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Point clouds are often incomplete

e (Occlusion
e Limited viewpoints
e Sensor limitations

But many applications need full geometry for downstream tasks
Robotics « AR/VR « Autonomous driving
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Goal: Point Cloud Completion
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Method View-guided Generative priors Notes
PCIN No No N .  or
0 external priors
FoldingNet No No =iy ,ﬂp : o
ruggle with heavy occlusions
PoinTr No No &6 Y
ViPC Yes No
Learned from scratch
XMFNet Yes No Limited ; tati
imited semantic representations
EGIInet Yes No p
Unimodal
PCDreamer No Yes nnoda ) _
Computationally expensive
Semantic and geometric representations
Ours Yes Yes & P

View-guided completion
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DINOv2

Self-supervised Vision Transformer

Trained on massive image datasets
Learns rich semantic representations

Encodes object category & shape priors

Depth-Anything

Large-scale depth estimator

Trained on diverse unlabeled data
Learns geometric structure cues

Produces dense depth maps
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Methodology PES

We guide point cloud completion using pretrained semantic and geometric priors.

PRETRAINED
VISION
TRANSFORMER

DEPTH ESTIMATOR

Fyeo = CNN(Depth-Anything(7))

LINEAR
LAYER

Fiem = MLP(DINOV2(I))

Fimg = Linear(Concat(Fyeo, Fiem))

e CONVOLUTIONAL
IMAGE NELHAL
NETWORK

Semantic - object-level
Transfer knowledge from S _ =5
foundation models understanding Priors cc?ndltlon the
instead of learning from ) . completion network
scratch Geometric — spatial to infer plausible shapes

structure
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Architecture Diagram
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(@) Complete Pipeline

Plug into EGlInet for +7% performance improvement
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I te S u I tS By integrating our Dual-branch Encoder, the Chamfer Distance is reduced across all unseen categories, achieving a

lower average CD compared to the baseine EGlInet

Results on unknown categories (CD x 10® |(Lower is better), F-score @ 0.0017).

7%

Methods Avg Bench Monitor Speaker Cellphone
CD F-score CD F-score CD F-score CD F-score CD F-score
PF-Net [8] 5011 0468 3.683 0.584 5304 0433 7.663 0.319 3.392 0.534
MSN [11] 4.684 0533 2613 0.706 4.818 0.527 8.259 0.291 3.047 0.607
GRNet [24] 4.006 0548 2367 0.711 4.102 0.537 6.493 0.376 3.422 0.569
PoinTr [28] 3755 0.619 1976 0.797 4.084 0.599 5913 0.454 3.049 0.627
PointAttN [21] 3.674 0.605 2.135 0.764 3.741 0.591 5.973 0.428 2.848 0.637
SDT [31] 6.001 0.327 4.096 0479 6.222 0.268 9499 0.197 4.189 0.362
ViPC [32] 4.601 0498 3.091 0.654 4419 0491 7.674 0.313 3.219 0.535
CSDN [12] 3.656 0.631 1.834 0.798 4.115 0.598 5.690 0485 2.985 0.644
XMFnet [1] 2671 0710 1.278 0.862 2.806 0.677 4.823 0.556 1.779 0.748
EGlIInet [3] 2.354 0.750 1.047 0902 2513 0.716 4.282 0591 1.575 0.792
Ours 2.192 0.763 1.011 0907 2.255 0.735 4.039 0.601 1.466 0.809
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Conclusion

Our method fuses rich Semantic Features from DINOv2 with explicit
geometric data from Depth-Anything to construct a robust 3D shape prior.
When integrated into the state-of-the-art EGlInet framework, our encoder
yields a substantial 7% improvement in generalization performance.

Results highlight the effectiveness of using foundation models to overcome
data limitations in specialized 3D tasks.
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