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Supplementary Material

In this supplementary material, we provide additional
content to complement the main paper. Sec. A presents the
full implementation details of PQDT, including training se-
tups, network components. Sec. B gives the definition of the
evaluation metrics. Sec. C describes the datasets used in our
experiments and the pre-processing strategies applied. Sec. E
reports extended ablation studies that analyze the contribu-
tion of each module in our design. Sec. F provides additional
quantitative evaluation results across multiple benchmarks.
Finally, Sec. G includes more qualitative visualizations to
further illustrate the effectiveness of our approach.

A. Implementation Details

Training Setups. We implement PQDT using PyTorch [35]
and train the network with the Adam optimizer [23]. The
initial learning rate is set to 0.0001. We adopt a cosine an-
nealing learning rate scheduler [30] with a minimum learning
rate of 0.00001, along with a linear warm-up from 0.00001
to 0.0001 over the first 10 epochs. For the ShapeNet-55/34
and ShapeNet-Deform datasets, we train the model for 300
epochs with a batch size of 32. For smaller-scale datasets,
ShapeNetCar-Occ and PFS, the batch sizes are set to 16 and
8, respectively, and the models are trained for 200 epochs.
For all ShapeNet-family datasets, the network takes 2,048
points as input and predicts 8,192 points as output. On the
PFS dataset, we instead sample 8,192 points from the geom-
etry as inputs and predict 8,192 points as output. We train
the model with a single Nvidia A100 80GB GPU, and all the
models are tested with the batch size of 1 and same random
seed.

Feature Extraction. We employ a modified DGCNN [52]
to extract features from the input point cloud. The network
expands feature dimensionality while progressively down-
sampling points, following the architecture:

Linear(Cin = 3, Cout = 8) → EC(Cin = 8, Cout =
64,K = 16,M = 512) → E(C = 64,H = 1, L = 2) →
EC(Cin = 64, Cout = 256,K = 16,M = 128) → E(C =
256, H = 4, L = 2),
where Cin, Cout denote input and output feature channels; EC
is an EdgeConv block with K nearest neighbors and farthest
point sampling size M ; and E is a lightweight transformer
encoder with feature dimension C, number of heads H , and
number of layers L. The resulting coarse level features are:
Fc

src ∈ R128×256,Pc
src ∈ R128×3.

Transformer. As illustrated in Fig. 2, the dual transformer
module, comprising geometric-embedding transformer en-
coders and decoders (GEE/GED), denoted ME1,2

and MD1,2
,

processes the coarse features and coordinates as follows:
First-Stage Encoding: ME1(C = 384, H = 6, L =

4) → F1 → MaxPool → fg1 .
First-Stage Decoding: Agg(FPS(Psph(R = 0.8),M =

384), fg1) → MLP(Cin = 3 + 1024, Cout = 384) →
MD1

(C = 384,H = 6, L = 4,V = F1) → Fpq′ →
MLP(Cin = 384, Cout = 3) → Ppq′ . S1(Nin =
384, Npad = 128, Nout = 384, Xin = Fpq′ , Pin =
Ppq′) → Fpq, Ppq .

Second-Stage Encoding: ME2
(C = 384, H = 6, L =

4) → F2 → MaxPool → fg2 . S2(Nin = 384, Npad =
256, Nout = 512, Xin = F2, Pin = Ppq) → V, PQ.

Second-Stage Decoding: Agg(PQ, fg1 , fg2) →
MLP(C∈ = 3 + 1024 + 1024, Cout = 384) → Q →
MD2(C = 384,H = 6, L = 8,V = V) → MaxPool →
fgq .

Output Aggregation: Agg(PQ,Q, fgq ) → MLP(Cin =
3 + 384 + 1024, Cout = 384) → H.

Here, Agg denotes feature alignment and concatenation.
S1,2 denote dynamic query selection modules with input
size Nin, padding size Npad, and output size Nout. Psph

is a point set sampled from a sphere of radius R. Fea-
tures preceding max pooling are projected to 1024 chan-
nels. The final coarse prediction outputs are: Fc

pred = H ∈
R512×384,Pc

pred = PQ ∈ R512×3.

Geometric-Embedding. We follow the calculation of dis-
tance and angular embedding from [40] to form our sparse
geometric-embedding (SGE):

Pair-wise Distance Embedding: By applying the si-
nusoidal encoding [49] to the Euclidean distance ρi,j =
∥Pi − Pj∥2 between points Pi and Pj , the distance embed-
ding is defined as:


rDi,j,2k = sin

(
ρi,j/σd

100002k/Ce

)
,

rDi,j,2k+1 = cos

(
ρi,j/σd

100002k/Ce

)
,

(14)

where σd = 0.2 is the temperature which is used to tune the
sensitivity on distance variation and we use same value as in
the original work. Ce is the channel size of embedding.

Triplet-wise Angular Embedding: The angular embedding
for a point Pi is computed using its k nearest neighbors
Ki. For each neighbor Px ∈ Ki, we evaluate the angle
αx
i,j = ∠(∆x,i,∆j,i), where ∆i,j = Pi − Pj . Applying a

sinusoidal positional encoding to αx
i,j , we obtain the angular



embedding:
rAi,j,x,2l = sin

(
αx
i,j/σa

100002l/Ce

)
,

rAi,j,x,2l+1 = cos

(
αx
i,j/σa

100002l/Ce

)
,

(15)

where σα = 15 is the temperature which control the sensitiv-
ity on angular variations. Then we assemble these two types
of embeddings can compute SGE using Eqs. (5) and (6).

Spherical Initialization. We adopt a DETR-like decoder
[3] initialized with a set of learnable spherical queries (see
Fig. 8). Specifically, we empirically sample 384 queries on
the surface of a fixed sphere with radius 0.8, while all input
point clouds are normalized to lie within the unit sphere. This
design bounds the displacement between the initial queries
and the target geometry, enabling the network to deform the
spherical points toward missing regions via cross-attention.
Extremely large missing regions may complicate global scale
estimation and introduce potential bias, but such cases are
uncommon in standard benchmarks. Some queries may
not correspond to meaningful regions of the final geometry;
however, the attention mechanism naturally suppresses such
queries during decoding. The resulting redundancy increases
flexibility in modeling diverse geometric structures without
introducing noticeable computational overhead. Overall, the
spherical initialization provides a stable geometric prior that
facilitates robust and consistent shape completion.

Gradient approximation for Dynamic Query Selection. In
Sec. 3, the query selection step involves Gumbel-perturbed
Top-k sampling followed by hard indexing, which makes
the operation non-differentiable. Ideally, training would
minimize the expected reconstruction loss over the stochastic
selection process:

L(θ) = ES∼pθ(S)

[
ℓ
(
fθ(X,S)

)]
, (16)

where X denotes the point features, S denotes the selected
candidate set, pθ(S) is the selection distribution induced
by the scoring network, fθ denotes the downstream decod-
ing function, and ℓ is the reconstruction loss. In principle,
unbiased gradients of this objective require score-function
estimators (e.g., REINFORCE [55]), which propagate gradi-
ents through the sampling probabilities but typically exhibit
high variance and unstable optimization. Instead, we adopt a
straight-through estimator that ignores gradients through the
sampling distribution and backpropagates only through the
selected feature paths [1]. While this yields a biased gradient
estimator, it significantly reduces variance and leads to stable
training in practice. The injected Gumbel noise promotes
stochastic exploration so that different candidates can be se-
lected across iterations, partially compensating for the biased
gradient approximation. As the noise scale is annealed dur-

ing training, the selection gradually becomes deterministic
while retaining the benefits of early-stage exploration.

Upsampling. The coarse predictions Fc
pred and Pc

pred are
fed into a hierarchical upsampling transformer [75] to pro-
gressively refine the point cloud and recover fine-grained
geometric details. We employ three upsampling stages, each
implemented as UpTrans(Cin,out = 384, Cd = 64,K =
16, U), where the upsampling rates are U ∈ {1, 4, 4}. Here,
Cin denotes both the input and output feature dimensions,
Cd is the latent feature dimension of the upsampling trans-
former, and K is the number of nearest neighbors used in
the subtraction-based attention mechanism. Starting from
512 coarse points, the hierarchical upsampling produces the
final prediction Pf

pred ∈ R8192×3.

B. Metrics Details

Chamfer Distance. We use the average Chamfer Distance
introduces by [9] to measures the discrepancy between the
predicted point cloud P and the ground truth G at the point
set level. For each prediction, the Chamfer Distance (CD) is
calculated as:

CD(P,G) = 1

|P|
∑
p∈P

min
g∈G

∥p−g∥ +
1

|G|
∑
g∈G

min
p∈P

∥g−p∥.

(17)
We use the L1-norm of the CD (CDℓ1) in the loss function
and L2-norm (CDℓ2) as evaluation metric.

F-Score. Following the experiment setups of previous works,
we also use the F-Score [45] as an extra metric for the evalu-
ation, which is define as:

F-Score(d) =
2P (d)R(d)

P (d) +R(d)
, (18)

where P (d) and R(d) denote the precision and recall with
the threshold of distance d, respectively.

P (d) =
1

|P|
∑
p∈P

[
min
g∈G

∥p− g∥ < d

]
, (19)

R(d) =
1

|G|
∑
g∈G

[
min
p∈P

∥g − p∥ < d

]
. (20)

We set d = 0.01 for evaluation across all datasets, and
additionally use d = 0.005 for the PFS dataset to better
capture small discrepancies between the prediction and the
ground truth.

C. Dataset Details

ShapeNet-55/34. The ShapeNet-55 dataset contains 55 ob-
ject categories with 41,952 training samples and 10,518
testing samples. ShapeNet-34 is designed to evaluate model



generalization on unseen categories, consisting of 46,765
training samples from 34 categories. The test set includes
3,400 shapes from 34 seen categories and 2,305 shapes from
21 unseen categories. Following [4, 67, 75], we generate
three levels of incompleteness (simple, moderate, and hard)
by randomly preserving 75%, 50%, and 25% of the original
points, respectively. We also evaluate the five most frequent
categories (Table, Chair, Airplane, Car, and Sofa) and the
five least frequent categories (Birdhouse, Bag, Remote, Key-
board, and Rocket), in addition to the average over all 55
categories at each incompleteness level.

ShapeNet-Deform. To enrich geometric diversity and im-
prove robustness to non-rigid variations, we apply a 3D
Gabor noise [26] deformation to all objects of ShapeNet-55
and keep the same partial points generation method from the
ground truth. Gabor noise produces smooth, directionally-
coherent perturbations and is widely used to synthesize natu-
ral stochastic patterns. For an input point cloud X ∈ RN×3,
the deformation is generated by aggregating multiple ran-
domly sampled 3D Gabor kernels.

Gabor Kernel: A single 3D Gabor kernel is defined over
a point x ∈ R3 as:

g(x) = exp

(
− 1

2

(
d⊤x
σ

)2)
× cos

(
2πf d⊤x+ ϕ

)
, (21)

where d ∈ R3 is a unit direction vector, f is the kernel fre-
quency, σ is the Gaussian bandwidth, and ϕ is the phase shift.
Given a batched point cloud X ∈ RB×N×3, we compute a
batch-wise projection

s = d⊤X ∈ RB×N , (22)

and evaluate the Gaussian and sinusoidal components as
implemented in our batched kernel:

g(X) = exp
(
− 1

2 (s/σ)
2
)
⊙ cos(2πfs+ ϕ) . (23)

3D Noise Aggregation: For each of the three axes, we
sample K random kernels and average them:

N(X):,:,a =
1

K

K∑
k=1

g(X− ok;dk, f, σ, ϕk) , (24)

where ok is a random spatial offset. This yields a full 3D
noise field N ∈ RB×N×3.

Final Deformation: The noisy point cloud is obtained via:

X̃ = X+ αN(X), (25)

where α controls the deformation magnitude.
To enhance geometric variability, all Gabor noise param-

eters are randomly sampled from specified ranges during
training. For evaluation, we instead fix the parameters to the

Table 4. Gabor noise parameters of ShapeNet-Deform

Param Training Evaluation

α U(0.2, 0.6) 0.4
K {8, 9, . . . , 24} 16
f U(1.0, 3.0) 2.0
σ U(0.4, 0.6) 0.5
ϕ U(0, 2π) Seed(0, 2π)
dk U(unit sphere) Seed(unit sphere)
ok U(−5, 5)3 Seed(−5, 5)3

Table 5. Parameters of ShapeNet-Occ under 3 difficulty levels

Param Simple Moderate Hard

β 1.1 1.2 1.3
σnoise 0.003 0.004 0.005
nocc 10 20 30

midpoint of their ranges and use a fixed random seed to gen-
erate deterministic noise. Our setups are given in Tab. 4. The
dataset is available via https://github.com/ins-
uni-bonn/PQDT.

ShapeNetCar-Occ. To simulate realistic real-world occlu-
sions around vehicles, we construct the ShapeNetCar-Occ
dataset by placing random occluding objects (e.g., traffic
signs, pedestrians) around each ShapeNet car category and
rendering partial observations via raycasting. Given a car
mesh M and an occluder mesh O, we first sample a virtual
LiDAR viewpoint. For each model instance, we compute the
ray from the LiDAR origin toward the car center, determine
the first intersection with M, and place the occluder near
this intersection point. The occluder is randomly rotated
around the vertical axis and slightly shifted along the view-
ing direction to ensure it lies between the sensor and the
car while remaining grounded. A second raycasting pass
uniformly samples nrays viewing directions on the sphere
(Fibonacci lattice). Only rays whose directions face the car
are used. Intersections with the combined scene S = M∪O
produce the observed point set, while a separate raycasting
pass on the clean mesh M identifies which points originate
from occluders. Samples with insufficient occlusion points
are resampled. Points outside a rescaled car bounding box
are removed, and the final point cloud is subsampled to N
points using FPS and perturbed with Gaussian noise.

Since online raycasting–based data generation is com-
putationally expensive, we generate the ShapeNetCar-Occ
dataset offline using the three difficulty levels defined in
Tab. 5.

Here, β denotes the bounding-box rescaling factor: larger
values relax spatial filtering and allow more distant points
to be preserved. The Gaussian noise level σnoise controls
the magnitude of sensor-like perturbations. The threshold
nocc specifies the minimum number of occlusion points
required for a valid sample, thereby regulating occlusion

https://github.com/ins-uni-bonn/PQDT
https://github.com/ins-uni-bonn/PQDT


BiW Part with Construction Features

Local FeatureReference + Guidance

Figure 9. Illustration of PFS usage in an industrial application. The
BiW part image (top) is sourced from [13].

severity. For each difficulty level, 32 partial point clouds
are generated per model from random viewpoints. These
settings jointly produce progressively more challenging
scenarios and enable controlled evaluation of robustness
under partial observations. The dataset is available via
https://github.com/ins-uni-bonn/PQDT.

PFS. We use the patchified freeform surface (PFS) data
from Body-in-White (BiW) components in the automotive
industry as an additional target domain for our restoration
backbone. As illustrated in Fig. 9, the dataset is constructed
by taking the reference geometry and the guidance geometry
(bottom left) as inputs, while the geometry containing local
construction features (e.g., embossments for reinforcement,
mounting, welding, etc.) serves as the ground truth. The
guidance geometry is manually annotated as a simplified cue
indicating where local features should be generated. Using
CAD software, we capture part snapshots both with and
without these local features. The dataset consists of 800
training samples and 80 evaluation samples.

Compared with the previously used datasets, this task ex-
hibits different characteristics: the completion requirement
is smaller, while deformation plays a more significant role.
Consistency and fine-detail reconstruction become key chal-
lenges for this dataset. In practical applications, e.g., reverse
engineering, one might start with an incomplete 3D scan and
use the guidance geometry to refine the coarse surface. Sim-
ilarly, this setup enables adding, editing, or inpainting local
features on an early-stage CAD model through sketch-based
guidance.

Due to the confidential nature of the data and its inclusion
of sensitive product-related information, this dataset cannot

Table 6. Complexity Analysis

Method Params FLOPs CDℓ2-55 CDℓ2-34

FoldingNet [65] 2.3M 27.6G 3.12 3.62
PCN [69] 5.0M 15.3G 2.66 3.85
GRNet [61] 73.2M 40.4G 1.97 2.99
PoinTr [67] 33.0M 8.9G 1.09 2.05
SeedFormer [75] 3.2M 10.3G 0.92 1.34
AdaPoinTr [68] 32.5M 18.1G 0.81 1.23
ProxyFormer [28] 12.2M 9.9G 0.93 1.42
AnchorFormer [4] 30.5M 8.1G 0.76 1.19

PQDT 64.2M 60.3G 0.68 0.99

be made publicly available.

D. Complexity Analysis
Benefiting from the dual-stage transformer architecture, our
model naturally carries a larger parameter count and higher
theoretical computation cost (FLOPs) than most existing
approaches. However, this increased capacity directly trans-
lates into significantly stronger geometric reasoning and
superior completion quality. As shown in Tab. 6, PQDT
achieves the best reconstruction accuracy on ShapeNet-55 by
a clear margin, outperforming all prior baselines across both
benchmarks and our newly introduced datasets. Despite its
enhanced capability, the model size and computational cost
remain well within a practical and efficient range, offering
an excellent balance between complexity and the substantial
performance gains delivered.

E. Additional Ablation Study
To evaluate the effectiveness of our model design, we con-
duct a comprehensive ablation study, as summarized in
Tab. 7, focusing on the submodules introduced in Sec. 3.
We use a vanilla Transformer for point clouds as the base-
line (Model A) and analyze performance differences across
three key aspects: query generation, seed prediction, and
positional encoding. In each experiment, we modify only
the component of interest while keeping all other settings
consistent with the best-performing configuration.

Query Generation. Starting from the single-stage variant
(Model B), we first incorporate the pseudo-query mecha-
nism (Model C) to examine the impact of introducing the
second stage in the transformer. Importantly, this transition
does not involve adding extra transformer layers; instead, it
restructures the query formulation within the existing archi-
tecture. As shown in Tab. 7, the parameter count increases
only marginally from 55.0M to 57.8M, indicating that the
performance gains are not simply due to increased model
capacity. Despite this minimal overhead, the addition of
pseudo-queries leads to consistent improvements in both CD
and F1-Score, clearly demonstrating the effectiveness of our
dual-stage design. This suggests that the performance boost

https://github.com/ins-uni-bonn/PQDT


Table 7. Ablation study on ShapeNetCar-Occ. We report the evalua-
tion results and model sizes with different model designs including
single query generation (Query), auxiliary pseudo-query generation
(Pseudo-Query), Dynamic Query Selection (DQS), linear seed pro-
jection (Linear Proj.), query-based decoder with partial points and
spherical points as initialization (P/S-Q Dec.), coordinates encod-
ing (CE), kNN feature grouping (kNN), and geometric-embedding
(GE).

Category Model Setups CDℓ2 (↓) F1 (↑)

Baseline A Query + Linear Proj. + SA 0.857 0.243

Query
Generation

Query Pseudo-Query DQS CDℓ2 (↓) F1 (↑)

B ✓ 0.838 0.256
C ✓ ✓ 0.827 0.260

PQDT ✓ ✓ ✓ 0.818 0.261

Seed
Prediction

Linear Proj. P-Q Dec. S-Q Dec. CDℓ2 (↓) F1 (↑)

D ✓ 0.851 0.235
E ✓ 0.841 0.260

PQDT ✓ 0.818 0.261

Positional
Encoding

CE kNN GE CDℓ2 (↓) F1 (↑)

F ✓ 0.850 0.248
G ✓ ✓ 0.865 0.251

PQDT ✓ ✓ 0.818 0.261

Model A B C D E F G PQDT

Params 44.9M 55.0M 57.8M 58.6M 64.2M 63.1M 63.1M 64.2M

stems from better feature refinement and query representa-
tion rather than scaling the model size. Further introducing
the dynamic query selection (DQS) module (PQDT) yields
additional gains, achieving a CD of 0.82 and an F1-Score of
0.261.

Seed Prediction. We compare the commonly used linear
projection from global features (Model D) with our query-
based DETR-style decoding scheme, which achieves a sig-
nificant improvement, particularly in F1-Score. Using partial
input initialization (Model E) performs slightly worse than
the spherical initialization adopted in our final model, sug-
gesting that the latter provides a more stable prior for query
generation.

Positional Encoding. Model F encodes spatial information
using only the point coordinates, while Model G incorpo-
rates local context through kNN-based neighborhood aggre-
gation. The latter slightly decreases CD performance (by
0.02), likely due to overfitting. In contrast, our geometric-
embedding achieves the best overall results, highlighting the
advantage of our geometry-aware positional design.

We also investigate the component level ablation study
for the DQS and query-based seed generation on PFS in
Tabs. 8 and 9.

Gumbel Noise Perturbation. We vary the scaling factor
of the Gumbel noise added to the query scores in the DQS
module to study its effect on performance. A larger noise
scale introduces more randomness in query selection, which
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Figure 10. Training loss under different initializations of query-
based seed generation on PFS.

can strengthen the regularization effect; however, if the noise
becomes too large, performance degrades. Conversely, using
a very small scale (i.e., effectively no noise) also harms
performance. In our setup, we use a noise scale of 1.0.

Table 8. Ablation study on Gumbel-Top-k of dynamic query selec-
tion module on ShapeNetCar-Occ.

Method CDℓ2 (↓) F1 (↑)

w/o noise 0.833 0.253
noise scale = 0.5 0.825 0.256
noise scale = 1.0 0.818 0.261
noise scale = 2.0 0.834 0.247

Initialization of Seed Generation. Beyond the compari-
son with Model E in Tab. 7 on ShapeNetCar-Occ, we also
investigate how different initializations of the query-based
decoder influence seed generation in the first stage of the
transformer. We evaluate partial-initialized and spherical-
initialized queries (P/S-Q Dec.) on the PFS dataset. Because
the input and ground-truth shapes in PFS share a substan-
tial amount of common geometry, using the partial input as
queries should theoretically yield better performance. As
shown in Tab. 9, both variants achieve similar CD scores,
but P-Q Dec. attains a higher F-Score, and Fig. 10 further
shows that it converges faster.

In all experiments across the datasets mentioned in the
paper, we adopt spherical initialization to demonstrate the
generality of our model. However, it is also possible to tune
the query initialization, such as using partial input, to better
suit specific tasks or datasets.

F. Additional Evaluation Results
In Tab. 10, we report results for the five most frequent cat-
egories (Table, Chair, Airplane, Car, and Sofa) and the five
least frequent categories (Birdhouse, Bag, Remote, Key-
board, and Rocket), along with the average CDℓ2 and F1-
Score. These metrics are compared against the baselines



Table 9. Ablation study on query-based seed generation with partial
points and spherical points as initialization (P/S-Q Dec.) on PFS.

Method CDℓ2 (↓) F1 (↑) F0.5 (↑)

P-Q Dec. 0.17 0.847 0.327
S-Q Dec. 0.16 0.834 0.311

under three levels of incompleteness. In Tab. 11, we further
provide categorical results for all 55 categories on ShapeNet-
55 and ShapeNet-Deform. In Tab. 12, we present results
on the 22 unseen categories from ShapeNet-34. Finally,
in Tab. 13, we report detailed comparisons with baselines
across the three difficulty levels of ShapeNetCar-Occ.

G. Qualitative Samples
We provide additional qualitative results for PQDT on
ShapeNet-Deform in Fig. 11, ShapeNetCar-Occ in Fig. 12,
and PFS in Fig. 13.
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of the art in surface reconstruction from point clouds. Euro-
graphics 2014-State of the Art Reports, 2014. 2

[3] Nicolas Carion, Francisco Massa, Gabriel Synnaeve, Nicolas
Usunier, Alexander Kirillov, and Sergey Zagoruyko. End-
to-end object detection with transformers. In ECCV, pages
213–229, 2020. 3, 2

[4] Zhikai Chen, Fuchen Long, Zhaofan Qiu, Ting Yao, Wen-
gang Zhou, Jiebo Luo, and Tao Mei. Anchorformer: Point
cloud completion from discriminative nodes. In CVPR, pages
13581–13590, 2023. 2, 4, 6, 7, 3, 9

[5] Angela Dai, Charles Ruizhongtai Qi, and Matthias Nießner.
Shape completion using 3d-encoder-predictor cnns and shape
synthesis. In CVPR, pages 5868–5877, 2017. 2

[6] Dasith de Silva Edirimuni, Xuequan Lu, Zhiwen Shao, Gang
Li, Antonio Robles-Kelly, and Ying He. Iterativepfn: True
iterative point cloud filtering. In CVPR, pages 13530–13539,
2023. 2

[7] Yi Du, Zhipeng Zhao, Shaoshu Su, Sharath Golluri, Haoze
Zheng, Runmao Yao, and Chen Wang. Superpc: a single
diffusion model for point cloud completion, upsampling, de-
noising, and colorization. In CVPR, pages 16953–16964,
2025. 2, 3, 7

[8] Fan Duan, Jiahao Yu, and Li Chen. T-corresnet: template
guided 3d point cloud completion with correspondence pool-
ing query generation strategy. In ECCV, pages 90–106, 2024.
2, 6, 7

[9] Haoqiang Fan, Hao Su, and Leonidas J Guibas. A point set
generation network for 3d object reconstruction from a single
image. In CVPR, pages 605–613, 2017. 5, 2

[10] Shachar Fleishman, Daniel Cohen-Or, and Cláudio T Silva.
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Table 10. Results of our method and state-of-the-art methods on ShapeNet-55. We report the detailed results for each method on 10
categories and the overall results on 55 categories for three difficulty degrees. We use CD-S, CD-M and CD-H to represent the CD results
under the Simple, Moderate and Hard settings. We also provide results under the F-Score@1% metric.

Method Tab. Cha. Pla. Car Sof. Bir. Bag Rem. Key. Roc. CD-S CD-M CD-H CDℓ2 (↓) F1 (↑)
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Figure 11. Qualitative evaluation on ShapeNet-Deform
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Table 11. Categorical results of our method on ShapeNet-55 and ShapeNet-Deform. We report the detailed results under CDℓ2 and
F-Score@1% metric for Simple, Moderate and Hard settings.

Category

ShapeNet-55 ShapeNet-Deform

Simple Moderate Hard Simple Moderate Hard

CDℓ2 (↓) F1 (↑) CDℓ2 (↓) F1 (↑) CDℓ2 (↓) F1 (↑) CDℓ2 (↓) F1 (↑) CDℓ2 (↓) F1 (↑) CDℓ2 (↓) F1 (↑)

airplane 0.18 0.765 0.26 0.743 0.51 0.627 0.36 0.519 0.45 0.498 0.70 0.433
trash bin 0.49 0.472 0.77 0.461 1.48 0.413 0.83 0.159 1.09 0.151 2.13 0.126
bag 0.32 0.590 0.52 0.576 0.95 0.492 0.63 0.270 0.82 0.252 1.30 0.210
basket 0.46 0.503 0.56 0.491 1.10 0.434 0.76 0.193 0.87 0.180 1.68 0.146
bathtub 0.37 0.549 0.58 0.533 1.07 0.467 0.69 0.237 0.89 0.219 1.48 0.177
bed 0.42 0.544 0.65 0.532 1.35 0.466 0.78 0.226 1.01 0.207 1.79 0.174
bench 0.22 0.651 0.32 0.653 0.65 0.587 0.42 0.399 0.50 0.372 0.86 0.324
birdhouse 0.55 0.517 0.94 0.500 1.90 0.433 0.98 0.177 1.37 0.164 2.60 0.141
bookshelf 0.40 0.519 0.62 0.509 1.22 0.447 0.71 0.222 0.92 0.210 1.59 0.181
bottle 0.22 0.650 0.47 0.615 0.98 0.507 0.47 0.365 0.75 0.331 1.41 0.246
bowl 0.39 0.502 0.46 0.493 0.85 0.433 0.63 0.195 0.73 0.179 1.18 0.151
bus 0.28 0.588 0.40 0.584 0.58 0.533 0.54 0.321 0.64 0.299 0.85 0.245
cabinet 0.38 0.499 0.47 0.495 0.80 0.454 0.64 0.209 0.73 0.199 1.05 0.175
camera 0.56 0.523 1.26 0.504 2.63 0.430 1.09 0.171 1.76 0.164 3.39 0.140
can 0.38 0.515 0.69 0.501 1.48 0.439 0.65 0.248 1.00 0.235 2.30 0.195
cap 0.33 0.572 0.32 0.554 0.67 0.460 0.47 0.281 0.59 0.252 1.00 0.210
car 0.42 0.489 0.62 0.475 0.93 0.424 0.89 0.142 1.01 0.137 1.28 0.123
cellphone 0.21 0.626 0.26 0.620 0.37 0.556 0.36 0.431 0.41 0.416 0.56 0.339
chair 0.28 0.610 0.47 0.591 1.06 0.492 0.57 0.291 0.78 0.263 1.41 0.226
clock 0.37 0.559 0.56 0.547 1.05 0.484 0.64 0.280 0.79 0.267 1.34 0.227
keyboard 0.18 0.650 0.24 0.657 0.31 0.596 0.36 0.445 0.42 0.408 0.60 0.374
dishwasher 0.38 0.503 0.47 0.500 1.03 0.450 0.63 0.223 0.75 0.205 1.39 0.180
display 0.27 0.583 0.43 0.579 0.84 0.518 0.51 0.317 0.65 0.295 1.11 0.260
earphone 0.45 0.600 0.77 0.560 2.00 0.445 0.95 0.225 1.17 0.216 3.06 0.186
faucet 0.38 0.734 0.82 0.658 1.94 0.483 0.71 0.391 1.14 0.353 2.52 0.276
file cabinet 0.42 0.502 0.54 0.498 1.14 0.448 0.71 0.209 0.86 0.201 1.54 0.176
guitar 0.09 0.929 0.14 0.880 0.25 0.794 0.19 0.793 0.25 0.775 0.37 0.715
helmet 0.59 0.501 1.17 0.480 2.92 0.410 1.13 0.141 1.70 0.128 3.38 0.107
jar 0.44 0.537 0.79 0.512 1.79 0.433 0.81 0.211 1.20 0.193 2.51 0.156
knife 0.10 0.926 0.21 0.832 0.36 0.700 0.24 0.766 0.33 0.724 0.51 0.644
lamp 0.31 0.767 0.81 0.700 2.06 0.554 0.64 0.443 1.17 0.406 2.88 0.339
laptop 0.21 0.601 0.24 0.599 0.39 0.534 0.37 0.371 0.41 0.349 0.57 0.304
loudspeaker 0.46 0.519 0.74 0.509 1.42 0.451 0.82 0.217 1.09 0.201 1.82 0.171
mailbox 0.19 0.758 0.47 0.703 1.72 0.548 0.45 0.463 0.82 0.404 2.28 0.334
microphone 0.39 0.790 0.93 0.707 2.32 0.546 0.65 0.482 1.24 0.423 3.58 0.331
microwaves 0.42 0.503 0.54 0.500 1.21 0.455 0.71 0.208 0.90 0.183 1.54 0.165
motorbike 0.45 0.535 0.72 0.513 1.16 0.418 0.97 0.178 1.14 0.176 1.46 0.158
mug 0.54 0.473 0.74 0.462 1.53 0.413 0.85 0.165 1.08 0.155 2.08 0.127
piano 0.44 0.543 0.59 0.540 1.19 0.484 0.73 0.249 0.91 0.230 1.45 0.190
pillow 0.35 0.573 0.50 0.543 0.97 0.448 0.72 0.206 0.87 0.183 1.38 0.143
pistol 0.26 0.701 0.42 0.657 0.70 0.528 0.53 0.394 0.66 0.380 0.93 0.339
flowerpot 0.59 0.522 0.91 0.501 1.74 0.427 1.06 0.179 1.33 0.167 2.28 0.141
printer 0.42 0.533 0.75 0.522 1.61 0.455 0.84 0.200 1.19 0.187 2.21 0.161
remote 0.19 0.666 0.31 0.651 0.44 0.564 0.39 0.452 0.50 0.437 0.69 0.336
rifle 0.19 0.855 0.31 0.787 0.54 0.669 0.37 0.639 0.51 0.610 0.75 0.548
rocket 0.14 0.862 0.37 0.789 0.72 0.687 0.35 0.611 0.61 0.556 1.00 0.474
skateboard 0.16 0.737 0.28 0.714 0.46 0.625 0.33 0.504 0.41 0.479 0.56 0.409
sofa 0.34 0.544 0.45 0.539 0.75 0.489 0.66 0.236 0.74 0.218 1.09 0.182
stove 0.41 0.544 0.63 0.531 1.18 0.465 0.73 0.234 0.97 0.217 1.55 0.191
table 0.29 0.604 0.41 0.601 0.86 0.542 0.49 0.356 0.61 0.336 1.11 0.286
telephone 0.21 0.625 0.26 0.623 0.39 0.562 0.36 0.436 0.42 0.425 0.57 0.352
tower 0.31 0.663 0.58 0.617 1.22 0.491 0.62 0.364 0.92 0.331 1.87 0.258
train 0.31 0.617 0.46 0.607 0.76 0.533 0.61 0.317 0.76 0.303 1.10 0.253
watercraft 0.24 0.717 0.42 0.678 0.72 0.566 0.55 0.376 0.72 0.345 1.08 0.283
washer 0.44 0.494 0.62 0.487 1.70 0.440 0.79 0.197 1.00 0.179 1.88 0.158

mean 0.34 0.608 0.55 0.586 1.13 0.505 0.63 0.319 0.85 0.298 1.54 0.253
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Figure 12. Qualitative evaluation on ShapeNetCar-Occ. Red boxes indicate occluding objects.

Table 12. Categorical results of our method on 22 unseen objects
of ShapeNet-34. We report the detailed results under CDℓ2 and
F-Score@1% metric for Simple, Moderate and Hard settings.

Category

ShapeNet-34

Simple Moderate Hard

CDℓ2 (↓) F1 (↑) CDℓ2 (↓) F1 (↑) CDℓ2 (↓) F1 (↑)

bag 0.37 0.579 0.61 0.568 1.12 0.485
basket 0.41 0.516 0.60 0.505 1.50 0.438
birdhouse 0.54 0.545 0.91 0.527 1.90 0.452
bowl 0.42 0.499 0.53 0.488 1.11 0.426
camera 0.62 0.528 1.30 0.507 2.98 0.432
can 0.38 0.508 0.61 0.496 1.23 0.436
cap 0.33 0.569 0.94 0.532 3.66 0.426
keyboard 0.22 0.631 0.27 0.634 0.38 0.576
dishwasher 0.42 0.495 0.55 0.491 1.13 0.443
earphone 0.56 0.604 1.48 0.555 4.83 0.437
helmet 0.69 0.494 1.76 0.471 4.21 0.402
mailbox 0.32 0.721 0.67 0.670 1.64 0.531
microphone 0.53 0.803 1.16 0.723 3.04 0.551
microwaves 0.44 0.495 0.58 0.492 1.23 0.447
pillow 0.32 0.581 0.49 0.552 1.08 0.455
printer 0.47 0.522 0.83 0.512 1.91 0.449
remote 0.19 0.670 0.30 0.660 0.42 0.583
rocket 0.20 0.854 0.41 0.779 0.83 0.652
skateboard 0.21 0.724 0.49 0.683 0.84 0.535
tower 0.34 0.655 0.66 0.612 1.47 0.488
washer 0.43 0.497 0.61 0.491 1.54 0.443

mean 0.40 0.595 0.75 0.569 1.81 0.480
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Table 13. Results of our method and state-of-the-art methods on
ShapeNetCar-Occ. We report the detailed results for each method
on Car category for three difficulty degrees. We use CD-S, CD-M
and CD-H to represent the CD results under the Simple, Moderate
and Hard settings. We also provide results under the F-Score@1%
metric.

Method CD-S CD-M CD-H CDℓ2 (↓) F1 (↑)
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Figure 13. Qualitative evaluation on PFS. Colors indicate the point-
to-surface (P2S) distance between the generated point clouds and
the ground-truth mesh, with the maximum value (red) clamped to
2% of the radius of the object’s bounding sphere. Examples (a)–(d)
show BiW patches containing local construction features such as
reinforcement or mounting regions, comparing our method against
baseline approaches.
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