RealDiff: Real-world 3D Shape Completion
using Self-Supervised Diffusion Models
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Results

Completion on real-world ScanNet scans
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What is RealDiff?

Motivation Contribution

Learn completion directly from real scans —
no synthetic shape priors.

, N o o Method rec.?
Self-supervised conditional diffusion over missing voxels +
silhouette and depth supervision. PoinTr 0.12 0.23 0.14

o f SnowflakeNet 0.14 0.24 0.17

e Real-world point clouds are sparse, noisy, and
incomplete, limiting downstream 3D perception.
e Paired real-world supervision is scarce, while
synthetic CAD priors do not transfer reliably.
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Qualitative results

e Diffuse the missing voxels
PoinTr

e Silhouette & depth priors
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16,384 points. F1: accuracy + completeness - EMD: uniformity. Best F1 and EMD across all categories.
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Let’s connect!
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Multiple plausible completions

&
Best MMD and UHD across all |
categories
completion quality - fidelity
- / 5 One input, many plausible
{ ” completions. More incomplete
4 inputs yield more diversity.
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Generalizes across real-world datasets
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Input PoinTr Snowflake

ScanNet -2 Redwood 3DScans

Trained on ScanNet, directly applied
to another real-world dataset.
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Why geometric priors matter
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Baselines stay near observed regions or produce blobs; RealDiff recovers complete shapes with fine details and smooth surfaces.
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