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Abstract

Simulation enables scalable robot data collection, but raw 3D assets provide only geometry,
lacking the semantic, interactive, and physical knowledge needed to specify where and how
robots should act. In this work, we present ScalableAnno, a general automatic annotation
framework that converts passive 3D assets into manipulation-ready assets with structured,
diverse, and executable manipulation labels. ScalableAnno is built around two complementary
pipelines. First, a unified visual-language annotation pipeline using vision-language reasoning to
infer object semantics, interaction constraints, and 3D-grounded cues, providing human-prior
guidance for identifying meaningful interaction regions. Second, a fully automatic and massively
parallel physics annotation pipeline grounds these priors in each asset's geometry and physical
constraints through candidate generation, geometry optimization and trajectory generation. This
pipeline produces diverse and executable 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. Experiments
demonstrate that ScalableAnno 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.
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ABSTRACT

Simulation enables scalable robot data collection, but raw 3D assets provide only
geometry, lacking the semantic, interactive, and physical knowledge needed to specify
where and how robots should act. In this work, we present ScalableAnno, a general
automatic annotation framework that converts passive 3D assets into manipulation-ready
assets with structured, diverse, and executable manipulation labels. ScalableAnno is built
around two complementary pipelines. First, a unified visual-language annotation pipeline
using vision-language reasoning to infer object semantics, interaction constraints, and
3D-grounded cues, providing human-prior guidance for identifying meaningful interaction
regions. Second, a fully automatic and massively parallel physics annotation pipeline
grounds these priors in each asset’s geometry and physical constraints through candidate
generation, geometry optimization and trajectory generation. This pipeline produces
diverse and executable 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. Experiments
demonstrate that ScalableAnno 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.
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CHAPTER 1

Introduction
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Figure 1.1. Overview of ScalableAnno. The framework converts raw 3D
assets into manipulation-ready annotations across four asset families: rigid
objects, articulated objects, deformable objects, and room-scale navigation
scenes.

Training general-purpose robotic agents requires large-scale and diverse robot data
across objects, embodiments, and tasks [1H4]. Collecting such data in the real world is
expensive and difficult to scale, while simulation offers a more scalable alternative when
supported by suitable 3D assets and tools [5HS]. However, raw 3D assets typically encode
only shape and appearance: they tell a simulator how an object looks, but not where to
grasp it, which part can move, or where insertion or hanging is feasible. The bottleneck

for scalable robot learning is therefore not the number of assets, but the lack of actionable

annotations that turn passive geometry into manipulation-ready assets.



In this thesis we present ScalableAnno, a framework that automatically converts raw
3D assets into manipulation-ready assets through three complementary types of annotations:
language annotations that describe object semantics and interactions, visual annotations
that provide 3D-grounded part, keypoint, and affordance cues, and action annotations that
encode executable manipulation parameters such as grasp poses, articulation waypoints,
and navigation targets. The framework combines two pipelines: a vision-language pipeline
that injects human interaction priors into each asset, and a physics-grounded action
pipeline that turns those priors into executable, validated labels. Built on top of the
annotations, we further demonstrate a parallel simulation data-collection system and
several annotation-derived applications.

The main contributions of this thesis are:

e A unified visual-language annotation pipeline that converts raw 3D assets into hier-
archical language descriptions and 3D-grounded visual annotations (parts, keypoints,
affordances).

e A physics-grounded action annotation pipeline that turns these priors into diverse,
executable action labels covering grasping, articulation, insertion, hanging, deformable
manipulation, and navigation.

e A demonstration that the resulting annotations support scalable simulation data collec-
tion and downstream applications such as affordance detection and robot VQA, with

experimental evidence on a heterogeneous audited evaluation suite.

The remainder of this thesis is organized as follows. Chapter [2] reviews related work

on automatic robot data collection and manipulation annotation. Chapter (3| describes



the ScalableAnno framework. Chapter [4] describes downstream usages of the generated

annotations. Chapter [f] reports experimental results, and Chapter [6] concludes.



CHAPTER 2

Related Work

Automatic data collection for robot learning. Automatic robot data collection
broadly falls into annotation-based and RL-based methods. Annotation-based pipelines
such as InternData-A1 [9], RoboTwin 2.0 [I0], and [II] rely on manually curated task
templates, hand-designed grasp candidates, or per-asset configuration. RL-based pipelines
such as RoboGen [12] and [13HI7] avoid manual labels but require reward engineering and
substantial compute, and may yield behaviors that drift from human priors. In contrast,
ScalableAnno turns raw 3D assets into reusable, skill-consumable annotations and uses
them as inputs for downstream data collection, decoupling annotation from any specific
data generator.

Automatic annotation for manipulation. Prior automatic annotation methods
typically target a single label type such as grasps [16], (I8, [19], contacts, affordances, or
articulation waypoints [20, [I7], and are often restricted to a specific object category
or embodiment. Recent work on simulation-side annotation, including GenManip [21],
GenieSim 3.0 [22], and MolmoBot [23], broadens this scope but still focuses on tabletop
manipulation with limited deformable, dexterous, or room-scale coverage. ScalableAnno
unifies skill-consumable language, visual, and action labels across grasping, dexterous and
bimanual manipulation, articulation, insertion, hanging, deformable manipulation, and

navigation under a single annotation pipeline.
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CHAPTER 3

Method

ScalableAnno takes a raw 3D asset—ranging from a single object to a whole room—and
produces three types of annotations: language descriptions, 3D-grounded visual annota-
tions, and physics-validated action labels. The framework is built from two complementary
pipelines. A wvisual-language annotation pipeline (Section extracts human interaction
priors and grounds them in each asset’s geometry. A physics-based action annotation
pipeline (Section converts those priors into executable, validated action labels covering
rigid, articulated, deformable, and room-scale interactions. Because the visual-language
pipeline is the main technical focus of this thesis, it is described in detail; the physics

pipeline is summarized at a higher level.

3.1. Hierarchical Visual-Language Annotation Pipeline

The goal of the visual-language pipeline is to enrich each asset with human-prior
reasoning that is grounded in its geometry. For each asset it produces two types of output:
language annotations, which describe the asset and its interactions in natural language,
and visual annotations, which mark interaction-relevant regions on the 3D surface.
Annotations are generated at both an asset level and a room level, and linked across levels

through shared instance identifiers.
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Figure 3.1. Hierarchical visual-language annotation pipeline. For each asset
the pipeline produces language descriptions and 3D-grounded visual anno-
tations (parts, keypoints, affordances), and composes them into room-level
annotations.

3.1.1. Hierarchical Language Annotation

Asset-level language. For each object asset we feed multi-view RGB renderings to
a vision-language model (Qwen3-VL [24]) and prompt it to generate three levels of
description: (i) a semantic phrase that names the object and its functional category; (ii) a
functional sentence that summarizes how the object is typically used; and (iii) a part-aware
paragraph that enumerates manipulable parts and feasible interactions. These hierarchical
descriptions provide priors for both visual grounding and action generation: the semantic
phrase anchors the asset to a category, the functional sentence specifies plausible high-level
interactions, and the part-aware paragraph identifies sub-parts that the visual annotation

stage should localize.
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Room-level language. For room-scale scenes we additionally render a selection of
room views and a labeled top-view occupancy map, and query the same VLM for a three-
level room description: a layout summary, a furniture-and-zone description, and a dense
scene context paragraph. These descriptions capture spatial relations between objects,
navigable regions, and task-relevant interaction areas, and complement the object-level

annotations when the asset participates in mobile or scene-level tasks.

3.1.2. Hierarchical Visual Annotation

Asset-level visual annotation. For each object asset we reconstruct a fused RGB-D point
cloud from multi-view renderings and produce three types of 3D-grounded annotations: (i)
semantic keypoints, obtained by farthest-point sampling on the surface and then having
the VLM select task-relevant points conditioned on the asset-level language description;
(ii) part masks, obtained through a native 3D part decomposition using P3-SAM [25]
and X-Part [20]; and (iii) affordance regions, obtained by projecting language-described
interaction regions onto the 3D surface and refining them against the part masks. Together,
these provide 3D anchors that subsequent physics-based action generation can ground its
labels on.

Room-level visual annotation. For room-scale scenes we construct multi-height
occupancy maps from simulated LiDAR and ray-cast observations, and derive floor-plan
and wall annotations by filtering out movable objects. These visual annotations provide the
geometric context required for navigation, exploration, and scene-level action generation.

Cross-level composition. For each room-scale scene we isolate object instances,

annotate each instance independently using the object-centric pipeline above, and then
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transform the resulting annotations back to the global frame using scene instance identities.
Each room object is therefore associated with both its own semantic, visual, and action-
relevant annotations and with the surrounding room-level descriptions, all linked through

shared identifiers.

3.2. Physics-based Action Annotation Pipeline

The physics pipeline turns the grounded priors from the visual-language stage into
structured, executable action labels. We summarize the design here; details on each skill
are provided in our project materials.

Unified action schema. Rather than committing to a single canonical action per
object, we organize action annotations as a hierarchical candidate bank. Given an asset, its
grounded anchors (parts, keypoints, affordance regions, and scene regions) are combined
with compatible skill types to produce multiple feasible candidates. Each candidate stores a
skill type, a target on the asset, skill-specific parameters such as pose, contact, or direction,
and an optional trajectory together with feasibility metadata. This one-to-many schema
lets downstream modules choose among diverse, physically feasible, and functionally
consistent labels.

Generation, optimization, and validation. For each skill the pipeline runs
four stages. (i) Candidate target generation localizes skill-compatible regions using the
grounded annotations—for example, grasp regions for grasping, handles for articulation, or
navigation-mesh points for approach—and samples concrete targets filtered by geometry
and embodiment constraints. (ii) Trajectory generation produces an initial waypoint

sequence from the target, chosen according to the skill’s constraint source (object property,
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articulated motion, interaction direction, or scene trajectory). (iii) Trajectory optimization
refines parameters and waypoints under task, contact, collision, kinematic, and smoothness
costs [27, 28]. (iv) Physics validation executes optimized candidates in parallel simula-
tion, using floating end-effectors for most object-centric skills and full manipulators for
embodiment-dependent skills, with perturbations to test robustness. Validated candidates
are further expanded by local perturbation and symmetry-aware augmentation to increase
diversity while preserving the same functional affordance.

The result is a manipulation-ready asset whose annotation bank contains diverse,
validated labels across skills such as grasping, dexterous grasping, bimanual grasping,

articulation, insertion, hanging, deformable manipulation, and navigation.
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CHAPTER 4

Downstream Tasks

ScalableAnno turns passive 3D assets into reusable visual-language-action annotations
that can drive several downstream uses for robot learning. This chapter focuses on
the largest of these uses—large-scale simulation data collection—and briefly describes

additional applications that the same annotations enable, illustrated in Fig. 4.1

OBJECTS KEYPOINTS AFFORDANCES ROBOT VQA 3D INSTRUCTION FINETUNING

Q[Object Grounding]: Which object is on the

Q[Manipulation Reasoning]: Should the
bed near the center-right?

) )
"_T ‘t robot grasp the red box with one hand or two

'S hands?

A: A panda plush toy is on the bed near the

A: Two hands. The box is large and has broad center-right.

flat faces, so a bimanual grasp gives better

stability and control.

Q[Object Grounding]: Which object is enclosed
by the green bounding box on the right side of
the room?

Q[Task State Understanding]: Which drawer|
is the robot opening?

= -
! A: The upper drawer. The gripper is positioned
1 atthe handle of the top drawer.
r |
J

Figure 4.1. Downstream applications supported by ScalableAnno. The
generated visual-language-action annotations can be consumed by atomic
skills for simulation data collection, and converted into supervision for
affordance and keypoint detection, robot reasoning VQA, and 3D visual-
language instruction tuning.

A: A potted plant is enclosed by the green
~| bounding box.

4.1. Large-scale Simulation Data Collection

The action annotations are designed to serve as executable interfaces for simulation-
based robot data collection. We build an atomic-skill library aligned with our annotation
schema, where each skill consumes the action parameters produced by the pipeline: grasp

poses, target parts, waypoints, insertion directions, hanging anchors, and navigation goals.
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The library covers tabletop, bimanual, whole-body, dexterous, and mobile manipulation,
and atomic skills can be composed into long-horizon tasks.

Data collection itself runs as a set of heterogeneous parallel rollouts. Each
simulation environment independently samples assets, tasks, object poses, and scene
layouts, with domain randomization over pose, lighting, material, camera, and scene
configuration. For each rollout we use asynchronous cuRobo-v2 planning for goal reaching
and obstacle avoidance [27, 2§]. For each randomized scene the planner retrieves candidates
from the annotation bank, solves goal-set inverse kinematics, and executes the feasible
solution with the lowest planning cost. Candidates that repeatedly fail simulation validation
are removed from the bank, so that the retained annotations stay executable under diverse
robot—object configurations.

This setup is not the core contribution of the thesis: it is included to demonstrate
that ScalableAnno’s annotations can be directly consumed by an existing data-collection

pipeline without further per-asset engineering.

4.2. Other Annotation-derived Applications

Beyond data collection, the same annotation bank supports several supervision-style
applications. Keypoint and affordance learning reuses the visual annotations as
keypoint supervision and physics-validated action annotations as affordance supervision,
which can be projected to images or point clouds for perception training. Robot reasoning
VQA can be generated as a by-product of simulation rollouts: during execution we log
grounded labels such as the selected object, part anchor, inverse-kinematics solution, and

approach side, which yield runtime QA supervision that cannot be derived from static
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assets alone. 3D visual-language instruction tuning can also benefit, since simulation
assets and rollouts provide dense grounding labels (3D and 2D boxes, part segmentations)
and the language annotations provide object relations, room layouts, and task contexts,
yielding instruction—response pairs for 3D spatial reasoning and scene-level QA.

These applications are presented as illustrative downstream uses rather than full

benchmarks; the main empirical evidence is reported in Chapter [5]
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CHAPTER 5

Experiments

This chapter evaluates ScalableAnno as an annotation pipeline, focusing on three
questions: (Q1) can the framework convert heterogeneous raw 3D assets into manipulation-
ready annotations at scale? (Q2) how good are the visual-language annotations relative to
direct VLM or affordance-only baselines? (Q3) can policies trained from annotation-enabled

simulation rollouts transfer to the real world?

5.1. Setup

Asset pool and audited suite. We process a heterogeneous asset pool of 17,005 assets
drawn from 9 source families, covering rigid objects, articulated objects, deformable or
garment assets, and room-scale scenes. All quality and success-rate results are reported on
an audited evaluation suite sampled from this pool. The suite is stratified by valid asset—skill
pairs across grasping, dexterous grasping, bimanual grasping, bimanual dexterous grasping,
articulation, insertion, hanging, deformable manipulation, and navigation/approach-target
generation.

Coverage. On the audited evaluation suite the pipeline generates on average 2,315
candidates per attempted asset—skill pair, of which 615 pass physics validation and 538 are
retained in the final annotation bank (a 26.6% validation pass rate and 23.2% retention
rate). Aggregated over the full asset pool this yields roughly 100M physics-validated action

annotations across 18 atomic skills.
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5.2. Visual-Language Annotation Quality

The visual-language stage provides the priors that the physics stage grounds, so its
quality is the main lever for the overall pipeline. We evaluate it on a manually annotated
subset of the audited suite [29-32], which provides references for language descriptions,
functional parts, keypoints, affordance regions, and scene-level spatial cues.

Complete visual-language bundles are scored by human raters on a 0-100 scale (reported
as mean + standard error) along five axes: Semantic, 3D Grounding, Coverage, Action-
readiness, and Overall. We additionally report aggregate matching scores against manual
references for the generated parts, affordances, and keypoints. We compare against three
variants: Direct VLM (no 3D refinement), Aff.-only + heur. (affordance heuristics
without language reasoning), and w/o 3D refine (language priors without 3D-grounding
refinement).

Table 5.1. Visual-language and visual annotation quality on the audited
evaluation suite. The left block reports mean + standard-error human ratings
for complete visual-language bundles. The right block reports aggregate
matching scores for generated part, affordance, and keypoint annotations.

Visual-Language Bundle Quality Visual Annotation Quality

. 3D . .

Method Semantic . Coverage Action  Overall Part Afford. Keypoint
Grounding

Direct VLM  84.2+1.1 61.5+1.9 68.7+1.7 64.1£1.8 69.6+£1.4 72.8 68.5 70.2
fi;‘f;ly 76.8+£15 70.241.8 731416 67.541.7 71914 705 79.3 68.8
w/o 3D refine 87.5+0.9 73.4+1.6 77.8+£1.4 75.2+1.5 785+£1.2 82.6 78.1 80.8
Ours 93.1+0.6 89.4+0.8 90.24+0.7 91.04+0.8 90.94+0.6 91.5 89.0 90.3

As shown in Table [5.1], the full pipeline produces the best visual-language bundles.
Direct VLM is competitive on semantics but weaker on 3D grounding and action-readiness,

since it has no mechanism to anchor descriptions to 3D parts. Aff.-only + heur. improves
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affordance localization but loses part and keypoint quality without language reasoning.
w/0 3D refine degrades across all three visual annotation types, confirming that explicit
3D grounding is needed even when language priors are available. The combined pipeline

improves overall bundle quality from 69.6 to 90.9 on the human-rated scale.

5.3. Real-World Transfer

As a sanity check on the executability of annotation-enabled rollouts, we train manip-
ulation policies purely from simulation rollouts generated through our annotation bank
(with domain randomization) and evaluate them zero-shot on representative real-world

tasks. We report success rates over 20 trials per task on a single platform.

Table 5.2. Zero-shot real-world transfer of policies trained from annotation-
enabled simulation rollouts. Success counts are reported over 20 trials per
task.

Metric Grasp DexGrasp Insertion Open Drawer Close Lid Long-horizon

Success / 20 18 15 14 16 17 12

Table shows that policies trained only on annotation-enabled simulation rollouts
transfer to the real platform on basic atomic skills (Grasp, DexGrasp, Insertion, Open
Drawer, Close Lid) with success rates between 14/20 and 18/20. Performance drops on
the long-horizon task (12/20), as expected for compositional execution without real-world
fine-tuning. These numbers are meant as a feasibility check rather than a benchmark, but
they support the claim that the annotation bank produces executable, transfer-friendly

trajectories.
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CHAPTER 6

Conclusion

This thesis presented ScalableAnno, a framework for automatically converting raw
3D assets into manipulation-ready annotations. The framework combines a hierarchical
visual-language annotation pipeline that injects human interaction priors and grounds
them in each asset’s geometry, with a physics-based action annotation pipeline that turns
those priors into diverse, executable, and validated action labels across rigid, articulated,
deformable, and room-scale interactions. Built on top of the resulting annotation bank,
we demonstrated a parallel simulation data-collection system as well as several annotation-
derived applications. Experiments on a heterogeneous audited evaluation suite showed that
the full pipeline produces substantially higher-quality visual-language annotations than
direct VLM or affordance-only baselines, and policies trained from annotation-enabled
simulation rollouts transferred zero-shot to a real platform on a set of representative
manipulation tasks.

Limitations and future work. The current pipeline depends on the quality of
the visual-language model used for asset-level reasoning, and its physics validation is
limited to the simulator’s contact and deformation models. Future directions include richer
affordance priors from interaction videos, tighter coupling between language and physics
validation, and broader real-world evaluation on long-horizon and mobile manipulation

tasks.
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