and place eight cameras around the asset with evenly spaced azimuth angles.
Each camera is oriented toward the bounding-box center and its distance is normalized by the object
scale.

Given the depth image D; from camera 7, camera intrinsics K;, and camera-to-world extrinsics
Ty = [R; | t;], each valid depth pixel (u,v) is back-projected into 3D as
)
X% = Di(u,v)K; ' |v], Xp = Rix$ 4+t
1
The fused object point cloud is obtained by aggregating valid points from all rendered views:

N
Pcam = U {quvv | Di(uav) > 07 Mi(“?”) = 1}a
=1

where N = 8 by default and M; denotes the object foreground mask from simulation. We remove
background points using the mask and merge all points into the object coordinate frame.

Coverage verification with mesh-based reference points. Although the final annotation point
cloud is reconstructed from rendered observations, we use mesh-based sampling only as a coverage
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check. Specifically, we sample a reference point set P55, from the object mesh and compare it with
the camera-fused point cloud P, inside the object’s 3D region of interest. We measure the surface
coverage ratio as

1 .
COV(PcamaPmes}z) = m e; 1 Lemplcgm ||p - QHQ < €|,
P mesh

where € is a distance threshold. We also compare the reconstructed 3D region of interest with the
mesh-level region using voxel occupancy:

‘V(’PCHWL) N V(Pmesh)|
V(Peam) UV (Pmesh)|

IOUrm‘ =

If either the surface coverage or ROI overlap is below a predefined threshold, we add extra cameras
targeting poorly covered regions and repeat the reconstruction. This adaptive step ensures that thin
structures, concave regions, and partially occluded parts are sufficiently observed while preserving
the camera-based nature of the final point cloud.

Point-cloud downsampling. The fused point cloud can contain a large number of points, especially
for high-resolution renderings. Before part segmentation, we downsample P.,,, to M = 80,000
points using farthest point sampling (FPS). Starting from an initial point set &7, FPS iteratively selects

* = arg max mi —s
p rgpepciémselgllp 2,

and updates S <+ S U {p*} until |S| = M. This preserves global shape coverage and avoids
over-concentrating points on large planar surfaces. The downsampled point cloud is denoted as Pggy.

Native 3D part segmentation. We perform asset-level part segmentation on Pggy, using the Hun-
yuan3D part segmentation model with 182M parameters, built on native 3D part decomposition
modules such as P3-SAM [57]] and X-Part [58]. The model predicts a set of part masks

M= {m}iy,  my € {0,117l

where each my, corresponds to one segmented part. For downstream modules that require denser
geometry, we propagate part labels from Pggy, back to the original fused cloud by nearest-neighbor
assignment:

lp)=/{|arg min ||p—gql2], P € Peam-
q€Psok

In our implementation, the segmentation stage takes approximately half a minute per object, making

it practical for large-scale automatic annotation.

Failure cases. The main failure mode of asset-level part segmentation is semantic granularity
mismatch. Some objects are segmented at a coarser level than required for manipulation. For
example, a wine glass may be predicted as a single part, while functional manipulation would
benefit from separating the bowl, stem, and base. Such over-merged parts can limit part-aware
language annotation and functional grasp generation, because different subparts correspond to
different interaction strategies. We therefore treat part segmentation as a visual prior rather than a
final executable label; downstream physics-based validation and task-specific geometric reasoning
are still required to produce executable action annotations.

B.2 Room-level Visual Annotation Details

Wall-based room decomposition. For each room-scale scene, we first decompose the scene into
individual rooms using wall boundaries and room-layout structure. Each room is represented as a
2D floor-plan polygon R ; in the global scene coordinate frame. This decomposition allows us to
scan and annotate each room independently, while later stitching the resulting maps into a global
room-level representation.
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Rule-based scan-pose sampling. For each room R ;, we randomly sample candidate camera and
LiDAR scan poses inside the room polygon. A sampled pose is accepted only if it satisfies simple
rule-based constraints: it must lie in free space, maintain a minimum distance from walls and large
obstacles, and have a valid viewing direction toward the room interior rather than directly facing a
nearby wall. We use simulator ground-truth segmentation only as an automatic view-quality signal.
For each candidate pose 7, we render an RGB image and an instance segmentation map, and compute
the set of visible object IDs:

V(?T) = {OEOj

Z 1[5 (u,v) = o] > Tarea} )

where O; is the set of object instances in room R, Sy is the rendered segmentation map, and Tarea
filters out tiny or barely visible objects. We then greedily select scan poses that maximize object-ID
coverage:

V(m)\ | V(m)

Ty — arg max
mell;

b

until the coverage ratio

U, V()|

COVobj =
0;
exceeds a predefined threshold or a maximum number of poses is reached. This prevents the room-
level annotation pipeline from using uninformative views that mostly face walls or empty regions,
and ensures that nearly all object instances in each room are observed at least once.

Multi-height occupancy from LiDAR and ray tracing. Given the selected scan poses, we
construct room-level occupancy maps using simulated LiDAR and ray tracing. For each pose 7; and
each height level h, € H, we cast horizontal rays in uniformly sampled directions. For a ray direction
d,, let p,, be the first-hit distance returned by ray tracing. The cells before the hit are marked as free,
while the hit cell is marked as occupied:

ft,@,a = {g(xt + Tdavhé) | 0<r< Pao — 6}7 Ot,é,oz = g(xt + padaahf)7

where x; is the scan position, g(-) maps a 3D point to a 2D grid cell, and ¢ is a small safety margin
before the surface hit. We aggregate all rays with a log-odds occupancy update:

)\occy ceE Otl,a,
L€<C) A Le(C) + ¢ Afrees; CE ft.{,om
0, otherwise,

and obtain the occupancy probability by Pp(c) = o(L¢(c)). The final multi-height occupancy
annotation is

gj = {G}'leG;'L27 R G?L}v

J

where different height slices capture floor-level free space, low obstacles, furniture geometry, and
wall-level structure.

Global map stitching. After scanning each room independently, we stitch all room-level maps into
a global scene representation using the floor-plan alignment and the global coordinate frame. Let 1"
denote the transform from the local room frame to the global world frame. For each room map G,
we project its grid cells into the global map:

G () = Puse; (G (1)),
where Fuse(-) combines overlapping evidence from adjacent rooms and shared boundaries. This

produces a globally consistent occupancy map, object-layout map, and top-view representation for
the entire scene.
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VLM-assisted wall and floor-plan filtering. Raw occupancy maps often contain both structural
elements and movable objects such as tables, chairs, cabinets, and shelves. To obtain a clean floor
plan and wall-structure annotation, we use the VLM as a structural component selector. We first
generate a top-view map with connected components and object labels, then prompt the VLM to keep
persistent room-structure components, such as walls, doors, and room boundaries, while filtering out
movable furniture and object clutter. Formally, given connected components C = {C} from the raw
top-view occupancy, the VLM predicts a subset C,,q;; C C, and the wall map is constructed as

w= U G

Cr€Cuwanl

The resulting room-level visual annotations include multi-height occupancy maps, object-layout
maps, cleaned floor plans, and wall-structure maps. These representations provide global spatial
priors for exploration, navigation target generation, and scene-level action annotation.

Prompt for VLM-assisted wall filtering. We use the following prompt to remove movable objects
from the raw top-view occupancy map and retain structural room boundaries.

Wall-structure filtering prompt

System: You are a careful annotation engine for indoor scene structure. Your
task is to identify persistent architectural structures in a top-view map.

Keep walls, room boundaries, door frames, and other fixed structural elements.
Remove movable objects such as tables, chairs, cabinets, shelves, sofas, lamps,
and small objects.

User: You are given a top-view occupancy map with connected components

and object labels. Each connected component has an ID. Please decide which
components correspond to permanent wall or room-boundary structures.

Rules: 1. Keep components that form long, continuous room boundaries. 2.
Keep components that separate rooms or define door openings. 3. Remove
components that correspond to furniture, movable objects, or clutter. 4. If a
component is uncertain, mark it as "uncertain" instead of guessing.

Return the result in JSON format with the following fields:

wall.omponent;ds, removed,bject.omponent;ds, uncertain.omponent;ds, reasoning.

C Details of physics annotation pipeline

C.1 Details of the Unified Action Annotation Schema

In the main paper, we describe action annotation as a hierarchical candidate-bank schema. Here we
provide additional details and concrete examples. The key idea is that action labels are not attached
to an object as a single canonical action. Instead, they are organized as a one-to-many mapping
from grounded visual anchors to compatible skills and then to multiple feasible action candidates:

visual anchor — functional affordance — compatible skills — candidate bank — action candidates.

This design explicitly preserves both action diversity and functional consistency. The visual-
language annotations do not only identify where an object part or keypoint is; they also provide
functional cues about how the region should be used. For example, a mug handle is not merely a
graspable geometry: it is a functional handle that supports holding, lifting, and pouring. In contrast,
the mug body may also be physically graspable, but such grasps are less functionally aligned for
tasks that require using the mug as intended. Similarly, a cabinet handle supports both grasping and
articulated opening, while the free space in front of the cabinet supports navigation and approach-pose
annotation.

Given an asset A, the visual annotation pipeline produces a set of grounded interaction anchors:
H(A) = P(A) UK(A) URM(A) UR™™(A),

where P denotes part-level regions, K denotes semantic keypoints, R*! denotes affordance regions,
and R*°"¢ denotes scene-level regions. Each anchor h € H(A) is associated with a grounded
functional affordance ¢(h), such as grasp-for-holding, grasp-for-opening, articulation, hanging, or
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navigation approach. We use ¢(h), together with language priors, geometric cues, and task constraints,
to infer a set of compatible skills S(h). For each anchor-skill pair, we maintain a candidate bank:

B = {aﬁj’fS}Nhl’s . seSh).

=

Each candidate action is represented as

af?, = (s ok, , 6(R), 29, 69, 70, 4, a®).

S

The notation is summarized in Table

Example: mug. For a mug asset, the visual annotation pipeline may identify several anchors,
including the handle region, the mug body surface, and semantic keypoints on the handle or rim.
In this example, we focus on grasp-related skills. The mug handle is a functional grasp anchor:
grasping the handle preserves the intended use of the mug and supports downstream tasks such as
lifting, carrying, pouring, or placing. The mug body may also be physically graspable, but it is
not necessarily a functional grasp region for these long-horizon tasks, since grasping the body can
occlude the cup, interfere with pouring, or produce task-irrelevant contact. Therefore, the schema
distinguishes functional grasp candidates from merely physically feasible grasp candidates.

For example, if h = hpandic and s = Sgrasp, then the candidate bank is

= (1) (2) (Nhpandte sgrasp)
thandle7sgrasp = {a a e, a .

RPhandle;Sgrasp’ ~ Phandle;Sgrasp’ ** * 7 Rhandle;Sgrasp

These candidates may correspond to grasping the handle from different sides, using different gripper
orientations, or approaching with different pre-grasp offsets. Because the handle carries the affordance
@(hhandle) = grasp-for-use, these candidates are interpreted as functional grasp candidates rather
than merely stable grasps. In contrast, candidates from hyoq4, may still be useful for simple pickup or
stabilization, but they are marked differently because they may not support downstream functional
tasks such as pouring. This allows downstream modules to select not only physically feasible grasps,
but also functionally appropriate grasps for long-horizon manipulation.

Example: cabinet. For a cabinet or drawer asset, the visual annotation pipeline may identify
anchors such as the handle, door panel, drawer front, and reachable free-space region in front of the
cabinet. These anchors support different skills. A handle anchor may support both grasping and
articulation, while a scene-level free-space anchor supports navigation and approach-pose annotation.
The key point is that the handle is not simply a graspable part: it carries the functional affordance of
opening or closing the articulated structure.

The cabinet example illustrates how functional grounding interacts with diversity. Diversity exists
across anchors: the handle and free-space region support different types of interaction. Diversity
also exists within each anchor-skill pair: the same handle-articulation pair may contain multiple
opening trajectories with different pull directions, waypoint sequences, and contact configurations.
At the same time, these candidates are function-conditioned by ¢(hnhandie) = grasp-for-opening, so
a valid grasp or trajectory is not only collision-free and kinematically feasible, but also useful for
opening the cabinet or drawer. Therefore, the cabinet is not annotated with a single “open” action;
it is annotated with a structured bank of validated, function-conditioned grasp, articulation, and
navigation candidates.

Discussion. This hierarchical representation provides a common interface for heterogeneous action
primitives while separating physical feasibility from functional suitability. Parallel-jaw grasping,
dexterous grasping, articulation, insertion, hanging, deformable manipulation, and navigation all
share the same high-level structure, while differing in the interpretation of ¢(h), 2, 9@ and 7®),
This allows downstream systems to query action annotations uniformly. For example, a manipulation
policy can request all functionally valid grasp candidates for a mug handle, a mobile manipulator
can request all feasible base poses for approaching a cabinet, and a data-collection module can
sample diverse candidates from B}, 5 according to validation score, functional affordance, or diversity
descriptor.
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Table 5: Symbols in the unified action annotation schema. The additional functional affordance term
¢(h) distinguishes functionally meaningful actions from merely physically feasible ones.

Symbol

Meaning

Examples

A

H(A)

7€aﬁ(¢4)

Rscene (A)

Input asset
Grounded anchors
Part regions
Semantic keypoints
Affordance regions
Scene regions

Visual anchor

Functional affordance

Compatible skills

Candidate bank

Bank size

Action candidate
Skill type

Associated instance

Concrete target

Action parameters

Trajectory

Validation metadata

Diversity descriptor

A single object such as a mug, or a room-scale scene
containing a cabinet, table, and floor space.

All actionable parts, keypoints, affordance regions, and
scene-level regions detected on asset .A.

Mug handle, mug body, cabinet handle, cabinet door,
drawer front.

Handle endpoint, drawer handle center, cabinet door cor-
ner, cloth corner.

Functional handle region, graspable region, support edge,
hook region, insertion socket.

Reachable free space in front of a cabinet, object-centric
approach region, collision-free base-pose region.

The handle region of a mug, the center of a cabinet handle,
or a free-space region in front of a cabinet.

For a mug handle: grasp-for-holding or grasp-for-pouring.
For a mug body: physical grasp or stabilizing grasp. For a
cabinet handle: grasp-for-opening. For free space: naviga-
tion approach.

For a mug handle: functional grasp or dexterous grasp. For
a cabinet handle: grasp and articulation. For free space:
navigation.

All feasible function-conditioned grasps on a mug handle,
or all feasible opening trajectories for a cabinet handle.
The number of validated grasp poses, dexterous contact
sets, articulation trajectories, or base poses for skill s at
anchor h.

One grasp pose, one dexterous contact configuration, one
articulation trajectory, or one navigation base pose.
Grasp, dexterous grasp, articulation, insertion, hanging,
deformable manipulation, or navigation.

The mug associated with a handle anchor, the cabinet door
associated with a handle anchor, or the scene containing a
navigation region.

A contact point, surface patch, support edge, opening cen-
ter, articulation handle point, or navigation base pose.

6D grasp pose, gripper width, contact set, hand configura-
tion, insertion direction, hanging pose, articulation axis, or
target base pose.

Approach-contact-retreat trajectory for grasping, pull tra-
jectory for articulation, or navigation approach path.
Collision status, inverse-kinematics feasibility, contact sta-
bility, task success score, path feasibility, trajectory statis-
tics, and functional success.

Target location, approach direction, contact mode, tra-
jectory family, grasp type, embodiment parameters, and
perturbation seed.

C.2 Details of the General Physics-based Action Generation Pipeline

C.2.1 Details of Candidate Target Generation

In the main paper, candidate target generation is summarized as the first stage of the physics-based
action annotation pipeline. Here we provide additional details. This stage converts visual-language
annotations into concrete target anchors that seed the candidate banks. The overall process is:

skill s+language annotation-+visual grounding — candidate region Cs; — sampled target anchors — filtered candidate bank.
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Table 6: Example instantiations of the unified action annotation schema for a mug. The handle is
treated as a functional grasp anchor, while the body surface mainly provides physically feasible but
less functionally aligned grasp candidates.

Symbol Mug example Interpretation

A Mug asset The input object to be annotated, including its handle, body
surface, rim, and opening geometry.

RAnandle Handle region A part-level anchor from P(.A) and an affordance anchor
from R*% (A). It provides the spatial support for functional
grasp candidates.

@ (Phandie) Grasp-for-use The functional affordance of the handle. It indicates that
grasps on this anchor are intended for holding, lifting, car-
rying, or pouring the mug.

Sgrasp Parallel-jaw grasp A compatible skill in S(Anhandie). This skill instantiates

thandlcvsgrasp

ail),

Sdex

thandle’sdex

hbody

d(hbody)

Bhbodyvsdex

Functional grasp bank

One handle grasp

Dexterous grasp

Functional dexgrasp bank

Mug body surface

Physical grasp

Body grasp bank

function-conditioned 6D gripper poses on the handle.

A set of feasible parallel-jaw grasp candidates on the mug
handle, with different contact locations, approach directions,
gripper orientations, and gripper widths. These candidates
are both physically feasible and functionally aligned with
using the mug.

One concrete functional grasp candidate. Here, z*) is a con-
tact point or patch on the handle, 0 contains a 6D grasp
pose and gripper width, 7@ stores an approach-contact-
retreat trajectory, v@ records IK, collision, and functional
feasibility, and d® records approach direction and grasp
mode.

Another compatible skill in S(Anhandle). The same func-
tional handle anchor can also instantiate multi-finger con-
tact configurations.

A set of feasible dexterous grasp candidates on the handle.
Candidates differ in fingertip contacts, palm pose, joint con-
figuration, and contact mode, while preserving the handle’s
functional role.

Another part-level visual anchor. It may be physically gras-
pable, but it is generally less functionally aligned with using
the mug for long-horizon tasks such as pouring or drinking.
The affordance of the body surface is treated as physical
or stabilizing grasp rather than functional grasp-for-use. It
can be useful for relocation or simple pickup, but may not
preserve the intended mug functionality.

A set of dexterous or stabilizing grasp candidates on the
mug body surface, with different contact sets, hand config-
urations, and stability scores. These candidates may pass
physical validation but receive different functional metadata
from handle grasps.

The key point is that candidate targets are not sampled from the entire asset uniformly. Instead, they
are sampled from skill-compatible and function-conditioned regions identified by the visual-language
annotation pipeline. For example, a mug handle can be selected as a functional grasp region for
holding or pouring, while the mug body can be selected as a physically graspable region for simple
pickup or stabilization.
Candidate region construction. Given an asset A and a skill type s, we first construct a set of
skill-compatible candidate regions:

Cs(A) =T (V'2me, Vs G(A))

where Y228 contains language-level semantics and functional priors, YViS contains visual annotations
such as part masks, keypoints, affordance regions, and scene maps, and G(.A) denotes the asset
geometry. Each candidate region ¢ € C4(.A) is associated with a functional affordance ¢(c), such
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as grasp-for-use, physical grasp, grasp-for-opening, support-for-hanging, or navigation approach.
This functional affordance determines whether a region is merely physically usable or useful for a
downstream task.

Different annotation sources provide candidate regions for different skills. Part masks are used to
identify object parts such as mug handles, mug bodies, cabinet handles, drawer fronts, and hooks.
Semantic keypoints are used for point-like anchors such as garment corners, handle centers, or
articulation keypoints. Affordance regions are used to identify functional regions such as handles,
openings, support edges, and hanging points. Room-level occupancy or BEV maps are used to
identify traversable free space and interaction-ready base-pose regions for navigation.

Sampling target anchors. After constructing Cs(.A), we sample concrete target anchors from each
candidate region. For object-centric skills, we first extract the subset of surface points or mesh faces
belonging to the candidate region. We then use farthest-point sampling (FPS) to obtain spatially
diverse target anchors:

pL~Pe,  pj=argmax min |ip—pil2,
where P, is the set of surface points inside candidate region c. FPS avoids generating many redundant
anchors in the same local area and encourages coverage over the entire functional region. For each
sampled point, we estimate local geometric attributes such as surface normal, tangent directions,
curvature, local patch size, and local reference frame. These attributes are later used to instantiate
grasp poses, contact frames, insertion frames, or articulation waypoints.

For keypoint-based skills, the annotated keypoints can directly serve as anchors. For example,
garment manipulation may use cloth corners or edge keypoints as grasp anchors. We can also sample
small perturbations around each keypoint to create nearby candidate anchors, then form bimanual
anchor pairs for skills such as stretching, folding, or lifting. These pairs are filtered by distance,
symmetry, visibility, and robot reachability.

For scene-centric skills, we sample targets on occupancy or BEV maps. Let MP"¢¥ denote the BEV
map and F denote the set of traversable cells. We sample 2D positions from F using grid sampling
or 2D FPS:

q; = (l'j, yjawj)v
where (2, y;) is a reachable location and ¢); is a base orientation. The orientation is chosen to face
the target object, affordance region, or manipulation anchor, possibly with multiple discrete approach
angles. These samples become navigation goals or interaction-ready base poses.

Geometry and embodiment filtering. The sampled anchors are filtered before they are inserted
into the candidate bank. Filtering removes targets that are unlikely to produce physically feasible or
functionally meaningful actions. The filters depend on the skill.

For grasping, we remove regions that are too small for the gripper, lack sufficient contact area, have
unsuitable surface normals, violate gripper-width limits, or cause immediate collision between the
gripper and the object. For example, if a part mask corresponds to a very thin or tiny decorative
detail, it may be visually detected but filtered out because the gripper cannot form a stable grasp
around it. For functional grasping, we further check whether the sampled target is consistent with the
intended affordance. A mug-handle grasp is retained as a functional grasp-for-use candidate, while a
mug-body grasp may be retained only as a physical or stabilizing grasp.

For dexterous grasping, we filter contact sets that violate hand joint limits, produce self-collision, lack
sufficient fingertip support, or place contacts on semantically inappropriate regions. For articulation,
sampled handle points are filtered by whether they can support the required motion direction, maintain
contact during pulling or rotating, and avoid collision with nearby geometry. For insertion, sampled
openings are filtered by entry size, alignment feasibility, collision-free approach, and whether the
insertion axis is geometrically well defined. For hanging, support edges or hooks are filtered by edge
orientation, contact stability under gravity, and clearance around the hanging object.

For navigation, BEV samples are filtered by traversability, clearance, path connectivity, and manipu-
lation reachability. A base pose must be collision-free, reachable from the scene layout, and close
enough for the robot to interact with the target object or part. We also remove base poses with poor
visibility or orientations that make the downstream manipulation target unreachable.
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Forming candidate banks. After sampling and filtering, each remaining target anchor becomes a
seed for action candidate generation. For a skill s and a candidate region c, the retained anchors are

denoted as
() Me,s
Tos = {20} "
S i
where xg S) may be a contact point, local surface patch, support edge, opening frame, handle interaction
point, navigation goal, or interaction-ready base pose. These anchors are then used to instantiate the

candidate bank:

B { (i) }N*w

hys = {%ps (. '
) a=1

At this stage, the candidates mainly contain target-level information. Later stages fill in skill-specific
action parameters, trajectories, optimization results, and validation metadata. For example, a sampled
mug-handle anchor becomes several 6D grasp candidates with different approach directions and
gripper widths; a sampled cabinet-handle anchor becomes several grasp and articulation candidates;
and a sampled BEV base pose becomes a navigation candidate with an approach direction and
optional path.

Example: mug. For a mug, language annotations identify the handle as a functional region for
holding, lifting, and pouring. The visual annotation pipeline grounds this cue into a handle part mask.
Candidate target generation then samples target anchors on the handle using FPS. These anchors seed
a functional grasp bank:
Bhanaie sSgrasp *

In parallel, the mug body may be identified as a physically graspable surface. FPS on the body mask
can produce additional grasp anchors, but these are marked with a different functional affordance,
such as physical grasp or stabilizing grasp. Thus, both handle and body grasps can be physically
feasible, but only the handle grasps are labeled as functional grasp-for-use candidates for tasks such
as pouring.

Example: garment. For a garment, semantic keypoints such as corners, sleeves, hems, or collar
points directly define candidate anchors. Instead of sampling densely over the entire cloth surface, the
pipeline samples around these keypoints and forms keypoint pairs for bimanual actions. For example,
two sleeve endpoints may seed a stretching trajectory, while two bottom corners may seed a folding
or lifting trajectory. Candidate pairs are filtered by visibility, distance, symmetry, and whether the
robot can reach both anchors simultaneously.

Example: cabinet. For a cabinet, language annotations identify the handle as a functional region for
opening, and visual grounding provides the handle mask or handle keypoint. FPS samples interaction
anchors on the handle. The same handle region can seed both a grasp bank and an articulation bank:

thandleasgrasp and thandleysart °

Grasp candidates are filtered by gripper feasibility and collision, while articulation candidates are
filtered by whether the sampled handle point can support the required pull or rotation direction. For
a room-scale cabinet scene, the BEV map additionally provides free-space regions in front of the
cabinet. Grid sampling or 2D FPS generates candidate base poses, which are filtered by traversability,
clearance, and whether the robot can reach the handle from that pose.

C.3 Details of Trajectory Generation

After candidate target generation, each retained target anchor is converted into an initial trajectory
or waypoint sequence. This stage does not yet produce the final executable trajectory; instead, it
provides a template-level motion seed that is later refined by trajectory optimization and checked by
physics validation. Given a candidate action with anchor h, functional affordance ¢(h), target (0,
and skill-specific parameters 0(Y), we generate an initial trajectory

) =g, (h o(h), @, 91, A) ,

where G, is a primitive-specific trajectory generator. Although each skill has its own motion template,
we organize these templates by the source of their constraints, as summarized in Table[I0]
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Object-property-conditioned trajectories. This family uses static object or garment properties
to generate motion templates. For parallel-jaw grasping, a candidate target provides a grasp pose
Tarasp = [Rgrasp7 pgrasp] and an approach direction ag,sp. We generate a short approach-contact-
retreat trajectory:

Tpre = [Rgraspa Pgrasp — 5preagrasp] ) Tret = [Rgrasp; DPgrasp + 51'etr] )

where 6y, is the pre-grasp offset, 0, is the retreat distance, and r is a retreat direction such as the
reverse approach direction or an upward lifting direction. The resulting template is

To = (Tpre7 Tgrasp7 Tclose, Tret) .

For dexterous grasping, the same idea is extended to palm poses, fingertip contact sets, and hand joint
configurations. The pre-grasp pose is chosen to approach the object without early collision, and the
closure phase follows the candidate contact set.

For garment manipulation, trajectories are generated from semantic keypoints. For an upper-body
garment, we use keypoints such as left/right sleeve endpoints, left/right bottom corners, and left/right
shoulder points:

ICtop = {klslva krslv7 klba krba klsha krsh} )

where “slv”’” denotes sleeve, “b” denotes bottom, and “sh” denotes shoulder. A sleeve-fold trajectory
is generated by defining a fold line from the shoulder to the bottom corner on each side. For the left
sleeve, the fold line is

by, = £ (kisn, ki)

and the sleeve target is obtained by reflecting the sleeve endpoint across this line:
kl*slv = RefgL (klslv) .
Similarly, the right sleeve is folded using the line

gR =/ (krshv krb) 5 oy = Reng (krslv) .

rslv

The generated bimanual waypoint sequence lifts the sleeve endpoint, moves it toward the mirrored
target, and places it inside the garment body. After sleeve folding, we generate a bottom-up fold by
moving the bottom keypoints toward the shoulder line:

lsn = L (kign, kesn) , ki, =1y, (ki) % = Mo, (Keb)

where II, denotes projection onto line ¢. This produces a folding sequence in which the bottom hem
is lifted and folded toward the shoulder region.

For pants, we use a symmetric folding rule. We first estimate the central axis of the pants from
waistband and leg keypoints. The two side or leg regions are folded toward the central axis so that the
legs overlap. Then the bottom or cuff keypoints are folded upward toward the waistband region. A
second bottom-up fold can be applied to compact the garment further. Thus, pants folding follows a
“side-fold then fold-again” template:

left/right side fold — bottom-to-waist fold — second compacting fold.

For fling-like garment motions, we choose two keypoints, such as sleeve endpoints or bottom corners,
and generate a bimanual lift-and-stretch trajectory. The lift height, lateral stretch, and optional
shaking amplitude are scaled by the garment length

Lgarment = Hkl - kQHQ’

so that larger garments receive longer trajectories while remaining within bimanual reachability
constraints.

Table [TT] summarizes the garment templates.
Object-trajectory-conditioned trajectories. This family is used for articulated objects whose
moving parts follow a joint trajectory. Examples include opening a cabinet door, pulling a drawer,

closing a lid, rotating a button, or pushing a button. The key constraint is that the end-effector should
follow the moving object part while maintaining the intended contact or grasp relation.
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Let Tpart (q) denote the pose of the moving part at joint state ¢, and let 7.2}* denote the end-effector
pose after grasping or contacting the handle at the initial joint state g;n;¢. For handle-based articulation,
we preserve the relative transform

—1rpinit
Trel = Tpart (qinit) Telgfl .
For any later joint state g, the idealized end-effector pose is

Teef(q) = Tpart (q)Trel~

We generate a waypoint sequence by interpolating the joint state
qj = qinit +JAG, j=0,...,J,

until a target joint state ¢goa1 is reached. This formulation applies to both revolute joints, such as
doors and lids, and prismatic joints, such as drawers. The generated end-effector waypoints are later
checked by inverse kinematics, collision checking, and contact-maintenance validation.

Different articulation actions use different joint schedules and contact assumptions, as shown in
Table 2]

Object-vector-conditioned trajectories. This family is used when the action is defined by a
semantic or geometric direction rather than by an articulated part trajectory. Examples include
insertion, hanging, pouring, and placement. Each action has an active vector, a passive vector, or
both. The active vector belongs to the manipulated object, such as the axis of a peg or the pouring
direction of a container. The passive vector belongs to the target region, such as the axis of a socket,
the normal of a placement surface, or the support direction of a hook.

For insertion, we align the active insertion axis u,c; with the passive insertion axis Upqs:
Ruact ~ *upasa

where R is the end-effector or object orientation. Given an insertion target position p,, and insertion
direction up,,s, we generate an approach and execution trajectory:

Ppre = Ptar — 5preupasa p(t) = Dpre T tdinsupasy te [07 1]

For hanging, the end-effector approaches a support edge or hook along a clearance direction, places
the object into a stable contact configuration, and then lowers or releases the object along gravity.
For pouring, the trajectory rotates the grasped object so that its active pouring vector aligns with the
desired passive receiving direction or target container. For placement, the trajectory aligns the object
with the support normal, approaches the placement pose, releases, and retreats.

Table [T3]summarizes representative object-vector-conditioned templates.

Scene-trajectory-conditioned trajectories. For scene-level skills, trajectory generation operates
on room-level occupancy or BEV maps. We first extract traversable free-space cells and sample
interaction-ready base poses around the target object, part, or affordance region. Each base pose is
represented as

q=(z,y,%),

where (z,y) is a reachable location and ¢ is the base orientation facing the manipulation target.
Given the current robot pose and a sampled target base pose, we compute a coarse global navigation
path using A* on the occupancy or BEV grid. This produces a sequence of grid-level waypoints
connecting free space to the interaction region.

The A* path is used only as a geometric trajectory seed. It does not fully account for embodiment-
specific motion constraints, such as the turning radius of Ackermann platforms, differential-drive
dynamics, or holonomic constraints for quadrupeds and humanoids. These constraints are handled in
the subsequent trajectory optimization stage, where the A* path is locally refined by rollout-based
control such as DWB. The resulting scene-level trajectory provides a collision-free and interaction-
ready approach path to the manipulation target.
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1228 C.4 Details of Trajectory Optimization

1229 After trajectory generation, each candidate action has an initial template-level trajectory Téi) and skill-

1230  specific parameters 9(()1). These templates are intentionally simple: they are generated from geometric
1231 rules, motion templates, A* paths, or keypoint-based heuristics. The trajectory optimization stage
1232 refines them into asset-specific and embodiment-aware candidates before physics validation. Given a
1233 candidate action

af?, = (s o(h), b, 6(h), 2, 60, 70, 40 a),

»S

1234 we optimize the action parameters and trajectory as
(9,@, Tii)) = arg rgin & (677'; h, q/)(h)7x(i),,4, R) ,

1235 where R denotes the robot embodiment, including its kinematics, collision model, gripper or hand
1236 model, and, for navigation, base dynamics. We use a skill-dependent objective:

55 = )\funcEfunc+>\taskEtask+)\geomEgeom+>\contactEcontact+)\collEcoll+)\kinEkin+)\smoothEsmooth-

1237 The terms are activated depending on the skill. Ey,,. encourages consistency with the grounded
1238 functional affordance ¢(h), Eiask tracks task-specific goals such as opening, insertion depth, or
1239 navigation target, Fgcom adapts waypoints to asset geometry, Econtact improves contact alignment or
1240 contact maintenance, E.,) penalizes penetration and unsafe clearance, F\;, enforces embodiment-
1241 specific kinematics or dynamics, and Fgy,00tn regularizes motion. The optimized output is not yet
1242 treated as a final annotation; it is passed to physics validation, where infeasible candidates are rejected.

1243 Dexterous and contact-aware optimization. For dexterous grasping, the initial candidate usually
1244  specifies a target region, a set of possible contact points, and an initial hand or palm pose. However,
1245  this template may not be physically plausible: fingertips may not align with the object surface, the
1246 hand may penetrate the object, the joint configuration may violate limits, or the contact set may not
1247 support the intended task. We therefore optimize the hand pose, finger joints, and contact assignment
1248 jointly.

1249 Let gnang denote hand joint angles, T},,,q denote the hand root pose, and C denote selected contact
1250 links or fingertips. The contact point generated by forward kinematics for contact ¢ € C is denoted by

Pe = FKC(Thandv qhand)~

1251 Given a grounded functional region h with affordance ¢(h), we use a region-consistency term

Eregion - Z dist (pm h)2 )
ceC

1252 where dist(p., h) measures the distance from the contact point to the grounded part mask or af-
1253 fordance region. This term prevents the optimizer from drifting to geometrically convenient but
1254 functionally incorrect contacts. For example, if ¢(h) is grasp-for-use on a mug handle, contacts are
1255 encouraged to stay on the handle rather than moving to the mug body.

1256 To improve physical grasp quality, we add contact and wrench-compatibility terms. Let n. be the
1257 local surface normal at the matched object point and f. be a feasible contact force under a friction
1258 cone. A generic wrench-compatibility term can be written as
2
Eyrench = Z wj; — ZGcfc,j s fc,j € ’C,uca
2

J ceC

1259 where w; are target wrench directions, GG maps contact forces to object wrenches, and KC,,, is the
1260  friction cone at contact c. This term encourages the selected contacts to support task-relevant external
1261 wrenches. For a functional mug-handle grasp, the target wrench set can emphasize lifting or pouring
1262 stability; for a cabinet-handle grasp, the target wrench set can emphasize pulling along the opening
1263 direction.

1264 We also use distance, collision, and kinematic penalties:

Econtact = ZP (d.A(pc)) 5 Ecoll = Z max (0; €safe — dobs(b))2 5
ceC b
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where d 4 measures signed distance to the target object surface, dops(b) measures clearance for hand
or arm body element b, and p(-) encourages near-surface contact without excessive penetration. Joint
limits and self-collision are included in Fy;,. The optimized dexterous candidate stores the final hand
. . ) : (D) (@)
pose, joint configuration, contact set, pre-grasp pose, and approach trajectory in 8, and 7, .
Pre-grasp and approach refinement. For grasp-related skills, optimization also refines the pre-
grasp and approach motion. Given an optimized grasp pose Trasp and approach direction a, the
initial pre-grasp pose is typically placed as

Tpre = Tg‘rasp S 6prea7

where d,,, is an offset along the reverse approach direction. This pre-grasp can fail when nearby
geometry blocks the approach path. We therefore optimize the approach offset, approach direction,
and intermediate waypoints to reduce collision and improve reachability:

Eapproach = Z Ecoll(Tt) + )\dir Z ||Apt - Oéta”; + )\Sl’nOOth Z ||Tt+1 S :Z—‘t”2 .
t t t

This produces a collision-aware approach-contact-close-retreat trajectory. For dexterous hands, the
finger closure phase is also adjusted so that fingers contact the object progressively without early
penetration.

Adaptive geometry-aware waypoint optimization. Some primitives require adapting template
waypoints to asset-specific geometry. This is especially important for deformable or articulated
objects, where a fixed motion template can fail across different shapes or scales. We represent the
generated template waypoints as

ﬂ]::{p?w",p%}v
and optimize corrected waypoints

pi =1} + Ape

under task and geometry constraints:

{Apt};p:l = arg {Iilln} Z ||Apt||§ + )\geomEgeom + )\reaChEreach + )\smoothEsmooth~
Pt 7

This keeps the optimized trajectory close to the template while adapting it to the current asset.

For garment folding, we adapt fold targets according to keypoint distances. For an upper-body
garment, sleeve folding uses sleeve endpoints, shoulder keypoints, and bottom corners. The template
places the sleeve endpoint at a mirrored target inside the garment body. However, the exact place
point should depend on sleeve length and body width. We therefore scale the inward displacement by
garment geometry:
5sleeve = Chp (asleeveleeevea 5mina 5max) )

where Lgeeve 1S the distance between the shoulder keypoint and sleeve endpoint. The sleeve place
point is shifted inward by dgjeeve along the fold direction. Similarly, for bottom-up folding, the target
position is adapted using the hem-to-shoulder distance:

(Sbottom = Chp (abottomLhem—>shouldera 6mina 6max) .
This prevents short garments from being over-folded and long garments from being under-folded.

For pants, the generated template first folds the two sides or legs toward the centerline and then folds
the bottom region upward toward the waistband. Optimization adjusts the side-fold and bottom-fold
targets according to leg length, waistband width, and bimanual reachability. If the two grasp points
are too far apart for the embodiment, the optimizer moves them to nearby keypoint perturbations or
selects a shorter folding displacement while preserving the same folding intention.

For fling-like garment motions, the template chooses two keypoints and generates a bimanual lift-and-
stretch trajectory. The lift height and lateral stretch are scaled by the distance between the selected
keypoints:

Hlift = Chp (aHHkl - k2H2a Hmina Hmax) 3 Dstretch = Chp (OZD”]C] - k2||27 Dmirn Dmax) .

The optimizer then adjusts these values to satisfy bimanual reachability and avoid self-collision
between the two arms.
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Articulation trajectory refinement. For articulated objects, trajectory generation produces way-
points by following the motion of a movable part, such as a cabinet door, drawer, lid, or button. The
initial trajectory assumes that the robot maintains an intended contact or grasp relation to the moving
part. However, a direct template may fail because of robot reachability limits, collision with the
object frame, or loss of contact. We therefore optimize the end-effector waypoints, joint schedule,
and contact pose.

Let g; denote the object joint state at waypoint ¢, and let T,cf s be the corresponding end-effector
pose. We use a tracking term that encourages the end-effector to follow the moving part:

—~ 2
Eart-track = Z HTeef,t o Teef(Qt)H ,
t

where ief(qt) is the idealized end-effector pose computed from the articulated part motion and the
initial grasp or contact relation. We also use a contact-maintenance term:

. 2 2 : T
Emaintain = § dlSt (pcontacmt, h) + )\n (1 - ncontact7tnpart,t) )
t

t

which keeps the contact point on the handle or movable part and encourages consistent contact
normals.

For handle-based opening and closing, the optimizer adjusts the waypoint spacing and pull direction
so that the robot can maintain contact while the door or drawer moves. For push-based closing,
the trajectory is optimized to maintain safe pushing contact without requiring a fixed grasp. For
buttons, the optimization bounds the push displacement by the button travel range and aligns the push
direction with the button normal. For rotating buttons or lids, angular waypoints are refined to satisfy
wrist reachability and avoid collisions.

Object-vector-conditioned trajectory refinement. Vector-conditioned skills are defined by se-
mantic or geometric directions, such as insertion axes, hanging directions, pouring directions, and
placement normals. The template trajectory aligns the object or end-effector with the vector and
moves along it. Optimization improves alignment, clearance, and task-specific feasibility.

For insertion, let u,.¢ be the active insertion axis of the manipulated object and u,,,¢ be the passive
insertion axis of the target opening or socket. The alignment cost is

Ealign =1- (Ruact)T (_upas) ,

where R is the object or end-effector orientation. The insertion trajectory also includes an approach-
clearance term and an insertion-depth term:

2
Einsert = )\alignEalign + )\depth (ztarget - zinserted) + )\COHECOH'
This refines the alignment pose, entry pose, and insertion depth.

For hanging, optimization adjusts the approach pose so that the object clears the hook or support edge,
establishes contact, and lowers into a gravity-stable configuration. The stability term encourages the
object center of mass to lie below or behind the support contact after release:

2
Eha.ng = Ealign + Acom Max (07 Aunstable) + Aclear Eclearance-

For pouring, the optimizer refines the rotation trajectory around the grasp frame so that the pouring
vector points toward the receiving region while avoiding excessive wrist rotation or collision. For
placement, the optimizer aligns the object with the support normal and adjusts the release height and
retreat direction.

Scene-level trajectory optimization with DWB. For navigation and approach-pose annotation,
trajectory generation first produces a coarse global path using A* on an occupancy or BEV map.
This A* path is geometrically valid on the grid, but it may not respect the robot’s embodiment
dynamics. For example, an Ackermann platform has a minimum turning radius, a differential-drive
base has coupled forward and angular velocities, while a quadruped or humanoid base can often
be approximated as holonomic in the navigation layer. We therefore refine the A* path using a
DWB-style local rollout optimizer.
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Let the robot base state be
qt = (:Eta yhz/}t)a
and let u; be a velocity command. The admissible control set depends on the embodiment:

Ut G;Z452.

For a differential-drive base,
Ut = (Ut, Wt)7

and the rollout model is
xtJrl = Xt + At V¢ COS ’(/)t7 yt+1 =Yt + At V¢ Sin ’(/Jt, ¢t+1 = ’lﬂt —|— At Wt.

For an Ackermann platform,
: v
Ut = (vtvét)a ¢t = fttan(sta |5t| S 5maxa

where L is the wheelbase and J; is the steering angle. This naturally enforces a turning-radius
constraint. For holonomic bases, such as quadruped or humanoid navigation abstractions, we use

Uty = (Uz,t, Uy,tuwt)a
which allows lateral motion in addition to rotation.

DWB samples short-horizon velocity commands and rolls them out under the corresponding dynamics.
Each rollout is scored by

JDWB = wpatthath + wgoangoal + wostobs + wclearjclear + wsmoothjsmooth + Wreach Jreach-

Here, Jpatn measures deviation from the A* path, Jg,,1 measures distance to the target base pose,
Jobs penalizes collision with obstacles, J.jear €ncourages clearance, Jsmooth penalizes abrupt velocity
changes, and Jyeach evaluates whether the final base pose can support manipulation of the target
object or part. The best rollout becomes the optimized local trajectory segment. Repeating this
process along the path converts the A* seed into an embodiment-feasible approach trajectory.

Manipulation reachability during navigation optimization. For scene-level trajectories, reaching
a base pose is not sufficient; the pose must also support the downstream manipulation target. We
therefore add a reachability score to the DWB objective. Given a target manipulation anchor A and a
candidate base pose ¢, we estimate whether the robot arm or body can reach the anchor:

Jreacn (g, ) = min [[FK(&) — 2 ))? + AL fail,
§€E(q)

where Z(q) is the set of feasible arm configurations at base pose ¢, and x}, is the target position or
pose induced by anchor h. In practice, this can be approximated using reachability maps, IK queries,
or distance-to-workspace heuristics. This term favors base poses from which the robot can both see
and manipulate the target part.

Candidate scoring and metadata. After optimization, each candidate receives an optimization
score and metadata before physics validation. We store both the optimized action and the individual
objective terms:

(4)
Uopt = {Ef11n07 Etaslq Egeoma Econtact; Ecolh Ekin7 Esmooth7 Etotal} .

These values are later combined with simulation-based validation results. The diversity descriptor
d™ is also updated after optimization to record the final target location, approach direction, contact
mode, trajectory family, base-pose class, or embodiment-specific command profile.

Discussion. The optimization stage is deliberately separated from physics validation. Optimization
improves candidate quality under differentiable or efficiently computable objectives, while validation
performs stricter checks such as simulation rollout, collision verification, IK success, traversability,
contact stability, and task-specific success. This separation allows AnnotateAnything to scale to
many candidates per anchor-skill pair while still retaining only physically feasible and functionally
meaningful action annotations.
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C.5 Details of Physics Validation

Physics validation is the final filtering stage before an optimized candidate is stored as an action an-
notation. Although candidate generation and trajectory optimization produce geometrically plausible
actions, many candidates still fail when executed in simulation due to unstable contact, insufficient
force closure, object penetration, articulation blockage, unreachable arm motion, or deformable-object
entanglement. Therefore, validation is a critical step for improving downstream rollout success.

Given an optimized candidate

af?, = (s ok, , 6(h), 29, 60, 79, 40, a®),

yS

we run physics rollouts under a validation embodiment e.,; and a perturbation setting =:
@ =P, (agi)s, A, eqal, E) .

The validation result v(*) records success flags, collision statistics, contact stability, task progress,
robustness scores, rollout length, disturbance settings, and the embodiment used for validation.
Candidates that fail the corresponding skill-specific checks are rejected.

Floating embodiment validation. For most object-centric skills, we use a floating embodiment,
such as a floating parallel gripper or floating dexterous hand. The floating embodiment directly
executes the optimized object-centric trajectory without attaching the gripper or hand to a specific
robot arm or mobile base. This setting is used for skills where the main question is whether the
local object interaction is physically meaningful, such as parallel-jaw grasping, dexterous grasping,
insertion, hanging, placement, pouring, and many handle-based articulation candidates.

This design decouples object-level physical feasibility from a particular downstream robot config-
uration. In downstream data collection, robot-object relative poses may be randomized, and the
same asset-level annotation can be consumed by different robot embodiments. Enforcing full-arm
inverse kinematics during annotation would prematurely reject many locally valid interactions simply
because one particular arm pose cannot reach them. Floating validation instead focuses on contact,
penetration, local collision, object stability, task progress, and whether the action preserves the
intended functional affordance ¢(h).

For a parallel-jaw grasp, the floating gripper follows the pre-grasp trajectory, closes at the grasp pose,
and then runs a stability test. For a dexterous grasp, the floating hand moves to the pre-grasp pose,
closes according to the optimized joint configuration or contact schedule, and checks whether the
object is actually constrained by the hand. For articulation, the floating gripper or hand grasps or
contacts the handle and follows the generated opening, closing, rotating, or pushing trajectory. For
vector-conditioned skills such as insertion or hanging, the floating end-effector follows the aligned
approach and execution trajectory and verifies whether the object reaches a stable or task-complete
state.

Non-floating or full-robot validation. Some skills are strongly embodiment-dependent and cannot
be reliably validated with a floating gripper or hand. For these skills, we use a non-floating validation
setting, including the full manipulator, arm, gripper or hand, and, when needed, the mobile base.
This setting is used when IK feasibility, arm reachability, self-collision, singularities, or robot-body
interaction directly determine task success.

We use full-manipulator validation for tasks such as garment pushing, washing, retrieval from
entangled configurations, and other long-horizon deformable-object interactions. These tasks can
fail even when the local hand trajectory looks reasonable, because the arm may pass through an IK
singularity, become unreachable, collide with the environment, or entangle with the garment. In
such cases, floating validation would overestimate feasibility. Full-robot validation therefore checks
arm IK, joint limits, self-collision, arm-object collision, singular configurations, and task-specific
deformable outcomes.

For navigation and approach-pose annotations, we use a base-aware non-floating setting. The A*
path generated in the trajectory generation stage is checked and locally refined under the robot’s
base model, for example through DWB-style rollout. This allows the validation to account for
embodiment-specific constraints such as differential-drive velocity limits, Ackermann turning radius,
or holonomic base motion.
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Disturbance and gravity robustness. For grasp and dexterous grasp candidates, nominal execution
is often insufficient. A grasp can appear successful under one gravity direction but fail as soon as
the object is perturbed or the gravity direction changes. To reject such fragile candidates, we apply
randomized disturbances and gravity robustness tests during validation.

For each grasp or dexterous grasp candidate, we sample K = 8 random gravity directions:
gkzl.BgOuk, ukNSZ, k‘Zl,...,&

where g is the nominal gravity magnitude and ug is a random unit direction. The gravity magnitude
is scaled by 1.5 to create a stricter robustness test. We also apply small randomized disturbances,
such as object pose jitter, hand pose jitter, or external perturbation forces, depending on the skill and
simulator setting. A candidate is accepted only if it remains stable under the required robustness tests
or exceeds the skill-specific pass threshold.

This gravity randomization is especially useful for detecting grasps with insufficient contact. For
example, a parallel-jaw grasp may lift the object under the default gravity direction but drop it when
gravity is rotated, indicating that the contact patch is too small or the object is only supported by
incidental contact. Similarly, a dexterous grasp may visually appear to wrap around the object, but
the object may not actually be constrained by the fingers; randomized gravity reveals such failures.

Skill-specific validation criteria. Each skill family uses task-specific success criteria in addition to
generic collision and stability checks.

For parallel-jaw grasping, we check whether the gripper can approach without collision, close on
the object, maintain sufficient contact, and keep the object stable under disturbance and randomized
gravity. The object should not slip, fall, or rotate beyond the allowed tolerance during the stability
rollout.

For dexterous grasping, we check hand joint validity, self-collision, hand-object penetration, fingertip
or palm contact, and object stability. We also check whether the optimized grasp actually constrains
the object rather than merely placing fingers near the object. This distinction is important because
dexterous grasp candidates can look visually plausible while providing little or no effective contact.

For articulation, we check whether the end-effector maintains contact with the handle or moving part,
whether the object joint progresses toward the intended open, close, rotate, or push state, and whether
the gripper or hand becomes stuck in the geometry. For dexterous articulation, we additionally check
hand joint limits and self-collision, since fingers can become trapped in narrow handles or deformed
by contact with the moving part.

For insertion, hanging, placement, and pouring, we check alignment, clearance, stability after release,
and task progress. For example, insertion candidates should reach sufficient insertion depth without
collision; hanging candidates should remain stable under gravity after release; placement candidates
should settle on the support surface; and pouring candidates should maintain the intended orientation
and avoid collision.

For garment and deformable-object skills, we check full-arm reachability, IK stability, collision
with the cloth or environment, and whether the resulting cloth state satisfies the intended geometric
outcome. We reject trajectories that pass through singularities, cause the arm to move erratically,
wrap the garment around the arm, or lead to severe entanglement.

For navigation, we check that the path is traversable, collision-free, connected to the target base pose,
and compatible with the robot’s base model. We also check manipulation reachability at the final
base pose, since a navigation target is useful only if the robot can interact with the annotated object
or part from that pose.

Parallel validation. Physics validation is computationally expensive because each asset can contain
many anchors, each anchor can support multiple skills, and each anchor-skill pair can store many
candidates. Moreover, the pass rate can be low, especially for dexterous grasping, articulation,
and deformable-object tasks. We therefore run validation in parallel across assets, skills, anchors,
candidates, and perturbation trials.

The validation jobs are grouped by skill and embodiment so that candidates with similar simulation
settings can be batched together. For example, floating-gripper grasp candidates can be evaluated
in one group, floating-dexterous-hand candidates in another group, and full-manipulator garment
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trajectories in a separate group. Within each group, multiple candidates and multiple robustness trials
can be executed concurrently. We also use early termination: if a candidate penetrates the object,
loses contact, drops the object, fails to progress, or violates a joint limit, the rollout is stopped and
marked as failed. Parallel validation is essential for scalability; without it, the number of simulation
rollouts would become prohibitive.

Common failure cases. The validation stage rejects many candidates that appear plausible from
geometry alone. Table [22] summarizes common failure modes observed across different skills.

Discussion. The separation between floating and non-floating validation is important for scalability
and generality. Floating validation keeps the annotation object-centric and reusable across downstream
embodiments, while full-robot validation is applied only when embodiment feasibility is intrinsic to
the skill. Robustness tests, especially randomized gravity directions and disturbance rollouts, prevent
the dataset from retaining fragile candidates that only succeed under a single idealized condition.
Finally, parallel validation makes it practical to evaluate large candidate banks and retain high-quality,
physically feasible, and functionally meaningful action labels.

C.6 Details of Physics-aware Augmentation

After physics validation, each accepted candidate is physically feasible under its original target, pose,
trajectory, and validation setting. However, storing only the validated seed candidates would still
limit action diversity. We therefore apply physics-aware augmentation to expand each candidate
bank while preserving physical feasibility and functional consistency. The goal is to produce multiple
valid variations of an action around the same functional anchor, rather than changing the semantic
meaning of the action.

Given a validated candidate

afl, = (s, ofh), h, ¢(h), 2, 69, 70, v, d),

75 =
, Sy M;
u(a,) ={a} .
. s i
where each augmented candidate d;:‘,g ) preserves the same skill s, visual anchor h, and functional
affordance ¢(h), but perturbs the concrete target, action parameters, or trajectory. The augmented

candidate bank becomes B _
Bh,s = Bh,s U U Z/{(a;f’)s> .

aj)) B

we generate an augmented set

We use two complementary augmentation mechanisms: local perturbation augmentation and
symmetry-aware augmentation.

Local perturbation augmentation. Local perturbation samples small variations around a validated
anchor target or trajectory while keeping the action inside the same grounded region. This is useful
because many skills admit a local family of feasible actions. For example, a mug handle can be
grasped at slightly different contact centers and approach rotations; a garment sleeve fold can place
the sleeve endpoint within a small region around the nominal mirrored target; and a cabinet handle
can be pulled from slightly different handle points or approach directions.

For a target 2(*), we sample a perturbed target
F09) = 2 4 Az, Azl ~ D, (h,s),

where D,.(h, s) is a bounded perturbation distribution defined by the anchor type and skill. For
surface-based anchors, the perturbation is restricted to the part mask or affordance region. For
keypoint-based anchors, the perturbation is restricted to a keypoint confidence region. For scene-level
anchors, the perturbation is restricted to traversable free space or a reachable base-pose region.

For pose-based actions, we also perturb orientation and skill parameters:

409 — i) @ AU,
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where A#U) may include in-plane grasp rotation, approach offset, gripper width adjustment, dexterous
hand contact reassignment, insertion-axis offset, pulling-direction perturbation, or base-orientation
perturbation. For trajectory-based actions, we perturb waypoint locations or timing:

.. T
2(67) — {Tt ® ATt(J)}

These perturbations are bounded to preserve the original task intent. For example, a cabinet-handle
articulation candidate may perturb the handle contact point and pulling direction, but it must still
move along the valid opening direction. Similarly, a functional mug-handle grasp may perturb the
contact center and gripper yaw, but it should remain on the handle and preserve the grasp-for-use
affordance.

Garment-specific local augmentation. Garment actions benefit from local perturbation because
keypoint annotations and deformable-object outcomes naturally contain uncertainty. For fling, we
jitter the selected grasp keypoints within local confidence regions around sleeve endpoints, bottom
corners, or hem keypoints. The lift height, lateral stretch, and release location can also be randomly
perturbed within a bounded range scaled by garment size. For folding, we perturb the fold line
and place target. For example, in upper-body garment folding, the sleeve endpoint is first mirrored
inward using the shoulder—bottom fold line; augmentation then samples nearby place points around
this mirrored target. For bottom-up folding, the bottom-corner place points are jittered around the
shoulder or upper-body target region. For pants, the side-fold target and bottom-up fold target are
perturbed around the centerline and waistband region. These variations increase trajectory diversity
while preserving the intended fold structure.

Grasp and dexterous grasp augmentation. For parallel-jaw grasping, we augment a validated
grasp by perturbing the contact center, approach offset, gripper width, and in-plane rotation around
the grasp axis:

Tgrasp — dgrasp 2] (Ap7 AR)7

where Ap is constrained to remain within the graspable part or affordance region, and AR is bounded
to avoid changing the grasp family. For dexterous grasping, we perturb palm pose, fingertip contact
seeds, finger closure timing, and small joint offsets. These perturbations must preserve contact
coverage, joint-limit feasibility, self-collision constraints, and functional-region consistency. For
instance, dexterous mug-handle grasps remain on the handle, while body grasps remain labeled as
physical or stabilizing grasps rather than functional grasp-for-use.

Articulation augmentation. For articulation, local perturbation is applied to the handle contact
point, grasp orientation, pulling direction, waypoint spacing, and target joint range. This is important
because a single handle can often be pulled from multiple nearby points and directions. However, the
perturbation must preserve the articulation affordance: opening trajectories should still follow the
joint motion, closing trajectories should move toward the closed state, and push-button trajectories
should remain aligned with the button normal. Perturbed articulation candidates are checked for
collision, contact maintenance, joint progress, and whether the gripper or dexterous hand becomes
stuck in the handle geometry.

Navigation and approach-pose augmentation. For scene-level annotations, we perturb interaction-
ready base poses and approach directions within reachable free-space regions. Given a base pose

q=(z,y,7),

we sample
q=(z+ Az, y+ Ay, + Av),

where (z + Az, y + Ay) must remain in traversable free space and ¥ + At should keep the robot
oriented toward the target object or affordance region. The augmented base pose is rechecked for
clearance, path connectivity, DWB feasibility, and manipulation reachability. This produces multiple
approach poses around the same object, enabling downstream policies to sample different viewpoints
and approach directions.
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Symmetry-aware augmentation. Local perturbation only explores nearby variations. To further
expand diversity, we use symmetry-aware augmentation when visual-language annotations indicate
that an object or part has a valid symmetry. Let Gy (0) denote the annotated symmetry group of
object or part o. For a validated candidate, we generate transformed candidates

i) =g 0% g€ Gum(o),

where the symmetry transform ¢ is applied consistently to the target 2(*), pose parameters 8(), and
trajectory waypoints 7(*). For pose-based actions,

T = GT,
where G is the rigid transformation induced by the symmetry. For trajectory-based actions,
7={GT1,GTs,...,GTr}.
For vector-conditioned actions, the relevant vectors are also transformed:
u= RGu,
where R is the rotational component of G.

For example, a bottle or can may have approximate rotational symmetry around its vertical axis.
If one grasp pose is validated, rotating the grasp around the symmetry axis can produce additional
valid grasps. A round knob may support rotationally symmetric grasp or turning candidates. A
drawer with repeated identical handles may support translated or mirrored handle grasps if the
visual-language annotation marks the handles as functionally equivalent. Garments may also contain
bilateral structure, such as left and right sleeves, allowing sleeve-fold templates to be mirrored
across the garment centerline. However, symmetry augmentation is applied only when it preserves
the functional affordance. A mug with a handle is not treated as fully rotationally symmetric for
functional grasping, because rotating a handle grasp around the mug body would move it away from
the handle and destroy the grasp-for-use affordance.

Feasibility checks for augmented candidates. Augmented candidates are not automatically ac-
cepted. Each candidate is rechecked using lightweight geometry and physics constraints, and high-risk
skills can be sent back to full physics validation. The checks include:

]Iaccept =1 [Cregion A Cfunc A C’coll A C’kin A Ctask] )

where Clegion checks that the perturbed target remains inside the correct part mask, affordance region,
keypoint confidence region, or traversable scene region; Ct,y,. checks that the functional affordance
@(h) is preserved; Con checks collision and clearance; Cy;, checks embodiment constraints such
as gripper width, hand joint limits, or base dynamics; and C},sk checks task-specific validity, such
as grasp stability, articulation direction, fold geometry, insertion alignment, hanging support, or
navigation reachability.

For inexpensive skills, such as grasp or navigation pose augmentation, we can generate many
augmented candidates and filter them by geometry, collision, and short rollout checks. For expensive
skills, such as full-manipulator garment trajectories, we use fewer augmentations and run stricter
validation because small perturbations can produce IK singularities, arm-cloth entanglement, or large
deviations in deformable-object state.

Examples. For a bottle, the visual-language annotation may mark the object as approximately
rotationally symmetric around the vertical axis. A validated side grasp can then be rotated by multiple
angles around this axis to produce additional grasp candidates:

™
G = Rot. (), {0.5.2,...}.
, ot (a) a € 19
The transformed grasp poses are retained only if they remain collision-free and pass lightweight
grasp-stability checks.

For a mug, symmetry-aware augmentation is more restrictive. Although the mug body may be
approximately cylindrical, the handle breaks rotational symmetry for functional grasping. Therefore,
a handle grasp is augmented by local perturbations on the handle, but it is not rotated around the mug
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body unless the transformed pose still lies on a functionally equivalent handle region. This prevents
augmentation from turning a functional grasp-for-use candidate into a merely physical body grasp.

For garment folding, local perturbation is more useful than global symmetry in many cases. Sleeve
folding candidates are augmented by jittering the sleeve endpoint and mirrored place target within
local confidence regions. Pants folding candidates are augmented by perturbing the centerline, side-
fold target, and bottom-up fold target within bounded ranges. These perturbations create multiple
folding trajectories with slightly different pickup and place points, which helps downstream policies
learn robust behavior under keypoint noise and garment shape variation.

For articulation, a cabinet handle candidate can be augmented by jittering the handle contact point
and pull direction. If the cabinet has repeated equivalent handles, symmetry-aware or copy-based
augmentation can transfer a validated handle grasp or articulation trajectory to another handle.
However, each transferred candidate must be checked against the local collision context, since an
adjacent wall, shelf, or drawer frame may make the copied trajectory infeasible.

Discussion. Physics-aware augmentation increases annotation diversity while avoiding uncontrolled
label noise. Local perturbation captures natural variation around a functional anchor, such as different
grasp centers, fold points, pull directions, and base poses. Symmetry-aware augmentation exploits
object-level or scene-level regularities, such as rotationally symmetric bottles or repeated cabinet
handles. Both forms of augmentation are constrained by visual grounding, functional affordance, and
physical feasibility checks. As a result, the expanded candidate banks contain diverse candidates that
remain executable and functionally meaningful.

D Primitive-specific Action Annotation
Parallel-jaw and dexterous grasp annotation.
Articulation waypoint annotation.

Insertion and hanging annotation.

Garment and deformable-object trajectory annotation.

Navigation target and approach-pose annotation.

E Additional detail of Large-scale Robot Data Collection

Overview. Our large-scale data collection system consumes AnnotateAnything annotations as
executable task interfaces, rather than relying on manually scripted object-specific demonstrations.

Atomic-skill library. We implement an annotation-aligned atomic-skill library covering table-
top manipulation, bimanual manipulation, whole-body control, humanoid control, dexterous-hand
manipulation, and mobile manipulation.

Skill composition. Each atomic skill maps compact annotation fields, such as grasp poses, target
parts, waypoints, insertion directions, hanging anchors, and navigation goals, into controller or
planner goals.

Long-horizon tasks. Long-horizon tasks are constructed by composing multiple atomic skills
according to task templates and object-state transitions.

Heterogeneous asynchronous environments. Rollouts are generated in asynchronous parallel
simulation environments, where each worker independently samples assets, tasks, robot embodiments,
object poses, obstacles, and scene layouts.

Motion planning backend. For each rollout, we use cuRobo-v2 for goal-set IK, motion planning,

and obstacle-aware execution, since it supports GPU-native collision-aware motion generation for
both standard manipulators and high-DoF embodiments [36].
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Domain randomization. We apply domain randomization over object pose, robot-object configura-
tion, camera viewpoint, lighting, material, texture, distractor objects, and scene layout.

Candidate selection. Because randomization changes the relative pose between robot and object,
each worker retrieves multiple candidates from the annotation bank, solves goal-set IK, and executes
the feasible candidate with the lowest planning cost.

Trajectory validation. After execution, we validate task success, collision safety, contact consis-
tency, articulation progress, and final-state stability when applicable.

Candidate filtering. Annotation candidates that repeatedly fail under randomized simulation are
removed from the candidate bank to improve future rollout quality.

Scope. This data-collection system is used here to demonstrate that Annotate Anything annotations
are executable and scalable, while a full system-level analysis is left to our companion work.

E.1 Keypoint Generation and Affordance Grounding

Overview. AnnotateAnything naturally supports two related but different perception labels: key-
points and affordances. Keypoints are produced by the visual annotation stage, while affordances
are derived from physics-validated interaction annotations. The distinction is important: keypoints
describe sparse semantic or functional anchors on an object or scene, whereas affordances describe
where and how a robot can execute an interaction. Thus, in our framework, keypoint generation
is mainly a visual grounding problem, while affordance grounding is an executable-interaction
grounding problem.

Keypoint generation. As described in Sec. we generate keypoint annotations from fused 3D
observations of the asset. Given a rendered RGB-D sequence, we first reconstruct a point cloud and
sample diverse candidate points, e.g., using farthest point sampling. A VLM then selects points that
are semantically or functionally important, such as handles, openings, corners, garment landmarks, or
scene-level target locations. These selected keypoints provide sparse 3D anchors for downstream
perception and action generation. They are not required to be directly executable by themselves;
instead, they identify meaningful regions that later physics-based action annotation can refine and
validate.

Affordance grounding from validated interactions. Affordance labels are generated from the
physics-based action annotation pipeline in Sec. Given visual anchors, the action pipeline
generates candidate interactions and validates them through geometry checks, motion planning,
collision checking, contact reasoning, and physics simulation. We therefore use the validated
candidate bank as affordance supervision. Compared with manually annotated affordance ground
truth, which often marks regions that are visually or semantically plausible, our labels indicate regions
and directions that are executable under physical constraints. For robot learning, this can be a stronger
supervision signal: the model is trained to predict not only where an interaction appears possible, but
where it has been verified to succeed.

Why physics-validated affordances are useful. Manual affordance labels are usually subjective,
sparse, and task-agnostic. For example, a human annotator may mark the handle of a mug or drawer
as graspable, but the label may not specify which grasp pose, approach direction, contact mode, or
motion trajectory is feasible for a robot. In contrast, our validated interaction annotations encode
the full action context, including the target anchor, skill type, action direction, contact configuration,
trajectory, and success metadata. They also preserve multiple valid solutions instead of collapsing the
affordance to a single canonical point. This is especially important for manipulation, where many
grasps, pulls, placements, or navigation poses can be valid for the same object.

Rigid objects. For rigid objects, affordance labels are represented by an interaction anchor together
with action parameters from validated grasping or dexterous-grasping candidates. For parallel-jaw
grasping, the label may include the grasp center, approach direction, gripper orientation, and width.
For dexterous hands, the label may additionally include palm pose, finger contact locations, and
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contact mode. These labels can be projected onto object point clouds or RGB-D images as affordance
heatmaps, while the approach direction or grasp frame can be used as directional supervision.

Articulated objects. For articulated objects, affordance grounding includes both the contact anchor
and the motion trajectory. For example, opening a drawer requires identifying the handle anchor
and predicting a pulling trajectory, while rotating a door or knob requires an anchor together with a
rotation-aware motion path. Thus, the affordance label is not only “where to touch”, but also “how
the interaction should move”. This allows the same object part to support different task-conditioned
affordances, such as pulling, pushing, rotating, or holding.

Garments and deformable objects. For garments and deformable objects, affordances are repre-
sented by pick-and-place keypoints and their associated manipulation trajectories. Examples include
bimanual pick points for lifting or spreading, pick-place pairs for folding, and hanging points for
placing garments on a support. Unlike rigid-object affordances, garment affordances are often rela-
tional: a pick point is meaningful only together with its paired place point, second-hand grasp point,
or target folding line. We therefore represent garment affordance labels as structured point pairs or
point sets rather than isolated single-point heatmaps.

Room-scale scenes and navigation affordances. For room-scale scenes, affordances are grounded
on occupancy maps, BEV maps, and scene layouts. The labels include navigable regions, object-
centric approach poses, interaction-ready base poses, and feasible navigation targets. These room-
level affordances are useful for mobile manipulation because the robot must first reach a suitable base
pose before executing object-level manipulation. Thus, scene affordance grounding connects global
navigation with local interaction.

Projection to perception supervision. The generated labels can be converted into different super-
vision formats depending on the downstream model. For image-based models, 3D anchors, contact
regions, and trajectories are projected into rendered RGB-D views to form keypoint targets, affordance
masks, heatmaps, or directional fields. For point-cloud models, the same labels are attached directly
to 3D points or local surface patches. For navigation models, room-level affordances are rasterized
into BEV maps with traversability, target-pose, and interaction-readiness labels. When multiple
validated candidates exist for the same anchor or skill, we keep the multi-modal label distribution
rather than forcing a single ground-truth target.

Positive and negative supervision. Validated candidates provide positive affordance labels. Failed
candidates can also be used as hard negatives when their failure is caused by physical infeasibility,
such as collision, unstable contact, unreachable geometry, or invalid articulation motion. This
provides richer supervision than manual affordance masks, since the model can learn the boundary
between visually plausible but physically invalid regions and truly executable interaction regions.
In practice, we treat negative labels conservatively, since some failures may depend on a particular
embodiment, planner, or randomized scene configuration rather than the intrinsic affordance of the
object.

Scope. We use this construction mainly to demonstrate that Annotate Anything annotations can
be repurposed as robot-centric perception supervision. A full benchmark of affordance or keypoint
detectors is outside the main scope of this paper. The key point is that our annotation format already
contains the necessary supervision: visual annotations provide semantic 3D keypoints, and physics-
validated action annotations provide executable affordance labels across rigid objects, articulated
objects, garments, and room-scale scenes.

E.2 Robot Reasoning VQA

Overview. Our trajectory generation pipeline records execution-level metadata during simulation
rollout, which can be reused to construct robot reasoning VQA pairs. Unlike static asset-level QA,
these questions focus on what the robot actually executes under a sampled scene, robot pose, and
object configuration.

Runtime-grounded supervision. For each rollout, we record structured information such as the
selected object, target part, anchor point, skill type, IK goal-set solution, approach pose, navigation
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target, articulation direction, garment manipulation point, and task success state. These labels are
determined at runtime because domain randomization changes the relative pose between the robot
and the object. Thus, even for the same asset, the executed candidate may vary across rollouts.

QA construction. We convert the recorded trajectory metadata into question-answer pairs with
VLM-assisted language generation. The VLM is used only to diversify and naturalize the question
wording, while the answers are derived from simulator records and selected action candidates. This
avoids treating the VLM prediction itself as ground truth.

Question categories. The resulting QA pairs cover several robot-centric reasoning types, including
object and part selection, approach direction, navigation progress, articulation motion, garment
manipulation landmarks, and execution success. For example, questions may ask which object or
part the robot is interacting with, from which side the robot approaches a target, where the robot
is navigating, which direction an articulated part is moved, or which garment landmark is selected
for manipulation. These questions require trajectory-level execution traces and cannot be reliably
answered from static asset annotations alone.

Scope. We use Robot Reasoning VQA as a lightweight downstream task to show that
AnnotateAnything-generated rollouts naturally provide grounded multimodal reasoning supervi-
sion. A full VQA benchmark is outside the main scope of this paper.

E.3 3D VLM Instruction-tuning Data

Overview. AnnotateAnything can be used to construct lightweight instruction-tuning data for 3D
VLMs. This data comes from two sources: simulation-grounded visual labels and language-based
scene annotations. The goal is not to introduce a new 3D VLM benchmark, but to show that the
generated annotations can be naturally repurposed into multimodal instruction data.

Simulation-grounded visual supervision. Because our assets and trajectories are generated in
simulation, we can obtain dense ground-truth visual labels without manual annotation. These include
3D bounding boxes, projected 2D bounding boxes, instance segmentation masks, object poses,
part identities, and object-instance associations. Such labels can be converted into grounding-style
instruction-response pairs, where the model is asked to localize objects, identify instances, refer to
parts, or associate 2D observations with 3D scene elements. The answers are derived from simulator
metadata rather than from VLM predictions.

Language and spatial-reasoning supervision. The language annotations and cross-level compo-
sition in Sec. [3.1.3] provide another source of instruction data. Since object-level annotations are
linked to room-level layouts through instance identities and 6D poses, we can generate QA pairs
about object relations, room structure, scene layout, and task context. Typical questions involve 3D
spatial relationships, such as relative position, containment, support, proximity, and object-to-room
associations. This makes the data suitable for training models to reason over both object-level
semantics and scene-level spatial structure.

Instruction construction. We convert structured annotations into instruction-response pairs using
templates and VLM-assisted paraphrasing. Templates ensure that each answer is grounded in simula-
tor or annotation metadata, while paraphrasing improves linguistic diversity. For example, grounding
instructions may ask the model to locate an object or part, while spatial-reasoning instructions may
ask about the relation between two objects or the functional area of a room. We avoid using the VLM
as the source of ground truth; it is only used to diversify the language form.

Scope. This downstream task mainly demonstrates that Annotate Anything provides reusable super-
vision for 3D multimodal learning. The same annotated assets can produce visual grounding labels
from simulation and spatial-reasoning QA pairs from language and cross-level scene composition. A
full-scale 3D VLM training and evaluation study is left outside the main scope of this paper.
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F Related Work

F.1 Simulation-Based Automatic Data Collection

Prior work on simulation-based data generation can be divided into two broad families. The first family
is annotation- or demonstration-based. RLBench generates large-scale expert demonstrations through
waypoint-guided motion planning across many tasks [59]. MimicGen amplifies a small number of
human demonstrations by recomposing subtask segments across new scenes, object instances, and
robot embodiments [60]]. More recent systems such as RoboGen and GenSim use foundation models
to propose tasks, synthesize scenes, and generate supervision or task code automatically [61} |62].
These methods are attractive because they preserve a relatively interpretable supervision signal and
often produce demonstrations that are closer to human decomposition of manipulation tasks.

The second family is RL-based automatic data collection. Here, the simulator itself is the generator:
environments such as Meta-World and Isaac Gym scale data through massive parallel interaction,
while dexterous manipulation systems trained entirely in simulation demonstrate that difficult ma-
nipulation can be learned without requiring human demonstrations [63H65]. The advantage is scale
through optimization, but the cost is high engineering burden in reward design, curriculum design, and
training stability, and the resulting supervision is often controller-centric rather than human-readable
or reusable as annotation.

A persistent gap across both families is that annotation-based systems usually depend on either simple
tasks, a limited library of scripted decompositions, or scarce seed demonstrations, while RL-based
systems can scale interaction but rarely produce portable semantic annotations that transfer across
embodiments and task families. In other words, prior systems either generate data for a fixed training
setup or policies for a fixed task formulation, rather than a reusable annotation layer that can support
many downstream learners.

Connection to AnnotateAnything. AnnotateAnything is motivated by exactly this gap: instead of
choosing between narrow annotation reuse and reward-heavy RL optimization, it aims to generate
reusable manipulation annotations that can bootstrap many downstream data-generation and policy-
learning pipelines.

F.2 Automatic Manipulation Annotation and Affordance Generation

Automatic manipulation annotation has been studied extensively in grasping. Dex-Net 2.0 showed
that robust grasp supervision can be synthesized at scale with analytic metrics in simulation [66].
ACRONYM further expanded large-scale simulation-based grasp labels [67], while 6-DOF GraspNet
and Contact-GraspNet demonstrated learned grasp proposal generation directly from point clouds and
cluttered observations [68, [69]]. For dexterous manipulation, DexGraspNet substantially increased
the availability of robot-hand grasp labels over diverse objects [70]. Very recent work also begins to
address bimanual dexterous grasp synthesis, but this remains significantly less mature than single-
handed and parallel-gripper grasp annotation [[71].

Beyond grasping, affordance generation has been explored for articulated interaction, object-object
relations, and task-specific manipulation. Where2Act and VAT-Mart learn where and how to interact
with articulated objects from simulated interaction data [[72[73]. GAPartNet argues that generalizable
and actionable parts are a better transfer unit than object categories alone, providing part semantics and
part poses that bridge perception and manipulation [74]. O20-Afford studies object-object affordance
without manual labels, covering behaviors such as placement and fitting [75)]. OmniHang addresses
hanging as a dedicated contact- and correspondence-centric problem [76]], while assembly systems
such as IndustReal focus on insertion and contact-rich assembly through task-specific learning and
simulation design [77]. 3D AffordanceNet provides a benchmark for visual affordance understanding
in 3D, but still within a fixed affordance ontology [[78].

Taken together, these works reveal a recurring tradeoff. Optimization-based annotation pipelines
often provide physically grounded labels but are usually tied to a specific manipulation family, gripper
model, contact formulation, or embodiment. Learned affordance models expand the label space
and can capture richer semantics, but most are trained for a narrow set of task families, a narrow
embodiment range, or a fixed affordance vocabulary. As a result, the field contains many strong
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single-skill annotation engines, but very few systems that can annotate many manipulation skills
across many embodiments in a unified way.

Connection to AnnotateAnything. AnnotateAnything is best positioned as a general annotation
substrate above task-specialized affordance systems: it seeks to unify grasp-, articulation-, placement-,
insertion-, and hanging-style supervision under one scalable pipeline rather than introducing one
more narrow annotation engine.

F.3 Large-Scale 3D Assets and Generative Asset Creation

Large-scale 3D asset repositories underpin almost all recent simulation-based manipulation work.
ShapeNet established the modern large-scale CAD repository paradigm [79], PartNet added fine-
grained and hierarchical part annotations [80]], and PartNet-Mobility extended the ecosystem with
articulated joints and motion metadata through the SAPIEN dataset stack [81, [82]. Objaverse
dramatically increased asset scale and diversity by aggregating hundreds of thousands of annotated
3D objects from the web [83]. For manipulation-specific repositories, ACRONYM and DexGraspNet
provide grasp annotations, while GAPartNet adds action-relevant part semantics and poses [67. (70,
74].

A parallel thread focuses on generative asset creation. DreamFusion and Shap-E demonstrate that
text-conditioned 3D generation can produce novel 3D assets without manual modeling [84, [85].
These methods are promising for simulation scale-up, but they usually do not provide the robot-ready
metadata that manipulation systems need: articulated joints, functional parts, interaction affordances,
contact semantics, or embodiment-aware trajectories.

The central gap is therefore not simply the amount of 3D content. The field already has abundant
static geometry and increasingly capable generative models. What remains scarce is a pipeline that
can transform raw or generated assets into interaction-ready annotations suitable for manipulation
learning, benchmark construction, and skill composition.

Connection to AnnotateAnything. AnnotateAnything can be framed as the missing conversion
layer from assets to actionable supervision: it complements repositories and text-to-3D generators by
adding the manipulation semantics that raw geometry alone does not provide.

F.4 Simulation Environments and Manipulation Benchmarks

Robot learning has benefited from a rich simulator ecosystem. MuJoCo remains a dominant engine
for fast rigid-body control and benchmarked continuous-control research [86]. PyBullet offers an
accessible open-source simulation stack with broad adoption in robotics and reinforcement learning
practice [87]. Isaac Gym introduced end-to-end GPU-resident simulation for massive parallel robot
learning [64], and Isaac Sim extends the Isaac stack toward richer industrial and photorealistic
simulation workflows [88]. SAPIEN focuses on interactive articulated-object simulation and has
become especially influential for part-aware and household manipulation research [82]. RoboSuite
provides a modular MuJoCo-based research framework for manipulation [89].

On top of these platforms, benchmark suites define the evaluation targets. Meta-World emphasizes
multitask and meta-RL over tabletop manipulation skills [63]]. RLBench provides a large task library
with automatically generated demonstrations [59]]. ManiSkill and ManiSkill2 move toward more
diverse objects, richer demonstrations, and a broader range of manipulation modes and embodiments
[90,91]]. BEHAVIOR broadens the focus to everyday household activities and long-horizon embodied
tasks [92].

These environments and benchmarks are foundational, but they expose a systems-level fragmentation.
Some emphasize control fidelity, others articulated assets, others broad task coverage, and others long-
horizon embodied realism. What they usually do not provide is a unified mechanism for generating
transferable task annotations across assets, embodiments, and manipulation families. In practice, the
benchmark and simulator literature still relies heavily on manual task authoring, limited affordance
ontologies, or benchmark-specific annotation choices.
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Connection to AnnotateAnything. AnnotateAnything can be presented as complementary infras-
tructure for this ecosystem: rather than replacing simulators or benchmarks, it aims to make them
easier to populate with interaction-ready annotations at larger scale and with greater task diversity.

F.5 Skill-Centric Robot Learning and Atomic Manipulation Skills

A separate but highly relevant line of work studies how robots can compose reusable skills. The
options framework is the classic formal foundation for temporally extended actions and hierarchical
decision making [93]]. In robotics, recent systems operationalize this idea with explicit or implicit
skill libraries: SayCan selects among a predefined set of robotic skills by combining language-model
usefulness with affordance-grounded feasibility [94], while Code as Policies composes control
APIs and primitive calls through language-model-generated programs [95]. Composable Part-Based
Manipulation further pushes toward reusable, object-part-centered manipulation abstractions [96].

What all of these systems have in common is that they assume some skill inventory, primitive API, or
part-level grounding already exists. In long-horizon robot learning, the bottleneck often shifts from
policy optimization to grounding: how to obtain the contact points, manipulable regions, trajectories,
constraints, or object-part correspondences that instantiate a skill on a new object. Skill composition
is therefore only as scalable as the annotation layer beneath it.

Connection to AnnotateAnything. AnnotateAnything directly supports skill-centric learning by
making the atomic grounding of skills more scalable: if reusable annotations can be generated
automatically, then skill libraries and hierarchical planners can be expanded far beyond hand-authored
primitive sets.
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NeurlIPS Paper Checklist

The checklist is designed to encourage best practices for responsible machine learning research,
addressing issues of reproducibility, transparency, research ethics, and societal impact. Do not remove
the checklist: The papers not including the checklist will be desk rejected. The checklist should
follow the references and follow the (optional) supplemental material. The checklist does NOT count
towards the page limit.

Please read the checklist guidelines carefully for information on how to answer these questions. For
each question in the checklist:

¢ You should answer [ Yes], ,or [N/A].

e [N/A] means either that the question is Not Applicable for that particular paper or the
relevant information is Not Available.

* Please provide a short (1-2 sentence) justification right after your answer (even for [N/A]).

The checklist answers are an integral part of your paper submission. They are visible to the
reviewers, area chairs, senior area chairs, and ethics reviewers. You will also be asked to include it
(after eventual revisions) with the final version of your paper, and its final version will be published
with the paper.

The reviewers of your paper will be asked to use the checklist as one of the factors in their evaluation.
While [Yes] is generally preferable to , it is perfectly acceptable to answer provided a
proper justification is given (e.g., error bars are not reported because it would be too computationally
expensive” or “we were unable to find the license for the dataset we used”). In general, answering

or [N/A] is not grounds for rejection. While the questions are phrased in a binary way, we
acknowledge that the true answer is often more nuanced, so please just use your best judgment and
write a justification to elaborate. All supporting evidence can appear either in the main paper or the
supplemental material, provided in appendix. If you answer [Yes] to a question, in the justification
please point to the section(s) where related material for the question can be found.

IMPORTANT, please:

* Delete this instruction block, but keep the section heading ‘“NeurIPS Paper Checklist",
* Keep the checklist subsection headings, questions/answers and guidelines below.
* Do not modify the questions and only use the provided macros for your answers.

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [TODO]
Justification: [TODO]
Guidelines:

e The answer [N/A | means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A or
[N/A] answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [TODO]
Justification: [TODO]
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Guidelines:

* The answer [N/A] means that the paper has no limitation while the answer means
that the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate “Limitations’ section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

 If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [TODO]
Justification: [TODO]

Guidelines:

* The answer [N/A] means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.

. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [TODO]
Justification: [TODO]

Guidelines:

* The answer [N/A] means that the paper does not include experiments.
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If the paper includes experiments, a answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [TODO]
Justification: [TODO]

Guidelines:

The answer [N/A]| means that paper does not include experiments requiring code.

Please see the NeurIPS code and data submission guidelines (https://neurips.cc/
public/guides/CodeSubmissionPolicy) for more details.

While we encourage the release of code and data, we understand that this might not
be possible, so is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//neurips.cc/public/guides/CodeSubmissionPolicy) for more details.

The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.
The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).
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* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyperpa-
rameters, how they were chosen, type of optimizer) necessary to understand the results?

Answer: [TODO]
Justification: [TODO]
Guidelines:

* The answer [N/A] means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.

. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [TODO]
Justification: [TODO]
Guidelines:

» The answer [N/A] means that the paper does not include experiments.

* The authors should answer [ Yes] if the results are accompanied by error bars, confidence
intervals, or statistical significance tests, at least for the experiments that support the
main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

* It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g., negative
error rates).

* If error bars are reported in tables or plots, the authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [TODO]
Justification: [TODO]
Guidelines:

* The answer [N/A] means that the paper does not include experiments.

 The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.
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9.

10.

11.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines]?

Answer: [TODO]
Justification: [TODO]

Guidelines:
* The answer [N/A] means that the authors have not reviewed the NeurIPS Code of
Ethics.
* If the authors answer , they should explain the special circumstances that require a

deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [TODO]
Justification: [TODO]
Guidelines:

* The answer [N/A] means that there is no societal impact of the work performed.

o If the authors answer [N/A] or , they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate Deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

 The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pre-trained language models,
image generators, or scraped datasets)?

Answer: [TODO]
Justification: [TODO]
Guidelines:

* The answer [N/A] means that the paper poses no such risks.
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* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [TODO]
Justification: [TODO]
Guidelines:

* The answer [N/A] means that the paper does not use existing assets.
 The authors should cite the original paper that produced the code package or dataset.

* The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

¢ For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

* If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

« If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [TODO]
Justification: [TODO]
Guidelines:

* The answer [N/A] means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [TODO]
Justification: [TODO]
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Guidelines:
* The answer [N/A] means that the paper does not involve crowdsourcing nor research
with human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [TODO]
Justification: [TODO]
Guidelines:

* The answer [N/A] means that the paper does not involve crowdsourcing nor research
with human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigor, or originality of the research, declaration is not required.

Answer: [TODO]
Justification: [TODO]
Guidelines:

* The answer [N/A] means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

* Please refer to our LLM policy in the NeurIPS handbook for what should or should not
be described.
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Table 7: Example instantiations of the unified action annotation schema for a cabinet or drawer.
The handle anchor carries the functional affordance of opening, while scene-level anchors support
navigation and approach-pose annotation.

Symbol Cabinet example Interpretation

A Cabinet scene The input asset or scene, including cabinet doors, drawers,
handles, panels, and surrounding free space.

Phandle Cabinet handle A part-level anchor from P(.A) and a functional affordance
anchor. It can support both grasping and articulated manip-
ulation.

@ (Phandie) Grasp-for-opening The functional affordance of the handle. It indicates that

grasps on this anchor should support opening or closing the
door or drawer.

Sgrasp Parallel-jaw grasp A compatible skill in S(hnandie). This skill instantiates
grasp poses for holding the cabinet or drawer handle.

Handle grasp bank A set of feasible grasp candidates on the handle, including
different contact points, gripper poses, approach directions,
and gripper widths. These candidates are conditioned on
the handle’s role as an opening affordance.

One handle grasp One concrete grasp candidate. Here, @ is a contact
point or patch on the handle, 0 stores the 6D grasp pose
and gripper width, 7 stores the approach trajectory, @
records IK, collision, and functional feasibility, and A
records approach direction and grasp family.

Sart Articulation Another compatible skill in S(hnandie). The same handle
anchor can instantiate opening or closing actions for a door
or drawer.

Articulation bank A set of feasible articulation candidates, including different
pull directions, waypoint sequences, contact-maintenance
strategies, and motion ranges.

thandle sSgrasp

thandleﬁsart

One opening trajectory One concrete articulation candidate. Here, (¥ is the handle
interaction point, 0 stores the prismatic or revolute motion
direction, ¥ contains pull or rotate waypoints, v® records
collision status, contact maintenance, actuation success, and
functional success, and d® records pull direction, waypoint
spacing, and trajectory family.

Pfree Free-space region A scene-level anchor from R*°°"¢(A), corresponding to

reachable space in front of the cabinet.

@ (Nfree) Navigation approach The functional affordance of the free-space region. It indi-
cates that this region supports approaching the cabinet for
subsequent manipulation.

Snav Navigation A compatible skill in S(h#ee). This skill generates
interaction-ready base poses and approach directions.

Bhroossnav Navigation bank A set of feasible base-pose candidates from which the robot

can approach and manipulate the cabinet, with different

distances, orientations, viewpoints, and approach sides.

One base pose One concrete navigation candidate. Here, @ isa target
base pose, 6 stores base orientation and approach direc-
tion, 7% stores an optional collision-free path, v™® records
path feasibility, manipulation reachability, and functional
approach validity, and d® records viewpoint, clearance,
and distance-to-object.
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Table 8: Examples of candidate region construction for different skills. Candidate regions are obtained
from language annotations, visual grounding, and asset geometry before concrete target anchors are

sampled.

Skill

Annotation source

Candidate region

Example interpretation

Functional grasp

Physical grasp

Dexterous grasp

Garment manipu-
lation

Articulation

Insertion

Hanging

Navigation

Part mask + language

Part mask + geometry

Part mask + affor-
dance region

Semantic keypoints

Part mask + affor-
dance region

Affordance region +
geometry

Affordance region +
edge geometry

Occupancy / BEV
map

Mug handle, tool handle

Mug body, box side, object
surface

Handle, body surface, func-
tional contact area

Cloth corners, edges,
sleeve endpoints
Cabinet handle, drawer

handle, door edge
Opening, socket, hole, con-
tainer mouth

Hook, support edge, han-
dle loop

Reachable free-space re-
gion

The language annotation indi-
cates that the handle is used
for holding, pouring, or operat-
ing the object. Targets sampled
from this region are functional
grasp candidates.

The region is physically gras-
pable but not necessarily func-
tionally preferred. For example,
grasping a mug body may be
stable for pickup but less suit-
able for pouring.

The region supports multi-
finger contacts. Candidates dif-
fer in fingertip locations, palm
poses, and hand configurations.
Keypoints directly seed grasp
anchors or bimanual keypoint
pairs for lifting, folding, stretch-
ing, or placing.

The handle or movable part
is selected as the region from
which pulling, pushing, or ro-
tating anchors are sampled.
The opening region provides
entry points, alignment frames,
and insertion directions.
Support regions are sampled to
generate hanging contacts and
gravity-stable poses.
Traversable cells around a tar-
get object are sampled to gener-
ate interaction-ready base poses
and approach directions.
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Table 9: Examples of sampling and filtering rules for candidate target generation. These filters convert
grounded candidate regions into feasible target anchors for candidate banks.

Skill

Sampling method

Filtering criteria

Example rejected targets

Functional grasp

Physical grasp

Dexterous grasp

Garment manip-

ulation

Articulation

Insertion

Hanging

Navigation

FPS on functional part
mask

FPS on graspable sur-
faces

FPS or contact-set sam-
pling on part masks

Keypoint sampling and
perturbation

FPS on handle or
movable-part mask

Sampling on opening re-
gion

Sampling on hooks or
support edges

Grid sampling or 2D
FPS on BEV free space

Part size, gripper width, sur-
face normal, collision mar-
gin, reachability, functional
affordance

Contact area, antipodal
geometry, local curvature,
gripper clearance, IK
feasibility

Hand joint limits, fingertip
support, self-collision, ob-
ject collision, contact stabil-
ity

Visibility, bimanual reach-
ability, corner confidence,
pair distance, deformation
feasibility

Motion-axis  consistency,
contact maintenance, colli-
sion, reachability, actuation
direction

Opening size, entry clear-
ance, alignment direction,
collision-free approach, in-
sertion depth

Edge orientation, gravity
stability, clearance, colli-
sion, contact support
Traversability, clearance,
path connectivity, visibility,
manipulation reachability

A tiny handle decoration that
is too small to grasp; a mug-
body grasp when the task re-
quires pouring from the han-
dle.

A highly curved or sharp sur-
face patch that cannot sup-
port stable contact.

A contact set that requires im-
possible finger extension or
causes palm-object penetra-
tion.

Two cloth keypoints that are
too far apart for bimanual
grasping or are occluded.

A handle point that can be
grasped but cannot be pulled
along the door or drawer mo-
tion direction.

An opening that is detected
visually but too narrow for
the inserted object.

A support edge that faces
downward or lacks clearance
for the hanging object.

A base pose that is collision-
free but too far to reach the
cabinet handle.

Table 10: Trajectory generation families grouped by the source of constraints. Each generator converts

a sampled target anchor into an initial trajectory or waypoint sequence.

Constraint family

Representative skills

Main inputs

Generated trajectory

Object-property-
conditioned

Object-trajectory-
conditioned

Object-vector-
conditioned

Scene-trajectory-
conditioned

Grasp, dexterous grasp,
garment fling, garment
fold

Open, close, rotate, push
articulated parts

Place, hang, pour, insert

Navigation, approach-
pose generation,
retrieval-style mo-
tion

Object geometry, part
masks, keypoints, garment
length, grasp frame

Articulation axis, joint
state, moving-part trans-
form, handle pose

Surface normal, insertion
axis, hanging direction,

pouring direction, ac-
tive/passive vectors

Occupancy map, BEV
map, traversable free

space, target object region

Pre-grasp,  contact,
closure, retreat,
bimanual  garment
motion, or keypoint-
driven folding
trajectory.

End-effector way-

points that follow the
moving part while
preserving grasp or
contact constraints.
Approach and ex-
ecution  waypoints
aligned with a se-
mantic or geometric
vector.

Base-pose sequence,
collision-free ap-
proach path, and
interaction-ready base
trajectory.
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Table 11: Garment trajectory templates generated from semantic keypoints.

template-level seeds and are later optimized and validated.

These trajectories are

Garment skill

Keypoints

Geometric rule

Generated trajectory

Sleeve fold

Bottom-up fold

Pants side fold

Pants
fold

compact

Fling

Sleeve endpoint, shoulder,
bottom corner

Bottom corners, shoulder

points

Left/right leg or side key-
points, central axis

Cuff/bottom keypoints, waist-
band region

Two garment keypoints, gar-
ment length

Use shoulder—bottom line as
fold line; mirror sleeve end-
point inward.

Move bottom keypoints to-
ward the shoulder line.

Fold the two side or leg re-
gions toward the centerline.

Fold bottom or cuff region
upward toward waistband;
optionally repeat.

Scale lift height and stretch
distance by keypoint distance
or garment length.

Pick sleeve endpoint,
lift, move to mirrored
target, place inside
garment body.
Bimanual pick of bot-
tom corners, lift, fold
upward toward shoul-
der region, place.
Pick side or leg key-
points, lift, move in-
ward, place to overlap
legs.

Pick bottom/cuff key-
points, fold upward,
then perform a second
compacting fold.
Bimanual lift, stretch,
optional shake, and re-
lease or place trajec-

tory.

Table 12: Trajectory templates for articulated-object actions. These templates differ mainly in the
joint schedule, contact mode, and whether the end-effector maintains a grasp or pushes on the part.

Action type Subcase Trajectory rule

Open with handle Handle open Grasp the handle, preserve Ty, and increase the revo-
lute or prismatic joint state from closed to open.

Partially open pull Partial pull Grasp the handle and follow the same relative-

Close with handle

Push close

Open lid

Close lid

Rotate button

Rotate lid

Push button

Handle close

Collision close / push
close

Lid open

Lid close

Button rotate

Lid rotate

Button push

transform rule, but stop at a partial target joint state
(partial-

Grasp the handle and reverse the joint schedule, moving
from the current joint state toward the closed state.
Contact the door, drawer, or lid surface without neces-
sarily forming a handle grasp; push along the closing
direction while maintaining collision-free contact.
Follow the lid’s revolute joint trajectory while preserv-
ing the end-effector-lid relation or maintaining a push-
ing contact.

Reverse the lid joint trajectory and push or guide the
lid toward the closed state.

Generate rotational waypoints around the button axis,
with the end-effector orientation following the required
rotation.

Rotate the lid around its axis, using angular waypoints
and contact-maintenance constraints.

Generate a short linear trajectory along the button nor-
mal or push direction, with displacement bounded by
the button travel range.
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Table 13: Object-vector-conditioned trajectory templates. These actions are generated by aligning the
end-effector or object with a semantic or geometric vector.

Skill Vector source Alignment rule Generated trajectory
Place Surface normal and pose  Align object placementpose  Approach  placement
range with support normal. pose, lower along nor-
mal, release, and retreat.
Hang Support edge, hook direc- Align hanging contact with ~ Approach hook or edge,
tion, gravity support edge and gravity- establish contact, lower
stable direction. to stable hanging pose,
release.
Pour Active pour vector and re- Rotate object so active pour  Lift, rotate around grasp
ceiving direction vector points toward target frame, pour for a spec-
container or receiving re- ified angular range, re-
gion. turn or retreat.
Insert Active insertion axis and Align active axis with pas- Approach socket, align,

passive socket axis

sive axis and translate along
insertion direction.

move along insertion
axis, optionally retreat
or release.

Table 14: Trajectory optimization objectives for different skill families. Optimization refines the
template trajectory produced by the previous stage into an asset-specific and embodiment-aware

candidate.

Skill family Optimized variables Main objectives Examples
Dexterous/contact Hand pose, finger Contact alignment, Dexterous grasp on a mug
skills joints, contact assign- functional-region con- handle, whole-hand grasp,
ment, approach pose sistency, wrench support, bimanual grasp.
joint limits, self-collision,
hand-object collision
Adaptive object Waypoint positions, Geometry adaptation, Garment sleeve fold,
skills placement targets, keypoint consistency, bottom-up fold, pants fold,
timing, approach  length/scale adaptation, fling.
offsets bimanual reachability,
smoothness
Articulated-object End-effector way- Joint-motion tracking, con- Open/close cabinet, pull
skills points, contact tact maintenance, collision drawer, rotate button, push
pose, joint schedule, avoidance, reachability, button.
pull/push direction smoothness
Vector-conditioned ~ Approach pose, align- Vector alignment, insertion Insert, hang, pour, place.
skills ment pose, execution depth, support stability,
direction, release pose  placement normal con-
sistency, collision-free
approach

Scene-level skills

Base path, velocity
commands, base orien-
tation, approach pose

Path following, clearance,
traversability, local dynam-
ics, turning radius, manipu-
lation reachability

Navigation to cabinet,
approach-pose generation,
room-scale interaction.
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Table 15: Examples of articulation trajectory refinement. The optimizer adapts template waypoints to
contact, collision, reachability, and joint-motion constraints.

Action

Optimization focus

Typical adjustment

Open with handle

Partially open pull
Close with handle
Push close
Open/close lid
Rotate button/lid

Push button

Maintain grasp while fol-
lowing revolute or pris-
matic motion

Stop at a partial target state
Reverse opening trajectory
Maintain pushing contact
without grasp

Follow lid rotation

Follow angular motion

Linear push along button

Adjust pull direction, waypoint spacing, and wrist
orientation to preserve contact and avoid collision.

Shorten the joint schedule while preserving a feasible
pull trajectory.

Adapt closing waypoints to avoid collision with the
cabinet frame and maintain grasp.

Align push direction with closing motion and regulate
contact force and clearance.

Adjust end-effector orientation and approach side to
avoid collision with the lid and surrounding object.
Refine angular waypoints and wrist orientation around
the rotation axis.

Bound displacement by travel range and avoid side

normal

contact.

Table 16: Examples of vector-conditioned trajectory optimization. These skills are refined by
improving vector alignment, clearance, depth, and stability.

Skill

Optimized variables

Objective

Example adjustment

Insert

Hang

Pour

Place

Alignment pose, insertion
depth, approach offset

Approach pose, support
contact, release pose

Wrist rotation, pouring an-
gle, target direction

Placement pose, release
height, retreat direction

Axis alignment, entry clear-
ance, collision-free inser-
tion

Support-edge  alignment,
gravity stability, clearance

Pour-vector alignment,
wrist feasibility, collision
avoidance

Surface-normal alignment,
stable placement, collision-
free retreat

Rotate the object to align
with the socket axis and
reduce insertion depth if
collision occurs.

Shift the placement pose
so the object lowers onto
the hook without collid-
ing.

Adjust pouring angle so
the liquid direction points
toward the receiving con-
tainer.

Lower along the support
normal and retreat with-
out sweeping nearby ob-
jects.
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Table 17: Embodiment-aware navigation optimization. The A* path from trajectory generation is
refined by DWB-style local rollout using the robot’s motion model.

Main constraints

Optimization effect

Embodiment Control model

Differential drive (v, w)

Ackermann drive (v,9)

Holonomic base (Vz, vy, w)

Quadruped / hu- Holonomic or  quasi-

manoid abstraction holonomic command

Velocity bounds, angular
velocity bounds, clearance,
path tracking

Steering limit, minimum
turning radius, acceleration
bound, clearance

Velocity bounds, lateral
motion limits, clearance,
manipulation reachability

Traversability, body clear-
ance, foothold or stance
feasibility if available

Smoothly follows the
A* path while respect-
ing coupled forward
and rotational motion.
Removes sharp A*
turns that are infeasible
for car-like platforms.
Uses lateral motion to
approach interaction
targets from better
viewpoints or reacha-
bility zones.

Produces approach
poses that remain
compatible with whole-
body navigation and
manipulation.

Table 18: Metadata stored after trajectory optimization. These fields support candidate ranking,
debugging, validation, and downstream sampling.

Metadata field Meaning

Example

Optimized parameters
ters 0%
Optimized trajectory

Final skill-specific parame-

Final waypoint sequence 7.

Dexterous hand pose and joints, insertion align-

ment pose, hanging pose, base orientation.

()

Approach-contact-retreat path, articulated open-

Objective breakdown

Embodiment feasibility

Functional consistency

Diversity descriptor

Individual
terms
Whether the optimized can-
didate satisfies robot-specific
constraints

Whether the optimized candi-
date preserves ¢(h)

How this candidate differs
from others

optimization

ing waypoints, DWB-refined navigation path.
Collision cost, contact cost, reachability cost,
smoothness cost, functional consistency cost.
Joint-limit status, turning-radius feasibility, pre-
grasp reachability, local base dynamics feasibil-
ity.

Mug-handle grasp remains grasp-for-use;
cabinet-handle grasp remains grasp-for-opening.
Different approach direction, contact set, fold
target, base-pose side, navigation route, or tra-
jectory family.
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Table 19: Validation embodiments used for different skill families. Floating validation checks object-
centric physical feasibility, while non-floating validation checks embodiment-dependent feasibility.

Validation setting

Representative skills

What is checked

Motivation

Floating gripper

Floating dexterous
hand

Full manipulator

Base-aware valida-
tion

Parallel-jaw grasp, inser-
tion, hanging, placement,
handle articulation

Dexterous grasp, dexterous
handle grasp, dexterous ar-
ticulation

Garment push, wash,
retrieval, entangled
deformable-object skills

Navigation, approach-pose
annotation, mobile manip-
ulation setup

Contact, collision, pene-
tration, stable grasp, task
progress, release stability

Finger-object contact, hand-
object collision, hand joint
validity, object stability, con-
tact maintenance

IK, joint limits, singular-
ities, arm collision, self-
collision, garment-arm en-
tanglement, deformable out-
come

Traversability, local dynam-
ics, clearance, turning ra-
dius, path connectivity, ma-
nipulation reachability

Validates local object
interaction  without
over-constraining

the annotation to a
particular arm pose.
Tests whether a dex-
terous contact config-
uration actually con-
strains the object be-
fore downstream exe-
cution.

Needed when feasibil-
ity depends on the arm
and body, not only lo-
cal hand-object con-
tact.

Ensures that the sam-
pled base pose and
path are feasible for
the target robot base.

Table 20: Robustness tests used during physics validation. Gravity randomization is mainly applied
to parallel-jaw and dexterous grasp candidates.

Robustness test

Applied skills

Purpose

Random gravity direc-
tions

Gravity  magnitude
scaling
Object pose jitter

Hand or gripper pose
jitter

External perturbation
force

Trajectory perturba-
tion

Parallel-jaw grasp, dexter-
ous grasp

Parallel-jaw grasp, dexter-
ous grasp

Grasp, dexterous grasp, in-
sertion, hanging

Grasp, dexterous grasp, ar-
ticulation

Grasp, dexterous
hanging, placement
Garment, articulation,
vector-conditioned skills

grasp,

Reject grasps that only succeed under one gravity
direction but fail when the load direction changes.
Use 1.5go to create a stricter stability test for weak

or marginal contacts.

Reject candidates that require extremely precise ini-
tialization or have no robustness margin.

Test whether small execution errors cause collision,

contact loss, or task failure.

Check whether the object remains stable under
small disturbances after contact or release.

Detect candidates that are overly sensitive to way-
point timing, contact pose, or approach direction.

65



Table 21: Skill-specific validation criteria. A candidate must satisfy both generic physics checks and
task-specific success conditions.

Skill family

Validation criteria

Typical success signal

Parallel-jaw grasp

Dexterous grasp

Articulation

Insertion

Hanging

Garment / de-

formable

Navigation

Approach collision, closure con-
tact, object stability, gravity ro-
bustness, disturbance robustness
Joint validity, self-collision, hand-
object penetration, contact cover-
age, object stability, gravity ro-
bustness

Contact maintenance, joint
progress, collision, penetration,
handle blockage, grasp or push
validity

Axis alignment, entry clearance,
collision-free approach, insertion
depth, post-insertion stability
Support contact, gravity stabil-
ity, release outcome, clearance
around hook or edge

Full-arm IK, singularity avoid-
ance, arm-cloth collision, entan-
glement, geometric outcome
Traversability, clearance, local dy-
namics, path connectivity, final-
pose reachability

Object remains held under randomized gravity
and perturbation.

Object is actually constrained by the hand and
does not slip or fall.

Door, drawer, lid, or button reaches the intended
joint state without contact loss or jamming.

Object reaches the target opening or socket with-
out collision and remains aligned.

Object remains hanging after release and does
not slide or fall.

Cloth reaches the intended fold, push, wash, or
retrieval state without wrapping around the arm.

Robot reaches an interaction-ready base pose
from which manipulation is feasible.
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Table 22: Common failure cases detected by physics validation. These failures motivate the use of
simulation-based filtering instead of relying only on geometric candidate generation.

Skill

Failure case

Cause

How validation de-
tects it

Parallel-jaw grasp

Parallel-jaw grasp

Dexterous grasp

Dexterous grasp

Dexterous articula-
tion

Dexterous articula-
tion

Articulation with
floating gripper

Insertion

Hanging

Garment
wash

push /

Garment / de-

formable

Navigation

Navigation

Object drops under different
gravity directions

Immediate gripper-object
collision

Looks like a grasp but does
not actually hold the object

Finger penetration or self-
collision

Hand gets stuck in the han-
dle or part geometry

Dexterous hand joint defor-
mation or damage in simula-
tion

Gripper jams into the object
or cabinet frame

Detected opening is too nar-
row or misaligned

Object falls after release

Trajectory passes through
IK singularity and moves er-
ratically

Garment wraps around the
arm or gripper

A* path is geometrically
valid but dynamically infea-
sible

Final base pose cannot sup-
port manipulation

The gripper has too little con-
tact area, contacts only an
edge, or does not form a sta-
ble antipodal grasp.

The pre-grasp or approach
pose intersects the object or
nearby geometry.

The hand pose surrounds the
object visually, but fingertips
do not establish effective con-
tacts or contact forces.

The optimized joint config-
uration places fingers inside
the object or causes hand self-
intersection.

Fingers enter a narrow handle,
cavity, or gap and cannot move
with the articulated part.

The moving object part pushes
against fingers or joints in an
infeasible configuration.

The handle trajectory is ge-
ometrically plausible but the
gripper body collides with sur-
rounding geometry.

The visual affordance is cor-
rect, but the insertion axis or
clearance is insufficient.

The support edge or hook does
not create a gravity-stable con-
tact.

The local end-effector path is
valid, but the full arm has un-
stable or near-singular IK.

The trajectory sweeps through
the cloth or pulls it across the
robot body.

The grid path has sharp turns
Or narrow passages incompati-
ble with the robot base.

The robot can navigate to the
(g)se but cannot reach or see
e manipulation target.

The grasp may pass
nominal lifting but
fails under one of
the eight randomized
gravity directions or
disturbance rollouts.
Collision and pene-
tration statistics ex-
ceed the tolerance be-
fore closure.

The object slips or
falls during gravity
robustness tests; con-
tact coverage or sta-
bility score is too
low.

Hand-object penetra-
tion, self-collision, or
joint-limit violation
is detected during
rollout.

Contact maintenance
fails, joint motion
stalls, or penetration
grows during open-
ing or closing.

Joint limits, self-
collision, abnormal
contact forces, or un-
stable hand motion
are detected.
Articulation progress
stops, collision in-
creases, or the grip-
per cannot maintain
contact.

Trajectory collides
near the entrance
or fails to reach
insertion depth.
After release, the ob-
ject slides, rotates
away, or drops under
gravity.
Full-manipulator val-
idation shows large
joint jumps, unstable
end-effector motion,
or IK failure.
Arm-cloth collision,
cloth entanglement,
or task-outcome fail-
ure is detected.
DWB or base-aware
rollout fails due to
turning radius, ve-
locity constraints, or
clearance.
Manipulation reach-
ability, visibility, or
IK query at the final
pose fails.




Table 23: Common physics-aware augmentation strategies. Local perturbation explores nearby
variations around validated anchors, while symmetry-aware augmentation expands candidates using
symmetry priors from visual-language annotations.

Skill / object type

Augmented quantity

Augmentation rule

Required recheck

Parallel-jaw grasp

Parallel-jaw grasp

Dexterous grasp

Dexterous grasp

Garment fling

Garment fold

Articulation

Articulation

Insertion

Hanging

Navigation

Bottle / can

Round knob

Repeated cabinet

handles

Garment bilateral

structure

Contact center

Grasp rotation

Fingertip contacts

Palm pose / joint offsets

Grasp keypoints

Fold/place target

Handle contact point

Pulling direction / way-
point spacing

Alignment pose

Support contact

Base pose

Rotationally symmetric
grasp

Rotationally symmetric
contact

Translated or mirrored
handle action

Mirrored sleeve fold

Jitter the grasp center within
the graspable part mask or af-
fordance region.

Perturb in-plane rotation, ap-
proach yaw, or pre-grasp off-
set within a bounded range.

Perturb contact seeds on the
same functional region and re-
adjust hand configuration.

Apply small palm-pose or
finger-joint perturbations
around a validated grasp.

Jitter sleeve endpoints, hem
points, or bottom corners
within keypoint confidence re-
gions.

Randomize sleeve place point,
bottom-up fold point, or pants
centerline target within a
bounded region.

Jitter the contact point on the
handle or movable-part mask.

Perturb pull direction, way-
point interval, and target joint
range.

Perturb entry pose, insertion
depth, or axis orientation
within tolerance.

Jitter the hook or support-edge
contact point and release pose.

Perturb (z,y,%) around an
interaction-ready base pose.

Rotate validated grasp poses
around the annotated symme-
try axis.

Rotate grasp or turning candi-
dates around the knob axis.

Copy grasp or articulation can-
didate to another functionally
equivalent handle.

68
Mirror left-sleeve fold to right-
sleeve fold across the garment
centerline.

Target remains in
region; gripper width
valid; no collision;
grasp remains stable.
Approach path remains
collision-free; contact
is preserved; gravity ro-
bustness remains valid.
Contacts remain on re-
gion; hand joint limits,
self-collision, and ob-
ject stability are valid.

No hand-object
penetration; no self-
collision; object

remains constrained.

Bimanual reachability,
visibility, cloth clear-
ance, and fling outcome
remain valid.

Fold target remains
consistent with gar-
ment keypoints; no IK
singularity or cloth-arm
entanglement.

Contact remains on
handle; grasp or push
remains feasible; no
jamming.

Joint progress remains
valid; contact is main-
tained; gripper or hand
does not collide with
the frame.

Axis alignment, clear-
ance, collision-free ap-
proach, and insertion
depth remain valid.
Gravity-stable support,
clearance, and post-
release hanging stabil-
ity remain valid.
Traversability, clear-
ance, path connectivity,
DWB feasibility, and
manipulation reachabil-
ity remain valid.
Symmetry transform
preserves object geom-
etry; transformed grasp
remains collision-free
and stable.

Contact remains on
knob; rotation direction
and wrist feasibility
remain valid.

Target handle is equiva-
lent; opening direction
and collision context re-
main valid.

Mirrored keypoints are
detected; fold direction
and bimanual reachabil-
ity remain valid.
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