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Abstract

3D novelty detection plays a crucial role in various real-world ap-
plications, especially in safety-critical fields such as autonomous
driving and intelligent surveillance systems. However, existing 3D
novelty detection methods are constrained by the scarcity of 3D
data, which may impede the model’s ability to learn adequate rep-
resentations, thereby impacting detection accuracy. To address this
challenge, we propose a Unified Learning Framework (UniL) for
facilitating novelty detection. During the pretraining phase, UniL
assists the point cloud encoder in learning information from other
modalities, aligning visual, textual, and 3D features within the same
feature space. Additionally, we introduce a novel Multimodal Super-
vised Contrastive Loss (MSC Loss) to improve the model’s ability to
cluster samples from the same category in feature space by leverag-
ing label information during pretraining. Furthermore, we propose
a straightforward yet powerful scoring method, Depth Map Error
(DME), which assesses the discrepancy between projected depth
maps before and after point cloud reconstruction during novelty
detection. Extensive experiments conducted on 3DOS have demon-
strated the effectiveness of our approach, significantly enhancing
the performance of the unsupervised VAE method in 3D novelty de-
tection. Codes are avaliable at https://github.com/EugeneWon9/UniL.
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1 Introduction

Novelty detection, also known as "novel class detection"[33, 34],
primarily focuses on identifying semantic shifts. It aims to detect
any test samples that do not fall into any training category, as
the term "novel" generally refers to the unknown, new, and some-
thing interesting[63]. Distributional shifts compared to the training
data can significantly impact model performance, posing poten-
tial threats or risks. For instance, in safety-critical applications
such as autonomous driving systems[25, 65], the model’s ability
to detect and reject unknown samples becomes crucial, as it must
return control to the driver. In the realm of 2D analysis, the field
of novelty detection has reached a relatively advanced stage. How-
ever, within the 3D domain, despite significant advancements in
visual understanding[13, 16, 22, 26, 30, 31, 57], novelty detection
remains nascent and has received little attention from researchers.
Antonio et al.[3] present the first benchmark for 3D Open Set learn-
ing (3DOS), which includes various tasks of increasing difficulties
regarding semantic shifts and encompasses both in-domain and
cross-domain scenarios. Building on this foundation, the authors
of 3DOS conducted an extensive survey of methods for out-of-
distribution (OOD) detection and Open Set recognition across 2D
and 3D domains, evaluating them on the proposed benchmark.

However, we observed a significant limitation in those meth-
ods: the scarcity of available 3D data. Compared to 2D data, ac-
quiring and annotating 3D data is typically more expensive and
time-consuming, resulting in a limited availability of annotated
datasets. This limitation can lead to inadequately trained models
that may struggle to represent all possible scenarios and variations.
Moreover, the increased complexity of feature extraction from 3D
data may cause suboptimal representation, thus further impacting
the model’s performance in novelty detection.

To address this challenge, we opted to integrate information from
other modalities of point cloud data, transferring knowledge from
pre-trained multimodal models. Among the methods evaluated on
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Figure 1: The visualization of UniL. To address the issue of
insufficient data in 3D novelty detection tasks, UniL adopts a
pretraining approach to allow the 3D encoder to learn more
information. By aligning point cloud, depth map, and text
features simultaneously, the 3D encoder can achieve better
performance in subsequent novelty detection task.

3DOS[3], only VAE[35] is unsupervised, making it our chosen base-
line. Specifically, our approach consists of three phases: pretraining
the 3D encoder, training the VAE, and performing novelty detection.
These phases are illustrated in Fig. 1, which outlines the workflow
of our approach. Firstly, to tackle the challenge of limited 3D data,
we incorporate information from both text and image domains,
constructing a Unified Learning Framework that facilitates the 3D
encoder in assimilating knowledge from these modalities, called
UniL. To further enhance the alignment accuracy in the feature
space, we designed the Multimodal Supervised Contrastive Loss
(MSC Loss), which fully utilizes the label information of point cloud
data. This enables the 3D encoder to focus more on the similarity
among samples from the same category, forming tighter clusters
in the feature space. Secondly, during the VAE training phase, we
employ the pre-trained encoder and utilize its encoded features to
fit the mean and variance. After reparameterization sampling, the
features are input into the decoder to reconstruct the input point
cloud. Finally, to uncover underlying novel patterns, we integrate
information from the 2D domain and introduce the Depth Map
Error (DME). The computation of DME involves projecting the
reconstructed point cloud onto a depth map and calculating the
error between it and the original depth map. By comparing the
depth maps before and after reconstruction, we can quantify the
quality of the point cloud reconstruction and extract potential novel
patterns. This approach not only compensates for the shortcomings
of limited 3D data but also fully utilizes the correlations between
different modalities, thereby improves the robustness and accuracy
of novelty detection. After thorough evaluation on the benchmark
introduced in 3DOS[3], the effectiveness of our approach has been
demonstrated. Specifically, our method achieved top-1 performance
on SN1 (hard), with a notable improvement of 2.0% in AUROC and
a reduction of 5.5% in FPR95. On SR1 (easy), we observed a reduc-
tion in FPR95 of 0.9%, while on SR1 (hard), we achieved a notable
improvement in AUROC of 1.9%.
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Our main contributions are summarized as follows:

e To address the issue of insufficient 3D data, we constructed a
Unified Learning Framework (UniL) to assist the 3D encoder
in learning knowledge from other modalities.

e We proposed Multimodal Supervised Contrastive Loss (MSC
Loss), which utilizes label information to further enhance the
alignment accuracy of features across different modalities.

e In order to incorporate information from different modali-
ties for novelty detection, we introduced Depth Map Error
(DME), a simple yet efficient approach that detects potential
novelties by evaluating the projection error of depth maps
both before and after point cloud reconstruction.

2 Related Work
2.1 3D Point Cloud Learning

There are mainly two streams for learning from point cloud. One
is projecting point clouds into voxels[36, 49] or images[24, 66] and
then using 2D/3D convolutions for feature extraction, given the
irregular and unordered nature of point cloud structures. The other
one is directly processing point cloud data, with PointNet[41] being
the first neural network to adopt this method. It can effectively
learn and extract features from unordered point sets, which signifi-
cantly influences point-based 3D networks. DGCNN[59] proposed
a dynamic graph structure for performing convolution operations
on unordered point sets. PointMLP[32] is a simple feed-forward
residual MLP network that hierarchically aggregates the local fea-
tures extracted by MLPs while eliminating the need for intricate
local geometric extractors.

Moreover, recent work has adopted self-supervised pretrain-
ing methods for 3D understanding. Point-BERT[67] encodes point
cloud data into text sequences and applies self-attention mechanism
to learn the semantic relationships and representations between
points. Point-MAE[39] directly processes the point cloud by mask-
ing out 3D patches and then predicting them back using L2 loss.
PointGPT[7] applies the principles of GPT[44] to the generation of
point cloud data, acquiring robust 3D representations through pre-
training on autoregressive generation tasks. While these methods
have shown effectiveness, their full potential remains unrealized
due to the limited availability of 3D data.

2.2 Multimodal Pre-Training

Multimodal pretraining aims to learn universal representations by
simultaneously processing multiple types of data, such as images,
text, speech, etc. This paradigm helps models understand the se-
mantic correlations between different modalities, thereby achieving
better performance in various downstream tasks.

CLIP[43] trains the model by contrastive learning between im-
ages and text, allowing natural language to understand visual con-
cepts. As the first successful multimodal learning model, CLIP holds
significant importance in advancing research on multimodal learn-
ing and understanding the semantic relationships between images
and text. Inspired by CLIP-based adaption methods[12, 28, 68],
PointCLIP V2[69] and CLIP2Point[18] convert point clouds into 2D
forms through projection and rendering, and then apply the pow-
erful generalization capability of CLIP to zero-shot classification.
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Figure 2: The framework of our method. During the pretraining phase (Top) of the 3D encoder using the Unified Learning
Framework (UniL), depth maps of point clouds and textual information are input into the frozen CLIP. The Multimodal
Supervised Contrastive Loss (MSC Loss) utilizes the label information of point clouds to enhance the compactness of 3D
representations from the same category in the feature space. Subsequently, in the VAE training phase (Bottom Left), the
pretrained 3D encoder is loaded and fine-tuned. Finally, Depth Map Error (DME) is employed during novelty detection (Bottom
Right) to compare depth maps of point clouds before and after reconstruction, enabling the identification of hidden novel

patterns.

ULIP[61] aims to directly adapt the paradigm of CLIP to learn a
unified representation space for point clouds, language, and images.

Drawing inspiration from ULIP, we aimed to incorporate the
information of point cloud in other modalities, enhancing the rep-
resentation capabilities of the 3D encoder. Unlike ULIP, which ne-
glects the semantic similarity of point cloud data in the language
modality, we introduce the Multimodal Supervised Contrastive Loss
(MSC Loss) to refine feature alignment accuracy.

2.3 Novelty Detection

Currently, novelty detection methods primarily focus on density-
based, classification-based, distance-based, and reconstruction-based
approaches. Among these, density-based methods[1, 9, 23, 40, 48,

70] identify novel samples by measuring the density around the
data points, since novel samples typically reside in sparse regions.
Classification methods[45, 47, 52, 58] attempt to assign test samples
to predefined categories, while samples that cannot be classified
can be considered as novel samples. As novelties are assumed to be
distant from the training data, distance-based methods[37, 51, 53]
assess novelty by computing the distance between a test sample
and the training samples. In reconstruction-based methods[4, 8,
21, 38, 54, 62], the model’s ability to reconstruct known patterns
is leveraged to detect data points that significantly differ from the
training data. However, these methods are primarily designed for
traditional 2D data, and therefore perform poorly when transferred
to the 3D domain.
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[35] marks the pioneering attempt to address anomaly detection
in 3D point clouds of general objects, introduces an framework
built upon a variational autoencoder.Following the work of [35],
[2] proposed a novel unsupervised approach for detecting novelty
in 3D point cloud, utilizing a general feature extractor for point
clouds and a one-class classifier.

Considering that these methods rely solely on 3D data for detec-
tion, we propose the Depth Map Error (DME) to assess the novelty
of point clouds in the 2D domain.

3 Method

In this section, we will provide a detailed exposition of our method.
Firstly, we pretrain the 3D encoder within the UniL framework,
enhancing feature alignment accuracy through MSC Loss. Follow-
ing this, we load the pretrained 3D encoder and train the VAE to
reconstruct input point cloud samples. Lastly, during the novelty
detection phase, we introduce additional 2D visual information and
employ DME to measure the disparity between the projected depth
maps of point clouds before and after reconstruction. The overall
framework is illustrated in Fig. 2.

3.1 Pre-training with UniL

Limited data may impose constraints on the model’s ability to learn
meaningful and accurate feature representations, thereby impact-
ing its performance and generalization capability. To address this
issue, we adopt a multimodal pretraining approach. UniL leverages
rich information from data in various modalities and transfers it to
3D encoder by aligning multimodal features within a unified fea-
ture space, enhances the encoder’s learning capacity and improves
feature representation.

3.1.1 Data Preparation. To obtain a unified semantic space inte-
grating point clouds, vision, and language, we followed ULIP and
created a dataset consisting of point clouds, images, and textual
descriptions. For each CAD model indexed as i, we constructed
a triplet sample T; consisting of a point cloud P;, a depth map
collection {DZ}QI:I, and a text description set S;. After uniformly
sampling N points from the original point cloud of CAD model,
we applied standard point cloud data augmentation techniques,
including random point drop, scaling, shifting, and rotation.

Next, we choose the Realistic Projection proposed in [69] instead
of the rendering to obtain depth maps of point clouds, as depth
maps can more accurately reflect the geometric shapes and spatial
structures of objects. Specifically, 3D voxel grid G € REXWXD g
assigned different depth values to represent the depth information
of the point cloud P; = (x, y, z) by utilizing:

G([sHx], [sWy], [Dz]) =z, ¢y

where H, W, D denote the spatial resolutions of Gand s € (0,1] isa
scale factor. Following this, local minimum pooling operations are
applied to densify the grid, and the depth values are reassigned to
occupy previously sparse voxels. Next, a non-parametric Gaussian
kernel is employed for the purposes of smoothing and filtering,
compressing the depth dimension to produce the final projected
depth map. We project each point cloud from N different viewpoints
to generate a collection of depth maps denoted as {Df,}ivzl for point
cloud p;.
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Finally, following ULIP’s work, we utilize the category name of
each point cloud during pretraining, using 63 prompts such as "an
image of [category]" and an additional prompt "a point cloud model
of [category]" to accommodate the 3D modality. At the pretraining
stage, a set of textual descriptions S; is generated by applying 64
templates to the category name of each point cloud.

3.1.2 Feature Extraction. In pretraining, acquiring high-quality
representations from other modalities is crucial, as it necessitates
aligning the features of the 3D modality with these representations
to gain knowledge from other modalities. We choose CLIP[43] as the
teacher for our 3D encoder and freeze the parameters of its visual
and textual encoders. By leveraging CLIP’s reliable representations,
we bridge the gap between the limited availability of 3D data and
the rich multimodal knowledge encapsulated in CLIP.

For the visual modality, we input each depth map of {D} } into the
visual encoder E;(-) of CLIP, and obtain the depth feature collection
for sample i as follows:

i'N iN
{le)}v:1 = Ei({D:)}z)zl)' (2)
Drawing from the insights of [18], we furthur employ the proposed
Adapter to dynamically fuse the depth feature set {Fz’,}i\]:1 across

multiple views. Subsequently, the image-domain feature fiI for
sample i can be obtained via the following formulation:

N
fl= pRLU(i() a0 - F))), 3)
v=1

where fi and f; represent two-layer MLP networks, and a, denotes
the dynamic fusion coefficients for the v-th view.

For the linguistic modality, we employ CLIP’s text encoder E;(-)
to process the descriptions S;, generating a set of text representa-
tions. Following this, we employ average pooling on the resulting
set, yielding the text-domain feature representation fiT for each
sample i, expressed as:

1= AVG(EL(S))), )

where the AVG(-) denotes the average pooling operation.

Within the VAE framework, the decoder receives features that
have been re-parameterized. Recognizing that aligning features
across different training paradigms may lead to unstable training
and potential information loss, we choose to directly utilize the
global features obtained from the encoder. To convert the encoded
3D feature into a multimodal embedding space, we incorporate a
projection network after the 3D encoder E,(-). This allows us to
formulate the final 3D features fip as follows:

5 =Proj(Ep(Py), (5)
where P; is the augmented point cloud, and Proj(-) is a single-layer
MLP.

3.1.3 Multimodal Representation Alignment. The objective of
pretraining is training the 3D point cloud encoder E (+) to align the
3D features of sample i with its image and text features. Thus, ULIP
investigates the feasibility of transferring 2D contrastive learning
to 3D domain by adopting a contrastive loss similar to CLIP to
achieve alignment between 3D and image features:

1 exp(fF /o) exp(fF /o)
L - _ - i Ji I i Ji
=5 (Qlog exp(FF /o) Llors exp(fF f1/7)

i

), (6)
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where i and j are indices of samples, and 7 is a learnable tem-
perature parameter. Similarly, the alignment between 3D and text
features is formulated as:

1 exp(fP £ 1) exp(F7f1/7)
Lpor = == (Y log—t i Ji 1T log—P i Ji 1T)
= T TR 2 e P T

Although the contrastive loss used in ULIP is relatively effective

in aligning feature representations from different modalities, sim-
ply maximizing the logits on the main diagonal of the similar-
ity matrix between 3D and text is not sufficiently accurate. This
is because point clouds from the same category share identical
prompts, and these prompts, after being encoded by the frozen
CLIP, yield identical textual features. Hence, inspired by the su-
pervised contrastive learning[19], we propose a novel Multimodal
Supervised Contrastive Loss (MSC Loss), which modifies the origi-
nal self-supervised 3D-to-text loss to:

) (7)

Lo = Z(Zi:;ly,:yj logZke)q)(finkT/r)Jr
P (T ®
exp(f; f; /)

1.7, - log ——mM8M ———
EJ:Z ey S

where i, j, k are indices of the samples, 7 represents the label infor-
mation of the samples, and 7 is a learnable temperature parameter.
This loss function indicates that 3D features belonging to the same
class are brought closer together in the embedding space, while
simultaneously pushing apart 3D features from different classes.
Therefore, the ultimate training objective is to train the 3D encoder
Ep(+), minimizing the MSC Loss:

Lysc = Lpar + L. )

Through Multimodal Supervised Contrastive learning, the 3D en-
coder can acquire more discriminative feature representations, lead-
ing to samples from same category being closer while scattering
those of different categories further apart.

3.2 Training VAE

During the training of the VAE, known categories of point clouds
are provided as inputs. By minimizing the disparity between the
original data and the reconstructed data, the VAE can discern pat-
terns and structures in normal data. Consequently, when confronted
with unseen samples, their reconstruction error tends to be notably
higher compared to that of normal samples.

3.2.1 Point Cloud Reconstruction. Following the setup of [3],
we first randomly sample N points from the original point cloud,
and then apply 3D data augmentation techniques such as random
rotation, jitter, translation, and scaling. Prior to training, we load
the pretrained point cloud encoder aforementioned and fine-tune
it during the subsequent training process. Each sample P; is then
passed through the point cloud encoder Ej, yielding the global

feature figlObal of the point cloud, from which we estimate the
mean y; and variance o; as follows:
S = By (o), (10)
w = R0, (1
oi = L(FI°0), (12)
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where fi and f; are single-layer FC layers. Next, we sample from
the distribution A (i, ;%) to obtain the reparameterized feature
Zi:

Zi=pi+e- o, (13)

where ¢ is sampled from N (0, 1). Finally, Z; is fed into the decoder
Dy, inspired by [64], to obtain the reconstructed point cloud p;:

pi = Dp(Zi). (14)

3.22 Training Objective. Existing literature has introduced two
permutation-invariant metrics for comparing unordered point sets:
Chamfer Distance and Earth Mover’s Distance[11, 46]. Following
the setup of [35], we utilize CD to compute the reconstruction error
Lyec for point cloud sample P;. This choice is motivated by the
faster convergence and lower computational cost of CD compared
to EMD. Ly, is calculated as follows:

Lree =) () min |l =z + 3 minlt=xll,)  (15)

i xEPiXEPi xeb;

Following the traditional VAE[20] approach, the KL divergence is
utilized as the fitting loss to minimize the discrepancy between
the Gaussian distribution N(0, 1) and N (y, 6) derived from the
original point cloud P;. The KL divergence is defined as:

Dkr ori = DkL(N (1, 6%)[IN (0, 1)). (16)

Additionally, [35] employ a second KL divergence to measure the
difference between the Gaussian distribution A(0, 1) and N (£, 6%)
obtained by inputting the reconstructed point cloud P; into the
network:

DKL rec = Dk (N (f1, 6*)IN(0,1)). (17)

Therefore, the overall training objective is defined as:

L = Lrec + DKL ori + DKL rec- (18)

3.3 Novelty Detection

To assess whether a sample is novelty, [35] adapt the reconstruction
error calculated using Chamfer Distance as its anomaly score. How-
ever, VAE is a versatile generative model that samples from a latent
space to generate data. Since the latent space is continuous, even if
the input data is unseen, the model might find similar points in the
latent space and decode them to generate reconstructions similar to
the input data, resulting in a relatively small reconstruction error.
To tackle this challenge, we introduce the Depth Map Error
(DME) as a score to incorporate information from other modalities
of the point cloud. DME quantifies the disparity in depth maps
between the original and reconstructed point clouds. This approach
aims to mitigate the aforementioned challenge, providing a more
effective measure to capture novelties. Therefore, the score used
for novelty detection can be formalized as:
Score =w - CD(P;, P;) + (1 —w) - DME({D}}.  {DI}Y), (19)

=1

where DME(-) represents the function computing the mean squared
error between pixels of two depth maps, and w is the scoring coef-
ficient.
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Table 1: Results on the Synthetic Benchmark track. Each column title indicates the chosen known class set, the other two
sets serve as unknown. "DGC" refers to the backbone network DGCNN[59], while "PN2" denotes the backbone network

PointNet++[42].
Synthetic Benchmark
SN1(hard) SN2(med) SN3(easy) Avg SN1(hard) SN2(med) SN3(easy) Avg
Method AUROCT  FPR95| | AUROCT FPR95| | AUROCT FPR95| | AUROCT FPR95| | Method AUROCT  FPR95| | AUROCT FPR95| | AUROCT FPR95| | AUROCT FPR95|
DGC+MSP[14] 74.0 83.9 88.6 62.4 92.9 43.2 85.2 63.2 | PN2+MSP[14] 74.3 82.8 80.0 78.1 89.7 52.2 81.3 71.0
DGC+MLS[56] 75.1 77.7 91.1 42.6 92.4 35.2 86.2 51.8 | PN2+MLS[56] 72.0 80.8 83.9 64.1 89.8 40.5 81.9 61.8
DGC+ODIN[27] 75.4 76.5 91.1 42.9 92.5 34.4 86.3 51.3 | PN2+ODIN[27] 74.2 79.4 79.4 71.7 87.8 41.8 80.5 64.3
DGC+Energy[29] 75.2 77.0 91.2 41.6 92.3 36.4 86.2 51.7 | PN2+Energy[29] 72.1 81.2 84.0 64.7 89.8 39.4 82.0 61.8
DGC+GradNorm[17] 66.2 88.1 80.9 64.0 71.6 77.7 72.9 76.6 | PN2+GradNorm[17] 72.1 81.8 57.7 88.9 57.8 79.0 62.6 83.3
DGC+ReAct[50] 76.4 74.6 92.5 37.9 96.4 19.3 88.4 43.9 | PN2+ReAct[50] 73.7 79.4 89.6 52.1 95.0 27.2 86.1 52.9
DGC+OE+mixup[15] 73.7 78.9 90.4 44.7 91.4 46.0 85.2 56.5 | PN2+OE+mixup[15] 72.7 78.9 80.3 68.8 87.3 62.2 80.1 69.9
DGC+ARPL+CS[6] 72.9 84.2 90.7 47.1 89.5 89.5 84.4 73.6 | PN2+ARPL+CS[6] 74.8 80.3 80.7 72.4 85.4 50.8 80.3 67.8
DGC+Cosine Proto 84.3 59.1 88.8 39.7 86.4 48.0 86.5 48.9 | PN2+Cosine Proto 80.3 68.3 88.7 60.8 91.9 38.0 86.9 55.7
DGC+CE(L?) 80.4 75.5 90.1 40.9 96.7 14.4 89.1 43.6 | PN2+CE(L%) 83.4 66.8 89.5 37.7 92.9 28.1 88.6 442
DGC+SupCon[19] 80.3 75.7 84.6 73.6 87.9 4.3 84.3 64.5 | PN2+SupCon[19] 80.9 75.5 83.5 68.2 85.1 45.1 83.2 62.9
DGC+SubArcFace[10] | 81.2 73.4 91.9 44.0 94.9 26.5 89.3 48.0 | PN2+SubArcFace[10] | 79.0 81.2 82.9 60.3 89.1 32.8 83.7 58.1
DGC+NF 82.0 74.8 86.1 53.8 97.4 115 88.5 46.7 | PN2+NF 81.5 72.5 71.1 78.0 91.0 49.6 81.2 66.7
VAE[35] 67.2 76.9 69.5 83.4 94.3 32.4 77.0 64.2 | VAE(Ours) 86.3 53.6 80.9 77.4 96.5 20.6 87.9 50.5

Table 2: Results on the Synthetic to Real Benchmark track. Each column title indicates the chosen known class set, the other
two sets serve as unknown. "DGC" refers to the backbone network DGCNN[59], while "PN2" denotes the backbone network

PointNet++[42].
Synth to Real Benchmark
SR1(easy) SR2(hard) Avg SR1(easy) SR2(hard) Avg
method AUROCT FPR95| | AUROCT FPR95| | AUROCT FPR95| | method AUROCT FPR95| | AUROCT FPR95| | AUROCT FPR95]
DGC+MSP[14] 72.2 91.0 61.2 90.3 66.7 90.6 PN2+MSP[14] 81.0 79.6 70.3 86.7 75.6 83.2
DGC+MLS[56] 69.0 92.2 62.4 88.9 65.7 90.5 | PN2+MLS[56] 82.1 76.6 67.6 86.8 74.8 81.7
DGC+ODIN[27] 69.0 92.2 62.4 89.0 65.7 90.6 | PN2+ODIN[27] 81.7 77.3 70.2 84.4 76.0 80.8
DGC+Energy[29] 68.8 92.7 62.4 88.9 65.6 90.8 | PN2+Energy[29] 81.9 77.5 67.7 87.3 74.8 82.4
DGC+GradNorm[17] 67.0 93.5 59.8 89.4 63.4 91.5 | PN2+GradNorm[17] 77.6 80.1 68.4 86.3 73.0 83.2
DGC+ReAct[50] 68.4 92.1 62.8 88.8 65.6 90.5 | PN2+ReAct[50] 81.7 75.6 67.6 87.2 74.6 81.4
DGC+OE+mixup[15] 71.1 89.6 59.5 92.0 65.3 90.8 | PN2+OE+mixup[15] 71.2 89.7 60.3 93.5 65.7 91.6
DGC+ARPL+CS[6] 71.5 90.2 62.8 89.5 67.1 89.8 | PN2+ARPL+CS[6] 82.8 74.9 68.0 89.3 75.4 82.1
DGC+Cosine Proto 58.6 90.6 57.3 91.3 57.9 91.0 | PN2+Cosine Proto 79.9 74.5 76.5 77.8 78.2 76.1
DGC+CE(L?) 67.5 87.4 64.6 91.0 66.1 89.2 | PN2+CE(L?) 79.7 84.5 75.7 80.2 77.7 82.3
DGC+SubArcFace[10] 74.5 86.7 68.7 86.6 71.6 86.7 | PN2+SubArcFace[10] 78.7 84.3 75.1 83.4 76.9 83.8
DGC+NF 72.5 81.6 70.2 83.0 71.3 82.3 PN2+NF 78.0 84.4 74.7 84.2 76.4 84.3
VAE([35] 68.6 77.0 57.9 92.3 63.3 84.6 | VAE(Ours) 72.2 73.6 62.6 92.1 67.4 82.9

Table 3: Results on the Real to Real Benchmark track. Each column title indicates the chosen unknown class set, the other
two sets serve as known. "DGC" refers to the backbone network DGCNN/[59], while "PN2" denotes the backbone network

PointNet++[42].
Real to Real Benchmark
SR3(easy) SR2(med) SR1(hard) Avg SR3(easy) SR2(med) SR1(hard) Avg
Method AUROCT  FPR95| | AUROCT FPR95| | AUROC] FPR95| | AUROCT FPR95| | Method AUROCT  FPR95| | AUROCT FPR95| | AUROCT FPRY95| | AUROCT FPR95|
DGC+MSP[14] 83.0 69.4 72.0 88.7 57.5 90.3 70.8 82.8 | PN2+MSP[14] 88.1 67.3 80.6 84.0 73.7 80.3 80.8 77.2
DGC+MLS[56] 84.9 58.2 79.0 81.0 54.0 92.8 72.6 77.3 | PN2+MLS[56] 89.4 53.8 83.4 73.1 76.4 75.3 83.0 67.4
DGC+ODIN[27] 84.9 58.2 79.0 80.9 54.0 92.8 72.6 773 | PN2+ODIN[27] 90.2 47.9 83.3 71.7 76.3 76.8 83.3 65.5
DGC+Energy(29] 84.8 59.7 79.1 81.4 53.8 93.2 72.6 78.1 PN2+Energy[29] 89.5 50.6 81.6 75.8 76.6 75.5 82.6 67.3
DGC+GradNorm[17] 77.5 73.3 733 87.4 51.0 92.9 67.2 84.5 PN2+GradNorm[17] 88.5 50.7 77.4 75.3 75.2 76.8 80.4 67.6
DGC+ReAct[50] 87.6 54.0 79.0 78.6 58.9 93.1 75.1 75.3 | PN2+ReAct[50] 90.3 48.9 82.4 75.8 75.4 77.6 82.7 67.4
DGC+OE+mixup(15] 76.8 77.8 74.9 87.2 57.6 89.9 69.8 85.0 | PN2+OE+mixup[15] 72.6 83.5 72.0 88.5 62.5 87.8 69.0 86.6
DGC+Cosine Proto 90.0 43.7 78.5 75.3 65.5 85.7 78.0 68.2 | PN2+Cosine Proto 91.0 41.0 82.1 78.2 77.6 75.6 83.6 64.9
DGC+CE(L2) 83.1 59.3 74.5 77.2 67.1 86.8 74.9 74.4 PNZ+CE(L2) 85.1 64.4 78.9 83.9 73.2 79.1 79.1 75.8
DGC+SubArcFace[10] 86.7 58.5 78.4 76.1 65.0 84.0 76.7 72.9 | PN2+SubArcFace[10] 87.1 61.3 78.9 76.9 73.7 81.4 79.9 73.2
DGC+NF 76.9 77.3 71.7 82.7 61.8 86.2 70.2 82.1 PN2+NF 88.0 47.7 80.6 68.2 75.6 81.4 81.4 65.8
VAE[35] 56.4 88.8 55.8 90.6 52.3 99.1 54.8 92.8 | VAE(Ours) 90.1 63.8 72.2 78.1 79.5 97.4 80.6 79.8

4 Experiment

To illustrate the advantages of utilizing the pretrained 3D encoder
through UniL, we conducted experiments on 3DOS. First, we outline
the experimental settings, including datasets and implementation
details. Following this, we present the quantitative results of 3D
novelty detection on three benchmarks. Finally, we conduct an
analysis and demonstration of the proposed components, validating
their effectiveness.

4.1 Datasets

We use the following dataset employed for building the benchmark
proposed in 3DOS[3]:

ShapeNetCore [5] contains of 51,127 CAD models from 55 com-
mon object categories. In 3DOS, ShapeNetCore v2 is used with the
official training (70%), validation (10%), and testing (20%) splits. All
point clouds are uniformly sampled from mesh surfaces, normal-
ized to fit within a unit cube centered at the origin and consistently
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aligned. In the benchmark setting, similar semantic categories, like
cellphone and telephone, are merged to obtain 54 classes.

ModelNet40 [60] comprises 12,311 CAD models from 40 cate-
gories. 3DOS adopts the dataset partitioning of [42], which consists
of 9,843 training samples and 2,468 testing samples. Each point
cloud is uniformly sampled from the surfaces of synthetic CAD
models and scaled to fit within a unit cube centered at the origin.

ScanObjectNN [55] is a dataset of scanned 3D objects from the
real world, unlike ShapeNetCore and ModelNet40, consists of 2,902
samples from 15 categories. These samples can be divided into two
categories based on the presence of background: OBJ_ONLY and
OB7_BG. In 3DOS, the original OBF_BG split is considered, wherein
3D scans are impacted by acquisition artifacts. These samples are
already in the form of point clouds, with each containing 2048
points, representing both foreground and background objects along
with other interacting elements.

4.2 Implementation Details

4.2.1 Pre-training with UniL. We uniformly sample 2048 points
from each sample and generate projected depth maps and textual
descriptions. CLIP is utilized to acquire multimodal embedding,
while both the image and text encoder in our experiment remain
frozen, akin to ULIP. During pretraining, only the parameters in
the 3D encoder and projection network are trainable. We train Unil
for 150 epochs with a batch size of 64 and a learning rate of 1e-4.
The optimizer used is AdamW, with a weight decay of 0.1.

4.2.2 Training VAE. During VAE training, we used publicly avail-
able code provided by [35], a practice also adopted by 3DOS[3].
Specifically, we randomly sampled 2048 points from each point
cloud and applied data augmentation techniques including scaling,
translation transformations, and random rotation around the up-
axis. The Adam optimizer was employed with a weight decay of
le-6, and the learning rate was set to le-3. Training was conducted
with a batch size of 100 for 300 epochs.

In the Synthetic Benchmark, due to the relatively abundant data
of ShapeNetCore, we fine-tuned the entire 3D encoder. However,
in the Synth to Real Benchmark, where the source domain data
distribution differs from that of the target domain, updating the
encoder was found to lead to catastrophic forgetting. Hence, we
opted to freeze the entire encoder. For the Real to Real Benchmark,
due to the limited data of ScanObjectNN and to prevent overfitting,
we froze the low-level semantic layers of the encoder and only
updated the high-level semantic layers.

4.3 Novelty Detection

4.3.1 Benchmarks. 3DOS assesses the capability to detect un-
known samples in test data using the AUROC and FPR95 metrics.
It includes three benchmarks: the Synthetic Benchmark is designed
for scenarios involving only semantic shift; the more challenging
Synth to Real Benchmark encompasses both semantic and domain
shift, using train and test samples from synthetic data (ModelNet40)
and real-world data (ScanObjectNN) respectively; the Real to Real
Benchmark presents an intermediate scenario involving semantic
shift between training and test data, accompanied by noisy samples
from ScanObjectNN in both sets. Considering tasks with varying
difficulty levels, the merged ShapeNetCore is divided into three
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Table 4: The ablation study of MSC Loss and DME on Syn-
thetic Benchmark.

SN1(hard) SN2(med) SN3(easy) Avg

ULIP Loss MSC Loss DME
AUROCT FPR95| | AUROCT FPR95| | AUROCT FPR95] | AUROCT FPR95]

67.2 76.9 69.5 83.4 94.3 324 77.0 64.2
70.8 77.6 73.6 815 95.1 23.1 79.8 60.7
68.7 76.1 76.4 76.3 96.3 15.3 80.5 55.9
86.6 52.2 78.5 84.8 95.8 224 87.0 53.1
86.3 53.6 80.9 77.4 96.5 20.6 87.9 50.5

x N X N %
W% N % X%
NN X% % X%

Table 5: The ablation study of MSC Loss and DME on Synth
to Real Benchmark.

SR1(easy) SR2(hard) Avg

ULIP Loss MSC Loss DME
AUROCT  FPR95| | AUROCT FPR9S| | AUROCT  FPR95|

68.6 77.0 57.9 92.3 63.3 84.6
66.2 83.4 59.4 92.7 62.8 88.1
68.1 77.9 61.5 92.1 64.8 85.0
66.6 82.6 60.8 92.5 63.7 87.6
72.2 73.6 62.6 92.1 67.4 82.9

x N % N\ %
N % N\ % %
NN X% X% %

Table 6: The ablation study of MSC Loss and DME on Real to
Real Benchmark.

SR3(easy) SR2(med) SR1(hard) Avg

ULIP Loss MSC Loss DME
AUROCT ~ FPR9S| | AUROCT  FPR95| | AUROCT  FPR9S| | AUROCT  FPR9S)

56.4 88.8 55.8 90.6 523 99.1 54.8 92.8
56.4 89.8 56.8 89.9 519 98.3 55.0 92.7
58.1 88.7 58.2 89.9 55.9 99.8 57.4 92.8
77.8 79.8 70.2 83.1 71.0 98.3 73.0 87.1
90.1 63.8 72.2 78.1 79.5 97.4 80.6 79.8

> W% N %
WX N X X
CNX % X

sets: SN1, SN2, and SN3. The ten categories of ModelNet40 corre-
sponding to ScanObjectNN are divided into SR1 and SR2, while the
remaining five categories in ScanObjectNN form SR3.

4.3.2 Experiment Results. When conducting novelty detection
across the three benchmarks, we set the scoring coefficients w to
0.35, 0.3, and 0.15 respectively. Tab. 1 presents the results of the
Synthetic benchmark, where our approach outperforms all other
methods on SN1(hard), achieving top-1 performance. In detail, our
approach demonstrates a 2.0% increase in AUROC and a reduction
of 5.5% in FPR95 compared to DGCNN + cosine proto. In SN2(med)
and SN3(easy), although not reaching the top-1, our method enables
the only unsupervised method VAE to show competitive results.
The results of our method on the Synth to Real benchmark are pro-
vided in Tab. 2. Due to the domain shift, performance degradation
was observed in all methods. However, despite this challenge, we
managed to further reduce FPR95 by 0.9% on SR1 (easy). In the
Real to Real benchmark, the authors of 3DOS did not evaluate VAE.
Hence, we supplemented this result and included our method in
Tab. 3 for comprehensive comparison. Notably, our method achieves
a 1.9% increase in AUROC on SR1 (hard) compared to the previous
state-of-the-art method PointNet++ + cosine proto. These perfor-
mance improvements are attributed to the rich information brought
by pretraining as well as the capability of DME to uncover hidden
novel patterns. Regarding other tasks, our method fell short of
achieving the SOTA. This is because VAE[35] is the only method
trained without the use of labels, unlike other methods evaluated
in 3DOS[3]. Despite utilizing label information during pretraining,
aligning multimodal features alone did not provide the 3D encoder
with discriminative power comparable to methods trained through
classification. Although our method did not achieve the state-of-
the-art in every task, it significantly improved the performance of
the original VAE across all tasks.
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T-SNE visualization for ULIP Loss
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Yuhan Wang and Mofei Song

T-SNE visualization for MSC Loss
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Figure 3: The T-SNE visualization of ULIP Loss and MSC Loss. As illustrated, the MSC Loss enables samples from the same

category to form denser clusters in the feature space.
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Figure 4: The comparison of novel point cloud sample before and after reconstruction. Despite the chamfer distance indicating
that it is a normal sample, the difference between its depth maps reveals its novel nature.

4.4 Ablation Study

In order to investigate the exact contributions of MSC Loss on
the pretraining phase and DME on novelty detection, independent
ablation studies of the two modules are conducted in our approach.
With the aim of evaluating model performance in novelty detection,
AUROC and FPR95 metrics are utilized as quantitative evaluation
criteria across three benchmarks. The comparison results across
the three benchmarks are respectively illustrated in Tab. 4, Tab. 5,
and Tab. 6.

4.4.1 ULIP Loss vs. MSC Loss. First, we conducted an ablation
study to explore the impact of using different loss functions during
pretraining. Our findings suggest that performing coarse-grained
feature alignment during the pretraining stage can enhance the
model’s performance in subsequent novelty detection tasks. How-
ever, with the incorporation of MSC Loss, the model exhibited fur-
ther improvements across different tasks on the three benchmarks,
achieving average increases of 0.7%, 2.0%, and 2.4% in AUROC,
respectively. This is attributed to MSC Loss leveraging label infor-
mation to more effectively cluster data of the same category in
the feature space, thereby enhancing the discriminative capability
of the 3D encoder. As illustrated in Fig. 3, this approach enables
data from the same category to acquire more similar features, thus
facilitating the formation of denser clusters.

4.4.2 non-DME vs. DME. After demonstrating the effectiveness
of MSC Loss, we show the role of DME. By applying DME in the
novelty detection task, the performance across different tasks on
the three benchmarks significantly improved based on models pre-
trained with MSC Loss. On average, the AUROC increased by 7.4%,
2.6%, and a remarkable 23.2%, respectively. DME utilizes the infor-
mation provided by the depth maps of projected point clouds to
effectively identify unseen samples with smaller reconstruction er-
rors. As illustrated in Fig. 4, despite the reconstructed point clouds
having smaller Chamfer Distance, their depth maps exhibit notice-
able disparities. Through this simple yet effective metric, we can
uncover latent novel samples and detect them, thereby significantly
improving the performance of novelty detection.

5 Conclusion

In this paper, we introduce UniL, a multimodal pretraining frame-
work tailored for 3D novelty detection. During pretraining, we
propose the MSC Loss to better assist the 3D encoder in feature
representation by leveraging label information. In the novelty detec-
tion phase, we utilize DME to measure the disparity between depth
maps projected before and after reconstruction of point clouds, thus
further enhancing the performance of unsupervised VAE. Through
extensive experiments on the benchmark proposed in 3DOS[3], we
validate the efficacy of our approach in 3D novelty detection tasks
and provide valuable insights for future research.



UniL: Point Cloud Novelty Detection through Multimodal Pre-training

Acknowledgments

This work was supported by the National Natural Science Founda-
tion of China (61906036) and the Big Data Computing Center of
Southeast University.

References

(1]

[7

[

8

=

=

[10]

[11]

[12

[13]

[14

[15]

[16

[17]

[18

[19]

[20]

[22

[23]

[24

Davide Abati, Angelo Porrello, Simone Calderara, and Rita Cucchiara. 2019.
Latent Space Autoregression for Novelty Detection. arXiv:1807.01653 [cs.CV]
Shizuka Akahori, Satoshi lizuka, Ken Mawatari, and Kazuhiro Fukui. 2024. Point
Cloud Novelty Detection Based on Latent Representations of a General Feature
Extractor. In Image and Video Technology, Wei Qi Yan, Minh Nguyen, Parma
Nand, and Xuejun Li (Eds.). Springer Nature Singapore, Singapore, 182-196.
Antonio Alliegro, Francesco Cappio Borlino, and Tatiana Tommasi. 2023. 3DOS:
Towards 3D Open Set Learning — Benchmarking and Understanding Semantic
Novelty Detection on Point Clouds. arXiv:2207.11554 [cs.CV]

Jinwon An and Sungzoon Cho. 2015. Variational Autoencoder based Anomaly
Detection using Reconstruction Probability. https://api.semanticscholar.org/
CorpusID:36663713

Angel X. Chang, Thomas Funkhouser, Leonidas Guibas, Pat Hanrahan, Qixing
Huang, Zimo Li, Silvio Savarese, Manolis Savva, Shuran Song, Hao Su, Jianxiong
Xiao, Li Yi, and Fisher Yu. 2015. ShapeNet: An Information-Rich 3D Model
Repository. arXiv:1512.03012 [cs.GR]

Guangyao Chen, Peixi Peng, Xiangqian Wang, and Yonghong Tian. 2021. Adver-
sarial Reciprocal Points Learning for Open Set Recognition. IEEE Transactions on
Pattern Analysis and Machine Intelligence (2021), 1-1. https://doi.org/10.1109/
tpami.2021.3106743

Guangyan Chen, Meiling Wang, Yi Yang, Kai Yu, Li Yuan, and Yufeng Yue.
2023. PointGPT: Auto-regressively Generative Pre-training from Point Clouds.
arXiv:2305.11487 [cs.CV]

Zhaomin Chen, Chai Kiat Yeo, Bu Sung Lee, and Chiew Tong Lau. 2018.
Autoencoder-based network anomaly detection. In 2018 Wireless Telecommunica-
tions Symposium (WTS). 1-5. https://doi.org/10.1109/WTS.2018.8363930

Lucas Deecke, Robert A. Vandermeulen, Lukas Ruff, Stephan Mandt, and M.
Kloft. 2018. Image Anomaly Detection with Generative Adversarial Networks.
In ECML/PKDD. https://api.semanticscholar.org/CorpusID:53694083

Jiankang Deng, J. Guo, Tongliang Liu, Mingming Gong, and Stefanos Zafeiriou.
2020. Sub-center ArcFace: Boosting Face Recognition by Large-Scale Noisy Web
Faces. In European Conference on Computer Vision. https://api.semanticscholar.
org/CorpusID:221341463

Haoqiang Fan, Hao Su, and Leonidas Guibas. 2016. A Point Set Generation Net-
work for 3D Object Reconstruction from a Single Image. arXiv:1612.00603 [cs.CV]
Peng Gao, Shijie Geng, Renrui Zhang, Teli Ma, Rongyao Fang, Yongfeng Zhang,
Hongsheng Li, and Yu Qiao. 2021. CLIP-Adapter: Better Vision-Language Models
with Feature Adapters. arXiv:2110.04544 [cs.CV]

Benjamin Graham, Martin Engelcke, and Laurens van der Maaten. 2017. 3D
Semantic Segmentation with Submanifold Sparse Convolutional Networks.
arXiv:1711.10275 [cs.CV]

Dan Hendrycks and Kevin Gimpel. 2018. A Baseline for Detecting Misclassified
and Out-of-Distribution Examples in Neural Networks. arXiv:1610.02136 [cs.NE]
Dan Hendrycks, Mantas Mazeika, and Thomas Dietterich. 2019. Deep Anomaly
Detection with Outlier Exposure. arXiv:1812.04606 [cs.LG]

Qingyong Hu, Bo Yang, Linhai Xie, Stefano Rosa, Yulan Guo, Zhihua Wang,
Niki Trigoni, and Andrew Markham. 2020. RandLA-Net: Efficient Semantic
Segmentation of Large-Scale Point Clouds. arXiv:1911.11236 [cs.CV]

Rui Huang, Andrew Geng, and Yixuan Li. 2021. On the Importance of Gradients
for Detecting Distributional Shifts in the Wild. arXiv:2110.00218 [cs.LG]
Tianyu Huang, Bowen Dong, Yunhan Yang, Xiaoshui Huang, Rynson W. H. Lau,
Wanli Ouyang, and Wangmeng Zuo. 2023. CLIP2Point: Transfer CLIP to Point
Cloud Classification with Image-Depth Pre-training. arXiv:2210.01055 [cs.CV]
Prannay Khosla, Piotr Teterwak, Chen Wang, Aaron Sarna, Yonglong Tian, Phillip
Isola, Aaron Maschinot, Ce Liu, and Dilip Krishnan. 2020. Supervised Con-
trastive Learning. ArXiv abs/2004.11362 (2020). https://api.semanticscholar.org/
CorpusID:216080787

Diederik P Kingma and Max Welling. 2022. Auto-Encoding Variational Bayes.
arXiv:1312.6114 [stat.ML]

Chieh-Hsin Lai, Dongmian Zou, and Gilad Lerman. 2019. Robust Subspace
Recovery Layer for Unsupervised Anomaly Detection. arXiv:1904.00152 [cs.LG]
Loic Landrieu and Martin Simonovsky. 2018. Large-scale Point Cloud Semantic
Segmentation with Superpoint Graphs. arXiv:1711.09869 [cs.CV]

Chun-Liang Li, Kihyuk Sohn, Jinsung Yoon, and Tomas Pfister. 2021. Cut-
Paste: Self-Supervised Learning for Anomaly Detection and Localization.
arXiv:2104.04015 [cs.CV]

Lei Li, Siyu Zhu, Hongbo Fu, Ping Tan, and Chiew-Lan Tai. 2020.
End-to-End Learning Local Multi-view Descriptors for 3D Point Clouds.
arXiv:2003.05855 [cs.CV]

MM 24, October 28-November 1, 2024, Melbourne, VIC, Australia

[25] Yingwei Li, Adams Wei Yu, Tianjian Meng, Ben Caine, Jiquan Ngiam, Daiyi Peng,

Junyang Shen, Bo Wu, Yifeng Lu, Denny Zhou, Quoc V. Le, Alan Yuille, and
Mingxing Tan. 2022. DeepFusion: Lidar-Camera Deep Fusion for Multi-Modal
3D Object Detection. arXiv:2203.08195 [cs.CV]

Zhichao Li, Feng Wang, and Naiyan Wang. 2021. LIDAR R-CNN: An Efficient
and Universal 3D Object Detector. arXiv:2103.15297 [cs.CV]

Shiyu Liang, Yixuan Li, and R. Srikant. 2020. Enhancing The Reliability of Out-
of-distribution Image Detection in Neural Networks. arXiv:1706.02690 [cs.LG]
Ziyi Lin, Shijie Geng, Renrui Zhang, Peng Gao, Gerard de Melo, Xiaogang Wang,
Jifeng Dai, Yu Qiao, and Hongsheng Li. 2022. Frozen CLIP Models are Efficient
Video Learners. arXiv:2208.03550 [cs.CV]

Weitang Liu, Xiaoyun Wang, John D. Owens, and Yixuan Li. 2021. Energy-based
Out-of-distribution Detection. arXiv:2010.03759 [cs.LG]

Yongcheng Liu, Bin Fan, Gaofeng Meng, Jiwen Lu, Shiming Xiang, and Chunhong
Pan. 2019. DensePoint: Learning Densely Contextual Representation for Efficient
Point Cloud Processing. arXiv:1909.03669 [cs.CV]

Ze Liu, Zheng Zhang, Yue Cao, Han Hu, and Xin Tong. 2021. Group-Free 3D
Object Detection via Transformers. arXiv:2104.00678 [cs.CV]

Xu Ma, Can Qin, Haoxuan You, Haoxi Ran, and Yun Fu. 2022. Rethinking Network
Design and Local Geometry in Point Cloud: A Simple Residual MLP Framework.
arXiv:2202.07123 [cs.CV]

Markos Markou and Sameer Singh. 2003. Novelty detection: a review—part
1: statistical approaches. Signal Processing 83, 12 (2003), 2481-2497. https:
//doi.org/10.1016/j.sigpro.2003.07.018

Markos Markou and Sameer Singh. 2003. Novelty detection: a review—part 2::
neural network based approaches. Signal Processing 83, 12 (2003), 2499-2521.
https://doi.org/10.1016/].sigpro.2003.07.019

Mana Masuda, Ryo Hachiuma, Ryo Fujii, Hideo Saito, and Yusuke Sekikawa. 2023.
Toward Unsupervised 3D Point Cloud Anomaly Detection using Variational
Autoencoder. arXiv:2304.03420 [cs.CV]

Daniel Maturana and Sebastian Scherer. 2015. VoxNet: A 3D Convolutional
Neural Network for real-time object recognition. In 2015 IEEE/RSY International
Conference on Intelligent Robots and Systems (IROS). 922-928. https://doi.org/10.
1109/IR0OS.2015.7353481

Gerhard Miinz, Sa Li, and Georg Carle. 2007. Traffic Anomaly Detection Using
K-Means Clustering. https://api.semanticscholar.org/CorpusID:2303041

Duc Tam Nguyen, Zhongyu Lou, Michael Klar, and Thomas Brox. 2019. Anomaly
Detection With Multiple-Hypotheses Predictions. arXiv:1810.13292 [cs.CV]
Yatian Pang, Wenxiao Wang, Francis E. H. Tay, Wei Liu, Yonghong Tian, and
Li Yuan. 2022. Masked Autoencoders for Point Cloud Self-supervised Learning.
arXiv:2203.06604 [cs.CV]

Stanislav Pidhorskyi, Ranya Almohsen, Donald A Adjeroh, and Gianfranco
Doretto. 2018. Generative Probabilistic Novelty Detection with Adversarial
Autoencoders. arXiv:1807.02588 [cs.CV]

Charles R. Qi, Hao Su, Kaichun Mo, and Leonidas J. Guibas. 2017. Point-
Net: Deep Learning on Point Sets for 3D Classification and Segmentation.
arXiv:1612.00593 [cs.CV]

Charles R. Qi, Li Yi, Hao Su, and Leonidas J. Guibas. 2017. Point-
Net++: Deep Hierarchical Feature Learning on Point Sets in a Metric Space.
arXiv:1706.02413 [cs.CV]

Alec Radford, Jong Wook Kim, Chris Hallacy, Aditya Ramesh, Gabriel Goh,
Sandhini Agarwal, Girish Sastry, Amanda Askell, Pamela Mishkin, Jack Clark,
Gretchen Krueger, and Ilya Sutskever. 2021. Learning Transferable Visual Models
From Natural Language Supervision. arXiv:2103.00020 [cs.CV]

Alec Radford and Karthik Narasimhan. 2018. Improving Language Understanding
by Generative Pre-Training. https://api.semanticscholar.org/CorpusID:49313245
Tal Reiss, Niv Cohen, Liron Bergman, and Yedid Hoshen. 2021. PANDA:
Adapting Pretrained Features for Anomaly Detection and Segmentation.
arXiv:2010.05903 [cs.CV]

Yossi Rubner, Carlo Tomasi, and Leonidas J. Guibas. 2000. The Earth Mover’s
Distance as a Metric for Image Retrieval. International Journal of Computer Vision
40 (2000), 99-121. https://api.semanticscholar.org/CorpusID:14106275

Lukas Ruff, Robert Vandermeulen, Nico Goernitz, Lucas Deecke, Shoaib Ahmed
Siddiqui, Alexander Binder, Emmanuel Miiller, and Marius Kloft. 2018. Deep
One-Class Classification. In Proceedings of the 35th International Conference on
Machine Learning (Proceedings of Machine Learning Research, Vol. 80), Jennifer
Dy and Andreas Krause (Eds.). PMLR, 4393-4402. https://proceedings.mlr.press/
v80/ruff18a.html

Mohammadreza Salehi, Niousha Sadjadi, Soroosh Baselizadeh, Mohammad Hos-
sein Rohban, and Hamid R. Rabiee. 2020. Multiresolution Knowledge Distillation
for Anomaly Detection. arXiv:2011.11108 [cs.CV]

Shaoshuai Shi, Chaoxu Guo, Li Jiang, Zhe Wang, Jianping Shi, Xiaogang Wang,
and Hongsheng Li. 2021. PV-RCNN: Point-Voxel Feature Set Abstraction for 3D
Object Detection. arXiv:1912.13192 [cs.CV]

Yiyou Sun, Chuan Guo, and Yixuan Li. 2021. ReAct: Out-of-distribution Detection
With Rectified Activations. arXiv:2111.12797 [cs.LG]

Iwan Syarif, Adam Priigel-Bennett, and Gary B. Wills. 2012. Unsupervised
Clustering Approach for Network Anomaly Detection. In Networked Digital


https://arxiv.org/abs/1807.01653
https://arxiv.org/abs/2207.11554
https://api.semanticscholar.org/CorpusID:36663713
https://api.semanticscholar.org/CorpusID:36663713
https://arxiv.org/abs/1512.03012
https://doi.org/10.1109/tpami.2021.3106743
https://doi.org/10.1109/tpami.2021.3106743
https://arxiv.org/abs/2305.11487
https://doi.org/10.1109/WTS.2018.8363930
https://api.semanticscholar.org/CorpusID:53694083
https://api.semanticscholar.org/CorpusID:221341463
https://api.semanticscholar.org/CorpusID:221341463
https://arxiv.org/abs/1612.00603
https://arxiv.org/abs/2110.04544
https://arxiv.org/abs/1711.10275
https://arxiv.org/abs/1610.02136
https://arxiv.org/abs/1812.04606
https://arxiv.org/abs/1911.11236
https://arxiv.org/abs/2110.00218
https://arxiv.org/abs/2210.01055
https://api.semanticscholar.org/CorpusID:216080787
https://api.semanticscholar.org/CorpusID:216080787
https://arxiv.org/abs/1312.6114
https://arxiv.org/abs/1904.00152
https://arxiv.org/abs/1711.09869
https://arxiv.org/abs/2104.04015
https://arxiv.org/abs/2003.05855
https://arxiv.org/abs/2203.08195
https://arxiv.org/abs/2103.15297
https://arxiv.org/abs/1706.02690
https://arxiv.org/abs/2208.03550
https://arxiv.org/abs/2010.03759
https://arxiv.org/abs/1909.03669
https://arxiv.org/abs/2104.00678
https://arxiv.org/abs/2202.07123
https://doi.org/10.1016/j.sigpro.2003.07.018
https://doi.org/10.1016/j.sigpro.2003.07.018
https://doi.org/10.1016/j.sigpro.2003.07.019
https://arxiv.org/abs/2304.03420
https://doi.org/10.1109/IROS.2015.7353481
https://doi.org/10.1109/IROS.2015.7353481
https://api.semanticscholar.org/CorpusID:2303041
https://arxiv.org/abs/1810.13292
https://arxiv.org/abs/2203.06604
https://arxiv.org/abs/1807.02588
https://arxiv.org/abs/1612.00593
https://arxiv.org/abs/1706.02413
https://arxiv.org/abs/2103.00020
https://api.semanticscholar.org/CorpusID:49313245
https://arxiv.org/abs/2010.05903
https://api.semanticscholar.org/CorpusID:14106275
https://proceedings.mlr.press/v80/ruff18a.html
https://proceedings.mlr.press/v80/ruff18a.html
https://arxiv.org/abs/2011.11108
https://arxiv.org/abs/1912.13192
https://arxiv.org/abs/2111.12797

MM °24, October 28-November 1, 2024, Melbourne, VIC, Australia

[52

[53

[54

[55

[56

[57

[58

[59

[60

]

]

]

]

]

Technologies. https://api.semanticscholar.org/CorpusID:15282055

DM]J Tax. 2001. One-class classification; concept-learning in the absence of counter-
examples. Dissertation (TU Delft). Delft University of Technology. ASCI Disser-
tation Series 65.

Jing Tian, Michael H. Azarian, and Michael G. Pecht. 2014. Anomaly Detection
Using Self-Organizing Maps-Based K-Nearest Neighbor Algorithm. https://api.
semanticscholar.org/CorpusID:42380100

Kai Tian, Shuigeng Zhou, Jianping Fan, and Jihong Guan. 2019. Learning com-
petitive and discriminative reconstructions for anomaly detection. In Proceedings
of the Thirty-Third AAAI Conference on Artificial Intelligence and Thirty-First
Innovative Applications of Artificial Intelligence Conference and Ninth AAAI Sym-
posium on Educational Advances in Artificial Intelligence (Honolulu, Hawaii,
USA) (AAAI'19/IAAI'19/EAAT’19). AAAI Press, Article 633, 8 pages. https:
//doi.org/10.1609/aaai.v33i01.33015167

Mikaela Angelina Uy, Quang-Hieu Pham, Binh-Son Hua, Duc Thanh Nguyen,
and Sai-Kit Yeung. 2019. Revisiting Point Cloud Classification: A New Benchmark
Dataset and Classification Model on Real-World Data. arXiv:1908.04616 [cs.CV]
Sagar Vaze, Kai Han, Andrea Vedaldi, and Andrew Zisserman. 2022.
Open-Set Recognition: a Good Closed-Set Classifier is All You Need?
arXiv:2110.06207 [¢s.CV]

Thang Vu, Kookhoi Kim, Tung M. Luu, Xuan Thanh Nguyen, and Chang D.
Yoo. 2022.  SoftGroup for 3D Instance Segmentation on Point Clouds.
arXiv:2203.01509 [cs.CV]

Jue Wang and Anoop Cherian. 2019. GODS: Generalized One-class Discriminative
Subspaces for Anomaly Detection. arXiv:1908.05884 [cs.CV]

Yue Wang, Yongbin Sun, Ziwei Liu, Sanjay E. Sarma, Michael M. Bronstein, and
Justin M. Solomon. 2019. Dynamic Graph CNN for Learning on Point Clouds.
arXiv:1801.07829 [cs.CV]

Zhirong Wu, Shuran Song, Aditya Khosla, Fisher Yu, Linguang Zhang, Xiaoou
Tang, and Jianxiong Xiao. 2015. 3D ShapeNets: A Deep Representation for
Volumetric Shapes. arXiv:1406.5670 [cs.CV]

(61

[62

[63
[64
[65

(66

[67

[68

[69

]

]

]

]

Yuhan Wang and Mofei Song

Le Xue, Mingfei Gao, Chen Xing, Roberto Martin-Martin, Jiajun Wu, Caiming
Xiong, Ran Xu, Juan Carlos Niebles, and Silvio Savarese. 2023. ULIP: Learn-
ing a Unified Representation of Language, Images, and Point Clouds for 3D
Understanding. arXiv:2212.05171 [cs.CV]

Xudong Yan, Huaidong Zhang, Xuemiao Xu, Xiaowei Hu, and Pheng-Ann
Heng. 2021. Learning Semantic Context from Normal Samples for Unsuper-
vised Anomaly Detection. In AAAI Conference on Artificial Intelligence. https:
//api.semanticscholar.org/CorpusID:235306297

Jingkang Yang, Kaiyang Zhou, Yixuan Li, and Ziwei Liu. 2024. Generalized
Out-of-Distribution Detection: A Survey. arXiv:2110.11334 [cs.CV]

Yaogqing Yang, Chen Feng, Yiru Shen, and Dong Tian. 2018. FoldingNet: Point
Cloud Auto-encoder via Deep Grid Deformation. arXiv:1712.07262 [cs.CV]
Tianwei Yin, Xingyi Zhou, and Philipp Krahenbiihl. 2021. Center-based 3D Object
Detection and Tracking. arXiv:2006.11275 [cs.CV]

Haoxuan You, Yifan Feng, Rongrong Ji, and Yue Gao. 2018. PVNet: A Joint
Convolutional Network of Point Cloud and Multi-View for 3D Shape Recognition.
arXiv:1808.07659 [cs.CV]

Xumin Yu, Lulu Tang, Yongming Rao, Tiejun Huang, Jie Zhou, and Jiwen Lu.
2022. Point-BERT: Pre-training 3D Point Cloud Transformers with Masked Point
Modeling. arXiv:2111.14819 [cs.CV]

Renrui Zhang, Rongyao Fang, Wei Zhang, Peng Gao, Kunchang Li, Jifeng Dai,
Yu Qiao, and Hongsheng Li. 2021. Tip-Adapter: Training-free CLIP-Adapter for
Better Vision-Language Modeling. arXiv:2111.03930 [cs.CV]

Xiangyang Zhu, Renrui Zhang, Bowei He, Ziyu Guo, Ziyao Zeng, Zipeng Qin,
Shanghang Zhang, and Peng Gao. 2023. PointCLIP V2: Prompting CLIP and GPT
for Powerful 3D Open-world Learning. arXiv:2211.11682 [cs.CV]

Bo Zong, Qi Song, Martin Renqiang Min, Wei Cheng, Cristian Lumezanu, Dae
ki Cho, and Haifeng Chen. 2018. Deep Autoencoding Gaussian Mixture Model
for Unsupervised Anomaly Detection. In International Conference on Learning
Representations. https://api.semanticscholar.org/CorpusID:51805340


https://api.semanticscholar.org/CorpusID:15282055
https://api.semanticscholar.org/CorpusID:42380100
https://api.semanticscholar.org/CorpusID:42380100
https://doi.org/10.1609/aaai.v33i01.33015167
https://doi.org/10.1609/aaai.v33i01.33015167
https://arxiv.org/abs/1908.04616
https://arxiv.org/abs/2110.06207
https://arxiv.org/abs/2203.01509
https://arxiv.org/abs/1908.05884
https://arxiv.org/abs/1801.07829
https://arxiv.org/abs/1406.5670
https://arxiv.org/abs/2212.05171
https://api.semanticscholar.org/CorpusID:235306297
https://api.semanticscholar.org/CorpusID:235306297
https://arxiv.org/abs/2110.11334
https://arxiv.org/abs/1712.07262
https://arxiv.org/abs/2006.11275
https://arxiv.org/abs/1808.07659
https://arxiv.org/abs/2111.14819
https://arxiv.org/abs/2111.03930
https://arxiv.org/abs/2211.11682
https://api.semanticscholar.org/CorpusID:51805340

	Abstract
	1 Introduction
	2 Related Work
	2.1 3D Point Cloud Learning
	2.2 Multimodal Pre-Training
	2.3 Novelty Detection

	3 Method
	3.1 Pre-training with UniL
	3.2 Training VAE
	3.3 Novelty Detection

	4 Experiment
	4.1 Datasets
	4.2 Implementation Details
	4.3 Novelty Detection
	4.4 Ablation Study

	5 Conclusion
	Acknowledgments
	References

