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Within this supplemental material, we offer further details to en-
hance the manuscript. Firstly, we present more detailed experimen-
tal settings and dataset settings, and secondly, we provide more
visual results and complete quantitative indicator results with other
methods.

1 IMPLEMENTATION DETAILS
1.1 Implementation Settings
We implement our GeoFormer on the PyTorch platform. The num-
ber of the down-sampled point features from PointNet++ head is
256. The seed generator of GeoFormer produce a set of feature
F and 256 coarse complete point clouds. Two multi-scale aware
upsample layers are used in the following coarse-to-fine generation
procedure which output dense point clouds P1,P2 and P2 corre-
sponds to the final predicted result. Our networks are trained by
exploiting AdamW optimizer with the base learning rate set as
0.0002. All the models are test with a batch size of 1 on one NVIDIA
A100 GPU for accurate and fair comparision.

1.2 Dataset Settings
The PCN Dataset. PCN[5] is one of the most popular benchmark
in point cloud completion, it is a subset of ShapeNet[1] contains
shape from 8 categories. For each shape, 16,384 points are uniformly
sampled from mesh surfaces as completed ground truth and the
partial input has 2,048 points.
The ShapeNet-55/34Dataset. ShapeNet-55 and ShapeNet-34 datasets
was proposed by [4], whichwas also generated from the ShapeNet[1]
dataset while contains more object categories and incomplete pat-
terns. All 55 categories in ShapeNet are included in ShapeNet-
55 with 41,952 shapes for training and 10,518 shapes for testing.
ShapeNet-34 uses a subset of 34 categories for training and leaves
21 unseen categories for testing where 46,765 object shapes are
used for training, 3,400 for testing on seen categories and 2,305 for
testing on novel (unseen) categories. In both datasets, 2,048 points
are sampled as input and 8,192 points as ground truth. Following
the same evaluation strategy with [4], 8 fixed viewpoints are se-
lected and the number of points in the partial point cloud is set to
2,048, 4,096 or 6,144 (25%, 50% or 75% of the complete point cloud)
which corresponds to three difficulty levels of simple, moderate
and hard in the test stage.
TheKITTI Dataset. To test the generalization ability in real-world,
we further test our method on KITTI[2], which contain partial point
clouds extracted from LiDAR scans from outdoor scenes where car
objects are extracted in each frame according to the 3D bounding
boxes, resulting in a total of 2,401 partial point clouds. Specifically,
we test on these 2,401 KITTI cars extracted by [5].

Input

PCN

GRNet

SnowflakeNet

PoinTr

SeedFormer

SVDFormer

Ours

G.T.

Couch Table

Figure 1: Visualization comparisons on PCN dataset. Results
clearly show that ourmethod can preserve better global struc-
ture, and reconstruct better local details.
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Table 1: Detailed results for novel 21 categories on ShapeNet-34 dataset. 𝑆.,𝑀. and 𝐻. stand for the simple, moderate and hard
difficulty levels.

PCN [5] GRNet [3] PoinTr [4] SeedFormer [6] Ours
S. M. H. S. M. H. S. M. H. S. M. H. S. M. H.

bag 2.48 2.46 3.94 1.47 1.88 3.45 0.96 1.34 2.08 0.49 0.82 1.45 0.43 0.70 1.28
basket 2.79 2.51 4.78 1.78 1.94 4.18 1.04 1.40 2.90 0.60 0.85 1.98 0.54 0.74 1.66
birdhouse 3.53 3.47 5.31 1.89 2.34 5.16 1.22 1.79 3.45 0.72 1.19 2.31 0.62 1.01 1.93
bowl 2.66 2.35 3.97 1.77 1.97 3.90 1.05 1.32 2.40 0.60 0.77 1.50 0.49 0.62 1.10
camera 4.84 5.30 8.03 2.31 3.38 7.20 1.63 2.67 4.97 0.89 1.77 3.75 0.82 1.63 3.48
can 1.95 1.89 5.21 1.53 1.80 3.08 0.80 1.17 2.85 0.56 0.89 1.57 0.47 0.72 1.42
cap 7.21 7.14 10.94 3.29 4.87 13.02 1.40 2.74 8.35 0.50 1.34 5.19 0.57 1.29 3.99
keyboard 1.07 1.00 1.23 0.73 0.77 1.11 0.43 0.45 0.63 0.32 0.41 0.60 0.28 0.35 0.46
dishwasher 2.45 2.09 3.53 1.79 1.70 3.27 0.93 1.05 2.04 0.63 0.78 1.44 0.53 0.65 1.15
earphone 7.88 6.59 16.53 4.29 4.16 10.30 2.03 5.10 10.69 1.18 2.78 6.71 1.29 2.69 7.41
helmet 6.15 6.41 9.16 3.06 4.38 10.27 1.86 3.30 6.96 1.10 2.27 4.78 1.07 2.39 5.09
mailbox 2.74 2.68 4.31 1.52 1.90 4.33 1.03 1.47 3.34 0.56 0.99 2.06 0.43 0.88 1.87
microphone 4.36 4.65 8.46 2.29 3.23 8.41 1.25 2.27 5.47 0.80 1.61 4.21 0.79 1.96 4.20
microwaves 2.59 2.35 4.47 1.74 1.81 3.82 1.01 1.18 2.14 0.64 0.83 1.69 0.56 0.69 1.36
pillow 2.09 2.16 3.54 1.43 1.69 3.43 0.92 1.24 2.39 0.43 0.66 1.45 0.37 0.57 1.16
printer 3.28 3.60 5.56 1.82 2.41 5.09 1.18 1.76 3.10 0.69 1.25 2.33 0.57 1.02 2.07
remote 0.95 1.08 1.58 0.82 1.02 1.29 0.44 0.58 0.78 0.27 0.42 0.61 0.23 0.35 0.49
rocket 1.39 1.22 2.01 0.97 0.79 1.60 0.39 0.72 1.39 0.28 0.51 1.02 0.25 0.50 0.93
skateboard 1.97 1.78 2.45 0.93 1.07 1.83 0.52 0.80 1.31 0.35 0.56 0.92 0.24 0.43 0.77
tower 2.37 2.40 4.35 1.35 1.80 3.85 0.82 1.35 2.48 0.51 0.92 1.87 0.42 0.81 1.70
washer 2.77 2.52 4.64 1.83 1.97 5.28 1.04 1.39 2.73 0.61 0.87 1.94 0.53 0.73 1.59

mean 3.22 3.13 5.43 1.84 2.23 4.95 1.05 1.67 3.45 0.61 1.07 2.35 0.55 0.99 2.15

2 ADDITIONAL EXPERIMENTAL RESULTS
2.1 Qualitive Results on PCN Dataset
As shown in Figure 1, we provide more visual results compared
with other methods. Results shows that all methods are success-
ful in generating the overall shapes in case of couch and tables.
However, Our GeoFormer method significantly outperforms the
other methods by producing more accurate and complete edges for
detailed structures, such as couch borders and table legs.

2.2 More Results on ShapeNet-55/34
We report complete results of our method on ShapeNet-55 in Table 2
and results of novel 21 categories on ShapeNet-34 in Table 1. The
models are tested under three difficulty levels: simple (S), moderate
(M) and hard (H). We can see that GeoFormer achieves best scores.
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Table 2: Detailed results on ShapeNet-55 dataset. 𝑆.,𝑀. and 𝐻. stand for the simple, moderate and hard difficulty levels.

PCN [5] GRNet [3] PoinTr [4] SeedFormer [6] Ours
S. M. H. S. M. H. S. M. H. S. M. H. S. M. H.

airplane 0.90 0.89 1.32 0.87 0.87 1.27 0.27 0.38 0.69 0.23 0.35 0.61 0.20 0.30 0.51
trash-bin 2.16 2.18 5.15 1.69 2.01 3.48 0.80 1.15 2.15 0.73 1.08 1.94 0.59 0.85 1.48
bag 2.11 2.04 4.44 1.41 1.70 2.97 0.53 0.74 1.51 0.43 0.67 1.28 0.35 0.55 1.06
basket 2.21 2.10 4.55 1.65 1.84 3.15 0.73 0.88 1.82 0.65 0.83 1.54 0.59 0.72 1.35
bathtub 2.11 2.09 3.94 1.46 1.73 2.73 0.64 0.94 1.68 0.52 0.82 1.45 0.44 0.67 1.16
bed 2.86 3.07 5.54 1.64 2.03 3.70 0.76 1.10 2.26 0.63 0.91 1.89 0.51 0.78 1.63
bench 1.31 1.24 2.14 1.03 1.09 1.71 0.38 0.52 0.94 0.32 0.42 0.84 0.26 0.33 0.61
birdhouse 3.29 3.53 6.69 1.87 2.40 4.71 0.98 1.49 3.13 0.76 1.30 2.46 0.67 1.11 2.11
bookshelf 2.70 2.70 4.61 1.42 1.71 2.78 0.71 1.06 1.93 0.57 0.84 1.57 0.51 0.74 1.33
bottle 1.25 1.43 4.61 1.05 1.44 2.67 0.37 0.74 1.50 0.31 0.63 1.21 0.26 0.53 1.02
bowl 2.05 1.83 3.66 1.60 1.77 2.99 0.68 0.78 1.44 0.56 0.65 1.18 0.46 0.51 0.86
bus 1.20 1.14 2.08 1.06 1.16 1.48 0.42 0.55 0.79 0.42 0.55 0.73 0.34 0.45 0.60
cabinet 1.60 1.49 3.47 1.27 1.41 2.09 0.55 0.66 1.16 0.57 0.69 1.05 0.47 0.54 0.83
camera 4.05 4.54 8.27 2.14 3.15 6.09 1.10 2.03 4.34 0.83 1.68 3.45 0.68 1.39 2.82
can 2.02 2.28 6.48 1.58 2.11 3.81 0.68 1.19 2.14 0.58 1.03 1.79 0.49 0.84 1.50
cap 1.82 1.76 4.20 1.17 1.37 3.05 0.46 0.62 1.64 0.33 0.45 1.18 0.28 0.36 0.64
car 1.48 1.47 2.60 1.29 1.48 2.14 0.64 0.86 1.25 0.65 0.86 1.17 0.48 0.67 0.92
cellphone 0.80 0.79 1.71 0.82 0.91 1.18 0.32 0.39 0.60 0.31 0.40 0.54 0.26 0.31 0.40
chair 1.70 1.81 3.34 1.24 1.56 2.73 0.49 0.74 1.63 0.41 0.65 1.38 0.32 0.51 1.10
clock 2.10 2.01 3.98 1.46 1.66 2.67 0.62 0.84 1.65 0.53 0.74 1.35 0.43 0.61 1.10
keyboard 0.82 0.82 1.04 0.74 0.81 1.09 0.30 0.39 0.45 0.28 0.36 0.45 0.23 0.27 0.33
dishwasher 1.93 1.66 4.39 1.43 1.59 2.53 0.55 0.69 1.42 0.56 0.69 1.30 0.48 0.55 1.07
display 1.56 1.66 3.26 1.13 1.38 2.29 0.48 0.67 1.33 0.39 0.59 1.10 0.33 0.47 0.89
earphone 3.13 2.94 7.56 1.78 2.18 5.33 0.81 1.38 3.78 0.64 1.04 2.75 0.52 0.79 3.05
faucet 3.21 3.48 7.52 1.81 2.32 4.91 0.71 1.42 3.49 0.55 1.15 2.63 0.52 1.03 2.26
filecabinet 2.02 1.97 4.14 1.46 1.71 2.89 0.63 0.84 1.69 0.63 0.84 1.49 0.55 0.71 1.27
guitar 0.42 0.38 1.23 0.44 0.48 0.76 0.14 0.21 0.42 0.13 0.19 0.32 0.10 0.17 0.28
helmet 3.76 4.18 7.53 2.33 3.18 6.03 0.99 1.93 4.22 0.79 1.52 3.61 0.62 1.18 3.09
jar 2.57 2.82 6.00 1.72 2.37 4.37 0.77 1.33 2.87 0.63 1.13 2.36 0.52 0.90 1.96
knife 0.94 0.62 1.37 0.72 0.66 0.96 0.20 0.33 0.56 0.15 0.28 0.45 0.14 0.24 0.40
lamp 3.10 3.45 7.02 1.68 2.43 5.17 0.64 1.40 3.58 0.45 1.06 2.67 0.44 1.05 2.67
laptop 0.75 0.79 1.59 0.83 0.87 1.28 0.32 0.34 0.60 0.32 0.37 0.55 0.27 0.28 0.41
loudspeaker 2.50 2.45 5.08 1.75 2.08 3.45 0.78 1.16 2.17 0.67 1.01 1.80 0.54 0.82 1.54
mailbox 1.66 1.74 5.18 1.15 1.59 3.42 0.39 0.78 2.56 0.30 0.67 2.04 0.25 0.57 1.49
microphone 3.44 3.90 8.52 2.09 2.76 5.70 0.70 1.66 4.48 0.62 1.61 3.66 0.60 1.76 3.52
microwaves 2.20 2.01 4.65 1.51 1.72 2.76 0.67 0.83 1.82 0.63 0.79 1.47 0.54 0.65 1.24
motorbike 2.03 2.01 3.13 1.38 1.52 2.26 0.75 1.10 1.92 0.68 0.96 1.44 0.51 0.78 1.22
mug 2.45 2.48 5.17 1.75 2.16 3.79 0.91 1.17 2.35 0.79 1.03 2.06 0.64 0.88 1.67
piano 2.64 2.74 4.83 1.53 1.82 3.21 0.76 1.06 2.23 0.62 0.87 1.79 0.48 0.65 1.31
pillow 1.85 1.81 3.68 1.42 1.67 3.04 0.61 0.82 1.56 0.48 0.75 1.41 0.37 0.50 0.93
pistol 1.25 1.17 2.65 1.11 1.06 1.76 0.43 0.66 1.30 0.37 0.56 0.96 0.31 0.50 0.81
flowerpot 3.32 3.39 6.04 2.02 2.48 4.19 1.01 1.51 2.77 0.93 1.30 2.32 0.72 1.07 1.96
printer 2.90 3.19 5.84 1.56 2.38 4.24 0.73 1.21 2.47 0.58 1.11 2.13 0.50 0.86 1.79
remote 0.99 0.97 2.04 0.89 1.05 1.29 0.36 0.53 0.71 0.29 0.46 0.62 0.23 0.38 0.48
rifle 0.98 0.80 1.31 0.83 0.77 1.16 0.30 0.45 0.79 0.27 0.41 0.66 0.22 0.35 0.57
rocket 1.05 1.04 1.87 0.78 0.92 1.44 0.23 0.48 0.99 0.21 0.46 0.83 0.15 0.36 0.73
skateboard 1.04 0.94 1.68 0.82 0.87 1.24 0.28 0.38 0.62 0.23 0.32 0.62 0.18 0.27 0.41
sofa 1.65 1.61 2.92 1.35 1.45 2.32 0.56 0.67 1.14 0.50 0.62 1.02 0.41 0.49 0.79
stove 2.07 2.02 4.72 1.46 1.72 3.22 0.63 0.92 1.73 0.59 0.87 1.49 0.51 0.74 1.24
table 1.56 1.50 3.36 1.15 1.33 2.33 0.46 0.64 1.31 0.41 0.58 1.18 0.35 0.47 0.91
telephone 0.80 0.80 1.67 0.81 0.89 1.18 0.31 0.38 0.59 0.31 0.39 0.55 0.26 0.31 0.43
tower 1.91 1.97 4.47 1.26 1.69 3.06 0.55 0.90 1.95 0.47 0.84 1.65 0.40 0.72 1.56
train 1.50 1.41 2.37 1.09 1.14 1.61 0.50 0.70 1.12 0.51 0.66 1.01 0.37 0.53 0.82
watercraft 1.46 1.39 2.40 1.09 1.12 1.65 0.41 0.62 1.07 0.35 0.56 0.92 0.28 0.48 0.79
washer 2.42 2.31 6.08 1.72 2.05 4.19 0.75 1.06 2.44 0.64 0.91 2.04 0.56 0.74 1.51

mean 1.96 1.98 4.09 1.35 1.63 2.86 0.58 0.88 1.80 0.50 0.77 1.49 0.41 0.64 1.25
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