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Abstract

Point cloud (PC) processing tasks—such as completion, up-
sampling, denoising, and colorization—are crucial in ap-
plications like autonomous driving and 3D reconstruction.
Despite substantial advancements, prior approaches often
address each of these tasks independently, with separate
models focused on individual issues. However, this iso-
lated approach fails to account for the fact that defects like
incompleteness, low resolution, noise, and lack of color
frequently coexist, with each defect influencing and corre-
lating with the others. Simply applying these models se-
quentially can lead to error accumulation from each model,
along with increased computational costs. To address these
challenges, we introduce SuperPC, the first unified diffu-
sion model capable of concurrently handling all four tasks.
Our approach employs a three-level-conditioned diffusion
framework, enhanced by a novel spatial-mix-fusion strat-
egy, to leverage the correlations among these four defects
for simultaneous, efficient processing. We show that Su-
perPC outperforms the state-of-the-art specialized models
as well as their combination on all four individual tasks.
Project website: https://sairlab.org/superpc/.

1. Introduction

Point cloud (PC) processing [19, 26] has become a corner-
stone technique in many fields such as object recognition
[2, 811, mapping [56, 75], autonomous vehicle navigation
[29, 43], and 3D modeling [13, 51]. This diverse applica-
bility stems from the ability of point cloud to capture the ge-
ometric intricacies of the physical world with high fidelity,
offering a detailed substrate from which nuanced computa-
tional analyses can be performed [5, 19, 26, 54].

Despite this critical need and importance, the prior PC
processing methods, either geometry-based or data-driven,
have typically concentrated on individual sub-tasks like de-
noising [35, 53], upsampling [21, 70], completion [72, 73],
and colorization [32, 58], rather than a single comprehen-
sive solution. While some studies [9, 35, 36, 38] addressed

the partial combination of those tasks, there is still a lack of
a single model that addresses all four tasks simultaneously,
which could bring multiple benefits to this field. This is
because an integrated model may be advantageous not just
for its computational efficiency but also for preventing error
accumulation and allowing them to implicitly improve each
other due to the interconnectivity of the tasks. For instance,
in the experiments, we found that the error of the comple-
tion model accumulated and affected the upsampling; the
error pattern produced by an upsampling model often re-
sulted in suboptimal denoising. As a result, we argue that
a single unified model that is capable of concurrently han-
dling the four point cloud processing tasks is necessary.

To this end, we take PC processing as generative tasks
and resort to diffusion-based models [33, 33, 34, 36, 38, 55],
which have shown significant advancements on PC genera-
tion. Despite this, using diffusion models to address all four
tasks is challenging, and previous studies [33, 34, 36, 38]
have been limited to tackling either individual tasks. The
first limitation is their selective preservation of input in-
formation, whether global, local, or raw, using the input
point cloud solely as a condition to guide the diffusion pro-
cess. These approaches lacks the ability to generate point
clouds that meet the requirements of all four tasks, as each
task possesses distinct characteristics and demands. For in-
stance, the approach [34] relies solely on the global shape
latent features for guiding 3D shape generation, which re-
sults in a limited capacity to capture the local object details;
“PC?” [38] only employs the raw features of the input im-
age as the condition, lacking the ability to preserve global-
level information. Another limitation of previous methods
is their restriction to a single modality. For instance, the
approach by Luo et al. [34] is confined to processing point
cloud inputs, while the method by Luke et al. [38] is limited
to handling only image inputs. As a result, they only work
for simple object-level PC like ShapeNet [7] but struggle on
complex scene-level PC such as KITTI-360 [31].

To address the first limitation, we introduce SuperPC,
which integrates a Three-Level-Conditioned (TLC) diffu-
sion framework to simultaneously handle four tasks. For
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Figure 1. We propose SuperPC, a novel neural architecture that jointly solves inherent shortcomings in the raw point clouds, including
noise, sparsity, incompleteness, and the absence of color. To the best of our knowledge, it is the first single diffusion model that can
simultaneously tackle the four major challenges in the field of point cloud processing. Red points denote high noise for visualization.

tackling the second limitation, we propose a novel Spatial-
Mix-Fusion (SMF) strategy to integrate images and point
clouds. It loosely couples the early-fusion strategy and the
deep-fusion strategy [24], fully leveraging the fused infor-
mation as three-level conditions to guide PC generation.
Additionally, we design three modules, namely, a raw, a
local, and a global module as the three conditions to con-
trol the diffusion process. Specifically, (1) the raw module
preserves the original information of the input point cloud
and image via projection and interpolation, which can also
be viewed as an early-fusion method to combine the two
input modalities; (2) the local module extracts geometri-
cal and texture details by fusing the local feature maps of
the two modalities, which can also be viewed as a deep-
fusion method; and (3) the global module guarantees high-
level semantic consistency by condensing the fused local
feature maps into a latent code. This enables SuperPC to
generate high-quality, color-rich point clouds across diverse
tasks and datasets while faithfully preserving local texture
and geometrical information. To the best of our knowl-
edge, SuperPC is the first single diffusion model fusing
two modalities by utilizing three-level conditions to con-
currently tackle the four PC processing tasks. Our contri-
butions can be summarized as follows:

* We propose SuperPC, a three-level-conditioned diffusion
model framework with a novel spatial-mix-fusion strat-
egy, allowing a single model, for the first time, to effec-
tively tackle all four major challenges in PC processing.

* Our SuperPC model not only demonstrates superior per-
formance on combination task but also surpasses existing
SOTA models across all four individual PC processing
tasks on scene-level benchmarks while exhibiting impres-
sive efficiency and generalization capability.

* We have designed three new benchmarks for PC pro-
cessing tasks: one object-level and two scene-level
benchmarks. Additionally, these benchmarks are orga-
nized into two evaluation tracks to assess generalization

ability—Object-to-Scene and Sim-to-Real.

2. Related Works
2.1. PC processing Tasks

Point Cloud Upsampling, essential for enriching sparse
3D scanning outputs, has evolved from traditional methods
like Alexa’s work [3] to those deep learning-driven meth-
ods [15, 21, 28, 46, 47, 69, 70]. However, these methods
struggle to upsample and preserve the details of scene-level
point clouds. Unlike previous efforts, SuperPC addresses
this challenge by preserving geometric details through the
three-level-condition framework.

Point Cloud Completion is aiming to generate points for
both unobserved areas and incomplete shapes, as initially
proposed by pioneers in the field [40, 61]. Following re-
search has employed deep learning techniques, resulting in
substantial improvements in the quality of completed point
clouds [4, 20, 25, 76]. Yu’s methods [71, 72] exemplify
this progress by converting the point cloud to a sequence of
point proxies. However, they struggle in overly sparse con-
ditions and unseen scenarios since they cannot extract dense
structural and semantic information. In contrast, SuperPC
can effectively fuse and utilize information from both the
input point clouds and images, which contain dense seman-
tic features via the novel spatial-mix-fusion strategy.

Point Cloud Denoising is critical for refining the point
cloud by removing outliers. Previous efforts [27, 35, 48, 53]
try to tackle it as a single task with traditional filter-based
and novel learning-based methods. However, this process
is heavily dependent on the point cloud upsampling and the
completion tasks. For instance, denoising models may mis-
takenly remove a table leg because they recognize it for out-
liers when the table point cloud is too sparse or incomplete.
Point Cloud Colorization: Traditional projection meth-
ods have been supplemented by geometry-based studies
[6, 8, 12], yet they struggle to color unseen and occluded
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points. Deep learning advancements [16, 23, 32, 58] have
enabled colorization solely based on geometry without im-
age input, but often at the cost of generating colors that di-
verge from reality. Specialized models like Takayuki’s work
[58] focus on niche applications such as Airborne LiDAR
point clouds colorization and cannot be applied to everyday
objects and scenes. In contrast, SuperPC can render both
visible and occluded point clouds with realistic colors based
on the input image and the point cloud geometric features
for both object-level and scene-level point clouds on both
simulation and real-world datasets.

2.2. Diffusion Models for Point Cloud

The diffusion model, as evidenced by several studies [33,
49, 55], has shown significant capabilities in image synthe-
sis, prompting its application in 3D point cloud challenges.
Luo [34] pioneered the use of a conditional diffusion model
for 3D PC generation, guided by the shape latent condi-
tion of the input cloud. Building on this, Zhuo [80] and
Zeng [74] explored unconditional shape generation and the
hierarchical point diffusion model for point cloud synthe-
sis in latent space. Besides the point cloud synthesis, some
researchers [35, 36, 38, 46] also try to tackle the PC pro-
cessing tasks mentioned in Section 2.1 by using different
conditions to guide the PC generation. Despite previous
efforts made some progress in leveraging diffusion models
for point cloud completion [36], denoising [35], upsampling
[46], and single-image 3D reconstruction [38], no work has
yet to integrate two modalities into a structured three-level-
condition framework to guide the diffusion model in ad-
dressing the four tasks simultaneously.

2.3. Image and Point Cloud Fusion

To effectively harness the inherent capabilities and poten-
tials of both image and point cloud inputs, a robust fusion
methodology becomes indispensable. The concept of im-
age and point cloud fusion is rooted in the understanding
that dense color or RGB information inherently carries 3D
geometric details. As a result, images can be used as a
reference to enhance the quality of the spatial point cloud.
Stated by Huang et al. [24], those fusion methods can be
divided into the early-fusion [59, 60, 66], the deep-fusion
[62, 67, 78], and the late-fusion [18, 39, 44]. Previous re-
search on image and point cloud fusion has predominantly
concentrated on high-level tasks [30, 60, 62, 66, 79] such as
object detection and specific conventional tasks like point
cloud completion and upsampling [1, 41, 77]. However,
these approaches are confined to a single task and limited
scenarios. Hence, we propose SuperPC, a single diffusion
model with a novel SMF strategy which combines the two
modalities effectively and perform all the four tasks.

3. Background

3.1. Conditional Diffusion Probabilistic Models
SuperPC employs Conditional Diffusion Probabilistic Mod-
els (CDPMs) [33, 34, 36, 38, 55] to synthesize high-quality,
dense point clouds, conditioned on the input images and
point clouds. It consists of two Markov chains known as
the forward processes and reverse processes [22].

Forward Process Also known as a Markov process that in-
crementally introduces Gaussian noises into the data dis-
tribution x¢, until transitioning it towards a pure Gaussian
noise . In other words, the point clouds progressively
diffuse over time, finally forming purely chaotic points in a
3D space. This forward process from the target clean point
cloud ¢ to purely noisy point cloud 7 and and can be
formulated as the followTing probability distribution:

q(z1:7|T0) = H q(@t|Tr—1),
t=1

g(xe|wi—1) =N (th§ V1= pBixe_q, ﬁtl) .

The noise level is controlled by /3;, and x is sampled us-
ing &y = \/azxo++/1 — aye, where € is standard Gaussian
noise, ay = 1 — 3y and &y = Hizl 0.

Reverse Process This process is conditioned on the input
point cloud P and image I, and aims to remove the noise
added by the forward process gradually as shown in the bot-
tom Figure 2. This process is to predict the noise and recon-
struct the point cloud data distribution x¢ from 1 based on
the input point cloud P and image /. Mathematically, it can
be expressed as the probability distribution pg:

T

po(@r.r|zr, PI) = [ | po(@i—1|z:s, P,T),
=1 2

p9($t—1|$t,P7 I) :N(mt—l;ua(wtapv I,t),U?I),

D

where pg is the predicted mean of the Gaussian noise:

I,Lg(.’l:t,P,I,t):\/%—t(mt_\/%ﬁe(mt,P,I,t))7 (3)

where €g is the main noise prediction network of SuperPC,
which predicts the noise added in the forward process,
guided by the three-level conditions in Section 4.1.

Loss Function We aim to minimize the difference between
the predicted and actual noise added during the forward pro-
cess based on the input point cloud P and image I. This is
quantified using a mean squared error loss function £(8):

Ewo,t,ENN(O,I) [”6 - 69(\/@130 +v1—ae€ P, f)HZ} ) (4)

where € is the actual Gaussian noise and €g is the network
predicted noise. This loss function ensures that the model
refines its ability and knowledge to accurately generate the
high-quality point cloud from the noised data while being
guided by the three-level conditions.
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Figure 2. The architecture of the SuperPC model shown above integrates input images and point clouds to establish three-level conditions
through innovative raw, local, and global modules. These conditions are seamlessly integrated into each step of the diffusion process,
enabling SuperPC to utilize all levels of information from the two input modalities.

4. Methodology

As shown in Figure 2, we will explain the concept of the
Three-Level-Conditioned (TLC) framework (middle of Fig-
ure 2, Section 4.1), and details of three novel modules that
apply the Spatial-Mix-Fusion (SMF) strategy to fuse the
two input modalities and generate three-level conditions
(top of Figure 2, Section 4.2, Section 4.3, and Section 4.4).
4.1. TLC Framework & SMF Strategy
TLC Framework First, we discuss the TLC framework,
which integrates raw, local, and global-level abstracted in-
formation as conditions to guide the diffusion model in si-
multaneously handling four point cloud processing tasks.
Our rationale is based on the observation that relying solely
on a single type of condition can easily trap the model in
a local minimum or cause it to overfit to one particular
task. For example, incorporating only global-level condi-
tions into the diffusion model tends to produce basic shapes
and lacks finer details, thereby hindering its capacity to
generalize across more complex structures and expansive
scenes [34]. To overcome this, we introduce three-level
conditions into the diffusion model to enhance the model’s
performance and robustness to complex scenes and diverse
tasks and get this new form of the loss function £(8):
Ewg.e.t [|l€ — €0(vV@zo + v/1 — Gr€, Craw, Clocal, Cglobat, 1)[|*] . (5)
where Craw, Clocal, and Cgiopal rEpresent the three-level con-
ditions, collectively providing the combined instruction to
guide the high-quality point clouds generating process.
SMF Strategy Previous works, whether employing early
fusion [59, 66], deep fusion [67, 78], or late fusion [39, 44],
have demonstrated strong performance in 3D object de-
tection. However, we observed that these strategies are
less effective for point cloud processing tasks. Specifi-
cally, late fusion in 3D object detection combines detec-
tion results from the image and point cloud branches at

the final stage, making it unsuitable for point cloud pro-
cessing tasks. Furthermore, as shown in our experiments
(Appendix Table 3), both early and late fusion strategies
show poor effectiveness across all three benchmarks. To ad-
dress this challenge, we introduce the Spatial-Mix-Fusion
(SMF) strategy, a loose coupling of early and deep fusion
approaches. Specifically, we designed a dual-spatial early
fusion and an attention-based deep fusion to integrate im-
age and point cloud modalities into the diffusion conditions,
both leveraging the spatial features of the partially denoised
point cloud in the main diffusion network. We next delve
into the specifics of constructing the TLC framework and
the SMF strategy with the global, local, and raw modules.

4.2. Raw Module & Dual-Spatial Early Fusion

The raw module shown in Figure 3 (left) aims to preserve
and fuse detailed texture and spatial information. It can be
divided into two components: the image features projection
and the point cloud features interpolation, which realize the
dual-spatial early fusion. The two components are to incor-
porate and fuse the raw sensor information into each diffu-
sion step to guide the target point cloud generating process,
respectively. Specifically, the image branch utilizes the ras-
terization technique described in [38, 50] to project image
features onto the partially denoised point cloud, while the
point cloud branch uses spatial interpolation technique to
align the input point cloud with the partially denoised point
cloud in the main diffusion network.

Image Features Projection Before projecting the image to
the point cloud, a normal 2D image network (like ResNet
[58] or ViT [14]) is used to increase the image feature di-
mension from I (H, W, 3) to I'(H, W, C), providing richer
raw RGB information. Then the computationally effi-
cient PointRasterizer class of PyTorch3D is used to
project the dense image features to the point cloud at the be-
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Figure 3. On the left, the raw module integrates the raw information of the image and point cloud into the target point cloud as the raw-level
condition via the image projection and the point interpolation. On the right, the local module encodes the two inputs into feature maps,
which are then fused using cross-attention to produce a local fused feature map as the local-level condition. Next, the global module
condenses this feature map into a global latent code as the global-level condition.

ginning of each diffusion step. As a result, the point cloud
dimension is increased from P;(N,3) to P/(N,3 + C4).
This step is crucial for roughly aligning the images and
point clouds in terms of both raw spatial structural infor-
mation and texture color information.

Point Cloud Features Interpolation Subsequently, we use
a special spatial interpolation method to align the raw fea-
tures of the input point cloud P;,(N;,,3) with the image-
aligned features of P/(N,3 + C7). Specifically, we first
employ a multilayer perceptron (MLP) to increase the fea-
ture dimension of the input point cloud from P;,(N;,,3)
to P/ (Nin,C2). Due to the disorder of the point cloud,
we aggregated their features using the k-nearest neighbors
based on the inverse-distance-weighted average algorithm
[45]. Assuming the weighted features of the points in P}
are f)(j = 1,2, ..., N) and features of the k (here we use
k = 4) nearest points in P/, are fi(J)(i =1,2,...,k), we
can write the aggregated point features as:

f(J) = Zf:l w(wj’wi)féj)/2§:1 w(mj 7mi)7

’LU(CIIJ, wz) = l/d(wj;wi)Qv

(6)

where the d(xj, ;) in the second equation indicates the
Euclidean distance between points x; and x;.

Dual-Spatial Early Fusion The two components described
above result in a point cloud P/’ (N, 3+C1+C5) which suc-
cessfully fuse the two modalities’ raw-level information to
the main diffusion network via the dual-spatial operations
- (1) the spatial interpolation and (2) the point-rasterizer
projection based on the spatial positions of the partially-
denoised point cloud of the diffusion network.

4.3. Local Module & Attention-Based Deep Fusion
The local module shown in Figure 3 (right) is designed to
introduce local object-level information to guide the dif-
fusion model. Specifically, the local module merges two
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modalities into a fused feature map, which is then integrated
into the main diffusion network as the local condition.

Inputs Encoding The local module uses the modality-
specific encoders to extract features from the two inputs
and fuse them into a local feature map based on cross-
attention. Specifically, we use PointNet++ [45] and ResNet
[58] as the point cloud and image encoders, respectively.
We leverage the Feature Pyramid Networks (FPN) to map
multi-scale spatial hierarchies to one comprehensive feature
map for local representation. This is essential for capturing
multi-scale semantic features, ensuring a detailed and multi-
dimensional representation of the input visual information.

Attention-Based Deep Fusion Following the separate fea-
tures extracting, the local module employs the cross-
attention mechanism to fuse the images and point clouds.
This fusion strategy is adapted from generative models
[52, 57, 64], which are particularly beneficial for handling
diverse types of conditioning inputs. The image features
and point cloud features are transformed into a compati-
ble feature space. The cross-attention mechanism is then
applied to these intermediate representations, which can be
formulated as: Attention(Q, K, V) = softmax(QRK/vT)-V,
where @) represents the query tensor derived from image
encoder’s intermediate representation of the image feature
map, while K and V' are the key and value tensors obtained
from the point encoder. These tensors are processed through
learnable projection matrices Wq(fimg), Wk (fpe), and
Wy (fpe), which are passing the outputs of the image and
the point encoders through three different linear layers to
obtain Q, K and V, respectively. This cross-attention block
aligns and integrates the point cloud spatial features with
the multi-scale image semantic features, creating a unified
fused feature map encoding both local spatial and visual
features of the point cloud and the image.
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Figure 4. The qualitative results on the point cloud (a) completion, (b) upsampling, and (c) denoising tasks. For each subfigure, from left
to right are the results for ShapeNet, TartanAir, and KITTI-360. Larger figures and more qualitative results are presented in Appendix E.

4.4. Global Module

Subsequently, a one-dimensional latent code representing
global structural features is generated through a simple
PointNet++ layer and a max pooling layer, a technique for
emphasizing high-level features while reducing dimension-
ality. These two modules enable a seamless fusion of image
and point cloud data, ensuring that the generated output ef-
fectively encapsulates the characteristics of both modalities.
Consequently, they guide the diffusion process to extract
and learn the structure details and the semantic consistency
of the point clouds and images. We have included details of
the implementation of the three modules in Appendix A.

5. Experiments

Benchmarks and Datasets Previous methods have mainly
reported performance on the ShapeNet dataset [7]. How-
ever, it only contains simple 3D objects like chairs and
planes without color, limiting its ability to evaluate like
in scene-level scenarios and point cloud colorization.
Therefore, We have designed three new benchmarks for
point cloud processing tasks: one object-level (based on
ShapeNet [7] dataset) and two scene-level benchmarks
(based on TartanAir [63] and KITTI360 [31] datasets). Ad-
ditionally, these benchmarks are organized into two eval-
uation tracks to assess generalization ability—Object-to-
Scene and Sim-to-Real. The detailed setup of the three
benchmarks is presented in Appendix B.

Evaluation Metrics For comprehensiveness, we select the
most widely used metrics for point cloud processing includ-
ing Earth Mover’s Distance (EMD) and F1. Additionally,
we also use Density-aware Chamfer Distance (DCD) [65]
instead of the traditional Chamfer Distance (CD) as CD is
sensitive to mismatched local density [65]. The specifics of
the three metrics are detailed in Appendix C.

We next evaluate SuperPC against SOTA models across
all four individual tasks and the combined task (Sec-
tion 5.1), assess its generalization through object-to-scene
and sim-to-real tests (Section 5.2).

5.1. Performance
We select the most well-known and recent point cloud pro-
cessing models [21, 35, 37, 42, 47, 72] as well as their com-
bined models to serve as our baselines (all the chosen mod-
els are the SOTAS for the individual tasks). All models were
subjected to identical training-validation-testing settings.
As can be seen in Table 1, none of the baseline models
can conduct all the tasks. Therefore, we integrate the best
model for each task together to tackle the combination task
and compare the integrated method with SuperPC. How we
evaluate the best integration model and additional qualita-
tive results can be found in Appendix D.4 and E. Remark-
ably, SuperPC surpasses all the models in all three tasks and
their combination task across the three benchmarks. Be-
sides the general quantitative results, we next delve into the
details and qualitative results of each task.
Point Cloud Completion (PC) For the completion task,
we follow the moderate sampling setting in [72] on the
ShapeNet dataset, i.e., 50% of the points are used as the
incompleted input point clouds. On the two scene-level
benchmarks, we develop a simple random patch removal
algorithm to generate point clouds with random blank areas
as shown in Figure 4a and 7. Notably, as illustrated in the
first row of Figure 4a, the best baseline method [72] inac-
curately generates a completed symmetrical sofa, diverging
from the actual asymmetrical shape of the ground truth. In
contrast, SuperPC integrates information from the image in-
put to accurately complete the asymmetrical shape.
Point Cloud Upsampling (PU) For this task, we set the in-
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Table 1. Results compared with SOTA models on point cloud completion, upsampling, denoising, and combination tasks on the ShapeNet,
TartanAir, and KITTI-360 benchmarks (from top to bottom). The cross mark “X” indicates that the model is incapable of performing the
specified task. Different SOTA combinations, e.g., “[21]—[42]—[35]", are selected for different benchmarks because they are the top
performers for that specific category. A more detailed comparison of these SOTA combinations can be found in Appendix D.4.

Completion Upsampling Denoising Combination
ShapeNet[7]  pep () EMD() FI() DCD(l) EMD() FI(f) DCD()) EMD() FI(1) DCD(}) EMD() FI(})
AdaPoinTr [72] 0.462 2.12 0.423 X X X 0.562 3.61 0.405 X X X
GradPU [21] X X X 0.298 1.27 0.589 0.533 3.28 0.412 X X X
DDPMPU [47] X X X 0.281 1.13 0.659 0.313 1.37 0.769 X X X
ScoreDenoise [35] X X X 0.346 1.65 0.537 0.291 1.21 0.812 X X X
PD-LTS [37] X X X X X X 0.280 1.12 0.856 X X x
LiDiff [42] 0.484 2.43 0.401 0.312 1.38 0.526 X X X X X X
[37]1—=[72]—[47] 0.462 2.12 0.423 0.281 1.13 0.659 0.280 1.12 0.856 0.509 2.71 0.382
SuperPC (ours) 0.387 1.67 0.557 0.293 1.25 0.631 0.285 1.16 0.837 0.476 2.21 0.409
Completion Upsampling Denoising Combination
TartanAir (631 pep () EMD () FI(1) DCD()) EMD() FI(f) DCD(}) EMD() FI(1) DCD() EMD() FI (1)
AdaPoinTr [72] 0.573 3.59 0.349 X X X 0.604 3.91 0.229 X X X
GradPU [21] X X X 0.527 3.31 0.313 0.572 3.85 0.235 X X X
DDPMPU [47] X X X 0.541 3.49 0.302 0.389 1.91 0.438 X X X
ScoreDenoise [35] X X X 0.617 3.96 0.224 0.346 1.65 0473 X X X
PD-LTS [37] X X x X X X 0.368 1.89 0.451 X X X
LiDiff [42] 0.559 351 0.356 0.562 3.62 0.248 X X X X X X
[21]—[42]—[35] 0.559 3.51 0.356 0.527 3.31 0.313 0.346 1.65 0.473 0.583 3.64 0.369
SuperPC (ours) 0.538 3.46 0.363 0.492 2.98 0.356 0.298 1.38 0.631 0.558 3.53 0.384
Completion Upsampling Denoising Combination
KITTE360 311 pep () EMD()) FI(f) DCD()) EMD()) FI(1) DCD() EMD(}) FI(f) DCD()) EMD() FI ()
AdaPoinTr [72] 0.663 9.27 0.293 X X X 0.621 7.85 0.329 X X X
GradPU [21] X X X 0.597 6.92 0.354 0.589 6.47 0.368 X X X
DDPMPU [47] X X X 0.601 7.18 0.348 0.407 3.95 0.542 X X X
ScoreDenoise [35] X X X 0.718 9.93 0.254 0.369 3.21 0.604 X X X
PD-LTS [37] X X X X X X 0.381 3.37 0.575 X X X
LiDiff [42] 0.649 9.03 0.307 0.609 7.35 0.341 X X X X X X
[21]—[42]—[35] 0.649 9.03 0.307 0.597 6.92 0.354 0.369 3.21 0.604 0.725 10.06 0.347
SuperPC (ours) 0.632 8.82 0.324 0.577 6.73 0.369 0.327 2.86 0.615 0.681 9.58 0.365

teger testing upsampling rate as x 8 for all three benchmarks
to meet the inference limitation on the integer upsampling
rate. Unlike the majority of previous upsampling methods
[28, 69, 70], our model can take an arbitrary real number up-
sampling ratio like 1.3425. Moreover, Figure 4b reveals that
the point clouds generated by the SOTA [21] exhibit an odd
pattern of point concentration across all benchmarks. No-
ticeably, SuperPC surpasses the SOTA and baseline meth-
ods on both scene-level benchmarks, while DDPMPU [47]
shows only marginally better performance on the object-
level benchmark. Unlike previous works, SuperPC can
produce not only precise but also evenly distributed point
clouds with an arbitrary upsampling rate and shows domi-
nating performance on the scene-level benchmarks.

Point Cloud Denoising (PD) In the denoising task, the ac-
curate ground truth point clouds are perturbed by Gaus-
sian noise with standard deviation from 0.5% to 2% of the
bounding sphere radius to generate the input noisy data fol-
lowing the setting in [35]. The point clouds in the quanti-
tative testing configuration are subjected to a noise level of

2%. As shown in the second and third rows of Figure 4c,
the point cloud ground textures generated by SuperPC are
noticeably less noisy compared to those produced by the
SOTA point cloud denoising model - ScoreDenoise [35].
Combination In the combination task, we integrate the
SOTA models [21, 35, 37, 42, 47, 72] for each individ-
ual task in sequence to tackle the challenging combination
task. As illustrated in Figure 7, the combined approach with
SOTA models falls short in achieving the final fully satisfac-
tory map: despite successful upsampling, it leaves the rear
window incomplete and introduces noise around the circled
car. Conversely, SuperPC excels in producing more accu-
rate point cloud maps, showcasing its enhanced capability
to tackle complex combination tasks effectively.
Colorization The point cloud colorization task cannot be
evaluated alongside the other three tasks for two main rea-
sons: first, its metrics differ significantly from the other
tasks and cannot be adjusted to align with their metrics; sec-
ond, combining the colorization task with the others would
expand the point cloud data space from three dimensions to
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Object to Scene Sim to Real
Object-to-Scene Sim-to-Real —e— SOTAs —e— SOTAs
Tasks Method DCD()) EMD() FI(}) DCD() EMD() FI (1) ool SuperPC SuperPC
Completion PC 0.901 298  0.122 0873 1939 0.156
OMPIEHON SuperPC (ours)  0.857 242 0159 0789 1393 0225 |
Unsamoin PU 0.613 681 0316  0.693 1042 0279 8
PSAMPINE  quperPC (ours)  0.738 114 0243 0.648 896 0336 S
Denoisin PD 0.368 367 0431 0.588 342 0343
CROISINE  GuperPC (ours)  0.333 291 0513 0552 298 0458
0.6
Combination  PU—PC—PD 0917 313 0116  0.891 2145 0.139
SuperPC (ours)  0.861 258  0.143  0.802 1486 0214
O'JS 10 20 50 100 5 10 20 50 100

Table 2. Generalization ability experiment on the four point
cloud processing tasks. (5% data used for fine-tuning.)

six, making it considerably more challenging for the diffu-
sion model to learn the target data distribution. Therefore,
we evaluate the colorization task separately using the same
SuperPC model structure to demonstrate its effectiveness
for this task. Details of the colorization task experiment can
be found in the supplementary material Appendix D.5

5.2. Generalization Tests

In addition to performance assessments, we evaluated the
generalization capabilities of SuperPC and current SOTA
models across various point cloud processing tasks. These
evaluations were conducted through two critical experi-
ments: object-to-scene and sim-to-real. These experiments
are pivotal for practical applications of all the four tasks.
Object-to-Scene Traditionally, research has predominantly
concentrated on object-level datasets such as ShapeNet [7],
often neglecting scene-level datasets. Yet, practical appli-
cations, such as indoor 3D reconstruction and urban dig-
ital twins, necessitate handling scene-scale point clouds.
To address this, we trained SuperPC and various previ-
ous models on the object-level dataset (ShapeNet [7]) and
subsequently fine-tuned and tested them on the scene-level
dataset (TartanAir [63]). As shown in Table 2, SuperPC
demonstrates superior generalization from object-scale to
scene-scale date compared to most state-of-the-art models,
particularly in the combination task.

Sim-to-Real Another significant challenge is the sim-to-
real gap. Learning-based models frequently perform well in
simulated environments but struggle when applied to real-
world scenarios. Our study is the first to train point cloud
processing models on a simulated dataset (TartanAir [63])
and fine-tune and test them on a real-world dataset (KITTI-
360 [31]) to assess their capabilities in overcoming the sim-
to-real gap. As illustrated in Table 2, SuperPC outshines all
SOTA models across all the point cloud processing tasks.
Different Fine-tune Levels Furthermore, we fine-tuned
both the integrated SOTA models and our SuperPC model
using varying proportions of data from the TartanAir and
KITTI-360 benchmarks to assess their generalization capa-

Fine-tune Level (%) Fine-tune Level (%)

Figure 5. Combination task.

bilities across both the object-to-scene and sim-to-real ex-
periments. As depicted in Figure 5, increasing the fine-
tuning levels enhances the performance of both SOTA mod-
els and SuperPC on the combination task. Notably, Su-
perPC consistently exhibits superior generalization ability
across all levels of fine-tuning in both tracks.

5.3. Additional Experiments

In addition to the performance and generalization experi-
ments, we present four more experiments in Appendix D
to further support our work. These include (1) the ablation
study, (2) the complexity analysis, (3) the comparison be-
tween single-model and multi-model approaches using the
same SuperPC network design, and (4) an evaluation of dif-
ferent integration orders when combining SOTA methods.

6. Conclusion and Limitation

Conclusion We introduced SuperPC, a single diffusion
model that excels in completion, upsampling, denoising,
and colorization of point clouds. Leveraging the proposed
TLC framework and SMF strategy, it outperforms special-
ized models in efficiency and effectiveness on complex
scene-level datasets. SuperPC sets a new benchmark for
generating high-quality point clouds, enhancing task inter-
connectivity, and paving the way for advanced 3D environ-
mental analysis in future applications.

Limitation Nevertheless, SuperPC’s efficiency can be fur-
ther optimized by replacing the relatively heavy PointNet++
[45] backbone with a sparse-tensor-based backbone. Fur-
thermore, establishing a real-world object-level benchmark
for this task would be highly valuable and convincing. In
future work, researchers could explore the performance of
a unified model across varying degrees of incompleteness
derived from realistic scanning patterns.
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