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Abstract

As 3D point clouds become a cornerstone of modern
technology, the need for sophisticated generative models
and reliable evaluation metrics has grown exponentially. In
this work, we first expose that some commonly used metrics
for evaluating generated point clouds, particularly those
based on Chamfer Distance (CD), lack robustness against
defects and fail to capture geometric fidelity and local shape
consistency when used as quality indicators. We further
show that introducing samples alignment prior to distance
calculation and replacing CD with Density-Aware Cham-
fer Distance (DCD) are simple yet essential steps to ensure
the consistency and robustness of point cloud generative
model evaluation metrics. While existing metrics primar-
ily focus on directly comparing 3D Euclidean coordinates,
we present a novel metric, named Surface Normal Con-
cordance (SNC), which approximates surface similarity by
comparing estimated point normals. This new metric, when
combined with traditional ones, provides a more compre-
hensive evaluation of the quality of generated samples. Fi-
nally, leveraging recent advancements in transformer-based
models for point cloud analysis, such as serialized patch
attention , we propose a new architecture for generating
high-fidelity 3D structures, the Diffusion Point Transformer
(DiPT). We perform extensive experiments and comparisons
on the ShapeNet dataset, showing that our model outper-
forms previous solutions, particularly in terms of quality
of generated point clouds, achieving new state-of-the-art.
Code available at https://github.com/matteo—
bastico/DiffusionPointTransformer.

1. Introduction

The analysis of 3D point clouds, critical for applications
ranging from autonomous vehicles [7] and robotics [12] to
the medical domain [34, 69], faces persistent challenges
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in collecting and annotating large-scale data. With re-
cent advancements in deep generative models [52], point
cloud generation and synthesis have attracted growing inter-
est from the research community, aiming to produce high-
fidelity, realistic samples [1, 13, 26, 28, 40, 42, 54, 57, 67,
68, 74]. Like other generative tasks, this field presents two
major challenges: (1) designing effective deep learning ar-
chitectures and (2) developing robust evaluation methods to
ensure fair model comparisons.

Generative Al has achieved significant success across
various domains, producing high-quality 2D images [47,
50], among others, mainly leveraging transformer-based
architectures [58]. These models are built upon atten-
tion mechanisms to capture relationships between input to-
kens. This makes them inherently suited to point cloud
analysis, where understanding spatial relationships between
points is essential. As a result, deep learning algorithms
for point cloud processing have recently received a signif-
icant boost [15, 30, 37, 59, 60, 63, 64, 70, 72]. Classifi-
cation and segmentation tasks, in particular, have achieved
impressive performance thanks to recent developments,
such as Point Cloud Transformer (PCT) [15], Point Trans-
former (PT) and its successors [63, 64, 72]. Meanwhile,
Denoising Diffusion Probabilistic Models (DDPMs) [18]
have demonstrated immense potential in generative tasks
[10, 19, 21, 24, 40, 47, 65] by employ a forward noising
process and learning a reverse process that restores the orig-
inal data. Several efforts have been made to apply DDPMs
to 3D shapes [23, 40, 42, 48, 71, 74]. However, many of
these approaches rely on partitioning input data into voxels
[42], using downsampled encoded tokens [23], or leverag-
ing skeletons [48], often leading to the loss of local structure
details. Despite these advancements, point cloud generation
and evaluation remain challenging due to the complexity of
3D data and the difficulty of assessing spatial relationships.
As we will show, some traditional point cloud generative
model evaluation metrics [1, 67] frequently fail to capture
geometric fidelity and structural consistency, especially in
the presence of noise and translations on generated samples,
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Figure 1. Response of several metrics to random noise and barycenter shift on generated samples. (Left) An example comparing a
reference sample (blue) and its modified version (red) as noise and barycenter translations are added in proportion to its diameters. (Right)
An overview of the robustness of some traditional metrics (MMD-CD, COV-EMD, JSD and 1-NNA-EMD) and some proposed metrics

(SNC-EMD, MMD-DCD) for evaluating point cloud generation.

slowing progress in developing more robust and reliable so-
Iutions. Thus, new guidelines for assessment are needed
to better meet the demands of real-world applications. In
this work, we propose enhancements to existing metrics
to improve their stability and better reflect the true qual-
ity of generated shapes. Our approach involves perform-
ing rigid alignment of synthesized shapes to ensure consis-
tent matching with reference samples, along with incorpo-
rating recent improvements of Chamfer Distance (CD) to
account for point density rather than relying solely on Eu-
clidean distance, i.e. the Density-aware Chamfer Distance
(DCD) [62]. Additionally, we introduce a new metric, the
Surface Normal Concordance (SNC), which facilitates the
evaluation of point cloud structures by incorporating point
normals, particularly in contexts where surface regularity
and local geometry are critical for generating realistic syn-
thetic data [22, 51]. Through a small scale user study, we
show that SNC better reflects human visual perception than
current quality indicators.

Furthermore, to enhance the quality of generated point
clouds, we introduce a novel plain transformer-based ar-
chitecture for DDPM, inspired by recent advancements
on point cloud processing [63, 64, 72], called Diffusion
Point Transformer (DiPT). Unlike existing methods, our
model preserves the raw input size (in number of points)
throughout its layers, avoiding voxelization or downsam-
pling, which often compromise output surface quality. Ex-
periments on the ShapeNet benchmark [6] show that our
point-wise diffusion approach consistently produces higher-
fidelity generated samples, demonstrating a clear improve-
ment over previous methods.

Our contributions are summarized as follows:

* We propose new guidelines to improve the evaluation
metrics for point cloud generative models.

¢ We introduce a new metric, Surface Normal Concordance
(SNC), to assess the samples quality by also considering
point normals rather than only Euclidean distances.

* We present Diffusion Point Transformer (DiPT), a novel
model for point-wise diffusion that avoids voxelization or
downsampling, boosting final quality.

* We provide extensive evaluation and comparison of DiPT
on the ShapeNet dataset [6] on various object categories.

2. Related Works

Metrics. Several metrics have been defined to assess the
quality of point cloud generative models [1, 42, 56, 67, 74].
These metrics always compare a set of generated samples,
Sy, with a reference set, S,. The Fréchet Point Cloud Dis-
tance (FPD) [54], inspired by the Fréchet Inception Dis-
tance (FID) [16], defined to evaluate 2D image generation,
was initially used to measure the distance between real and
generated samples in the feature spaces extracted by Point-
Net [49]. In recent studies, FPD has been replaced by newer
metrics that leverage Euclidean distances to quantify point
clouds similarity [45]. Two widely used distance measures
for point clouds are the CD and the Earth Mover’s Distance
(EMD). CD calculates the sum of the squared Euclidean
distances from each point in one point cloud to the nearest
point in the other point cloud, while EMD, also known as
Wasserstein distance, computes the minimal cost required
to transform one point cloud into another. Metrics built on



such measures aim to effectively capture both the quality,
i.e. realism, of generated samples and/or their diversity or
representativeness. Based on these two principles, Achliop-
tas et al. [1] introduced three key evaluation metrics:

e Coverage (COV): Evaluates the diversity of generated
samples relative to the reference set.

* Minimum Matching Distance (MMD): Measures the av-
erage distance to the nearest (i.e., most similar) reference,
aiming to capture the quality of generated samples.

¢ Jensen-Shannon Divergence (JSD): Quantifies the sim-
ilarity between the marginal point distributions of vox-
elized reference and generated shapes.

Recently, to overcome some limitations of these metrics,

Yang et al. [67] introduced a new metric, the 1-Nearest

Neighbour Accuracy (1-NNA) [38, 66]. It essentially mea-

sures to what extent the distributions of S, and S, are sim-

ilar, focusing primarily on the diversity of generated point
clouds, with a marginal consideration of quality. Further-
more, Triess et al. [56] proposed a learning-based metric
to quantify the realism of local regions in LiDAR point
clouds. However, this approach requires a proxy classifi-
cation task trained on both real-world and synthetic point
clouds. Following previous works, we refer to a given met-
ric computed with a specific distance measure as METRIC-

MEASURE (e.g., MMD-CD refers to MMD calculated using

CD). As shown in Fig. 1 and discussed in the next section,

certain traditional metrics can lead to misleading evalua-

tions. To address this, we introduce metric enhancements,
together with SNC, to provide a more reliable and compre-
hensive assessment of generative models.

Formal definitions of the distance measures and tradi-
tional metrics are provided in Sec. 8 of the Supplementary.

3D Point Cloud Generation. Different techniques have
been exploited for 3D point cloud generation, mostly deep-
learning methods such as Variational AutoEncoders (VAE)

[13, 26, 68], Generative Adversarial Networks (GANSs)

[1, 54, 57], normalized flows [28, 67], and diffusion models

[40, 42, 74]. Among these, FoldingNet [68] was an early

attempt, built upon PointNet [49] to address unsupervised

learning challenges on point clouds using a VAE. SetVAE

[26] approached point cloud generation as a set generation

task using a hierarchical VAE based on a set transformer

[31]. ShapeGF [5] proposed to learn distributions over gra-

dient fields that model shape surfaces. PointFlow [67] intro-

duced a novel approach using continuous normalizing flows
to simultaneously model the distribution of latent variables
and the distribution of points for a given shape. SoftFlow

[25] extended this idea by estimating the conditional dis-

tribution of noisy input point clouds perturbed by random

noise sampled from various distributions.

More recently, the advent of DDPMs has led to sub-
stantial improvements in 3D point cloud generation. Early
diffusion-based methods for point clouds, such as DPM

[40], employed PointNet [49] backbone. Others, includ-
ing Point-Voxel Diffusion (PVD) [74] and LION [71], im-
plemented instead the Point-Voxel Convolutional (PVConv)
architecture [35]. PVD combines a low-resolution voxel-
based branch to encode coarse-grained information with a
high-resolution point-based branch to capture fine-grained
features. LION [71] introduced the diffusion in two dif-
ferent latent spaces combining global shape representa-
tion with point-structured features. More recently, plain
transformer-based diffusion models have gained popular-
ity also for 3D point cloud generation, achieving outper-
forming results. In particular, DiT-3D [42] adapted the
Diffusion Transformer (DiT) architecture [47] to voxelized
point clouds, enabling multi-class training with learnable
class embeddings. Similarly, Latent Diffusion Transformer
(LDT) [23] proposed an AE latent compressor to convert
raw point clouds into latent tokens, which are then pro-
cessed by diffusion models.

As a result, many previous works rely on point encoding
techniques such as voxelization, downsampling, or com-
pression, which can degrade the final quality. In contrast,
our approach, DiPT, performs diffusion directly on raw
point clouds without reducing their resolution, enabling the
generation of fine-grained, high-quality samples.

3. Metrics Rethinking

We identify three key properties for a generative point cloud
evaluation metric: (1) invariance to rigid translations of
generated samples, (2) consistent behavior across different
point distributions, and (3) an inverse monotonic response
to noise. The latter property should strictly hold for quality
metrics (e.g., MMD), whereas for variability metrics (e.g.,
COV) we expect invariance at low noise levels and an in-
verse response only when noise is high enough to alter the
underlying shape structure. As shown in Fig. 1, and in more
detail in Sec. 10 of the Supplementary, one or more of these
properties does not always hold for some traditional met-
rics. For example, MMD-CD and JSD do not exhibit a
monotonic inverse response to noise, and none of the tra-
ditional metrics are invariant to barycenter shifts.

The proposed enhancements are jointly formalized and
validated below, using traditional calculations as a baseline.
Analyses are conducted on a set of 4573 training samples,
considered as ideal generations S,, and compared against
a reference set .S, of 753 samples. We progressively intro-
duce random Gaussian noise and/or rigid barycenter shifts
proportional to sample diameters (i.e., the maximum inter-
point distance), as in Fig. 1 (Left). Shapes contain 2,048
points, following the literature [5, 23,25, 26,40, 42,71, 74],
sampled from the original point clouds either uniformly or
randomly in separate trials to simulate uniform and inho-
mogeneous point distributions.

Barycenter Alignment. Prior works on point cloud gen-
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Figure 2. Closest references to a sample under different distance
measures with alignment and in response to small shifts.

eration typically apply global rather than per-sample nor-
malization, using the training set mean and standard devia-
tion [25, 26, 42, 67, 71, 74]. This ensures the model learns
a distribution in normalized space (e.g., varying scales) in-
stead of adapting to each sample specific characteristics.
Generated point clouds are eventually de-normalized before
evaluating model performances. As a result, barycenters
can vary within the same set and between S, and S,.. Fur-
thermore, even with sample-wise normalization, generative
models have no theoretical guarantee of producing centered
objects, and current evaluation distance measures [1, 67] do
not inherently account for such displacements, compromis-
ing metric invariance to sample positioning. For example,
the same generated point cloud with different small shifts
may be matched as closest to different reference samples
when alignment is not applied, as in Fig. 2, affecting COV
and 1-NNA values. To overcome this issue and obtain the
desired invariance, we propose a barycenter alignment of
point clouds before computing their distances. That is, in-
stead of computing directly a distance measure D(X,Y)
between two point clouds, X = {z;}}L, and Y = {y;}}L,,
we compute D(X — z,,Y —y;), where &, = vazl x;
and yp, = T14 Ej\il ;. In this way, a generated point cloud
with a given structure will always be associated with the
same reference regardless of its position in the Euclidean
space. A comparison of several metrics computed with and
without alignment is shown in Fig. 3. Specifically, the stable
metric value achieved using the proposed barycenter align-
ment is compared to traditional computation, which exhibits
undesired variability under small barycenter shifts.

Replacing CD with DCD. The CD, traditionally used
to evaluate generative point cloud models, is well known
for its limitations. Among these, it is insensitive to mis-
matched local density [62], weakly rotation-aware [33], and
vulnerable to outliers [32]. As a result, CD-based metrics
do not always respond inversely to noise. In fact, met-
rics such as MMD-CD can exhibit improvements when low
to mid levels of noise are added to the samples in S, as
shown in Fig. 4, making them unsuitable as quality indi-
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Figure 3. Comparison of 1-NNA, MMD, and COV computed with
(red) and without (blue) barycenter alignment. Each metric is eval-
uated using both DCD and EMD for three levels of shifting.

cators. Barycenter alignment mitigates but does not elim-
inate this issue. To address these limitations, we propose
replacing CD in the metrics calculation with the recently
introduced DCD [62], detailed in Eq. (5) of the Supplemen-
tary. DCD is inherited from CD but benefits from a higher
sensitivity to distribution quality and has been proven to be
a more robust measure of point clouds similarity. These
properties make DCD more suitable than CD for evaluat-
ing generative models. To validate this intuition, in Fig. 4
we compare the robustness of the MMD metric against the
amount of noise added to S, when computed using different
distance measures: CD, EMD, and DCD. Additionally, to
cover all scenarios, we compare the metrics computed with
and without barycenter alignment for both uniformly and
randomly sampled point clouds. In contrast to CD, EMD
and DCD demonstrate a monotonically increasing behavior
in response to noise. However, MMD-DCD without align-
ment shows a slight improvement at low noise levels, which
disappears once barycenter alignment is applied before dis-
tance calculation (see zoom in Fig. 4). Interestingly, for uni-
form samples, MMD-DCD increases more rapidly, as per-
turbations cause stronger density variations that amplify the
effect of DCD. This analysis shows that DCD outperforms
CD in MMD calculation and underscores the importance
of alignment for reliable evaluation of generative models.
Intuitively, improving distance calculation with DCD also
benefits other metrics, such as 1-NNA and COV. A more
detailed comparison between DCD- and CD-based metrics
is available in Sec. 10 of the Supplementary.

Surface Normal Concordance. Several methods have
been proposed in the literature for estimating point cloud
normals [27], ranging from the Principal Component Anal-
ysis (PCA) of a neighborhood region [4, 20], which is de-
tailed in Sec. 9 of the Supplementary, to more recent deep
learning-based approaches [3, 14], as well as other tech-
niques [41, 46, 61, 73]. SNC measures the average similar-
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Figure 4. Evolution of the normalized MMD with respect to noise
added to the samples of Sy, comparing distance measures (CD,
EMD, DCD) under different conditions: with or without barycen-
ter alignment and using uniformly or randomly sampled points.

ity of these normals, calculated using any chosen method,
between generated samples and their closest references.
Specifically, let Mx € S, represent the closest reference
sample, i.e. the best match, after barycenter alignment, to
X € S,, such that

Myx =argmin D(X — 2, Y —y;) (1)
YeES,

where D(-,-) is any point clouds distance function, e.g.
EMD or DCD. Additionally, let 73(-) denote any method for
computing point normals. The SNC is then defined as

1 1
SNC(S;, Sy) = S Z x| Z
9l xes zeX
()
n(z) - ﬁ(arg min ||z — y||2)
yEMx

Namely, for each point in a generated point cloud, SNC
computes the similarity between its normal direction with
the normal direction of the closest point from the best-
matching shape in the set of references. The proposed met-
ric is highly flexible and can be computed independently of
the specific distance measure D(-,-) or normal estimation
method 7i(+), as it uses only the absolute value of the cosine
to address sign disambiguity, e.g. in PCA-based methods.
SNC demonstrates a very strong inverse response to noise,
as shown in Fig. 1. This is because small perturbations in
point positions cause significant variations in their normals.
Thus, SNC is highly sensitive to fine-grained details, mak-
ing it an ideal complement to traditional metrics for eval-
uating the quality of generated point clouds. Additionally,

as discussed in the experiments, normals are independent of
global scaling and normalization, enabling fair model com-
parisons. When computed with a robust method, they are
also less sensitive to point distribution than pure Euclidean
distances, ensuring consistent behavior.

4. Diffusion Point Transformer

Inspired by DiT-3D [42] for its diffusion structure and PTv3
[64] for its backbone architecture, we propose the Diffusion
Point Transformer (DiPT) model, in Fig. 5, for 3D point
cloud generation. Motivated by some recent advancements
[37, 59, 60, 64], we transition from the traditional unordered
paradigm of point clouds to a serialized structured format.
To achieve this, we employ space-filling curves to reorga-
nize point clouds into a one-dimensional sequence by using
the Z-order curve [43], Hilbert curve [17], and their vari-
ants Trans-Hilbert and Trans-Z [64]. Importantly, this seri-
alization does not require voxelization nor downsampling.
Sparse points are placed into a grid of a given resolution to
define the serialized order, as on the right of Fig. 5, allow-
ing the input data to retain its original dimensionality. To
enhance generalization capabilities, we incorporate random
shuffling of the serialized orders, following the approach of
[60, 64]. This ensures that each DiPT block can learn di-
verse patterns rather than focusing on a single space-filling
curve. Moreover, the serialization enables input points to be
grouped into non-overlapping patches, with attention per-
formed independently within each patch, inspired by win-
dow attention [36]. This approach, named Serialized Patch
Attention [64], reduces the computational cost compared
to traditional local structure creation methods such as K-
Nearest Neighbors (KNN) [63, 72]. Moreover, we replace
the absolute sine-cosine embeddings of DiT-3D [42] or Rel-
ative Positional Embeddings (RPE) with enhanced Condi-
tional Positional Encoding (xCPE) [59, 64]. It consists of
a sparse convolution layer with a skip connection before
the attention layer of each block, offering more flexibil-
ity than traditional positional embeddings for point clouds.
As xCPE operates outside the attention mechanism, un-
like RPE, it enables optimizations such as flash attention
[8, 9, 53], significantly reducing computational time.
Following DiT [42, 47], we adapt the model for diffusion
by incorporating Adaptive Layer Normalization (AdaLN)
for feature modulation and scaling based on the input con-
dition. The latter includes time embedding, representing the
forward diffusion step, and a learnable class embedding, en-
coding the category to generate. This design enables multi-
class training since in each DiPT block the features scale
and shift parameters y and (8 are regressed from the input
condition. Additionally, a scaling parameter « is applied
after each operation and before residual connections within
a block, ensuring condition-dependent feature scaling.
DiPT is designed for scalability, performing point-wise
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Figure 6. Quality metrics user study. User point clouds perceptual
quality rankings are compared to SNC (top) and MMD (bottom).

rather than voxel-wise diffusion, and can adapt to different
window sizes and model configurations by tuning the patch
size and number of blocks. As shown below, it achieves
superior point cloud generation quality, producing high-
fidelity outputs compared to state-of-the-art methods.

5. Experiments
5.1. Metrics User Study

We conducted a small scale user study to validate the pro-
posed SNC based on human perception of point clouds
quality. 15 participants from a mixed audience were asked
to sort 5 point clouds, comprising a random reference and
its DCD-closest generation from 4 different models, from
most to least realistic. Samples were presented in random
order via an interactive 3D GUI. Each user ranked samples
from the 3 different categories in separate trails, resulting in
a total of 45 trials. Correlations between user rankings and
quality metrics are shown in Fig. 6, with average Spear-
man scores of —0.44 for SNC and 0.32 for MMD. These
results strengthens the proposed SNC by suggesting that it
better reflects human perception than MMD. Furthermore,

this study confirms the earlier intuition from the MMD anal-
ysis in Fig. 4, with DCD achieving the highest correlation
to visual perception among all metrics, and improving CD
of 0.31. In contrast, SNC maintains a similar correlation re-
gardless of the base distance measure, indicating its desired
weaker dependence on Euclidean distances.

5.2. Experiments Settings

Dataset. Following previous works [5, 23, 25, 26, 40, 42,
71, 74], we used the chair, airplane, and car categories from
ShapeNet [6] to train the DiPT model. For each training
shape, we sampled 2048 points using Furthest Point Sam-
pling (FPS). We adopted the same dataset splits and pre-
processing steps introduced in PointFlow [67], which are
widely adopted in the community [25, 26, 42, 71, 74], in-
cluding global sample normalization. Additional DiPT ex-
periments on 10 mixed ShapeNet categories, as well as ab-
lations on model size and components (e.g., positional em-
beddings), are provided in Sec. 11 of the Supplementary.
Implementation Details. For comparison with other
methods, we trained the proposed DiPT model follow-
ing the Small (S) ViT and DiT architecture [11, 42, 47].
Namely, we used 12 blocks with feature size 384 and 6
attention heads. Inspired by Swin-Transformer [36], we
alternate small and large patch sizes for the serialized at-
tention, repeating the pattern 256 - 512 - 1024 - 1024 and
aiming to capture both local and global information rele-
vant for generation variability and quality, respectively. The
models were trained on 32 NVIDIA H100 GPUs for 10000
epochs using the AdamW optimizer [39] and one-cycle
learning rate policy [55] with a maximum learning rate of
2e—4. Finally, we used a DDPM scheduler with 1000 nois-
ing steps with linearly increasing forward process variances
from le—4 to 0.02, as in [18]. SNC was calculated using
PCA-based normals [4, 20] extracted from neighborhoods
of 20 points. We found this value to be a good trade-off be-
tween local and global normal information for the ShapeNet
samples (see Fig. 8 of the Supplementary). We chose this
method for its simplicity and flexibility in handling varying
distributions, as it focuses on local geometric structures.



Table 1. Comparison of metrics across different models for 3D point cloud generation. All models are evaluated using the same uniformly
sampled reference set and their public generated samples or weights. MMD is omitted for models trained with different input normalization,
as it does not provide a fair comparison. The best scores are highlighted in bold. MMD-DCD is scaled by 10, and MMD-EMD by 103.

| Variability | Quality

Model | 1-NNA (%.,{) | COV (%.,1) | MMD (}) | SNC (%, 1)
| DCD EMD | DCD EMD | DCD EMD | DCD EMD
PointFlow [67] 60.72 60.18 43.64 52.07 6.49 8.91 70.93 69.42
SoftFlow [25] 61.64 67.76 37.67 43.34 6.47 9.07 73.11 71.48
ShapeGF [5] 55.28 64.47 49.16 45.48 - - 73.99 73.08
.. SetVAE [26] 62.33 66.54 43.19 41.04 6.44 8.73 77.41 74.61
E  DPM[40] 70.21 91.65 40.12 33.84 - - 70.14 68.21
©  PVD[74] 52.60 54.13 45.33 48.24 6.46 8.46 75.94 73.72
LION [71] 51.61 54.98 44.72 49.46 6.44 8.54 75.47 73.19
DiT-3D [42] 99.00 91.35 17.00 19.14 6.68 9.85 76.12 73.52
DiPT [Ours] 68.68 64.47 4181 43.95 6.08 8.47 77.29 75.10
PointFlow [67] 66.67 86.30 40.99 38.27 430 2.35 83.25 81.12
SoftFlow [25] 66.79 90.37 40.00 38.52 4.26 2.40 84.05 81.98
ShapeGF [5] 64.94 92.10 47.41 30.86 - - 83.27 81.32
2 SetVAE[20] 64.69 88.52 38.52 36.79 4.26 2.24 87.39 85.51
<. DPM [40] 68.40 92.96 40.99 28.15 - - 82.86 81.20
2 PVD[74] 60.62 82.35 43.46 40.00 436 2.17 84.42 82.60
LION [71] 65.68 84.94 44.44 39.01 424 2.30 83.01 80.90
LDT [23] 90.25 90.86 44.20 3432 - - 86.35 83.95
DiPT [Ours] 63.70 74.32 44.20 46.42 3.29 1.65 87.50 86.00
PointFlow [67] 50.85 61.97 43.02 49.00 5.41 3.69 76.84 74.67
SoftFlow [25] 50.57 67.38 37.89 45.01 5.39 3.75 78.31 75.84
ShapeGF [5] 52.71 68.23 46.72 45.01 - - 77.62 75.69
= SetVAE [26] 53.42 72.65 36.47 49.29 5.38 3.55 82.54 79.82
O PVD|[74] 50.71 64.25 42.74 51.28 5.55 4.54 78.99 76.45
LION [71] 50.85 64.39 41.88 53.28 5.48 3.70 78.01 75.73
LDT [23] 75.93 73.08 47.86 50.43 - - 82.26 78.89
DiPT [Ours] 61.11 60.26 36.47 44.44 4.65 3.28 82.69 80.64

5.3. Experiments Results

We present, in Tab. 1, a quantitative comparison of genera-
tive models using the proposed enhanced evaluation met-
rics. Note that JSD is excluded from the analysis, as it
remains the only metric that lacks robustness and stabil-
ity, even after the refinements (see Fig. 10 of the Supple-
mentary). Our DiPT model demonstrates its superiority
over the others, achieving the best performance on quali-
tative metrics MMD and SNC across all categories. Com-
pared to DiT-3D with the same Small (S) model size [42],
our model demonstrates significantly better generalization
(greater variability) while simultaneously producing higher-
quality samples. Furthermore, the introduced SNC metric
complements MMD by providing a deeper understanding
of the quality of the generated samples. When MMD can-
not be compared fairly due to different normalization, and
consequently different generated point cloud sizes, SNC
can be used as the only reliable quality indicator, as it is
not affected by scale. Additionally, when MMD values are
very close or discordant when computed with different dis-
tance measures, SNC helps in better interpreting the results.
For example, in airplane generation, SetVAE [26] and PVD

[74] exhibit discordant MMD-DCD and MMD-EMD val-
ues, with one model outperforming the other on only one
measure. The SNC metric, however, reveals that SetVAE
produces higher-quality samples, as its value is consistently
higher for both DCD and EMD. In fact, as shown in the
graphical comparison in Fig. 7, the airplane sample gener-
ated by SetVAE seems less noisy than the one generated by
PVD, in concordance with MMD-DCD and SNCs. The fig-
ure also illustrates the superiority of our DiPT model, which
generates high-fidelity samples with sharper contour defi-
nitions and smoother normals compared to those of other
models. In terms of variability, measured by the 1-NNA
and COV metrics, the proposed DiPT outperforms the other
methods in the airplane category. However, for the other
categories, no single method clearly outperforms the others.
This is expected, as variability metrics depend solely on the
diversity within each category and can fluctuate in the pres-
ence of noise. Nevertheless, DiPT outperforms in 4 out of
12 scores (3 on airplane, 1 on car). LION leads in 2, while
others top only 1. As the overall best in quality, DiPT thus
also offers the best variety-quality tradeoff among models.
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Figure 7. (Left) Qualitative comparison of the closest generated 3D point clouds to the reference based on DCD, across different models
for the chair, airplane, and car categories. Additionally, point normals in zoomed regions are shown for samples smoothness comparison.

(Right) Additional samples generated by DiPT.

5.4. Discussion

In this work, since the ShapeNet data share the same ori-
entation, we introduced only barycenter alignment for sim-
plicity. Nevertheless, as all traditional metrics, SNC is also
sensitive to rotation and geometry, therefore a rigid regis-
tration method like ICP or CPD [44] might be required in
more general scenarios, before computing point cloud dis-
tances, to handle rotation mismatches, e.g. on DiPT-S, SNC
improves in mean 0.06% with ICP but runs 3.35x slower.
Moreover, Tab. 2 in the Supplementary presents the same
comparison as in Tab. 1, but with inhomogeneous refer-
ences. The results show that SNCs, along with MMD-DCD,
are the most consistent metrics for preserving relative model
rankings across different reference distributions, achieving
the highest rank correlations. This supports SNC’s relia-
bility despite geometry mismatches, provided a consistent
reference set is used. Furthermore, the proposed SNC is
designed for single objects where the evaluation of surface
smoothness is of interest. Consequently, it may struggle
with irregular objects, such as trees, and may require tun-
ing of the normal estimation techniques, e.g. by changing
the neighbors region size for PCA or dynamically adapting
them based on object complexity. SNC is analyzed in de-
tails under mismatched point densities and different normal
estimation settings in Sec. 9 of the Supplementary. Addi-
tionally, for generating scenes, such as in LIDAR sequences
[2], SNC can still be used, along with other metrics [56], by
decomposing the scene into smaller objects, such as cars,
pedestrians, and buildings, and evaluating the surface qual-
ity of each compared to a set of references.

6. Conclusions

We introduced new guidelines to ensure a more reliable as-
sessment of 3D point cloud generative models by enhancing

the fidelity of evaluation metrics in reflecting the true qual-
ity of generated samples, making them robust to shifts and
more sensitive to defects such as noise. Additionally, we in-
troduced the SNC metric to evaluate the surface quality of
generated samples by comparing their estimated point nor-
mals with those of the references. We believe that the pro-
posed SNC can help assess, and consequently improve, the
quality of synthesized shapes by complementing MMD in
cases where it struggles and particularly when surface regu-
larity is of primary interest. When normals are less relevant,
our work encourages future metrics to target other meaning-
ful properties as needed. Furthermore, the proposed DiPT
model combines innovations from point cloud processing
and diffusion models, outperforming previous methods in
generative quality, as shown on the ShapeNet dataset. Our
framework strengthens evaluation methods and opens av-
enues for further research in 3D generation. Advancing
these techniques could lead to more accurate, realistic, and
consistent 3D models. A promising direction for future
work is to adapt the proposed model and metrics to other
fields, such as LiDAR scans or domain-specific datasets,
while also dynamically adjusting metrics like SNC based on
shape complexity, irregularities, and requirements, leading
to more generalizable assessments of 3D generative models.
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