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Abstract

Out-of-distribution (OOD) detection in 3D point cloud data
remains a challenge, particularly in applications where safe
and robust perception is critical. While existing OOD de-
tection methods have shown progress for 2D image data,
extending these to 3D environments involves unique ob-
stacles. This paper introduces a training-free framework
that leverages Vision-Language Models (VLMs) for effec-
tive OOD detection in 3D point clouds. By constructing a
graph based on class prototypes and testing data, we ex-
ploit the data manifold structure to enhancing the effective-
ness of VLMs for 3D OOD detection. We propose a novel
Graph Score Propagation (GSP) method that incorporates
prompt clustering and self-training negative prompting to
improve OOD scoring with VLM. Our method is also adapt-
able to few-shot scenarios, providing options for practical
applications. We demonstrate that GSP consistently out-
performs state-of-the-art methods across synthetic and real-
world datasets for 3D point cloud OOD detection.

1. Introduction

The detection of out-of-distribution (OOD) samples in 3D
point cloud data is critical for the safe and robust deploy-
ment of deep learning models in real-world environments.
For example, identifying unexpected objects is crucial for
ensuring the safety of personnel, vehicles, and robots by
preventing collisions [18, 39, 41]. Existing approaches to
OOD detection in 3D point clouds often focus on train-
ing separate models for specific tasks [54]. These meth-
ods typically rely on abundant in-distribution (ID) training
data to build models based on reconstruction [34], distance
metrics [10], or discriminative strategies [15]. While these
methods achieve strong results, they depend on substan-
tial ID training data, which is often challenging to collect
in many real-world applications and generalization may be
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Figure 1. Exploiting the testing data manifold for zero-/few-shot
OOD detection. ID prototypes propagate scores to test samples,
with confident ones selected as pseudo negative prompts for re-
finement.

hindered by the limited diversity of ID training samples.
These limitations highlight the need for alternative solutions
that do not require extensive ID data collection.

Vision-language models (VLMs) have emerged as pow-
erful foundation models that bridge visual features with
textual understanding [23, 28, 42, 58]. VLMs are trained
to associate the content of visual inputs with their tex-
tual labels and they demonstrate strong zero-shot gener-
alization to unseen visual content [42]. This capacity
makes VLMs appealing for OOD detection without retrain-
ing [5, 36, 37, 51]. A common VLM-based OOD detection
pipeline maps ID class concepts, such as class names with
various templates, into a shared feature space using the text
encoder. The visual samples, similarly projected using the
visual encoder, are then scored by comparing their distances
to the ID class concepts in this feature space [36].

This VLM-based OOD detection pipeline has shown
competitive performance for 2D image detection, primar-
ily due to the vast understanding of 2D VLMs from the
massive-scale image-text pre-training datasets (e.g. 400M
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pairs for pre-training CLIP [42]). In contrast, VLMs for
3D point clouds, such as the state-of-the-art ULIP2 [55],
are typically pre-trained on much more restricted datasets
(e.g., 800k point cloud samples). This restricts their abil-
ity to generalize across unseen categories and distributional
shifts (e.g., style changes), which reduces the effectiveness
of similarity-based methods for 3D point cloud OOD detec-
tion.

In this work, we propose to leverage the structure of the
testing data manifold to compensate for this deficiency and
improve VLM adaptation for downstream tasks [31, 44], as
illustrated in Fig. 1. Specifically, we construct a graph based
on class prototypes (e.g., text prompts for ID classes) and
testing data features, where prototype nodes are assigned
labels that propagate to neighboring testing nodes. Given
the limited training data, we hypothesize that exploiting the
testing data manifold enhances the generalization capabil-
ities of 3D point cloud VLMs. Our method, Graph Score
Propagation (GSP), assigns a positive OOD score (e.g., +1)
to ID class prototypes while all testing samples start with a
neutral score (0). As scores propagate along the graph, the
resultant scores indicate OOD likelihood.

This straightforward adoption of score propagation sig-
nificantly improves upon existing distance-based methods,
and we introduce two additional enhancements to further
boost OOD detection accuracy. First, while conventional
training-free approaches typically use a single class pro-
totype by averaging text prompts [44, 61], we argue that
capturing the prompt distribution through clustering bet-
ter leverages prompt diversity. Second, negative prompting
has shown strong performance in VLM-based OOD detec-
tion [30, 38, 48]. However, simply negating the description
(e.g. add “not”) is not very effective and learning negative
prompts requires sophisticated optimization. Instead, we
employ self-training to convert high-confidence OOD test-
ing samples into pseudo-negative prompts and assign them
a negative score (e.g., —1), for subsequent propagation it-
erations. Finally, our framework integrates seamlessly into
traditional supervised OOD detection protocols by incorpo-
rating a few ID samples as positive prompts, further enhanc-
ing OOD detection under both zero-shot and few-shot pro-
tocols.

Our contributions are mainly summarized as follows.

* We employ a pre-trained vision-language model for 3D
point cloud OOD detection and introduce Graph Score
Propagation (GSP), a novel methodology that leverages
the testing data manifold instead of solely relying on text-
test feature distances.

e We enhance GSP with prompt clustering and self-
training-based negative prompting. GSP is also compati-
ble with both zero-shot and few-shot testing protocols.

e We validate the effectiveness of our method on synthetic
and real-world 3D point cloud OOD detection bench-

marks, consistently achieving superior performance over
state-of-the-art VLM-based OOD detection methods.

2. Related Work

Out-of-Distribution Detection: Traditional OOD detec-
tion methods focused on softmax-based probability scor-
ing [15]. Recently, attention has shifted to novel evalua-
tion metrics [26, 47, 57, 62], such as differential network
channel processing [57, 62] and non-parametric nearest-
neighbor distances [47]. Other strategies involve training
specific OOD discriminators, like DAL [52], which con-
structs an OOD distribution set, and MOOD [29], which
uses masked image modeling. NECO [2] utilizes neural
collapse geometry for OOD identification. Vision-language
models have introduced new methods using text prompts
to distinguish between in-distribution (ID) and OOD data
[5, 30, 37, 38, 51]. LoCoOP [37] leverages CLIP’s local
features for OOD regularization, while Bai et al. [5] use
CLIP to detect ID-like outliers, enhancing OOD detection
and few-shot learning [59]. Training text encoders [51] and
learnable prompt [30, 38] further increases the score gap be-
tween ID and OOD data. Recent research has expanded to
include 3D datasets for point cloud OOD detection [1, 45].
Studies have shown that 3D OOD detection is particular im-
portant for autonomous driving scenarios [18, 27].

3D Vision-Language Models: Recent advancements in
Vision-Language Models (VLMs) have facilitated innova-
tive approaches for 3D understanding. Techniques utilizing
CLIP [20, 35, 60] transform 3D point clouds into imagery
data for extracting features aligned with text descriptions.
More recently, methods like ULIP [54, 55] learn unified
representations across images, text, and 3D point clouds,
further improving zero-shot 3D classification. These ap-
proaches leverage the integration of text prompts and vi-
sual features which could better distinguish between in-
distribution and out-of-distribution data in 3D contexts.
Label Propagation: Label propagation (LP) is a pivotal
method in semi-supervised learning, leveraging limited la-
beled data to infer labels for unlabeled instances by exploit-
ing data similarity across a graph [8, 14, 22, 40]. It assumes
that labels vary smoothly across the graph, making it effec-
tive in transductive learning settings [22, 64]. Recent ad-
vancements integrate LP with graph neural networks to en-
hance its ability to separate ID from OOD data [6, 43, 53].
In the context of VLMs, LP employs text prompts as label
representations, constructing graphs that propagate labels
from text prototypes to test samples, thus improving zero-
shot 2D classification [17, 31, 44]. Contrary to the exist-
ing attempts of combining LP with VLM, we tackle a one-
class classification task. Only prototypes for in-distribution
classes are available. We further propose a novel negative
prompting technique via self-training and prompt clustering
technique to better separate ID from OOD.
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3. Methodology

3.1. Problem Formulation

We begin by formally defining the task of VLM-based out-
of-distribution (OOD) detection in 3D point clouds. Let
2l = f(x;0) and 2! = g(t;¢) denote the encoded fea-
tures of point cloud data = and text ¢, where f(-;0) and
g(+; ¢) are the VLM visual and text encoders respectively.
The task involves the encoded features of unlabeled test data
D, = {f(zi)}i=1...n, and, optionally, the features and
labels of few-shot labeled data D; = {f(z;),y;}j=1...n,-
The set of in-distribution (ID) classes Vi, = {1, -+ ,Cin}
is assumed to be known. Following established practices
for VLM adaptation [36], we represent each ID class with
N, prompt templates 7 = {t;(y)}n,, .., “This is a point
cloud of {y}.” or “A good point cloud of {y}”. These tex-
tual prompts are encoded by the text encoder, creating pro-
totypes for ID classes P. Existing works often create pro-
totypes by averaging the encoded prompts for each class,
resulting in a prototype 22 for the c-th class, and the full set
of prototypes is denoted P = {zP}.—1...c,,. The OOD de-
tection task is to determine whether a test sample x; € D,,
belongs to an ID class, leveraging ID prototypes P and, op-
tionally, the few-shot labeled data D;.

Preliminary of VLM: We briefly review the training objec-
tive of vision-language models (VLMs). The pre-training
steps align the visual features with their associated text fea-
tures [20, 54, 55], typically via a contrastive loss function:

t
Lotm = Zl M (1)

exp(z 25/T)

When a VLM is trained on a large amount of point cloud-
text pairs, the cosine similarity of positive pairs (a point
cloud sample and text prompt of its ground-truth class) is
higher than that of negative pairs. Therefore, a pre-trained
VLM provides a straightforward solution to 3D point cloud
OOD detection by measuring the cosine similarity between
textual descriptions of in-distribution classes and testing
sample features. A high distance in the visual-text feature
space suggests a greater likelihood of being OOD.

3.2. VLM for OOD Detection

Vanilla OOD Detection with VLM: Pre-trained VLMs of-
fer an effective approach to OOD detection by measuring
the distance between visual samples and text labels in the
feature space. For example, [36] employs the maximum
normalized cosine similarity as the OOD score. We define
a normalized score S to indicate OOD-ness, where S — 0
suggests OOD and S — 1 suggests ID.

i _eD(=d22)7)

o 2jexp(—d(zf, 2])/7)

2)

It is assumed that in the feature space, OOD samples are

further from the ID prototypes than ID samples. Subsequent
research has further explored this approach by introducing
techniques like negative prompts to better separate OOD
from ID samples [24]. In this work, we are motivated by
the challenge of measuring similarity/distance in the VLM
feature space and propose to tackle the VLM OOD detec-
tion problem by exploiting the manifold of testing and, op-
tionally, few-shot labeled data.
Manifold Distance for OOD Detection: The vanilla mea-
surement overlooks the complex manifold of testing data. A
straightforward approach to consider testing data manifold
for OOD detection is to replace the standard distance metric
with a manifold distance, represented via a graph.

Given a graph representing the data mani-
fold G = (E,V) with weight matrix W €
RUPIHDUHDDXAPIHDU+Dul) - the manifold distance
between two nodes on the graph is defined as the shortest
path. The shortest path between arbitrary nodes can be
obtained via Dijkstra’s algorithm [13]. More concretely,
this can be formulated as finding a path between a proto-
type 2P € P or a few-shot labeled sample zg € Dy and a
testing sample z]f € D,, consisting of edges F;; = {ex}
on the graph, such that the sum of these edge weights is
minimized. The manifold distance between two nodes is
thus defined as d(z;,z;) = min g Zekeé’ij d(ey), where
d(ey) denotes the distance for edge e, e.g. the L2 distance
between the encoded features.

Our empirical results in Tab. 3 reveal that incorporating
the manifold improves the effectiveness of OOD detection.
However, there are two main disadvantages associated with
distance-based OOD detection. First, the manifold distance
is unnormalised, if directly using the reciprocal of mani-
fold distance as OOD score the result may be biased by
the relative scale. Additionally, it is non-trivial to integrate
negative prompts within the distance-based OOD detection
paradigm.

3.3. VLM OOD Detection as Score Propagation

Instead of directly measuring the distance for OOD detec-
tion, we formulate OOD detection as a score propagation
problem. Specifically, we assign a positive score (+1) to ID
prompts P, while all testing samples are initially assigned a
neutral score (0). Labels are then propagated from the pos-
itive nodes to all testing samples in an iterative manner. We
follow a standard propagation rule [63] as shown in Eq. 3,

Sy = WSi_1 + aSy,
st. W=D"2WD~%, D =diag(>_ W),
j 3)

SOZ[ 1a"'71 aOa"'7O]a
——
|P|+|D;| elements |D,, | elements
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Figure 2. Overview of the proposed framework for zero-/few-shot OOD detection via graph score propagation. The framework encodes ID
category prompts and dataset samples using frozen text and 3D encoders, constructing a KNN graph. Initial score propagation generates
pseudo prompts, which refine the graph before final score propagation computes OOD scores.

where each step of propagation updates the score for unla-
beled testing samples as a weighted average of scores from
adjacent nodes and initial scores Sy until 7 iterations are
completed. Consequently, nodes that are closer to the pro-
totypes on the manifold will obtain a higher score.

Prompt Clustering: The above propagation strategy prop-
agates labels from ID prototypes to testing samples on the
graph. Thus, it is critical to design effective ID proto-
types that capture the diversity of textual descriptions for
ID classes. Contrary to existing practices that average the
text prompt features across all prompt templates, we pro-
pose modeling the distribution of prompt templates with
multiple representative ones. Given the prompt templates
T, we first initialize a pool of text prompts P. = {zfj =
9(tj(ye))}j=1...;7 for the c-th class. We then introduce a
clustering step to reduce this set to N, representative proto-
types P... This is achieved by applying K-means [21] clus-
tering on P., and the cluster centers are adopted as the ID
prototypes:

Pe=arg min > > vklll; — pll?,

{pa}y Ne 2P €P. @
st. v e {0,1}TxNe, Z%k =1,
k

where ju;; are the cluster centers, and v, indicates the
assignment of each prompt feature zfj to its closest center.

The new prototypes, P = 751 UPsU--- 75(;, are used for
score propagation as positive nodes.

Negative Prompting via Self-Training: Negative prompts
have been shown to substantially benefit OOD detec-
tion [30, 38, 48]. Incorporating negative prompts is par-
ticularly straightforward within the graph label propagation
framework. We treat negative prompts as nodes P™ with
a label of —1 on the graph. During propagation, the neg-
ative labels compete with the positive labels (ID prompts)
to influence the score of testing samples. Existing approach
exploits ID data to learn negative prompt [48] which pro-
hibits zero-shot inference. To address this, we propose a

strategy that generates negative prompts via self-training,
as illustrated in Fig. 1. Specifically, we first conduct ini-
tial score propagation for 7" iterations following Eq. 3, giv-
ing rise to initial propagated scores Sp. We select the top
m% most confident scores from St following Eq. 5 where
top(S, m%) indicates the top m% value of S.

Tpos = {i | Srli] > top(Sz, m%)},
I’neg - {Z | ST[Z] < tOp(ST7 1-— m%)}

We label the selected samples as positive and negative
prompts respectively and re-initialize the score Sy. For neg-
ative prompts, we assign scores of —1 to further increase the
gap between ID and OOD samples. The final score is ob-
tained by running Eq. 3 with Sp as initial scores.

®)

Soli] ifi ¢ Tpos & i ¢ Tneg,
Soli] =4 41 ifi € Zpos, (6)
1 ifi €T,

Graph Construction: We now introduce the approach for
constructing a graph for score propagation. As observed
by [31, 44], the distance between text prompts and visual
samples is generally larger than the distance between vi-
sual samples. This observation also holds for 3D point
cloud VLM because the 3D VLMs are often finetuned from
2D VLMs [54, 55]. Therefore, we adopt a similar ap-
proach to construct the graph. We write the weight matrix
W in a blockwise form as shown in Eq. 7, where W,, €
RIPuIxIDul W, € RIPuXIPl and W,,; € RIP=IXIPil No
connections are created between prototypes and few-shot
labeled samples. All blocks are further constructed as a k-
nearest neighbor (KNN) graph following [31, 44]. It is also
computationally efficient to adapt an existing graph to new
testing samples by incrementally adding the testing samples
to the graph [31].

IIPIxIP| 0 W,
W = 0 TID:i1x Dl W;; (7
Wup Wu,l Wu
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Overall Algorithm: We present the overall algorithm for
unified iterative label propagation for vision-language mod-
els in Algorithm 1. In Fig. 2, we show an overview of the
proposed framework for zero-/few-shot OOD detection via
graph propagation.

Algorithm 1 Graph Score Propagation for OOD Detection

1: Input: training data Dy, testing data D,, and ID class
prompt templates 7
2: Output: Final OOD scores Sy
3: for D; and 7., do
Encode: z; = f(«;) for training data and P, =
{9(t;(yc))} for prompt templates.
Prompt clustering: positive prototypes P (Eq. 4)

4: end for

5. for D, do
Encode: z; = f(x;) for testing data
Build graph to compute W (Eq.7)
Initialize score S\’ (Eq. 3)
Score propagate to compute S (Eq. 3)
Self-training to generate positive Z,,,s and nega-

tive prompts Z, 4 (Eq. 5)

Updated initial scores Sy (Eq. 6)
Score propagate to compute St (Eq. 3)

6: end for
7: return ST

4. Experiments

4.1. Experimental setup

Dataset: In this work, we follow the 3DOS framework
[1] to construct downstream datasets for evaluating our
method. The 3DOS benchmark is based on two well-
known 3D object datasets, ShapeNetCore [9] and ScanOb-
jectNN [49]. ShapeNetCore includes 54 categories cover-
ing daily objects. ScanObjectNN is cropped out from Scan-
Net dataset featuring a real-world objects. It consists of
15 categories with 2,902 3D objects. To further validate
our approach on real-world data, we introduce the Sydney
Urban Object Dataset [11], nuScenes [7] and S3DIS [4].
Sydney Urban Object Dataset consists of LiDAR-scanned
point clouds across 26 categories, totaling 631 unique in-
stances. S3DIS dataset contains 6 large-scale indoor ar-
eas with 271 rooms annotated into 13 semantic categories.
We cropped out individual objects using ground-truth seg-
mentation masks, leading to 8931 objects. The nuScenes
Dataset features point clouds captured by LiDAR sensor
under autonomous driving scenario. We cropped out point
clouds using ground-truth bounding boxes, leading to 2205

objects across 9 categories. Detailed visualization of each
dataset is deferred to the supplementary.

Evaluation Protocol: Following the methodology outlined
in 3DOS [1], we divide ShapeNetCore into three non-
overlapping category sets, SN1, SN2, and SN3, referred
to as the ShapeNetCore dataset. Each set contains 18 cat-
egories. For each OOD test scenario, one of these sets
(SN1, SN2, or SN3) is treated as the known set of cate-
gories, while the remaining two sets are used as unknown
categories, resulting in three distinct OOD test cases. Simi-
larly, 3DOS defines three category sets, SR1, SR2, and SR3
on the ScanObjectNN dataset. Each SR-set includes 5 non-
overlapping categories, with the other two sets acting as un-
known categories in each scenario and call them as ScanOb-
JNN. As for Sydney Urban Object Dataset, we categorize
these objects into two groups: movable objects, e.g. “truck”
“pedestrian” and non-movable objects, e.g. “building” and
“traffic sign”. Movable objects are treated as in-distribution
(ID) classes, simulating a scenario in autonomous driving
where object detection primarily focuses on movable ob-
jects. For consistency, we pre-process each point cloud
sample by upsampling it to a uniform number of points.
For S3DIS dataset, We retained instances containing more
than 2048 original points, where each instance was ran-
domly downsampled to retain exactly 2048 points. Then we
set the fore-ground objects as ID and back-ground objects
as OOD. For nuScences dataset, we have conducted pre-
liminary screening on the original point cloud and retained
instances with more than 200 original points and upsam-
pling it to 1024 points. Then we define Four-wheeled vehi-
cles (including car, bus, truck, construction_vehicle, trailer)
as ID and the rest as OOD. And further details provided in
the supplementary material.

Implementation Details. We use the pre-trained
ULIP/ULIP2 [54, 55] model to extract point cloud features
and text features. For the 3D encoder, we select Point-
BERT [56]. In constructing the KNN graph, we set a uni-
versal K-value(/Vy) of 10, connecting each text feature to its
10 nearest point cloud features. In Eq. 3, we set « to 0.5 and
the number of iterations 7" to 5. The percentage of pseudo
negative prompts, i.e. m% in Sect. 3.3, is also set to 5%.
Additionally, we use K-means clustering(/V.) to group the
prompts for each category into 3 clusters.

Competing Methods. We compare our method with sev-
eral OOD detection approaches, including full-shot meth-
ods from 3DOS [1]. We also benchmark against recent
zero-shot methods, such as DDCS [57], ZLaP[44], MCM
[36], and NegLabel [24]. For zero-shot comparisons, all
methods use the 3D encoder from [55]. Baseline results are
also reported by directly using cosine similarity as the OOD
score, with these methods referred to as ULIP and ULIP2,
depending on the VLM used.

Evaluation Metrics. We evaluate OOD detection perfor-
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ScanObjNN ShapeNetCore
R R R1 Average SN1 N N. Average
Method AUROCT FPR95||AUROCT FPR95||AUROCT FPR95||AUROCT FPR95]|AUROC?T FPR95]|AUROCT FPR95||AUROCT FPR95||AUROCT FPRI5|
MSP[15] 88.1 67.3 80.6 84.0 73.7 80.3 80.8 77.2 74.3 82.8 80.0 78.1 89.7 522 81.3 71.0
MLS[50] 89.4 53.8 83.4 73.1 76.4 75.3 83.0 67.4 72.0 80.8 83.9 64.1 89.8 40.5 81.9 61.8
+ |ODIN([32] 90.2 47.9 833 71.7 76.3 76.8 833 65.5 74.2 79.4 79.4 71.7 87.8 41.8 80.5 64.3
2 |Energy[33] 89.5 50.6 81.6 75.8 76.6 75.5 82.6 67.3 72.1 81.2 83.0 64.7 89.8 394 82.0 61.8
= |GradNorm[19] 88.5 50.7 77.4 75.3 75.2 76.8 80.4 67.6 72.1 81.8 57.7 88.9 57.8 79.0 62.6 833
?n ReAct[46] 90.3 48.9 824 75.8 75.4 77.6 82.7 67.4 73.7 79.4 89.6 52.1 95.0 27.2 86.1 529
£ |NF 88.0 47.1 80.6 68.2 75.6 814 81.4 65.8 81.5 72.5 71.1 78.0 91.0 49.6 81.2 66.7
.S |OE+mixup[16] | 72.6 83.5 72.0 88.5 62.5 87.8 69.0 86.6 72.7 78.9 80.3 68.8 873 62.2 80.1 69.9
; ARPL+CS[10] - - - - - - - - 74.8 80.3 80.7 724 85.4 50.8 80.3 67.8
eo| Cosine proto 91.0 41.0 82.1 78.2 77.6 75.6 83.6 64.9 80.3 68.3 88.7 60.8 91.9 38.0 86.9 55.7
E CE 85.1 64.4 78.9 83.9 73.2 79.1 79.1 75.8 83.4 66.8 89.5 37.7 92.9 28.1 88.6 442
‘5 |SupCon[25] - - - - - - - - 80.9 75.5 83.5 68.2 85.1 45.1 83.2 62.9
T'|SubArcface[12]| 87.1 61.3 78.9 76.9 73.7 81.4 79.9 73.2 79.0 81.2 82.9 60.3 89.1 32.8 83.7 58.1
& | GSP(1-shot) 79.3 61.3 80.9 84.1 88.6 51.7 82.9 65.7 91.3 44.0 86.4 43.1 83.8 91.4 87.2 59.5
GSP(5-shot) 80.7 54.8 90.1 47.2 89.1 40.2 86.6 47.4 95.6 19.2 94.6 22.1 97.0 12.5 95.7 17.9
GSP(full-shot) 90.1 33.0 93.0 30.5 92.2 34.4 91.8 22.6 97.9 10.1 97.9 79 98.8 6.0 98.2 8.0
ULIP[54] 79.9 82.7 623 87.5 574 92.3 66.5 87.5 88.0 57.1 76.4 48.7 752 51.3 79.9 524
2 |ULIP2[55] 65.7 80.8 76.4 71.2 77.4 78.0 73.2 76.7 85.7 52.5 84.1 44.3 67.6 74.4 79.1 57.1
ﬁ DDCS|[57] 63.3 90.5 624 80.0 64.4 96.2 63.4 88.9 61.1 86.7 66.8 86.5 77.2 76.2 68.4 83.1
£ IMCM[36] 52.0 923 623 91.3 81.3 80.4 65.2 88.0 85.1 51.6 83.2 46.1 66.4 75.8 78.2 57.8
g |[NegLabel[24] 65.7 85.5 66.8 91.3 67.4 88.2 66.6 88.3 60.6 87.8 80.6 78.6 88.0 48.3 76.4 71.6
ZLaP[44] 70.1 81.7 67.0 84.7 67.8 83.6 68.3 83.3 88.2 52.8 723 66.4 774 90.0 79.3 69.7
GSP 75.8 63.0 76.5 77.6 83.6 61.6 78.6 67.4 90.6 38.9 70.7 64.0 79.7 93.7 80.4 65.5

Table 1. Evaluation of OOD detection for ScanObjNN and ShapeNetCore datasets. Each column title for SR/SN indicates the chosen

known class set and the rest sets of SR/SN are unknown.

mance using two widely adopted metrics: AUROC and
FPR95. AUROC calculates the area under the receiver op-
erating characteristic curve, with higher values indicating
better performance. FPR95 measures the false positive rate
at a true positive rate of 95%, with lower values reflecting
improved performance.

4.2. Results on OOD Detection

Analysis of ScanObjNN Results: From the results pre-
sented in Tab. 1, we derive several key insights. i) Our
proposed method demonstrates highly competitive perfor-
mance under the zero-shot protocol, achieving an improve-
ment of over 5% in AUROC compared to ULIP2, which
uses cosine distance directly as an OOD score. This sub-
stantial enhancement suggests that employing a manifold-
based approach significantly enhances the differentiation
between OOD samples and ID classes. ii) Our few-shot re-
sults are equally impressive, rivaling even fully supervised
methodologies. Notably, with 5-shot training samples, our
method attains an average AUROC of 86.6%, surpassing the
best fully supervised method, Cosine proto, which scores
83.6%, by a margin of 3%. Furthermore, when integrating
all available training samples into the graph, our approach
achieves an outstanding average AUROC of 91.8%. iii) A
noticeable 5% gap in average AUROC is observed between
our zero-shot and 1-shot methods. This gap underscores
the critical role of incorporating real in-distribution samples
in effectively distinguishing OOD samples. Consequently,
practitioners are advised to introduce at least a few ID sam-
ples for OOD detection, in addition to leveraging Vision-
Language Models (VLMs).

Analysis of ShapeNetCore Results: The results for
ShapeNetCore, as shown in Tab. 1, lead us to several ob-

Sydney nuScenes S3DIS
Method AUROCT FPR95| | AUROCT FPR95| | AUROCT FPR95]

ULIP[54] 63.4 81.7 532 93.3 53.1 95.1
ULIP2[55] 66.2 83.7 64.2 93.0 62.5 92.3
DDCS[57] 61.8 87.3 62.2 91.2 62.5 92.5
MCM[36] 65.7 82.4 57.1 82.3 65.2 88.1
NegLabel[24] 58.4 92.7 69.7 81.6 55.4 85.4
ZLaP[44] 58.5 80.6 70.0 87.9 71.3 88.4
GSP 72.5 68.9 80.8 80.7 77.6 94.0

Table 2. Zero-shot OOD detection results on the Sydney Urban
Objects dataset, nuScenes dataset and S3DIS dataset.

servations. i) Unlike the findings from the ScanObjNN
dataset, the performance gap between the leading baseline,
ULIP, and our method under the zero-shot protocol is rela-
tively narrow, approximately 0.5%. This modest improve-
ment can be attributed to the substantial overlap between
the downstream and pre-training datasets used in Vision-
Language Models (VLMs). Specifically, ULIP/ULIP2 are
pre-trained on ShapeNet, which shares significant common-
alities with ShapeNetCore, thereby impacting OOD de-
tection capabilities. Despite this, the slight enhancement
achieved by our method underscores the utility of leverag-
ing data manifolds to improve the differentiation of OOD
samples. ii) A marked enhancement in performance is ob-
served when few-shot samples are available. For instance,
introducing 1-shot training samples results in nearly a 7%
increase in average AUROC, while 5-shot samples yield an
impressive 15% improvement. This highlights the critical
role of few-shot learning in enhancing model performance.
Analysis of Additional Real-World Datasets: The zero-
shot OOD detection results for the Sydney Urban Objects
dataset [11] and nuScenes Dataset [7], presented in Tab. 2,
reinforce our previous conclusions. Our method consis-
tently outperforms all competing approaches in zero-shot
OOD detection, demonstrating the efficacy of utilizing test-
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ing data manifolds, particularly when there is a substantial
shift between the downstream task and the pre-training data.
This finding emphasizes the robustness of our approach in
adapting to significant distributional shifts in real-world ap-
plications. For S3DIS [4], GSP achieves the highest AU-
ROC, outperforming all baselines by a significant margin
(e.g., +12.4% over MCM). This suggests superior ability to
distinguish between classes across all decision thresholds.
However, GSP’s FPR95 (94.0%) is slightly higher than
ULIP (95.1%), indicating that while GSP excels in overall
classification, it faces challenges in suppressing false posi-
tives when operating at a 95% true positive rate.

Further Insights Synergizing All Results: By compar-
ing the outcomes from the ScanObjNN, Sydney Urban Ob-
jects, S3DIS, nuScenes and ShapeNetCore datasets, we de-
rive several overarching insights. i) There is a notable cor-
relation between the distribution shift from pre-training to
downstream datasets and the efficacy of manifold exploita-
tion for OOD detection. This can be attributed to several
factors. Firstly, when pre-training is conducted on datasets
that closely resemble the downstream datasets, the con-
trastive training loss effectively aligns text prompts with vi-
sual features, resulting in a well-defined separation between
ID and OOD samples. Conversely, in scenarios where the
distribution shift is more substantial, VLMs may struggle
to accurately quantify the distance between ID text prompts
and visual samples. In such cases, leveraging the testing
data manifold becomes essential to enhance the calibration
of prompt-to-visual feature distances, thereby improving
OOD detection performance.

4.3. Ablation Study

We begin by analyzing the performance of three Out-of-
Distribution (OOD) detection methods: Cosine Similarity,
Shortest Path, and Label Propagation. As shown in Tab. 3,
we employ the ULIP2 backbone for extracting text and
point cloud features and evaluate these methods for OOD
scoring. The approach of directly computing the maxi-
mal normalized cosine similarity between text and point
cloud features yields a baseline performance. Substitut-
ing cosine similarity with the shortest path metric results
in a performance increment, albeit modest. It is notewor-
thy that the shortest path is computed using Dijkstra’s al-
gorithm, and the reciprocal of manifold distance serves as
the OOD score. Lastly, we introduce a label propagation
method to determine the OOD score. The experimental out-
comes in Tab. 3 demonstrate that integrating graph-based
information via label propagation significantly enhances the
model’s ability to differentiate between In-Distribution (ID)
and OOD categories. This suggests that graph-based meth-
ods provide a more nuanced understanding of the feature
space, leading to improved OOD detection capabilities.

OOD Det. Mthd. | Prompt Clust. Neg. Prompt | AUROCT FPR95|

Cosine Dist. - - 732 76.7
Manifold Dist. - - 74.1 73.0
Score Prop. - - 76.4 72.6
Score Prop. v - 77.2 73.6
Score Prop. - v 71.3 71.4
Score Prop. v v 78.6 67.4

Table 3. Ablation study on ScanObjNN dataset.

-8-SR3 -e-SR2 SR1 -e-Average --SR3 -e-SR2

% _e——3§ .
N
8 85 Lo
% 80 E 0
< g5 =0

70 30
0 f 16 0 1 2 4 8 16

2 4 8
Number of shots in each set Number of shots in each set

(€)) (b)

Figure 3. Few-shot OOD detection on the ScanObjNN dataset. (a)
Results on AUROC metric. (b) Results on FPR95 metric.
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4.4. Further Analysis

Few-shot OOD Detection: To evaluate the performance
of label propagation in few-shot OOD detection, we incor-
porated a subset of training data from the 3DOS training
dataset, treating them as in-distribution categories. The out-
comes, presented in Fig. 3, show the effects of varying the
number of training samples used in label propagation, with
all samples randomly selected from the training dataset.
The results indicate that as the number of training samples
increases, OOD detection performance improves and even-
tually stabilizes.

Qualitative Analysis: To validate our method, we visual-
ize sample predictions and scores from baseline method and
our full GSP. As shown in Fig. 5, for easy-to-predict sam-
ples from the Real-world dataset, conventional distance-
based methods perform well. However, in challenging cases
(e.g., occlusions or missing parts), they often fail. In con-
trast, our method utilizes spatially proximate samples in
feature space for score propagation, ensuring accurate OOD
detection even in difficult scenarios. These qualitative re-
sults confirm the effectiveness and robustness of our ap-
proach.

Impact of Prompt Clustering: To illustrate the benefits
of prompt expansion via K-means clustering, we examined
how varying the number of prompts affects OOD (Out-
of-Distribution) detection. As depicted in Fig. 4 (a), we
experimented with different values of V. in the K-means
algorithm, where each N, value corresponds to a distinct
number of clusters, and consequently, a different number of
prompts. An increase in N, results in a greater number of
distinct prompts.

The results presented in the figure reveal that the quan-
tity of prompts considerably impacts OOD detection perfor-
mance. Specifically, when N. = 6, the AUROC surpasses
78.7%. However, further increasing N, can negatively af-
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ScanObjectNN Dataset nuScenes Dataset

Easy-to-predict Hard-to-predict Easy-to-predict ~ Hard-to-predict

ID category

0.192
0.278

0.689
0.374

0.093
0.357

Distance-based score:  0.618
GSP score: 0.465

OOD category

0.148
0.074

0.396
0.054

Distance-based score:
GSP score:

0.174
0.072

0.431
0.127

Figure 5. Visualization of some samples for ScanObjectNN and
nuScenes Dataset with two methods predict scores. All scores are
normalized to 0-1.

fect the spatial alignment between text features and point
cloud features. This phenomenon is likely due to the fact
that typical prompts in Vision-Language Models (VLMs)
are generally standardized, with only occasional outliers.
Excessive clustering may isolate these outliers, leading to
a decline in performance.

In conventional VLM approaches, the mean text feature
vector is typically calculated for each category (equivalent
to setting N. = 1), achieving an average AUROC of less
than 78%. The findings in Fig. 4 (c) suggest that selecting
an appropriate N, enhances the model’s ability to differenti-
ate OOD categories, underscoring the advantages of prompt
clustering.

Effectiveness of Negative Prompting via Self-Training:
We conducted experiments to evaluate the effectiveness of
the proposed negative prompting. Using the ShapeNetCore
dataset, we explored the impact of self-training for nega-
tive prompting by varying the percentage of samples tagged
with pseudo labels, denoted as m% as introduced in Sec-
tion 3.3. In Fig. 4 (b), We observe a performance increase
from m = 1 up to m = 6, indicating that incorporating
negative prompts through self-training is an effective strat-
egy to leverage the manifold for score propagation. How-
ever, performance declines beyond m = 6, likely due to
the introduction of incorrect pseudo-negative prompts. This
highlights the importance of mitigating the effects of confir-
mation bias [3] to prevent the model from being adversely

Modelload + Text Feature Prompt Feature Build  Score Total

Datasetload ~ Extract Clusting Extract Graph Propagation| time
SR| 1552ms 2212ms  1128ms 2780ms 106ms 8ms 7786ms
SN| 1641ms 2459ms  1657ms 25031ms 671ms  34ms  [31493ms

Table 4. The inference time of the GSP on SR and SN.

affected.

Impact of K-Nearest-Neighbor. We compare performance
with different values of N;, Nearest Neighbors. As we can
see in Fig 4 (a), the results demonstrate that as the number
of N}, values increases, the OOD detection performance is
tend to be stable. While N, = 16 achieve the best perfor-
mance and Less than 8 or lager than 18 get the low results.
Computational Cost: We profiled each step and test the
inference time of GSP using a full GPU implementation in
Tab. 4. Experiments are carried out on a single RTX3090
GPU and a i7-12700k CPU. As observed, the graph-based
operations (Build Graph + Score Propagation) account for
only around 2% of the total inference time. The additional
computation cost introduced by graph operations is negligi-
ble compared with point cloud feature extraction.

5. Conclusion

In this work, we presented a novel training-free approach
to 3D point cloud OOD detection that effectively lever-
ages Vision-Language Models through Graph Score Prop-
agation. By constructing a graph that incorporates both
positive prototypes and pseudo-negative samples via self-
training, our method captures the underlying structure of the
testing data manifold. This approach allows for the propa-
gation of informative OOD scores, thus surpassing existing
distance-based techniques. Empirical results across mul-
tiple 3D point cloud datasets demonstrate the robustness
and adaptability of our framework, particularly in zero- and
few-shot settings. The GSP method addresses key limita-
tions in prior OOD approaches by reducing dependency on
extensive in-distribution training data while achieving high
accuracy. Future work could explore further enhancements
through dynamic graph updates, enabling real-time OOD
detection in continuously evolving environments.
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