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Abstract

While previous studies have demonstrated successful 3D
object shape completion with a sufficient number of points,
they often fail in scenarios when a few points, e.g. tens
of points, are observed. Surprisingly, via entropy analy-
sis, we find that even a few points, e.g. 64 points, could
retain substantial information to help recover the 3D shape
of the object. To address the challenge of shape comple-
tion with very sparse point clouds, we then propose Few-
point Shape Completion (FSC) model, which contains a
novel dual-branch feature extractor for handling extremely
sparse inputs, coupled with an extensive branch for max-
imal point utilization with a saliency branch for dynamic
importance assignment. This model is further bolstered by
a two-stage revision network that refines both the extracted
features and the decoder output, enhancing the detail and
authenticity of the completed point cloud. Our experiments
demonstrate the feasibility of recovering 3D shapes from
a few points. The proposed Few-point Shape Completion
(FSC) model outperforms previous methods on both few-
point inputs and many-point inputs, and shows good gener-
alizability to different object categories. Code is available
at https://github.com/xianzuwu/FSC.

1. Introduction

Point-cloud-based shape completion is showing exciting

prospects in applications such as autonomous driving,
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Figure 1. We use 64 points as input for point cloud completion.

The PCN [57] result does not result in good general shapes. GR-

Net [51] result has unexpected holes due to the lack of dense

representations. In comparison, our few-point shape completion

method can provide much more reasonable results.

robotics, augmented reality, etc. Limited by the sensors’

range and resolution, the point cloud the sensors generate

can often be sparse, providing only a few points as input.

This application scenario makes few-point shape comple-

tion critically important. However, compared to existing

works that utilize a few thousand points as input, complet-

ing the point cloud with no more than a few dozen points not

only faces the absence of local details in the input but more

importantly, the highly compromised global shape informa-

tion. This disparity makes the task of shape completion with

such limited input even more challenging.

Despite the progress in point cloud-based shape comple-

tion highlighted in works like [1, 20, 31, 32, 35, 52, 57, 67],

few have tackled the challenge of completing a point cloud

with few input points. Previous works like [51, 57] typi-

cally utilize a few thousand points as input and demonstrate

competent completion capabilities with this volume of in-

put. However, these works do not investigate the poten-

tial for point cloud completion when the number of input

points is significantly reduced, which scenario might arise

in many practical applications. They do not explore the ex-

tent of the information contained in a few-point input or

attempt to leverage this information to enhance point cloud

completion. Previous studies like PCN [57] use feature en-

coders, often inspired by PointNet [24] or PointNet++[26],

for capturing input shape features. However, with a lim-

ited number of points, where each point is more crucial, the

feature extraction must effectively use all points and prior-
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itize their importance for diverse shape information. This

ensures the feature quality from few-point inputs is on par

with many-point inputs. Conversely, voxel-based methods

like GRNet [51] may succeed in global shape recovery, but

they face challenges in creating dense representations from

a few points. Fig. 1 shows 64 points input results in inaccu-

rate global shapes with PCN, while voxel-based approaches

GRNet yield sparse outcomes.

To explore how much information that contained in the

few-point input, we use Shannon Entropy [29] to eval-

uate the information when we randomly drop the points

from input. We found that even when the input has only

64 randomly chosen points, it still contains nearly 50%

of the ground truth shape information. To effectively re-

cover global shape information and generate a comprehen-

sive point cloud from sparse inputs, we designed a dual-

branch feature extractor. The extensive branch ensures full

utilization of each input point, while the saliency branch dy-

namically assigns importance to points based on their rele-

vance. This design balances equitable point consideration

with the flexibility to adjust point significance. Addition-

ally, our two-stage revision network refines the extracted

features and the output from the decoder, improving the out-

put’s authenticity and detail for a more accurate point cloud.

Specifically, our Few-point Shape Completion (FSC)

model contains two primary modules: recovery and revi-

sion. The recovery module employs an MLP-based branch

for comprehensive feature extraction, utilizing a simple yet

effective MLP-based design to fulfill our objective of exten-

sive feature extraction. In the meantime, the salient feature

extraction branch incorporates a transformer-based design,

facilitating dynamic exploration of the importance of indi-

vidual points. For the revision module, we leverage Wasser-

stein GAN (WGAN) to act upon both the latent feature and

the point cloud results, with both WGAN generators being

fashioned as simple MLPs. Our approach goes beyond uti-

lizing WGAN solely for output point cloud enhancement; it

also ensures that the global shape feature is closely aligned

with the ground truth input feature generated from our re-

covery module, thereby improving the detailed shape of

the point cloud. Additionally, we employ a PointNet-based

module to decode the extracted feature into finely detailed

point clouds.

Our contributions are as follows:

• We investigate the potential of completing point clouds

with a few input points. This research gives a minimum of

how many points would be enough to complete the entire

point cloud.

• We present a solution named Few-point Shape Comple-

tion (FSC) model capable of completing a point cloud

from a few sparse points. To our knowledge, our work

is the first one that focuses on the few-point completion

task.

• We design a dual-branch feature recovery architecture to

separately capture the extensive and salient information.

This dual-branch design equitably utilized the informa-

tion of all points while adaptively adjusting the impor-

tance of each point.

• We design a two-stage revision module that uses WGAN

directly on the feature space and on point cloud results.

This two-stage revision ensures the global shape feature

aligns more closely with that of the authentic point cloud

while enhancing the shape.

Our experiments demonstrate that our method surpasses

previous approaches with both many and few input points.

We also verify that our method has good robustness to dif-

ferent input point numbers, unseen point cloud categories,

and different randomized input points.

2. Related Work

2.1. Point-cloud-based Shape Completion

Point cloud completion [3, 6, 21, 22, 33, 34, 36, 38, 43,

46, 50, 58, 59, 61, 65] is a vital task in 3D computer vi-

sion with a multitude of applications, such as robot percep-

tion, autonomous driving, and augmented reality. Voxel-

based and point-based methods are the two primary cate-

gories of point cloud completion approaches. The voxel-

based method converts the input point cloud into voxels and

subsequently generates complementary results in both voxel

and point cloud representations. GRNet [51] exemplifies

a voxel-based method that leverages 3D CNNs to extract

voxel features and multilayer perceptrons (MLPs) to pro-

duce complementary results in point cloud representation.

Nonetheless, voxel-based methods exhibit a lack of robust-

ness when confronted with a limited number of input points,

leading to missing voxel neighborhoods and, consequently,

the generation of results containing holes.

In contrast, point-based methods directly perform point

cloud completion on the input points. PCN [57], a trail-

blazing point-based method, segregates the completion pro-

cess into an encoder and a decoder. The encoder utilizes

PointNet to extract global features, while the decoder em-

ploys fully connected and FoldingNet networks to generate

coarse and fine point clouds, respectively. Given that the

completion process negates the need for neighborhood cal-

culation, point-based methods are more resilient to varia-

tions in the number of input points. However, their com-

pletion outcomes are often suboptimal, prompting the ad-

vent of various enhancement methods such as PF-Net [14],

TopNet [25], and SA-Net [62]. These methods concentrate

on procuring more representative point clouds with distinct

geometric features and progressively amplifying the resolu-

tion of the generated point cloud.

26078



2.2. Point Cloud Analysis

Point cloud analysis encompasses a range of tasks including

segmentation, object detection, registration, completion,

and surface reconstruction, with deep learning-based meth-

ods, such as [13, 15, 17–19, 24, 40, 42, 54], being widely

implemented. In these works, point clouds are typically en-

coded either by leveraging their connections with neigh-

boring points, as seen in methods like PointNet++[26],

DGCNN[40], and Point Transformer [63], or by employ-

ing simple networks such as MLP, as in the encoder of

PCN [57]. While these encoding designs have proven to

be effective in previous point cloud completion tasks, they

tend to fall short when dealing with inputs comprising a lim-

ited number of points. Given this constraint of limited input

information, our point cloud encoder must be significantly

more effective than those employed in previous point cloud

analysis approaches.

3. Few-point Information Analysis
We first analyze how many input points can provide enough

information for completing the point cloud. To measure the

information, we use Fast Point Feature Histograms (FPFH)

Entropy in [12] to encode the shape and calculate its Shan-

non Entropy. FPFH of a point cloud is defined in [28].

FPFH is a widely used shape descriptor that encodes the

shape of a point cloud into a histogram. Having this quanti-

zation, we can calculate the FPFH Entropy as

S = −
∑
i

FPFHi log(FPFHi), (1)

where FPFHi is the ith bin of normalized FPFH.

Having FPFH entropy, we can calculate how much per-

centage of information has been lost when we reduce the

number of points. We show in Fig. 3 the information reduc-

tion when the input number of points changes. We found

that only 64 points input contains almost 50% of the shape

information under a reasonable quantization level. In the

next section, we try to design a solution that can complete

the point cloud of 64 or more points.

4. Few-point Shape Completion
Our task is to design a point cloud completion network ar-

chitecture that can take very few partial points as input.

Specifically, given the vertex locations of the input point

cloud X ∈ Rn×3 (n is the input point number), our net-

work can be abstracted as:

Y = F (X), (2)

where Y ∈ Rm×3 is the output point cloud and m is the out-

put point number. Different from the previous point cloud

completion task that takes thousands of points as input, few-

point completion would require a much smaller number of

points. Typically, we would constrain the point number to

no less than 64, i.e. m ≥ 64.

4.1. Pipeline

Our Few-point Shape Completion (FSC) model uses an

encoder-decoder architecture illustrated in Fig. 2a. This ar-

chitecture consists of a dual-branch encoder that transforms

the input point cloud into a latent feature space. The dual

branches are specifically designed to extract both extensive

and salient information from the point cloud. After extract-

ing these features, a two-stage revision network is applied to

enhance the feature quality. This revision process is set up

adversarially, aiming to bring the point cloud result closer

to an actual point cloud and align the features more closely

with those derived from a real point cloud. This method im-

proves both the features and the quality of the point cloud

results. Subsequently, the revised features are fed into a

decoder network to generate a detailed point cloud. The fu-

sion of local and global representations of the point features

is achieved using PointNet++[26] and multi-head external

attention[11]. Finally, the FoldingNet approach [53] is em-

ployed to create the final detailed point cloud.

4.2. Dual-branch Feature Extraction

We focus on developing a feature extraction network that

can effectively extract the coarse features fcoarse of point

clouds X as

fcoarse = Fext(X), (3)

Our approach addresses the challenge of sparse feature ex-

traction from point clouds with limited points. We employ

a dual-branch feature extraction network, combining point-

specific and global information. This includes a double-

layer stacking technique for a richer representation and a

transformer-based network to enhance global feature cor-

relation. We balance detailed shape features with globally

relevant ones, leveraging the strengths of PointNet[24] and

PCN [57] methodologies. This results in a robust, effective

solution for feature extraction in sparse point clouds.

Extensive branch. The extensive branch of the network

has a structure that is similar to the PCN feature extraction

network, which also utilizes a two-layer stacking architec-

ture. In the first layer, the multilayer perceptron network

takes the n × 3-dimensional sparse point cloud X as input

to generate the feature matrix F 1
1 . Then, the feature vec-

tor f1
1 is obtained through maximum pooling. In the second

layer, the global features f1
1 are merged into each row of the

feature matrix F 1
1 , resulting in an expanded point feature

matrix F̃ 1
1 . Subsequently, the feature vector f1

2 is gener-

ated by applying two multilayer perceptrons and maximum

pooling sequentially. Finally, f1
1 and f1

2 are combined to

form the feature vector f1 of the first branch.
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Figure 2. FSC pipeline. The dual-branch feature extraction network abstracts the input point cloud X as a rough feature vector fcoarse.

The two-stage revision network corrects fcoarse and the coarse point cloud Ycoarse as ffine and Yfine, respectively. The detail point cloud

Ydetail is generated by using ffine, Yfine and its point features.

Salient branch. The structure of the salient branch is

similar to that of the first branch. However, it differs in

that the second branch includes an offset attention mod-

ule [10] inserted after the multilayer perception network in

the first layer of the two-layer stacked structure. Addition-

ally, a two-layer cascaded attention module [47] is inserted

between the two multilayer perception networks in the sec-

ond layer to enhance the global representation of the point

features in the second layer. The goal of this modification

is to improve the effectiveness of the feature extraction pro-

cess for the salient branch. Finally, the coarse feature vector

fcoarse is obtained by concatenating the feature vectors f1

and f2 of the two branches together.

4.3. Two-stage Revision

The two-stage revision network is used to correct the coarse

feature vector fcoarse and the rough point cloud Ycoarse. As

shown in Fig. 2, this process can be abstracted as:

ffine = Frf(fcoarse)),

Ycoarse = MLP(ffine),

Yfine = Frp(Ycoarse),

(4)

where ffine is the revised feature using the first stage feature

revision. Ycoarse is the resulting coarse point cloud getting

from the revised feature. Yfine is the shape revised point

cloud with the same number of points as Ycoarse. Frf and

Frp are the feature and point cloud revision network. In

this process, we aim to generate a point cloud that is closer

to the real point cloud and revise the feature to be more

similar to the features generated from the real point cloud.

This adversarial approach leads to a better quality of both

the feature and the point cloud results.

Specifically, our two-stage revision network refines both

the coarse feature vector and the rough point cloud. In the

first stage, a seven-layer fully connected generator adjusts

the coarse feature vector, using feature fusion through layer

stitching. An attention-enhanced four-layer discriminator

network analyzes feature channel correlations. The second

stage focuses on aligning the rough point cloud with the

downsampled true point cloud, using a three-layer genera-

tor and a four-layer discriminator. This method effectively

enhances the fidelity of both features and point clouds, en-

suring they closely resemble those from real point clouds.

Finally, the decoder network is used to generate the de-

tail point cloud output Ydetail from the shape revised point

cloud Yfine as

Ydetail = Fgd(Yfine), (5)

where Fgd is the detailed point cloud generation network.

4.4. Training Losses

The loss function is used to measure the difference between

the output point cloud and the true point cloud. Similar to

[57], this loss function L is defined as follows:

L (Ycoarse, Ydetail, Ygt) =

d1

(
Ycoarse, Ỹgt

)
+ αd2 (Ydetail, Ygt)

(6)

The above loss function consists of d1, d2, and weights α.

d1 and d2 represent the distance between the output point
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Figure 3. We analyze the FPFH Shannon Entropy of the input

point cloud and completion results on ShapeNet. We observe that

when the number of input points drops to 64, the input point cloud

still contains 45.51% of the amount of information compared to

the original 16,384 points (blue line). When the number of points

further decreases, the amount of information drops sharply. In the

experiment of this paper, we use 64 as the minimum number of

points. The orange line shows the information of the point cloud

after completion.

cloud and the true value at the coarse level and the detail

level, respectively.

To ensure that the final output point cloud matches the

true value in terms of both density distribution and overall

structure, while keeping the computational effort low, we

utilize two methods in our implementation. We use Earth

Mover’s Distance (EMD) [27] for d1 calculation, which in-

volves fewer points but provides high-density consistency

with high computational complexity. For d2 calculation, we

use Chamfer Distance (CD) [7], which involves more points

but provides high structural consistency with low computa-

tional complexity. Specifically,

d1
(
Ycoarse, Ỹgt

)
= EMD

(
Ycoarse, Ỹgt

)

= min
φ:Ycoarse→Ỹgt

1

|Ycoarse|
∑

p∈Ycoarse

‖p− φ (p)‖2.
(7)

The above equation finds the bijection φ from Ycoarse to Ỹgt

such that the average distance between the output point and

the corresponding real point is minimized.

d2 (Ydetail, Ygt) = CD (Ydetail, Ygt)

=
1

|Ydetail|
∑

p∈Ydetail

min
q∈Ygt

‖p− q‖2+
1

|Ygt|
∑

q∈Ygt

min
p∈Ydetail

‖q − p‖2.

(8)

The above symmetric form of the chamfer distance is used

to calculate the average closest distance between the output

point cloud and the real point cloud to ensure that they are

covered by each other. More training details can be found

in Supplementary Material Sec. 1.

5. Experiments
5.1. Data Generation and Datasets

ShapeNet data generation. We train and evaluate our

method on ShapeNet [2]. It is a synthetic CAD dataset

comprising 30,974 complete and detailed 3D point clouds.

There are in total 16 categories of point clouds in ShapeNet.

We use 8 of them for training and testing (“seen cate-

gories”), and use the other 8 categories (“unseen cate-

gories”) for the generalizability test. To simulate realis-

tic input point clouds, we sample input point clouds from

the mesh surface. Specifically, we first uniformly sam-

ple 16,384 points as Ground truth. Then, we generated

partial point clouds with 2048 points by back-projecting

2.5D depth images into 3D. Subsequently, we downsampled

these to create low-resolution partial point clouds with vary-

ing densities: 1024, 512, 256, 128, and 64 points. The entire

dataset of 30,974 3D point clouds was divided into train-

ing (28,974 point clouds), validation (800 point clouds), and

testing sets (1,200 point clouds). We use the same (CD-�1)

as in PCN [57] to evaluate our completion accuracy on both

datasets. CD-�1 is the Chamfer Distance using L1-norm,

which is defined as

CD-�1(P̂ , P ) =
1

|P̂ |
∑

x∈P̂

min
y∈P

‖x−y‖1+ 1

|P |
∑
y∈P

min
x∈P̂

‖x−y‖1,

(9)

where P̂ and P are the completion and ground truth point

clouds. x and y are points in P̂ and P , respectively. | · |
is the size of a set, and ‖ · ‖1 indicates the L1-norm. To be

consistent with PCN, the number reported was multiplied

by 1000 in experiments.

KITTI dataset. The KITTI [8] dataset is an in-the-wild

benchmark dataset extensively used in autonomous driv-

ing and computer vision research, with a strong focus on

LiDAR-based point clouds. It features a comprehensive

collection of point cloud data captured from LiDAR sen-

sors, providing detailed 3D representations of urban envi-

ronments for vehicle and pedestrian detection, and scene

understanding tasks. We evaluate our method on this dataset

using Minimum Matching Distance (MMD) in [55] as the

metric. MMD is defined as

MMD
(
P̂ ,C

)
= min

P∈C
CD-�2

(
P̂ , P

)
, (10)

CD-�2 is the Chamfer Distance the output P̂ and the point

cloud P from car category C in ShapeNet that is closest to

P̂ in terms of CD-�2, where

CD-�2(P̂ , P ) =
1

|P̂ |
∑

x∈P̂

min
y∈P

‖x−y‖22+
1

|P |
∑
y∈P

min
x∈P̂

‖x−y‖22,

(11)

To be consistent with [55], the number reported was multi-

plied by 1000 in experiments.
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Avg CD-�1 ↓ Airplane Cabinet Car Chair Lamp Sofa Table Vassel

GRNet [51] 17.61 19.40 23.32 14.62 10.54 15.64 16.39 16.71 24.26

PoinTr [55] 13.68 10.53 15.72 12.59 13.84 14.59 15.45 14.70 11.98

PCN [57] 12.11 14.53 11.50 13.32 6.90 12.01 11.37 14.44 12.80

SeedFormer [64] 12.38 8.56 16.14 11.38 14.25 10.11 17.50 11.50 9.62

SVDFormer [66] 11.22 7.21 13.86 11.00 13.15 10.02 13.90 10.64 10.02

Ours 7.89 3.47 8.93 6.70 10.12 10.31 10.83 7.61 7.63

Table 1. 64 points completion accuarry on the 8 “seen categories” of ShapeNet. We can see that our method outperforms previous methods

on average and in most categories. Avg CD-�1 the lower the better. Bold number means the best.

Avg CD-�1 ↓ Airplane Cabinet Car Chair Lamp Sofa Table Vessel

3D-EPN [5] 20.15 13.16 21.80 20.31 18.81 25.75 21.09 21.712 18.54

FoldingNet [53] 14.31 9.49 15.80 12.61 15.55 16.41 15.97 13.65 14.99

AtlasNet [9] 10.85 6.37 11.94 10.10 12.06 12.37 12.99 10.33 10.61

CRN [37] 11.98 6.44 15.09 13.75 12.37 11.38 14.70 11.78 10.33

MSN [16] 10.00 5.60 11.90 10.30 10.20 10.70 11.60 9.60 9.90

PCN [57] 9.64 5.50 10.63 8.70 11.00 11.34 11.68 8.59 9.67

TopNet [25] 9.89 6.24 11.63 9.83 11.50 9.37 12.35 9.36 8.85

GRNet [51] 8.83 6.45 10.37 9.45 9.41 7.96 10.51 8.44 8.04

PMP-Net [44] 8.66 5.50 11.10 9.62 9.47 6.89 10.74 8.77 7.19

PoinTr [55] 8.38 4.75 10.47 8.68 9.39 7.75 10.93 7.78 7.29

SCRN [39] 8.29 4.80 9.94 9.31 8.78 8.66 9.74 7.20 7.91

NSFA [60] 8.06 4.76 10.18 8.63 8.53 7.03 10.53 7.35 7.48

SnowFlake [49] 7.21 4.29 9.16 8.08 7.89 6.07 9.23 6.55 6.40

Ours 7.02 4.07 9.12 8.10 7.21 5.88 9.30 6.26 6.25

Table 2. 2048 points completion accuarry on the 8 “seen categories” of ShapeNet. We can see that our

method outperforms previous methods in most categories and the average results.

Methods Avg CD-�2 ↓
PCN [57] 18.22

AtlasNet [9] 17.77

TopNet [25] 14.25

SoftPoolNet [41] 11.07

GRNet [51] 10.64

PMP-Net [44] 9.23

PoinTr [55] 9.22

CRN [37] 9.21

SCRN [39] 9.13

VRCNet [23] 8.12

PMP-Net++ [45] 7.97

Snowflake [49] 7.60

ASFM-Net [48] 6.68

Ours 6.66

Table 3. 2048 points comletion

accuracy on Completion3D.

Completion3D dataset. We also compare our results

on Completion3D [30], which is another 3D object point

cloud completion benchmark designed based on the data in

ShapeNet. Here, we use the same CD-�2 metric as defined

in Eq. (11).

5.2. Shannon Information Analysis

We analyze the Shannon information for few-point inputs

and completion results on ShapeNet. We use Eq. (1) in

Sec. 3 to evaluate the FPFH Entropy of input point clouds.

We set the voxel size of FPFH to approximately 2% of the

point cloud’s overall size, meaning we do not take into con-

sideration the errors that are smaller than that. The radius

and bin count are set to 1cm and 36, respectively. The re-

sults are shown in Fig. 3. The blue line shows the entropy

of different inputs and the orange line shows the results of

the corresponding completed point cloud. Compared with

the ground truth point cloud, our 64-point input has 45.51%

information of the ground truth We can also see from the or-

ange line that even with 64-point input, we can also recover

60% of the shape information.

5.3. Results

Few-point results on ShapeNet. We train and evaluate our

method on 8 categories of point clouds on ShapeNet. Tab. 1

presents the per-class completion results on ShapeNet for

scenarios where the input point cloud contains only 64
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Figure 4. In our comparative analysis on ShapeNet, we varied the

input point number from 2048 to 16. We observe that our model

(blue line) consistently outperformed previous methods across dif-

ferent input point counts. Notably, when the number of input

points was reduced to below 64, there was a significant decline

in performance for all evaluated methods.

points. In all eight “seen categories”, our method outper-

forms others, achieving the highest accuracy. We observe

a notable improvement over the previous method. This

demonstrates that our approach has a distinct advantage in

completion accuracy, especially in cases of few-point point
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Methods PCN [57] NSFA [60] CRN [37] PFNet [14] GRNet [51] PoinTr [55] SeedFormer [64] AnchorFormer [4] AdaPoinTr [56] Ours
MMD↓ 1.366 0.891 0.872 0.792 0.568 0.526 0.516 0.458 0.392 0.239

Table 4. Completion results on KITTI dataset with various number of input points.

Figure 5. We report the completion result grouped by the number

of input points on LiDAR scans of the KITTI dataset. As shown in

the figure, our method (green line) outperforms previous methods

in every number of input point groups. We also observe a sharp

error increase when the number of input points is lower than 64.

Input GRNet PCN Ours Ground TruthPoinTr SVDFormerSeedFormer

Figure 6. Visualized results for 64 input points. The top four

rows are the results of categories used during training (“seen” cat-

egories). The bottom four rows are the results of categories not

seen during training (“unseen” categories). As we can see, our

method has better visualization results than previous methods.

cloud input. We also compare the performance on ShapeNet

when the input point number varies from 2048 to 16 in

Fig. 4. We can observe that our FSC outperforms previ-

ous approaches when the number of input points changes.

Besides, when the number input point is less than 64, the

performance of all methods drops sharply.

Figure 7. Visualization results compared on KITTI, Red and Blue

are before after aligning the centroids of the point clouds.

Many-point results. In Tab. 2, we present the per-class

completion results for scenarios with 2048 input points

on ShapeNet, and in Tab. 3 on Completion3D. These re-

sults indicate that our method also outperforms previous ap-

proaches in cases of regular input point counts (2048).

Results on KITTI. We directly evaluate KITTI using the

model trained on ShapeNet. As a real-world dataset, the in-

put point number of KITTI varies from 1 to 2048. We first

report the overall result on KITTI regardless of the input

point number in Tab. 4. Our completion error is smaller than

previous approaches. We also group the input point cloud

in KITTI by the number of points to measure the perfor-

mance when the input number of points varies. Our result

is shown in Fig. 5. We can observe that our method out-

performs previous approaches when the number of points

drops. The experiments on KITTI show the generalizability

of our method to different datasets.

Results on unseen categories of ShapeNet. Tab. 5 gives

the per-class completion results for the shape from unseen

categories when the input point cloud only contains 64

points. Our method still achieves the best performance in all

8 unknown categories. This experiment shows our method

has reasonable generalizability to unseen objects.

Ablation studies. Tab. 6 gives the contribution of each

module to the performance improvement under different

numbers of input points, respectively. No matter how many

input points there are and what we choose, using the salient

branch instead of the extensive branch can always im-

prove the completion accuracy, and by combining the two

branches together, the accuracy can be further improved.

This justifies our design of dual-branch feature extraction
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Avg CD-�1 ↓ Bus Bed Bookshelf Bench Guitar Motorbike Skateboard Pistol

GRNet [51] 17.03 17.59 25.61 21.93 15.26 10.85 14.83 14.96 15.17

PCN [57] 15.52 11.30 25.86 16.22 12.55 11.47 15.30 13.48 17.95

PoinTr [55] 14.92 14.62 20.44 16.84 14.22 11.56 13.40 14.45 13.80
SVDFormer [66] 13.60 13.30 21.47 13.73 11.69 8.00 13.25 9.91 17.44

Ours 12.90 7.94 22.60 12.98 9.59 9.77 13.56 11.55 14.92

Table 5. Results for 64 points on shapes from unseen categories in ShapeNet. We observe that even on unseen categories, we can still have

reasonable results, and our method still outperforms previous methods on average and most unseen categories.

Module Number of input points

Extensive branch

Baseline Encoder

Salience

branch

Feature

revision

Point cloud

revision
PointNet++ Transformer

Decoder

Baseline Decoder
2048 1024 512 256 128 64

a � � 9.64 9.68 9.73 10.00 10.71 12.11

b � � 8.66 8.71 8.76 8.95 9.42 10.53

c � � � 8.31 8.35 8.42 8.49 8.59 9.78

d � � � 8.33 8.39 8.43 8.60 9 10

e � � � 9.01 9.11 9.18 9.27 10.07 11.35

f � � � � 8.01 8.07 8.15 8.29 8.55 9.14

g � � � 9.31 9.36 9.41 9.65 10.28 11.58

h � � � 8.91 8.99 9.08 9.17 9.72 11.02

i � � � � 8.5 8.58 8.66 9.02 9.43 11.24

j � � � � � � 7.97 8.03 8.07 8.22 8.51 9.46

k � � � � � � 7.35 7.41 7.46 7.54 7.7 8.42

Ours � � � � � � � 7.02 7.09 7.13 7.19 7.27 7.89

Table 6. Ablation study under different numbers of input points. Our performance decreases when we remove some necessary modules.

w/o saliency branch w/o extensive branch Ground TruthDual branch

Figure 8. Visualized comparison of removing each branch in fea-

ture extractor. From left to right: removing saliency branch, re-

moving extensive branch, keeping both branch (proposed method),

and Ground Truth.

and the two-stage revision network. We also show an visu-

alized example of removing one of feature extraction dual

branches in Fig. 8. Our proposed method (third one from

the left) achieves the best results.

Visualizations. Fig. 6 shows visualized results on

ShapeNet. The input point cloud only contains 64 points.

As we can see, GRNet [51] may only generate some non-

connected clusters around isolated input points, whereas the

category information may be completely lost. Although

PCN [57] can generate connectivity, the results often con-

tain large deformation and noise, leading to either difficulty

or error in recognition. Although our method also contains

deformation and noise, most of them are within an accept-

able range. This illustrates the effectiveness of our method

for the very low-resolution case. Besides, our visualized

result on KITTI shows a similar result in Fig. 7.

Visualized result when input point number changes.
Fig. 9 gives the completion results of an airplane when the

number of input points gradually decreases from 2048 to

16. As the number of input points decreases, our method

always recovers a better point cloud, which further illus-

64 128 256 1024 2048

GRNet

512 Ground Truth

Ours

Figure 9. Qualitative completion results of a lamp when the num-

ber of points increases from 64 to 2048. Our visualization results

outperform GRNet for different numbers of points.

trates our stability against the variations in the number of

points of the input.

6. Conclusion

We have proposed a point cloud complementation network

specifically for the case of very few points. To overcome the

problem of missing neighborhood information due to very

few points, we select a PCN that does not rely on neigh-

borhood information in the encoding phase as the backbone

network and combine a series of methods applicable to the

very few points cases to enhance the overall performance of

the complementation network. These specialized designs

include 1) a dual-branch feature extraction network, 2) a

two-stage revision network, and 3) a detailed point gener-

ation network with fused point features. Experimental re-

sults show that our method has a significant performance

improvement over existing methods in very few point cases.

Also, our method has good robustness for the shapes from

unseen categories and the number of different points.
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