Breaking the 3D Dataset Bottleneck: Fast Scalable Generation of Aligned 3D
Assets from Scratch for Category 6D Pose Estimation and Robotic Grasping
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Figure 1. Our text-to-image pipeline: (a) Category-based geometry prompt engineering and image generation; (b) Depth-conditioned

image generation for texture variation and automatic alignment.

Figure 2. GenOmni3D Dataset: RGB and Normal images for objects from all 153 categories.

Abstract

While 2D vision has been revolutionized by large-scale
datasets, 3D vision remains constrained by scarce, canon-
ically aligned data. We introduce the first scalable, au-
tomated framework that generates complete category-level
6D pose datasets directly from text prompts, bypassing ex-
isting 3D assets. Our method achieves: (1) reliable asset
generation via a controlled text-to-image-to-3D pipeline;
(2) built-in canonical alignment through depth-conditioned
generation (96% pose consistency); (3) large-scale 6D an-
notation via mixed reality rendering. The pipeline pro-
duces aligned meshes in under 3 minutes per object (5-20x
speedup). We generate over 1,000 instances for each of

153 categories (153,000 meshes, ;40x increase per cat-
egory). Extensive evaluation shows competitive zero-shot
sim2real transfer on NOCS and superior robotic grasp-
ing (87.8% success), where aligned meshes prove essen-
tial. We release the largest publicly available aligned 3D
mesh dataset, category-level 6D pose dataset, grasping en-
vironments, and open-source pipeline. Code and data:
https://genomni3d.github.io/

1. Introduction

The field of 2D computer vision has been revolutionized by
foundation models trained on massive-scale datasets [12—


https://genomni3d.github.io/

14]. In contrast, 3D vision advancement remains con-
strained by a fundamental limitation: the scarcity of high-
quality, diverse, and scalable annotated 3D data. This
bottleneck 1is critical as advanced 3D understanding un-
derpins robotics, augmented reality, and autonomous sys-
tems. Category-level 6D pose estimation—predicting an
object’s 3D position and orientation from a single RGB-
D image without instance-specific models—epitomizes this
challenge. Creating such datasets faces three bottlenecks:
(1) Asset collection depends on labor-intensive scanning
(15-60 min/object) or limited repositories with inconsis-
tent quality; (2) Mesh alignment requires extensive manual
effort, hindering large-scale creation; (3) Pose annotation
is error-prone and hard to scale. Our end-to-end pipeline
transforms text prompts into complete 6D pose and grasp-
ing datasets. Our contributions can be summarized as :

Generative Pipeline for Aligned 3D Assets: Near au-
tomated framework converting category descriptions into
aligned 3D meshes with 96% pose consistency (vs. 57%
prior work [6]) in <3 min (5-20x speedup).

Benchmarking Dataset Generation: We reproduce and
open-source state-of-the-art category-level 6D dataset gen-
eration pipelines [21, 23], including full 3D simulation and
mixed-reality rendering, creating comprehensive datasets.

Large-Scale Dataset Releases: Two datasets: (1) the
largest aligned 3D mesh dataset (153K meshes, 153 cate-
gories); (2) category-level 6D pose dataset (1.2M images
with full annotations).

Grasping Simulation and Real-World Validation:
Custom grasping environments in SAPIEN [20] achieve
87.8% grasp success, significant shape completion im-
provements (0.475 IoU vs 0.314), and superior real-world
zero-shot transfer.

2. Related Work
2.1. 3D Datasets

As shown in Table 1, existing 3D datasets fall into cate-
gories: synthetic (ShapeNet [2], ModelNet [19]) lacking re-
alism; real-world scans (OmniObject3D [18]) limited scal-
ability (15-60 min/object); large internet collections (Ob-
javerseXL [4]) with inconsistent quality and sparse cat-
egory coverage and no alignment; generated collections
(GenVegeFruits [6]) mostly limited to symmetric objects
and computationally heavy. Our datasets GenNOCS3D and
GenOmni3D uniquely combine large-scale instance diver-
sity with built-in canonical alignment and fast generation (3
min/object).

2.2. Category 6D Pose Datasets

Real-world 6D annotation is costly; synthetic datasets re-
quire diverse 3D assets. NOCS [16] (6 categories) es-
tablished the first benchmark; Omni6D [23]/Omni6éDpose

Table 1. Comparison of existing 3D mesh datasets. R/S/SALI: real,
synthetic, generative.

Dataset R/S/SAI | #0Obj | #Cat | #O/C | Ali | Quality | Time
ShapeNet [2] S 51k 55 927 Y * N/A
ModelNet [19] S 12k 40 300 Y * N/A
OmniObject3D [18] R 6k 190 32 Y ok 15-60m
ObjaverseXL [4] R+S 10.2M - - N * N/A
GenVegeFruits [6] SAI 100K | 100 | 1000 | Y ok 15min
GenOmni3D (Ours) SAI 153K 153 1000 Y dokek 3min

[21] combine synthetic and real data but suffer from lim-
ited instance diversity and reproducibility challenges. Our
approach generates unlimited, canonically aligned assets
across arbitrary categories. Table 2 compares existing
datasets with our GenNOCS6D and GenOmni6D.

3. From category prompts to aligned textured
3D mesh generation

Our pipeline (Fig. 1) converts category descriptions into
aligned meshes with 96% pose consistency, requiring only
2 hours of manual effort for the complete NOCS3D dataset.
It comprises four phases:

1. LLM-based Geometry Prompt Engineering:
LLMs generate category-specific prompts with randomized
shape descriptions and self-verification.

2. Image Generation and Depth Estimation: Diffu-
sion models [7] produce initial images and a manual filter-
ing (<10 min/category) removes outliers to get 100 images
per category. DepthFM [8] processes selected images to
create depth maps, conditioning subsequent stages.

3. Texture Variation: Each depth map conditions gen-
eration of 10 textured instances via LLM texture prompts,
yielding 1K images per category.

4. 3D Reconstruction: A state-of-the-art image-to-
3D model (Hunyuan3D-v2.0 [15]) produces consistently
aligned meshes from aligned images (Fig. 3).

Indeed, previous work on text-only generation achieves
80% pose consistency for symmetric objects but drops to
20% for asymmetric ones (e.g., laptops). We adopt Control-
Net [22] with depth conditioning, achieving near 100% for
symmetric objects and up to 96% overall (Table 3). Depth
maps capture global structure without constraining texture
details, ensuring pose consistency and geometric diversity.
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Figure 3. Examples of final textured images (left) and resulting
3D meshes using Hunyuan3D-v2.0 (right) for NOCS categories.



Table 2. Comparison of category-level 6D pose datasets. Table 3. Pose consistency (%)
with/without depth.

Dataset 3D dataset Rend. #Cat | #O/C #0O #Img Code

NOCS-CAMERA2S5 [16] ShapeNet Rast 6 180.8 1080 300K X Category Depth (Ours) | Text-only [6]
Omni6DPose-SOPE [21] | OmniObject3D | RT+MR | 149 27.9 | 4023 | 475K X pote . n
Omni6D [23] OmniObject3D RT 166 28.2 4648 0.8M Camera 97 30
Omni6D-x1 [23] Multiple RT 419 38.1 | 15922 | 1.1IM L op o »
GenNocs6D (Ours) GenNocs3D RT+MR 6 1000 6000 600K Mug 100 82
GenOmni6D (Ours) GenOmni3D RT+MR | 153 | 1000 | 153K | 1.2M oD o 7

4. Mesh integration for category-level 6D pose
dataset generation

We extend BlenderProc [5] to generate synthetic training
data for category 6D pose estimation, providing two com-
plementary pipelines.

4.1. Complete 3D simulation approach

Adopted from Omni6D [23], this uses realistic synthetic
scenes from scanned homes. Objects are randomly placed
in physically delineated areas with 10 camera viewpoints
per configuration, illuminated by five random light sources.
We generated 300K images matching NOCS dataset size.

4.2. Mixed reality rendering pipeline

Based on NOCS [16] and Omni6éDPose [21], this places
synthetic objects on planar surfaces against real image
backgrounds with ray-traced shadows. Camera poses are
aligned with background viewpoints [1]. Objects are placed
using multi-view ray casting and gravity simulation. Shad-
ows are rendered separately and composited with the back-
ground and real depth. We generated 300K images for
NOCS and >1M for Omni6Dpose.

5. Grasping dataset generation

We integrate generated objects into SAPIEN simulator [20]
and use CenterGrasp [3], which jointly trains 6D pose es-
timation, mesh reconstruction, and grasp prediction using
Signed Distance Functions for Grasping (SDFG).

5.1. Physical properties

We assign realistic scales and sample densities per category,
generate collision meshes via V-HACD [1 1] convex decom-
position, and produce URDF files for 100 objects per cate-
gory (600 total).

5.2. SAPIEN scene generation

Following CenterGrasp [3], we create “pile” and “packed”
scenes with varying complexity. Training data includes
grasp poses, RGB images with annotations (heatmaps, 6D
poses, latent codes). We randomize ground/table materials
and create two dataset versions (native textures vs. random-
ized textures, Fig. 4-5).

6. Experiments

6.1. Benchmarking 6D pose generation on NOCS

We evaluate DualPoseNet [10] on five dataset variants
(100K images each) to assess: (i) Mixed-reality vs. fully
synthetic: mixed-reality (Mix%,;) achieves best zero-shot
Sim2Real on REAL275 (avg 34.75 vs. Replica’s 33.10). (ii)
Generated mesh quality: our meshes improve synthetic val-
idation (23.91 vs. 15.66) and Sim2Real (30.83 vs. 29.07).
(iii)) Shadow importance: shadow-enabled versions con-
sistently outperform shadow-free (e.g., 34.75 vs. 30.83).
Training on our full synthetic dataset yields zero-shot per-
formance comparable to supervised methods (Table 4).

6.2. Grasping and shape completion evaluation

We evaluate within CenterGrasp [3] framework on
SAPIEN. Models trained on our data (Custom-CG) outper-
form pre-trained CenterGrasp and GIGA [9] across all met-
rics (Table 5). Best model achieves 87.8% grasp success
(vs. 82.7% CenterGrasp) and shape completion IoU 0.475
(vs. 0.314). Native textures further improve performance.

6.3. Real robot application

Zero-shot sim-to-real benchmark on 36 objects across six
NOCS categories. Our NOCS model (trained on cus-
tom data) outperforms baseline; category-specialized mod-
els achieve highest detection and grasping success (Ta-
ble 6, Fig. 10), demonstrating the value of easily generated,
domain-specific training data.

7. Conclusion

This work overcomes the data bottleneck in 3D vision with
an automated pipeline generating complete category-level
6D pose and grasping datasets from text prompts. Key
innovation: generating high-quality, canonically aligned
3D meshes with 96% pose consistency across 153 cate-
gories, achieving 5-20x speedup over scanning. Released
datasets include the largest aligned 3D mesh collection
(153K meshes) and category-level 6D pose dataset (1.2M
images). Validation shows competitive zero-shot sim2real
transfer on NOCS and superior robotic grasping (87.8%
success) confirmed by real-world testing. Our work trans-
forms 3D dataset creation, enabling scalable foundation
models for 3D vision and robotic manipulation.
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Figure 4. Random textures.

Figure 5. Object textures.
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Figure 7. Mixed-reality IKEA (Ours).

Figure 8. REPLICA-based (Ours).
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Figure 9. REAL275 real images [16].

Table 4. Comprehensive evaluation of DualPoseNet for Sim2Real transfer and in-domain performance. The top section reports zero-shot
transfer to the real-world NOCS REAL275 test set. The middle section shows performance on synthetic validation splits. The bottom
section provides the original NOCS supervised upper-bounds for reference. Metrics evaluate both 2D detection (IoU50/75) and 3D pose
accuracy, where n°, mcm measures the percentage of poses with rotation error < n° and translation error < mcm. Best scores for the
zero-shot Sim2Real and our synthetic validation experiments are underlined; overall best (supervised) results are in bold. The metrics are
symmetry aware as done in Omni6D [23]. Evaluation of DualPoseNet [10] for Sim2Real transfer

‘ Training ‘ Test H ToUsg ‘ ToU75 ‘ 5°2¢cm ‘ 5°5cm ‘ 10°2em ‘ 10°5¢cm ‘ 5° ‘ 10° ‘ 2cem ‘ 5cm ‘ Avg ‘
Replica_train Real275 [17] 82.03 [ 34.33 | 3.40 4.94 11.51 17.12 | 575 [ 18.66 | 55.24 [ 98.05 | 33.10
Mixg Real275 [17] 8591 | 3542 | 4.62 7.36 13.95 22.19 | 849 |23.83 | 4929 [ 96.43 | 34.75
Mix%% " Real275 [17] 84.89 | 28.86 | 2.27 3.77 8.07 14.13 | 449 | 1570 | 48.43 | 97.66 | 30.83
Mix3", Real275 [17] 82.68 | 3150 | 4.80 6.32 12.90 1781 | 7.01 | 19.15 | 52.46 | 97.77 | 33.24
Mix7o " Real275 [17] 73.56 | 26.05 | 2.23 3.46 6.81 11.02 | 4.08 | 12.31 | 53.16 | 98.05 | 29.07
Replica-train Replica-val 66.43 [ 1656 | 1.52 3.04 4.18 8.57 334 [ 9.41 [ 28.05 | 83.67 | 22.48
Mixg) ; train Mixgy  val 69.60 | 2244 | 2.09 4.25 525 1077 | 478 | 12.12 | 2631 | 81.47 | 23.91
Mix%,*" _train Mix2% " val 68.90 | 21.72 | 2.18 4.15 5.16 1028 | 4.59 | 11.41 | 2630 | 81.28 | 23.60
Mix:h  _train Mix3h _val 46.93 | 632 | 0.98 1.74 1.81 3.81 1.83 | 4.16 | 16.39 | 72.59 | 15.66
Mixp o, *" _train MixZe, " val 4647 | 646 | 085 1.68 1.70 3.90 174 | 422 [17.63 | 7245 | 15.71
REAL275 train [16] REAL275 [16] 7943 [ 36 3224 | 3924 [ 5223 67.70 | 41.44 [ 70.14 [ 70.47 | 96.89 | 55.42
CAMERAZ25 [16] + REAL275 [16]_train | REAL275 [16] 84.19 | 76 | 4049 | 4587 | 63.77 75.06 | 47.93 | 76.27 | 82.76 | 99.34 | 61.67
GenNOCS _train (ours) REAL275[16] || 81.25 | 38 | 35.67 | 42.15 | 58.92 71.38 | 44.28 | 73.45 | 76.84 | 97.89 | 58.49

[ GenNOCS _train (ours) [ GenNOCS_val ][ 95.51 | 8246 | 56.11 | 57.31 | 67.81 69.91 [ 60.14 [ 71.66 | 93.73 ] 99.04 | 77.15 |

[ GenOmni3D_train (ours) [ GenOmni3D_val [[ 81.83 | 37.80 [ 11.99 [ 1536 | 23.98 32.06 [ 16.92 [ 35.75 | 52.09 | 84.23 [ 38.58 |

Table 5. Grasping and shape completion comparison.

Method Grasp success | bil | IoU 7
GIGA-val-tex [9] 0.6375 55.2 | 0.146
Centergrasp-val-tex [3] 0.7896 27.0 | 0.314
Custom-CG-tex-val-tex (Ours) 0.8679 23.5 | 0475
Centergrasp-val-rdom [3] 0.8271 28.0 | 0.312
Custom-CG-rdom-val-rdom (Ours) 0.8784 19.2 | 0453

Table 6. Real-world detection and grasping success rates.

Method Can | Bottle | Bowl | Mug | Camera | Laptop
Detec (Baseline) 83% 50% 28% | 58% 73% 0%
Detec (NOCS) 100% | 71% | 71% | 83% 60% 100%
Detec (Specialized) || 100% | 66% | 86% | 75% | 100% 100%
Grasp (Baseline) 96% 50% | 14% | 50% 66% 0%
Grasp (NOCS) 100% | 46% | 47% | 58% 60% 0%
Grasp (Specialized) || 100% | 52% | 57% | 71% 73% 0%
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