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Point Cloud Completion

• Point completion refers to completing the missing geometries of an object from 
incomplete observations.

• e.g., data from 3D scanning sensors like LIDAR and structured light depth cameras.

• Point cloud is a more compact, scalable and computation-efficient representation 
of 3D shapes.
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Core Ideas

• Encoder-decoder architecture followed by an optional 
refining process.

• The completed point cloud is generated from an encoded 
global feature.

• Directly predict the complete points from the visible, 
occupied input points.

• The unoccupied regions are the complement of shape 
occupancy, thus also indicating the topology of 3D 
objects.
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Core Ideas

• Learning the emptiness presents extra 
significance, especially for complex shapes, 
such as non-convex surfaces with holes.

• The emptiness in the input can tells ‘where 
should not be occupied’

• To encode the emptiness clues on a mask, 
3D rays are radiated from the viewpoint 
towards the empty regions of the mask.

• All points along the rays will be encoded as 
empty points.
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Architecture of ME-PCN
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Method: Ray Points Sampling

• We sample K nearest rays for each visible 
point 𝑞 ∈ 𝑅3. The Euclidean distance 
𝐷𝑟 , 𝑞 between a ray 𝑟 = 𝑝, 𝑣 ∈ 𝑅𝑟𝑎𝑦 and 

a visible point 𝑞 is defined by: 

• After sampling, for each visible point 𝑞, we 
combine its 𝐾 nearest empty points
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Method: Emptiness Encoding

• The encoder part consists of two Feature 
Encoding (FE) layers to respectively process 
visible points 𝑄 and sampled rays 𝑅𝑟𝑎𝑦

∗ .

• The two FE layers output two feature 
matrices 𝐹 = 𝑓𝑖 , 𝐺 = {𝑔𝑖 }. A point-wise 
max-pooling is respectively performed on 
𝐹, 𝐺 to obtain 𝑑𝑓-dimensional global 
features 𝑓 and 𝑔.

• Lastly, 𝑓 and 𝑔 are concatenated together 
to form a single global feature vector 𝑔′ =
𝑓, 𝑔 ∈ 𝑅2𝑑𝑓

7



Results: Effectiveness of Emptiness Encoding
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Method: Coarse-to-Fine Decoding

• Coarse points 𝑃𝑐 decoded from a global feature are still not accurate to preserve a 
consistent boundary compared to the ground-truth due to its roughness;

• The point information in 𝑅𝑟𝑎𝑦
∗ conveys the surface clues that can improve shape 

detail recovery.

9



Method: Decoding Refined Shape

• Two FE layers are respectively used to encode 𝑅𝑟𝑎𝑦1
𝑑 and 𝑅𝑟𝑎𝑦2

𝑑 .

• Two shared MLPs are used to transform points in 𝑅𝑟𝑎𝑦1
𝑑 and 𝑅𝑟𝑎𝑦2

𝑑 into grouped 
point feature vectors 𝑓𝑖

𝑑 and 𝑔𝑖
𝑑 ∈ 𝑅𝑁𝑐×𝑑𝑔:

• We concatenate 𝑓𝑖
𝑑 and 𝑔𝑖

𝑑 to regress the coordinates of complete surface 
points as the refined output 𝑃𝑟.
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Results: Qualitative Comparison
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Results: Evaluation on EMD and CD
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Results: Robustness of Emptiness Encoding

• To verify our robustness to noisy masks, we simulate the masks from real-world 
depth/RGB data, and add strong Gaussian noise to the boundaries of masks.

• We fine-tune our model on chair and table categories using the noisy mask for 2000 
iterations

• EMD score increase for chair/table:

from 5.12 / 5.33 to 5.26 / 5.56

13



Results: Tests on Real Scans
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Thank you!
- Q&A
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