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Abstract

Existing conditional Denoising Diffusion Probabilistic
Models (DDPMs) with a Noise-Conditional Framework
(NCF) remain challenging for 3D scene understanding
tasks, as the complex geometric details in scenes increase
the difficulty of fitting the gradients of the data distribu-
tion (the scores) from semantic labels. This also results in
longer training and inference time for DDPMs compared to
non-DDPMs. From a different perspective, we delve deeply
into the model paradigm dominated by the Conditional
Network. In this paper, we propose an end-to-end robust
semantic Segmentation Network based on a Conditional-
Noise Framework (CNF) of DDPMs, named CDSegNet.
Specifically, CDSegNet models the Noise Network (NN) as
a learnable noise-feature generator. This enables the Con-
ditional Network (CN) to understand 3D scene semantics
under multi-level feature perturbations, enhancing the gen-
eralization in unseen scenes. Meanwhile, benefiting from
the noise system of DDPMs, CDSegNet exhibits strong ro-
bustness for data noise and sparsity in experiments. More-
over, thanks to CNF, CDSegNet can generate the semantic
labels in a single-step inference like non-DDPMs, due to
avoiding directly fitting the scores from semantic labels in
the dominant network of CDSegNet. On public indoor and
outdoor benchmarks, CDSegNet significantly outperforms
existing methods, achieving state-of-the-art performance.

1. Introduction
Point cloud, as a fundamental 3D representation, pro-

vides the most crucial data structure support for 3D tasks.

Benefiting from the rapid development of 3D devices and

continuous innovation in data synthesis techniques, large-

scale scene point clouds have become accessible [1, 5, 10,

13]. Therefore, accurate semantic understanding of 3D

scenes, applied to a wide range of 3D downstream tasks

such as autonomous driving [47], robotic technology [36],

and virtual reality [23], has gained increasing attention.

∗Corresponding Author. https://github.com/QWTforGithub/CDSegNet

Figure 1. The training and inference difference between NCF and

CNF. NCF dominated by NN, relies on the noise fitting quality,

requiring extensive training and inference iterations. In contrast,

CNF alleviates the noise fitting necessity by focusing on CN, clev-

erly avoiding this issue, alongside retaining the DDPM robustness.

Encouraged by deep learning, a large number of learn-

able point cloud semantic segmentation methods have

achieved significant results in recent years [8, 24, 50, 52,

53, 64]. Nevertheless, these methods often overlook the fact

that raw point clouds from 3D devices are usually perturbed

and sparse [5, 42], making them sensitive to data noise and

sparsity [21, 43, 56]. This limits the optimal segmentation

accuracy, especially recognizing in object boundaries and

small objects [60, 61].

Along another research line, DDPMs [16] with a strong

noise-robust denoising architecture, originated from and

flourished in image generation [11, 28, 41], have been ex-

plored in various 3D tasks [34, 39, 54, 66]. They typi-

cally consider the 3D task as a conditional generation prob-

lem, built upon the Noise-Conditional Framework (NCF,

see Fig. 1(a)). In general, the Conditional Network (CN)

extracts the conditional features for generating guidance.

Meanwhile, the Noise Network (NN) predicts the scores

[45] from task targets, dominating the results of tasks.

Unfortunately, this framework poses challenges when

applied to real-time 3D scene understanding tasks, such as

autonomous driving. This is because, to better fit the scores

from task targets, DDPMs typically require more training

and inference steps compared to non-DDPMs [44, 45]. Al-
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though some methods can accelerate the DDPM sampling

process [31, 44], they still require dozens of steps, alongside

a sub-optimization process. Moreover, the complex distri-

bution of 3D scenes makes it difficult for DDPMs to achieve

satisfactory results in an end-to-end manner. (see Fig. 2)

To address the above problems, in this paper, we rethink
the existing end-to-end framework of conditional DDPMs,

initially revealing some key insights into the DDPM advan-

tages and limitations in point cloud semantic segmentation.

Inspired by these core insights, we design a Conditional-

Noise Framework (CNF, see Fig. 1(b)) of DDPMs, effec-

tively preserving advantages and circumventing limitations.

Unlike NCF, CNF treats NN and CN as the auxiliary net-

work and the dominant network in 3D tasks, respectively. In

this way, NN in CNF can still inherit the noise construction

system of DDPMs, thus preserving the noise and sparsity

robustness from DDPMs. Meanwhile, this also enables NN

in CNF to relax the requirement of fitting the scores from

task targets. Therefore, CNF allows the model to follow the

DDPM pattern in training but not in inference, overcoming

the demand for extensive iterations from DDPMs.

Furthermore, we propose an end-to-end robust point

cloud semantic segmentation network based on CNF,

called CDSegNet. Specifically, CDSegNet treats NN as a

lightweight noise-feature generator. The noise information

from NN, effectively filtered via a Feature Fusion Module

(FFM), reasonably perturbs the semantic features in CN.

This motivates the generalization ability of CDSegNet in

unknown scenes [32, 40, 51]. Meanwhile, under CNF, CD-

SegNet can follow the noise addition pattern of DDPMs

during training, maintaining the robustness to noise from

the modeled distribution [39] and the robustness to sparse

scenes and insufficient data. Moreover, benefiting from the

dominance of CN in CNF, CDSegNet can be regarded as

a non-DDPM during inference. This enables CDSegNet to

produce the semantic labels in a single-step inference.

To the best of our knowledge, we are the first end-to-end

attempt to introduce DDPMs into point cloud semantic seg-

mentation [30, 65]. We lower the threshold and encourage

more researchers to further explore applications of DDPMs

to 3D tasks. Our key contributions can be summarized as:

• We systematically analyze and identify the advantages

and limitations of DDPMs with a Noise-Conditional

Framework in point cloud semantic segmentation, offer-

ing new knowledge for DDPMs in 3D tasks.

• We design a Conditional-Noise Framework of DDPMs,

preserving strengths while circumventing shortcomings.

• We propose an end-to-end robust point cloud segmenta-

tion network based on CNF, CDSegNet, exhibiting strong

robustness and requiring only a single-step inference.

• Comprehensive experiments on large-scale indoor

and outdoor benchmarks demonstrate that CDSegNet

achieves significant performance and strong robustness.

2. Related Works
Learnable Point Cloud Semantic Segmentation. Ben-

efiting from the powerful data-driven capability of deep

learning, directly extracting features from point clouds

to understand 3D scene semantics has become possible

[8, 37, 38, 48]. Inspired by the aforementioned, a multitude

of methods have emerged in recent years, achieving signif-

icant success in point cloud semantic segmentation. Early

methods usually utilize RNNs to establish interactions be-

tween point cloud slices, attempting to improve feature

extraction effectiveness through building ordered relation-

ships within point clouds [19, 62]. However, the substantial

computational cost greatly limits the input scale. To resolve

this problem, some researchers focus on large-scale scene

segmentation [12, 18, 26]. Although remarkable progress

has been made, the methods are still constrained by a small

receptive field, limiting the further improvement in segmen-

tation results. Lately, some methods built upon Transform-

ers have been proposed. These methods inherit the capabil-

ity of modeling long-range dependencies, overcoming the

limitations of the feature receptive field and thereby achiev-

ing state-of-the-art results [14, 24, 52, 53, 59, 64].

Although existing methods focusing on segmentation

accuracy have achieved impressive results, they overlook

the fact that raw point clouds often exhibits perturbed and

sparse. This leads to them sensitive to data noise and spar-

sity. In this paper, we introduce DDPMs with a Conditional-

Noise Framework to address the above problem. This

demonstrates the strong robustness to data noise and spar-

sity, while avoiding extensive training and inference steps.

DDPMs for 3D Tasks. DDPMs, succeeded in image

generation, have conducted some explorations in various

3D tasks. This typically transforms the 3D task as a con-

ditional generation problem. [33] first introduces DDPMs

into point cloud generation, providing inspiration for sub-

sequent explorations. Then, some works attempt to extend

DDPMs to point cloud completion [34, 66]. Subsequently,

[39] undertakes preliminary investigations into DDPMs for

point cloud upsampling. Furthermore, several works have

integrated DDPMs into point cloud semantic segmentation

using a pre-training (two-stage training) approach [30, 65].

Although some explorations demonstrate the potential

of DDPMs in 3D tasks, the two-stage training require-

ment in scene semantic understanding tasks demonstrate

that DDPMs still face the challenge of fitting the scores in

complex 3D scenes. Meanwhile, the dozens or even thou-

sands of inference steps limit practical applications in 3D

tasks with real-time requirements. In this paper, we pro-

pose an end-to-end robust point cloud semantic segmenta-

tion network based on our CNF of DDPMs. Thanks to CNF,

our method circumvents directly fitting the scores from se-

mantic labels in the dominant segmentation network, requir-

ing only a single-step inference.
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3. Conditional DDPMs for PCSS
In this section, we first introduce conditional DDPMs.

Next, we identify the reason behind leveraging conditional

DDPMs for point cloud semantic segmentation (PCSS) and

discuss the limiting factors associating with this approach.

3.1. Background

Given a target data x0 ∼ Pdata, a guiding condition

c ∼ Pc and a latent variable z ∼ Pnoise, conditional

DDPMs follow an auto-regressive process [39, 44]: a pre-

defined diffusion process q that gradually destroys the data

content until x0 degrades into z, and a trainable conditional

generation process pθ that slowly generates the specific re-

sult until z is recovered to x0 under the guidance of the

condition c. We can apply the framework to multiple 3D

tasks [33, 34, 39]. In PCSS, x0 represents the target seman-

tic label, while c means the segmented point cloud.

We consider the noise as the fitting target, due to the bet-

ter performance observed in experiments [16]. Then, the

training objective under specific conditions is [39]:

L(θ) = Eε∼N (0,I)||ε− εθ(xt, C)||2, (1)

where C={c, t} represents the conditions, while t ∼ U(T )
(T=1000). Therefore, unconditional generation (c = ∅) can

be viewed as a special case of conditional DDPMs condi-

tioned on the time label t for controlling the noise level.

That is, our analysis is generalizable to any type of DDPMs.

Meanwhile, under stochastic differential equations

(SDEs), the target noise in conditional DDPMs can be con-

verted into and from the score (the gradient of the data dis-

tribution) by a constant factor α = − 1√
1−αt

[46] :

αεθ(xt, C) = sθ(xt, C) ≈ ∇xt logPt(xt). (2)

3.2. What Supports the Use of DDPMs in PCSS?

Point clouds in real-world scenes are often noisy and

sparse [5, 42]. Existing methods overlook this fact, mak-

ing them sensitive to data noise and sparsity [21, 43, 56]. In

this paper, we introduce DDPMs to address this issue.

Noise robustness. Benefiting from the noise system,

DDPMs inherently present the robustness to noise from
the modeled distribution [39]. We further reveal the key

sources of the robustness in the system: the noise sam-
ples and the noise fitting. According to Eq. 1, DDPMs

can access multi-level noise samples xt from the modeled

distribution and use the standard noise ε as the fitting tar-

get. This facilitates the model to understand the task infor-

mation under modeled distribution perturbations, enhancing

the adaptability to the relevant distribution noise. Sec. 5.3

further discusses and supports the conclusion.

Sparsity robustness. DDPMs exhibit better perfor-
mance on under-sampled data (sparse scenes and less

data). In fact, this noise-adding manner can be formally

regarded as a kind of data augmentation [6, 51, 57]:

L(θ) = Eε∼N (0,I)||ε− εθ(ft(x0),C)||2, (3)

where ft(x0) =
√
1− αtε+

√
αtx0 [16]. The linear func-

tion ft(·) maps x0 to a more ambiguous latent distribution.

This data augmentation can significantly alleviate the

model overfitting (see Tab. 7 and Fig. 9), enhancing the gen-

eralization for outdoor sparse scenes (Sec. 5.1, Sec. 5.2 and

Sec. 5.5) and less data (Sec. 5.4).

3.3. What Limits the Use of DDPMs in PCSS?

Unfortunately, DDPMs may hardly be applied to tasks

with high real-time requirements, due to the extensive train-

ing and inference iterations they demand (see Fig. 2).

As described in Eq. 1, the performance of DDPMs essen-

tially lies in the noise fitting quality (the proof in the supple-

mentary material). To better approximate the noise target,

DDPMs require more training and inference iterations
than non-DDPMs, due to the significant error of fitting dis-

tributions with a large difference in one step [31, 44, 45].

We provide a proof, under a unified setting for DDPMs

and non-DDPMs, DDPMs require more steps T to con-

verge. For a semantic segmentation task, given a network

fθ with sufficient fitting ability and a semantic sample pair

(c,x0), the training objective of DDPMs and non-DDPMs

can be consistently formulated as (assuming using MSE):

Lθ =
1

T

T∑

t=1

||yt−1 − fθ(xt, c)||2, (4)

where the target yt−1 means the target noise conditioned on

the time label t in DDPMs. Meanwhile, the input xt=μt +
σtε [16], and we omit the time label t as part of the input.

The inference process commonly follows:

y
′
t−1 = fθ(xt, c), t ∈ [1, T ], (5)

where y
′
t−1 means the predicted noise in DDPMs.

According to Eq. 4 and Eq. 5, the sufficient convergence

for DDPMs requires at least the step size T>1 to accom-

modate all yt−1 (training) and y
′
t−1 (inference), due to the

significant error in one step. However, non-DDPMs only

necessitate the step size T=1 (the input xt=∅):

Lθ = ||y0 − fθ(∅, c)||2, y
′
0 = fθ(∅, c), (6)

where the target y0=x0, while y
′
0 means the predicted x0.

4. Methodology
4.1. Conditional-Noise Framework

To maintain the advantage sources (Sec. 3.2) and cir-

cumvent the limitation factors (Sec. 3.3), we design

3
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Figure 2. We try several combinations for conditional DDPMs

built on the baseline (Sec. 5.1) on ScanNet in (a). GD+CD

(NCF) indicates that NN and CN are modeled as Gaussian [16]

and categorical [2] diffusion (details in the supplementary mate-

rial). To better fit noise, these combinations dominated by NN

( 3©, 4©, 5©, 6©) require more iterations to converge than CNF, but

exhibiting poorer performance, due to complex scene distribution.

(b) shows the inference time cost of CNF and NCF under the same

baseline. CNF achieves better performance with fewer iterations.

a Conditional-Noise Framework (CNF) of DDPMs (see

Fig. 1(b)). Unlike the Noise-Conditional Framework

(NCF), CNF regards the Conditional Network (CN, fψ) as

the dominant task backbone and uses the Noise Network

(NN, εθ) as a auxiliary feature augmentation branch.

Specifically, to perturb the features in CN, the condition

c is added with noise instead of the target x0 in NN:

L(θ) = Eε∼N (0,I)||ε− εθ(ct, t)||2. (7)

Next, a Feature Fusion Module (FFM) is used to filter

the noise information from NN, ensuring the feature pertur-

bations in a reasonable manner.

Furthermore, CN learns the task-related information un-

der multi-level feature perturbations via FFM:

L(ψ) = ltask(x0, fψ(ft(c), c)), (8)

where ft(c)=FFM(cnoise
t ) means a nonlinear function.

FFM(·) represents the Feature Fusion Module. cnoise
t

means the noise feature from εθ with ct as input. ltask(·)
indicates the task-related loss function.

This simple and effective model paradigm:

• Following Noise Construction System. Eq. 7 indicates

that the noise system of DDPMs is still retained in NN,

aligning with Eq. 1, maintaining the noise robustness.

• Aligning with Feature Augmentation. Eq. 8 shows that

CN follows the feature augmentation pattern, aligning

with Eq. 3, thereby enhancing the sparsity robustness for

sparse scenes and less data.

• Relaxing Noise Fitting Requirement. Eq. 7 and Eq. 8

mean that the model performance relies on CN rather than

NN, relaxing the noise fitting requirement, avoiding ex-

cessive training and inference iterations from DDPMs.

Moreover, NN in CNF allows us to transcend the limita-

tion of modeling Gaussian diffusion [16]. This means that

CNF can use any distribution of DDPMs [3] (see Fig. 2).

Figure 3. The overall framework of CDSegNet. The auxiliary

Noise Network (NN), seen as a noise-feature generator, modeling

the diffusion process conditioned on the time label, perturbs the

input features at different noise levels. Meanwhile, the Feature

Fusion Module (FFM) controls the noise information flow direc-

tion, achieving the semantic feature augmentation by reasonably

filtering the perturbations. Furthermore, the dominant Conditional

Network (CN) predicts the segmentation results in a pure manner.

4.2. Network Architecture

In this section, we introduce the overall architecture of

CDSegNet aligned with CNF. This consists of three primary

components: the auxiliary Noise Network (NN), the Fea-

ture Fusion Module (FFM), and the dominant Conditional

Network (CN), as clearly illustrated in Fig. 3 (the parameter

and optimization details in the supplementary material).

The Auxiliary Noise Network. NN constructs the noise

system of DDPMs, perturbing the conditional point cloud.

As mentioned in Sec. 4.1, NN should exhibit lighter, due

to the insignificant noise fitting requirement. This follows

the Transformer-U-Net architecture [52, 64], stacking two-

stage standard Transformer blocks in the encoder and de-

coder. Meanwhile, similar to [52, 53], we utilize the effec-

tive grid pooling to achieve upsampling and downsampling.

Moreover, the insignificant noise fitting also means that in-

troducing the time label t in NN is sufficient to model the

diffusion process without considering additional conditions.

The Feature Fusion Module. FFM directs the informa-

tion flow from NN to CN at the bottleneck stage. In fact,

FFM can adaptively filter the noise information, making the

feature augmentation from NN in a reasonable way, as ex-

cessive perturbations may harm the performance of CN.

Specifically, FFM first performs the feature projection

via MLPs, Fcn ∈ R
Ncn×Ccn → (Q) ∈ R

Ncn×C , Fnn ∈
R

Nnn×Cnn → (K,V ) ∈ R
Nnn×C . Subsequently, FFM fil-

ters the noise information via a Cross-Attention block [49]:

O = mlp(WV ) + Fcn,

F = ffn(O) +O,
(9)

where W ∈ R
Ncn×Nnn = softmax(QKT

√
C

).

We consider the unidirectional flow Fnn
FFM−→ Fcn, due

4
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Figure 4. The visualization results on ScanNet. Our method achieves better semantic segmentation results in object boundaries, such as

the boundary between the wall and the wall (red solid box) and the boundary between the wall and the window (blue solid box).

Figure 5. The visualization results on ScanNet200. Our method achieves the clearer segmentation results in small object recognition, and

segments the categories not labeled in the Ground Truth, such as the keyboard (black dashed box) and the whiteboard (orange solid box).

to the better trade-off between the performance and compu-

tational cost and the sufficient diffusion modeling in NN.

The Dominant Conditional Network. CN follows the

architecture of NN, with four stages for both the encoder

and decoder, focusing on the segmentation results. Mean-

while, besides the feature perturbations from NN, we use

only the conditional point cloud as input, ensuring that CN

concentrates purely on the scene semantic understanding.

4.3. Training and Inference

Training. Following [52, 53], we constrain the semantic

segmentation results in CN:

L(ψ) = CE(x0,x
′
0) + λLovaz(x0,x

′
0), (10)

where CE(·) represents the cross-entropy loss, while

Lovasz(·) follows [4]. λ = 1 means a weighting factor.

Furthermore, we can optimize CNF from a multi-task

perspective (the noise fitting in NN and the semantic la-
bel fitting in CN). This applies the Geometric Loss Strat-

egy (GLS) [7], with a geometric mean weight, to alleviate

the convergence speed difference between NN and CN, reg-

ulating the perturbations from NN in a reasonable manner:

Ltotal =

n∏

i=1

n
√
Li =

√
L(θ) ·

√
L(ψ), (11)

where n = 2 means the number of tasks.

Inference. Thanks to CNF, CDSegNet can be seen a

non-DDPM during inference, requesting only one step:

x
′
0 = Dc(Ec(c),FFM(En(cT , T ))), (12)

where cT ∼ N (0, I), while x
′
0 means the predicted se-

mantic label.

5. Experiments
5.1. Experiment Setup

Dataset. Two indoor benchmarks (ScanNet [10], Scan-

Net200 [42]) and one outdoor benchmark (nuScenes [5])

are used for evaluations. For ScanNet and ScanNet200,

we divide train/val/test with 1201/312/100 scenes like [52,

53]. Meanwhile, the official protocol is followed to split

train/val/test into 700/150/150 scenes for nuScenes. The

point clouds in ScanNet, ScanNet200 and nuScenes are

voxelized into 0.02m, 0.02m and 0.05m, respectively.

Baseline. To demonstrate the effectiveness of our

method, we set a baseline. This eliminates the diffu-

sion modeling in NN of CDSegNet, converting NN into a

lightweight CN that approximates the input using MSE.

5.2. Comparison of Segmentation Results

Indoor Dataset. We first conduct evaluations on in-

door datasets. Tab. 1 shows that CDSegNet achieves sig-

nificant performance on ScanNet and ScanNet200. Mean-

while, CDSegNet outperforms all other methods across all

metrics on ScanNet. This is because, benefiting from the

strong noise robustness, CDSegNet can achieve better re-

sults on object boundaries with more perturbations. Fig. 4

shows the visualization on ScanNet, further supporting the

viewpoint. Moreover, CDSegNet also demonstrates signifi-

cant results in recognizing small objects within more com-

plex and perturbed scenes. As shown in Fig. 5, CDSegNet

5

27329



Figure 6. The visualization results on nuScenes. Our method produces remarkable results in small object recognition, such as the vegetation

(red solid box and blue solid box).

can more clearly identify small objects, such as the pillow

(green solid box) and the whiteboard (orange solid box).

Actually, as shown in Fig. 5, the Ground Truth some-

times includes incorrect annotations (e.g., some points of

sofa are labeled as the pillow category) or may even omit

annotations (e.g., the whiteboard and the keyboard). This

may be one of the reasons why most models perform poorly

on ScanNet200. Meanwhile, the significant results on mIoU

indicate that our CDSegNet can achieve better performance

in perturbed environments compared to other methods.

Methods
ScanNet [10] ScanNet200 [42]

mIoU mAcc allAcc mIoU mAcc allAcc

PTv1 [64] 70.8 76.4 87.5 29.8 40.5 78.4

MinkUNet [8] 72.3 79.4 89.1 28.3 39.8 77.9

ST [24] 74.3 82.5 90.7 - - -

OctFormer [50] 75.0 83.1 91.3 32.9 42.4 81.2

PTv2 [52] 75.5 82.9 91.2 31.4 42.0 80.7

PTv3 [53] 77.6 85.0 92.0 35.3 46.0 83.3

Baseline 77.5 85.1 91.9 35.4 45.5 83.6

Ours 77.9 85.2 92.2 36.3 45.9 83.9

Table 1. The results on ScanNet and ScanNet200. Our method

surpasses other methods in almost all metrics.

Outdoor Dataset. We also conduct the validation on the

outdoor benchmark. Compared to indoor scenes, the spatial

distance between points in outdoor point clouds is larger.

This causes more significant data sparsity. Tab. 2 shows that

CDSegNet exhibits the excellent results, significantly out-

performing existing methods on the mIoU. As mentioned in

Sec. 4.1, CNF aligns with a feature augmentation strategy,

improving generalization on sparse scenes. Fig. 6 further

demonstrates the superiority of CDSegNet in small object

recognition in large outdoor sparse scenes, such as the veg-

etation (red solid box and blue solid box).

5.3. Validation for Noise Robustness

We further validate the noise robustness of CDSegNet.

This adds a Gaussian perturbation nG ∼ N (nG;0, τI) to

the normalized inputs of models [15, 39], i.e., c′ = c+nG.

Fig. 7 demonstrates the strong noise robustness of CD-

SegNet on ScanNet and ScanNet200. Meanwhile, we can

observed that Ours and Ours-x0 are stronger than the base-

line, validating the conclusion in Sec. 3.2. However, Ours-

x0 performs significantly weaker than Ours. Although

Ours-x0 retains the noise sample xt during training, the fit-

ting target is x0, not ε. This leads to the model lacking

the further noise adaptability in scenes. We believe that the
noise fitting in the noise system of DDPMs contributes
mainly to the noise robustness (we hope to validate the

conclusion in the future).

Figure 7. The noise robustness results on ScanNet and Scan-

Net200. Ours-x0 means the fitting target is x0 in NN of CD-

SegNet. Our method consistently outperforms all other methods.

Figure 8. The sparsity robustness results on under-sampled Scan-

Net. Our method demonstrates the best results in all cases.

Furthermore, we investigate the robustness to noise from

other distributions. Tab. 3 shows that although CDSegNet

maintains strong performance across noise from other dis-

tributions, the performance is slightly reduced compared

to Gaussian noise. Combined with Eq. 2, [39] provides

an intuitive explanation from the perspective of the gradi-

ent of the data distribution, i.e., the predicted noise guiding

xt
ε−→ xt−1, ε ∼ pnoise(ε|xt, C). In this paper, we pro-

vide a simpler explanation that is consistent with the source.

According to Sec. 3.2, since DDPMs can see multi-level

noise samples and fit the noise target from the modeled dis-

tribution during training, this makes that they can adapt to

27330



Methods mIoU barrier bicycle bus car vehicle moto pedestrian cone trailer truck drivable others sidewalk terrain manmade vegetation

RangeNet53++ [35] 65.5 66.0 21.3 77.2 80.9 30.2 66.8 69.6 52.1 54.2 72.3 94.1 66.6 63.5 70.1 83.1 79.8

PolarNet [63] 71.0 74.7 28.2 85.3 90.9 35.1 77.5 71.3 58.8 57.4 76.1 96.5 71.1 74.7 74.0 87.3 85.7

Salsanext [9] 72.2 74.8 34.1 85.9 88.4 42.2 72.4 72.2 63.1 61.3 76.5 96.0 70.8 71.2 71.5 86.7 84.4

AMVNet [29] 76.1 79.8 32.4 82.2 86.4 62.5 81.9 75.3 72.3 83.5 65.1 97.4 67.0 78.8 74.6 90.8 87.9

Cylinder3D [67] 76.1 76.4 40.3 91.2 93.8 51.3 78.0 78.9 64.9 62.1 84.4 96.8 71.6 76.4 75.4 90.5 87.4

PVKD [17] 76.0 76.2 40.0 90.2 94.0 50.9 77.4 78.8 64.7 62.0 84.1 96.6 71.4 76.4 76.3 90.3 86.9

RPVNet [58] 77.6 78.2 43.4 92.7 93.2 49.0 85.7 80.5 66.0 66.9 84.0 96.9 73.5 75.9 76.0 90.6 88.9

SphereFormer [25] 79.5 78.7 46.7 95.2 93.7 54.0 88.9 81.1 68.0 74.2 86.2 97.2 74.3 76.3 75.8 91.4 89.7
PTv3 [53] 80.3 80.5 53.8 95.9 91.9 52.1 88.9 84.5 71.7 74.1 84.5 97.2 75.6 77.0 76.2 91.2 89.6

Baseline 80.4 80.1 53.2 95.9 92.0 56.5 89.2 84.1 71.2 73.1 84.4 96.9 76.5 77.2 75.8 91.3 89.4

Ours 81.2 80.1 53.5 97.0 92.3 62.3 89.7 84.2 71.7 72.2 85.9 97.2 76.5 77.8 76.9 91.4 89.7

Table 2. The results on nuScenes. Our method significantly outperforms other methods in the term of mIoU.

related distribution noise during inference. That is, DDPMs

are definitely robust to noise from the modeled distribution

compared to non-DDPMs. Moreover, the closer the noise

distribution is to the modeled distribution, the better the

noise robustness (the Laplace distribution); otherwise, this

deteriorates (the Poisson distribution).

Methods
Smalle τ (mIoU) Big τ (mIoU)

τ=0.01 τ=0.05 τ=0.1 τ=0.5 τ=0.7 τ=1.0

Gaussian Noise
PTv2 [52] 75.5 75.4 73.7 8.7 1.5 1.2

PTv3 [53] 77.6 77.4 76.9 45.8 26.0 12.9

Ours 77.9 77.7 77.2 57.0 46.7 35.9
Uniform Noise

PTv2 [52] 75.5 75.5 75.2 51.2 45.7 20.6

PTv3 [53] 77.6 77.6 77.5 74.3 70.6 56.5

Ours 77.9 77.9 77.8 74.8 70.9 56.8
Laplace Noise

PTv2 [52] 75.4 75.2 73.9 22.4 7.4 3.2

PTv3 [53] 77.6 77.4 76.2 30.1 14.5 8.3

Ours 77.8 77.6 76.7 43.0 26.7 14.3
Possion Noise

PTv2 [52] 75.5 74.2 61.2 2.4 1.2 1.0

PTv3 [53] 77.6 77.1 73.6 5.7 2.8 1.5

Ours 77.8 76.8 73.3 6.5 3.0 1.9

Table 3. The results of multiple distribution noise robustness

on ScanNet. Our method performs well on the Gaussian and

Laplace noise (approximating the modeled distributions), but per-

forms sightly poorly on the Poisson noise (far from the one).

5.4. Validation for Sparsity Robustness

We also conduct sparsity robustness experiments on the

under-sampled ScanNet. This first randomly samples 5%,

10%, 12.5%, 25%, and 50% from the training and valida-

tion set, respectively. Subsequently, the model is trained

and fitted on the under-sampled training and validation set,

while performing inference on the entire validation set.

Fig. 8 illustrates the results. CDSegNet demonstrates

the significant superiority on under-sampled data. As men-

tioned in Sec. 3.2, CNF aligns a learnable feature augmen-

tation, mapping the features to more complex distributions,

enhancing the overfitting resistance of models on less data.

5.5. Generalization for CNF

As mentioned in Sec. 4.1, CNF is a new network frame-

work that introduces DDPMs into 3D tasks. Therefore, we

further conduct the generalization experiments of CNF.

Other backbones. We first conduct the experiments for

introducing CNF into MinkUNet and PTv3. We only add

FFM and NN of CDSegNet to MinkUNet (using MinkUNet

achieving NN) and PTv3. In Tab. 4, by introducing CNF,

MinkUNet and PTv3 exhibit the better results in multi-

ple benchmarks, due to the feature augmentation through

reasonable perturbations. Moreover, benefiting from the

lightweight NN, the additional inference time and memory

consumption introduced by CNF in MinkUnet and PTv3 are

negligible. Furthermore, we observe that PTv3 is surpris-

ingly slower than CDSegNet on nuScenes, as PTv3 utilizes

time-consuming point-level element-wise addition for skip

connections, while CDSegNet uses channel concatenation.

Methods Params mIoU τ=0.1 τ=0.5 τ=1.0 IT/MM

ScanNet [10]
MinkUNet [8] 37.9M 72.3 70.0 3.6 0.1 63s/0.9G
PTv3 [53] 46.2M 77.6 77.5 45.8 12.9 53s/1.1G
Baseline 101.4M 77.5 76.9 46.1 13.0 55s/1.9G
MinkUNet+CNF 47.1M 73.5 73.4 35.4 12.2 63s/1.0G
PTv3+CNF 59.4M 77.7 77.4 60.1 33.2 53s/1.1G
CDSegNet 101.4M 77.9 77.6 57.0 35.9 56s/1.9G

ScanNet200 [42]
MinkUNet [8] 37.9M 28.3 27.8 1.2 0.0 64s/0.9G
PTv3 [53] 46.2M 35.3 34.0 10.2 1.0 53s/1.1G
Baseline 101.4M 35.4 33.9 11.1 1.2 56s/1.9G
MinkUNet+CNF 47.1M 30.6 29.4 15.6 6.4 64s/0.9G
PTv3+CNF 59.4M 35.9 35.5 21.2 7.0 53s/1.1G
CDSegNet 101.4M 36.3 35.7 20.6 5.5 57s/1.9G

nuScenes [5]
MinkUNet [8] 37.9M 73.4 45.4 1.0 1.0 733s/1.0G
PTv3 [53] 46.2M 80.3 63.9 1.1 1.1 163s/1.0G
Baseline 101.4M 80.4 64.5 1.1 1.1 128s/1.8G
MinkUNet+CNF 47.1M 75.7 55.3 1.3 1.3 735s/1.1G
PTv3+CNF 59.4M 81.0 64.8 1.3 1.3 126s/1.1G
CDSegNet 101.4M 81.2 66.2 3.8 3.8 129s/1.8G

Table 4. The results of backbones on multiple benchmarks. ’IT’

and ’MM’ mean the inference time and the mean memory. We

run on an NVIDIA 3090 GPU with batch size=1, without using

test-time augmentation (TTA) and fragmented inference.

Methods Params Val Test Only using training data? IT/MM

PTv3 [53] 46.2M 80.3 81.2 � 163s/1.0G

PTv3+PPT [53] 97.3M 81.2 83.0 � -/-

PTv3+CNF 59.4M 81.0 82.8 � 126s/1.1G

CDSegNet 101.4M 81.2 82.0 � 129s/1.9G

Table 5. The results on the nuScenes test set. Our method shows

excellent generalization ability on the nuScenes test set.

On Test set. We further evaluated on the nuScenes test

set. PTv3+PPT adopts a multi-dataset joint training strategy

(For a fair comparison, we avoid deliberately optimizing the

results, as we cannot know how many datasets and tricks

were actually used). In Fig. 5, PTv3+CNF, despite having

nearly half the number of parameters and being trained only

on the training set, performs slightly worse than PTv3+PPT.

Other 3D tasks. We also introduce CNF into the other

3D tasks, classification. PointNet [37] and PointNet++ [38]
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are selected as backbones. We use an additional PointNet++

branch for modeling the diffusion process. Tab. 6 show that

by introducing CNF, they exhibit significant improvements

in classification, alleviating the sensitivity to noise.

Methods
PointNet [37] PointNet++ [38]

CA IA τ=0.5 25% CA IA τ=0.5 25%
Without CNF 86.9 90.5 2.4 19.8 90.4 92.3 2.5 20.0

With CNF 88.1 91.9 15.6 25.3 91.3 93.2 16.1 28.7

Table 6. The classification results on ModelNet40 [55]. ‘CA‘

means the class accuracy, while ‘IA‘ stands for the instance ac-

curacy. Introducing CNF improves the results in classification.

5.6. Ablation Study

The diffusion modeling. We first conduct the abla-

tion study for the diffusion modeling in CDSegNet. Tab. 7

shows the results on ScanNet. Ours-CN surprisingly experi-

ences a significant drop across all cases. We believe that the

excessive parameters make the model overfit on ScanNet,

resulting in the poor generalization. In fact, reducing the

parameter number will transform Ours-CN into PTv3. This

demonstrates that the reasonable perturbations can signif-

icantly enhance the overfitting resistance of CN. Fig. 9(a)

further supports the conclusion.

Figure 9. (a) shows the training loss curves of Ours, PTv3 and

Ours-CN on ScanNet. The loss curve of Ours-CN (with more

parameters compare) is nearly identical to that of PTv3, but the

poorer results during inference, indicating overfitting. However,

Ours demonstrates the lower loss curve and better performance, as

the reasonable perturbations from NN alleviates the model over-

fitting, enhancing the generalization. In (b), the linear schedule

noise range 3© demonstrates the best trade-off.

The noise schedule range. The noise schedule range is

crucial for CDSegNet, controlling the perturbation degree.

Generally, the noise schedule range is positively correlated

with the robustness, while showing a negative correlation

with the performance. This produces the trade-off between

the segmentation performance and the noise robustness.

In Fig. 9(b), 3© yields the best trade-off on ScanNet200.

Meanwhile, the cosine noise schedule range [0, 1000] and

the linear schedule noise range 5© correspond to the best re-

sults for ScanNet and nuScenes, respectively. This inspires

us to choose a smaller schedule range for the more com-
plex (ScanNet200) or sparser (nuScenes) scenes. Con-

versely, a larger range should be selected (ScanNet).
The multi-task optimization. Benefiting from the dual

branch architecture [20, 39], CDSegNet has two fitting ob-

jectives: the noise fitting and the semantic label fitting,

coming from NN and CN, respectively. However, as men-

tioned in Sec. 3.3, the noise fitting typically converges more

slowly, due to more fitting targets. This may cause the un-

reasonable noise information from NN to impair the ability

of CN for understanding the scene semantics. Therefore, in

addition to FFM, we also apply an effective loss balancing

strategy to further alleviates the unreasonable noise pertur-

bations (more optimizations in the supplementary material).

We consider several loss balancing strategies: 1) Equal

Weighting (EW). 2) Random Loss Weighting (RLW) [27].

3) Uncertainty Weights (UW) [22]. 4) Geometric Loss

Strategy (GLS) [7]. Tab. 8 shows that GLS produces the

best results. Moreover, we observed that after balanc-

ing with GLS, the loss values from CN and NN become

closer and exhibit smaller fluctuations. This can further
inspire us to optimize the model with a multi-branch
framework from a multi-task perspective. Meanwhile, to

achieve better performance, the loss values among multiple

tasks should be more compact and stable.

Methods Params
Performance Robustness

mIoU mAcc allAcc τ=0.5 25%
PTv3 46.2M 77.6 85.0 92.0 45.8 64.3

Ours-CN 88.1M 76.6 84.6 91.6 43.4 61.8

Baseline 101.4M 77.5 85.1 91.9 46.1 64.0

Ours 101.4M 77.9 85.2 92.2 57.0 66.5

Table 7. Ablation study of the diffusion modeling in CDSegNet

on ScanNet. The baseline means removing the diffusion model-

ing in NN. Meanwhile, Our-CN represents removing entire NN in

CDSegNet, retaining only CN. This results demonstrate the im-

portance of the diffusion modeling for CDSegNet.

Methods
Performance Robustness

mIoU mAcc allAcc τ=0.5 25%
EW 77.6 85.1 92.0 55.5 64.4

RLW [27] 77.4 85.0 91.9 54.1 63.9

UW [22] 77.6 85.0 92.1 55.6 65.1

GLS [7] 77.9 85.2 92.2 57.0 66.5

Table 8. Ablation study of multi-task optimization on ScanNet.

GLS shows the better performance and robustness for CDSegNet.

6. Conclusion
In this paper, we systematically revealed some key in-

sights of DDPMs in point cloud semantic segmentation.

Meanwhile, to preserve the advantages while overcoming

the limitations, a Conditional-Noise Framework of DDPMs

is designed. Based on this, we further proposed an end-to-

end robust point cloud segmentation network, CDSegNet.

CDSegNet demonstrated the strong robustness to the data

noise and sparsity, while requiring a single-step inference.

Moreover, we provided a more understandable explanation

for the noise robustness from DDPMs. Overall, we have

lowered the barrier for applying DDPMs, with the hope of

encouraging broader extensions of DDPMs in 3D tasks.
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