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What 1s open-world 3D learning?

* 3D learning: Learn representations/features from 3D data (e.g., point cloud, depth map)
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* Open-World: Generalize beyond ‘seen’ categories in pretraining dataset.
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Previous methods: Depth-based vs Point-based open-world 3D models.

(a) Depth-based Method (b) Point-based Method
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models, used for training only.
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Image and text modalities are pre-aligned by CLIP.
Feature alignment of 3D data, CAD-rendered 1images, and text 1s a standard practice.
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CLIP’s secret of success: Pretraining on an extremely diverse set of image-text pairs.

* 3D dataset 1s scarce (< 1M, synthetic). CLIP Pretraining data: LAIONSB, DFN3B (5B).
* CAD-rendered images: unrealistic, simplistic texture, limited visual diversity.
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Example of multi-view CAD-rendered images.

Directly training a 3D version of CLIP from scratch is impractical.
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OpenDlign: a novel open-world 3D model.
* Align 3D data with visually diverse depth-aligned images instead of CAD renderings.

CAD-rendered
images

)

|

&

g

Depth-aligned
images

* Fine-tunes CLIP to maximally leverage its extensive knowledge for 3D learning, avoiding the need to

train a separate encoder from scratch.
(a) Depth-based Method

(b) Point-based Method
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(c) OpenDlign (ours)
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1. Project point cloud into multi-view depth
maps with clear contours.

2. Use projected depth maps to generate
depth-aligned 1images using ControlNet.

3. Contrastive learning between features
from depth maps and depth-aligned
images (6M param).

4. Multi-view logit aggregation, avoid
catastrophic forgetting.

5. Depth-specific text prompts for 3D zero-
shot classification.
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(a) Point Cloud Representation Learning via Generated Depth-Aligned Images
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Experiment: zero-shot classification

* OpenDlign outperforms the leading baseline by 8.0% on ModelNet40, 16.4% on OmniObject3D.
* Using depth-aligned images consistently enhances the performance of other SOTA models

Table 1: Zero-shot classification results on ModelNet40 [50], ScanObjectNN [51] and OmniObject3D
[5Z]. The best-performing results are presented in bold, while the second-best results are underlined.

Our models are highlighted in blue .

Training 3D Open-World CLIP ModelNet40 [50] ScanObjectNN [51] | OmniObject3D [52]
Source Methods Variant Topl Top3 Top5 | Topl Top3 Top5 | Topl Top3 Top5
2D inferences PointCLIP [16] ResNet-50 193 28,6 348 | 105 20.8 30.6 0.3 1.0 1.8
No Training PointCLIP V2 [13] ViT-B-16 636 779 850 | 422 633 745 | 39 9.6 144
CLIP2Point [17] ViT-B-32 495 713 812 | 255 446 594 | 14 3.7 7.1
ULIP-PointBERT [19] SLIP [54] 604 79.0 844 | 515 711 802 | 84 152 197
OpenShape-SparseConv [20] ViT-bigG-14 | 72.9 87.2 93.0 | 527 727 83.6 | 13.7 242 30.0
OpenShape-PointBERT [20] ViT-bigG-14 | 70.3 869 913 | 513 694 784 | 13.0 233 294
TAMMS-SparseConv [23] ViT-bigG-14 | 74.6 88.2 940 | 579 753 83.1 - - -
TAMM-PointBERT [23] ViT-bigG-14 | 73.1 88.5 919 | 548 745 833 | 149 262 334
ShapeNet OpenShape-SparseConv (+dlign) | ViT-bigG-14 | 749 89.5 94.1 | 563 752 854 | 150 26.1 328
OpenShape-PointBERT (+dlign) | ViT-bigG-14 | 73.7 87.1 913 | 527 724 82.6 | 134 237 299
TAMM-PointBERT (+dlign) ViT-bigG-14 | 73.7 89.1 922 | 573 736 823 | 158 274 33.0
OpenDlign-B32 ViT-B-32 684 864 926 | 46.7 72.0 83.0 | 173 292 363
OpenDlign-B16 ViT-B-16 742 905 954 | 493 740 844 | 232 375 443
OpenDlign-L ViT-L-14 778 93.1 964 | 52.1 746 828 | 27.5 413 478
OpenDlign ViT-H-14 826 962 984 | 595 768 837 | 31.3 46.7 532
OpenShape-SparseConv [20] ViT-bigG-14 | 834 956 97.8 | 567 789 88.6 | 33.7 493 574
OpenShape-PointBERT [20] ViT-bigG-14 | 844 96.5 98.0 | 522 79.7 887 | 340 497 579
TAMM-PointBERT [23] ViT-bigG-14 | 85.0 96.6 98.1 | 557 80.7 889 | 37.1 535 61.8
Ensemble TAMMS-SparseConv [23] ViT-bigG-14 | 854 964 98.1 | 585 813 895 - - -
OpenShape-SparseConv (+dlign) | ViT-bigG-14 | 85.0 96.1 979 | 562 785 87.8 | 341 505 58.5
OpenShape-PointBERT (+dlign) | ViT-bigG-14 | 854 96.6 982 | 51.1 774 882 | 356 504 579
TAMM-PointBERT (+dlign) | ViT-bigG-14 | 86.2 96.6 975 | 60.5 825 904 | 375 549 621
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Cross-modal retrieval

(a) Image Query (b) Text Query (c) Image + Text Queries
“Double-decker bus.” “Air Jordan.” “Spaceship.”
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“Batmobile armored.”
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3D Object Detection

Table 3: Zero-shot 3D object detection results on ScanNet V2 [55].
Method Mean | Cabinet Bed Chair Sofa Table Door Window Counter Desk Sink  Bathtub

PointCLIP [1€] 6.00 3.99 482 45.16 4.82 7.36 4.62 2.19 1.02 4.00 13.40 6.46
AP35 | PointCLIP V2 [15] | 1897 | 19.32 2098 61.89 1555 2378 13.22 17.42 12.43 2143 1454 16.77
OpenDlign (ours) | 50.72 | 3891 67.27 86.33 72.01 58.72 44.58 32.07 5049 62.04 5198 64.29

PointCLIP [1€] 4.76 1.67 433 3953 3.65 5.97 2.61 0.52 0.42 245 5.27 1.31
AP35 | PointCLIP V2 [15] | 11.53 10.43 13.54 4123  6.60 15.21 6.23 11.35 6.23 10.84 11.43 10.14
OpenDlign (ours) | 37.97 | 17.04 66.68 7392 5496 50.03 24.73 12.84 2044 4164 3417 64.29




