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Abstract

Existing point cloud semantic segmentation networks
cannot identify unknown classes and update their knowl-
edge, due to a closed-set and static perspective of the
real world, which would induce the intelligent agent to
make bad decisions. To address this problem, we propose
a Probability-Driven Framework (PDF)1 for open world
semantic segmentation that includes (i) a lightweight U-
decoder branch to identify unknown classes by estimating
the uncertainties, (ii) a flexible pseudo-labeling scheme to
supply geometry features along with probability distribution
features of unknown classes by generating pseudo labels,
and (iii) an incremental knowledge distillation strategy to
incorporate novel classes into the existing knowledge base
gradually. Our framework enables the model to behave like
human beings, which could recognize unknown objects and
incrementally learn them with the corresponding knowl-
edge. Experimental results on the S3DIS and ScanNetv2
datasets demonstrate that the proposed PDF outperforms
other methods by a large margin in both important tasks of
open world semantic segmentation.

1. Introduction
In recent years, deep learning for 3D point clouds

has attracted increasing interest due to its great potential
in various applications, such as virtual/augmented reality,
robotics, autonomous driving, etc. Taking advantage of the
emergence of high-quality datasets [2, 3, 5, 9] and advances
in point cloud networks [21, 33, 34, 41, 44], the seman-
tic segmentation task for point clouds has achieved promis-
ing performance in several important metrics. Most existing
methods work under the strong assumption that the world is
closed-set and static, which supposes that all the object cat-
egories remain consistent in both the training and inference
stages. However, the assumption is not valid for many dy-

*Corresponding author
1Code available at: https://github.com/JinfengX/PointCloudPDF.

Figure 1. The closed-set model MC continuously improves its
open-world capabilities by successively finetuning to open-set
model MO and open-world MI with the help of open-set se-
mantic segmentation (OSS) task and incremental learning (IL)
task, where the proposed pseudo-labeling scheme and incremental
knowledge distillation strategy are employed, respectively.

namic real-world scenarios in which unknown object classes
will be encountered outside the learning process. Intelligent
agents could make wrong decisions under a closed-set de-
sign due to incorrect recognition of unknown classes. More-
over, the agent cannot update its knowledge base under a
static perception of the world, while humans can contin-
uously extend their learned knowledge without forgetting.
These problems limit the closed-set and static methods to
particular scenarios.

The open world semantic segmentation (OWSS) ad-
dresses the above issues by introducing two tasks: 1) open-
set semantic segmentation (OSS) to recognize the known
objects and identify unknown objects simultaneously; 2) in-
cremental learning (IL) to update knowledge of the model
without retraining from scratch when information about the
identified unknown classes would be accessible. Notably,
the OSS focuses on identifying unknown classes not present
during training, while OWSS addresses both unknown iden-
tification and continuous learning when novel classes with
ground-truth labels are provided in IL task. Thus, OWSS
can be considered as an extension of OSS. Fig. 1 shows the
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OWSS pipeline for point clouds with an example, where
unknown objects are marked with red circles.

Early works on the OSS task mainly focus on the 2D
image domain. Uncertainty estimation-based methods [12,
14, 15] and generative network-based methods [20, 30, 45]
are two main trends for the 2D OSS task. However, these
methods suffer from performance loss when applied in 3D
scenes. Although the OWSS problem has gained more at-
tention for relaxing the assumption of realistic application,
few studies have investigated it in 3D scenes. Cen et al. [7]
first proposed a REAL framework to solve both OSS and
IL tasks in a general architecture, making redundancy clas-
sifiers an important part of the framework. Li et al. [27]
proposed an Adversarial Prototype Framework (APF) to es-
timate the distribution of unknown classes with the help of
learned prototypes. Although REAL and APF have made
satisfactory progress in the OSS task, they have drawbacks
when applied to indoor 3D scenes, as discussed in Sec. 2.3.

The present insufficient research situation motivates
us to propose a novel OWSS framework, named the
Probability-Driven Framework (PDF) for point clouds,
which leverages the probability output (the last-layer out-
put of the backbone) to solve both the OSS task and the
IL task. As shown in Fig. 1, for the OSS task, we iden-
tify the unknown objects by learning the geometry features
and the implicit probability distribution features of the un-
known classes with our proposed pseudo-labeling scheme.
After that, the model incrementally expands its knowledge
base through our proposed incremental knowledge distilla-
tion strategy for the IL task. This process transforms previ-
ously acquired knowledge along with the information from
novel classes in a distilled manner. The quantitative and
qualitative results show the superiority and effectiveness of
our framework compared to the state of the arts. Overall,
our contributions can be summarized as follows:
• We propose a novel probability-driven framework (PDF)

for open world semantic segmentation of point clouds. It
requires less strict conditions in real-world applications.

• We propose a novel pseudo-labeling scheme designed for
the OSS task to capture features of unknown classes by
leveraging probability outputs. This approach enhances
the model’s ability to recognize unknown objects.

• We propose a general incremental knowledge distillation
strategy for the IL task to incorporate novel semantic
classes into learned knowledge incrementally.

2. Related Work

2.1. Closed-set 3D semantic segmentation

Recent 3D semantic segmentation methods can be
broadly categorized into projection-based methods, voxel-
based methods and point-based methods.

Projection-based methods [1, 38, 46] use 2D CNNs to

extract features from projected 3D scenes or shapes and
then aggregate these features for label regression. Voxel-
based [8, 10, 13, 31, 36, 37] methods employ 3D convo-
lutions to predict semantic occupancy within a voxelized
representation of the 3D scenes or shapes. Point-based
methods [17, 18, 24–26, 28, 35, 40, 41, 43, 47, 48] handle
the segmentation task with efficient point cloud represen-
tation. Pioneering point-based methods [33, 34] employed
Multi-Layer Perceptrons (MLPs) with symmetric functions
to capture geometric features. With the popularity of Trans-
formers, recent methods [21, 22, 32, 39, 44, 49] have used
similar mechanisms to improve segmentation accuracy.

In particular, the aforementioned methods focused pri-
marily on the closed-set and static settings, However, the
real world presents a dynamic environment in which novel
objects of unknown classes may be encountered. Closed-
set approaches have high confidence in recognizing known
classes, but struggle to identify features of unknown classes.
Additionally, these approaches cannot update their models
for novel classes. Thus, these issues motivate us to design
PDF to train an open-world model with the capability of
identifying unknown objects and continuous learning.

2.2. Open-set 2D semantic segmentation

Early research of 2D open-set semantic segmentation
(OSS) established robust baselines to estimate model uncer-
tainties using maximum softmax probabilities (MSP) [14]
or maximum logit (MaxLogit) [15]. MC-Dropout [12] and
Ensembles [23] improved performance by approximating
Bayesian inference, adopting a probabilistic perspective.
Wang et al. [42] and Zhou et al. [50] introduced redundancy
classifiers to widen the gap between known and unknown
classes. Instead of quantifying uncertainties of unknown
classes, the generative methods [20, 30, 45] locate unknown
objects by comparing the original inputs against the recon-
structed outputs of the generative models. Hwang et al. [19]
proposed an exemplar-based approach for identifying novel
classes by clustering. Cen et al. [6] proposed to learn class
prototypes using contrast clustering and then calculated the
similarities of the features within the metric space.

Recent years have witnessed the rapid development of
2D OSS, and these methods have shown robustness, making
them applicable to 3D OSS. However, these methods could
not handle the 3D OSS task well enough due to neglect of
the special contextual information and an unbalanced se-
mantic distribution in 3D scenes.

2.3. Open world 3D semantic segmentation

The open-world problem was first formulated in [4],
which combines open-set recognition with incremental
learning technology to extend the existing deep learning
network to real-world settings. As far as we know, rarely
works have investigated the 3D open world semantic seg-
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mentation (OWSS). Cen et al. [7] first proposed a novel
framework called REAL to address the OWSS task for Li-
dar point clouds. REAL adds several redundancy classi-
fiers (RCs) to the backbone to predict the probability of
unknown classes. The RCs are trained with a calibration
loss to uniformly force the probability distribution to the
unknown classes. Meanwhile, REAL uses the instance of
known classes to synthesize unknown objects by randomly
resizing, which supplies geometric features for RCs. Then
the model in the OSS task is saved to supply previously
learned knowledge for the IL task. Very recently, Li et
al. [27] proposed an adversarial prototype framework (APF)
that designs a feature adversarial module and a prototypical
constraint module to aggregate the features of known and
unknown classes. The APF achieved better performance on
the 3D OSS task, while no further research has been con-
ducted on the IL task.

Both REAL and APF try to implicitly rearrange the dis-
tribution of features to enlarge the gap between the known
classes and the unknown classes. However, the geometry
structures of the unknown objects, as well as the associated
probability distribution of the unknown classes, are ignored.

3. Open World Semantic Segmentation
In this section, we formalize the definition and give

the working pipeline of open world semantic segmentation
(OWSS) in 3D point clouds. At any time t, we assume that
the set of known object classes Kt = {1, 2, · · · , C} ⊂ N+

is labeled in the training datasets. In addition, there is a
set of unknown classes U t = {C + 1, · · · } that may be en-
countered in the inference stage. Each sample in the dataset
is paired with a point cloud Pi = {p1, · · · ,pN} and its as-
sociated label Yi = {y1, · · · , yN}, where yi ∈ Kt is class
label for point pi and N is the number of points. Here, each
point pi is composed of a point coordinate (xi, yi, zi) and c
channels features (fi1, · · · , fic).

As discussed in Sec. 1, a closed-set model MC trained
with known classes Kt fails to recognize unknown object
classes U t under the OWSS condition. However, the closed-
set model MC can be adapted to open-world applications
by introducing the open-set semantic segmentation (OSS)
task and incremental learning (IL) task. During the OSS
task, the model MC will be finetuned to open-set model
MO, which predicts the label of the points of the known
classes Kt and identifies the points belonging to any of the
unknown classes U t. For the IL task, the points of identi-
fied unknown objects are annotated with novel class labels
Kn = {C + 1, · · · , C + n} ⊂ U , where n is the number of
novel classes. Then the model MO is incrementally fine-
tuned to the model MI with Kn so that the knowledge base
is enlarged to Kt+1 = Kt + Kn. Considering privacy pro-
tection and computation limitation in the open-world set-
ting, the model MI can only access Kn during its training

process. Note that the model MI maintains the open-set se-
mantic segmentation ability without forgetting all the previ-
ously learned knowledge. This pipeline of OSS and IL task
cycles in life-long time to continuously update the open-
world semantic segmentation model.

4. Probability-Driven Framework

Figure 2 shows the high-level overview of our proposed
probability-driven framework (PDF) for open world seman-
tic segmentation (OWSS) of point clouds. Our framework,
which is composed of two stages, addresses the open set
semantic segmentation (OSS) task in the first stage (high-
lighted in blue color) and the incremental learning (IL)
task in the second stage (highlighted in green color). The
encoder-decoder structure is adopted as our backbone in
both the OSS and IL tasks.

For the OSS task, we first feed the raw point cloud
Pin ∈ RN×(3+c) with N points and c channel features into
the backbone for the semantic segmentation output OS ∈
RN×C , where C ∈ Kt is the number of known semantic
classes. Note that we treat OS as the probability output
whose vectors could represent the semantic probabilities of
the corresponding classes. Meanwhile, we send the back-
bone features to our designed lightweight U-decoder for the
estimated uncertainties OU ∈ RN×1 of OS . Then, we ob-
tain pseudo masks through a pseudo-labeling scheme which
will be detailed in Sec. 4.2 The pseudo masks are used
to generate the pseudo ground truth by masking the corre-
sponding labels of known classes with maxKt+1. Finally,
the semantic output OS is supervised by closed-set ground
truth that only includes known classes. For better perfor-
mance, the uncertainty output OU is concatenated with OS ,
then jointly supervised by the pseudo ground truth. The
trained model MO will be saved for the following IL task.

During the IL task, only the labels of n novel classes
Kn are accessible. The number of backbone’s head is cor-
respondingly extended by n to recognize the newly intro-
duced classes. The input point clouds are then fed into the
saved open-set model MO and open-world model MI for
output OI and Ot+1

S , respectively. The output of the open-
world model Ot+1

S is supervised by distilled ground truth,
which is generated by the proposed incremental knowledge
distillation strategy (detailed in Sec. 4.3) from OI and novel
class labels. Note that the open-set task is still in an active
state to maintain the open-set capability when training the
open-world model.

At the inference stage, the model prediction Ŷ is given
based on the semantic segmentation output OS and the es-
timated uncertainties OU :

Ŷ =

{
argmaxOi

S , Oi
U < λ

maxKt + 1, Oi
U > λ,

(1)
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Figure 2. (a) Architecture of the
probability-driven framework.
Given an input point cloud Pin,
the architecture produces semantic
results OS and uncertainty re-
sults OU , which are respectively
supervised by closed-set GT and
pseudo GT in the open-set semantic
segmentation task (marked in
blue). During incremental learning
task (marked in green), OS is
further supervised by distilled
GT. (b) Pipeline of incremental
knowledge distillation. (c) Pipeline
of pseudo-labeling scheme, which
consumes OS and outputs pseudo
mask for unknown classes.

where λ is the threshold to determine whether the i-th point
belongs to unknown classes. Next, we present each compo-
nent of the proposed PDF in detail.

4.1. Open-set 3D semantic segmentation (OSS)

Given a point cloud Pin, the OSS task aims to train an
open-set model MO to predict per-point semantic labels
from the probability output OS , as well as detect unknown
objects by estimating the uncertainties OU of the segmen-
tation results OS . Figure 2 (a) illustrates the pipeline of the
OSS task, Pin is first fed into an encoder to extract sparse
features F with downsampling and embedding layers. Then
the features F are upsampled with a decoder to regress the
probability output OS . Closed-set labels YC are used to
calculate closed-set semantic segmentation loss LC :

LC = CE(OS ,YC), (2)

where CE(·) is the cross entropy loss function.
With OS in hand, some methods [6, 14, 15, 27] calculate

uncertainty scores for unknown classes with hand-crafted
discrimination functions. In contrast, we estimate the un-
certainties of OS using a lightweight U-decoder, which
has a structure similar to the backbone decoder. The U-
decoder consumes the encoder features F as input and fuses
the hidden layer output of the backbone decoder layers by
skip connections, which can fully leverage the extracted
geometric and scene-wise features of the backbone. The
output of the U-decoder OU describes how confident the
model is with its segmentation results OS . Please refer
to our supplementary material for detailed network archi-
tecture. To ensure the promising performance of the U-
decoder branch, we generate pseudo labels with our pro-
posed pseudo-labeling scheme (Sec. 4.2) to indicate the fea-
tures of unknown classes. However, these pseudo labels
are not used directly for supervision due to the potential
risk that leads to an unbalanced distribution on OU . We

thus combined the pseudo labels with closed-set labels by
mask operation to obtain the pseudo ground truth YP . Then
we employ the cross entropy loss on the concatenated U-
decoder branch output OU and the semantic output OS :

LP = CE(OS ⊕OU ,YP ), (3)

where ⊕ is the concatenation operation. The overall open-
set semantic segmentation loss LO consists of both LC and
LP , which are balanced with parameter α:

LP = LC + αLP . (4)

4.2. Pseudo-labeling scheme

The goal of the pseudo-labeling scheme is to generate
pseudo labels of unknown classes by leveraging probabil-
ity output OS to supervise the uncertainty output OU of
U-decoder. As shown in Fig. 2 (c), we first obtain the un-
certainties of points to measure the uncertainties of objects.
Hendrycks et al. [14] found that known examples tend to
have a higher maximum softmax probability (MSP) than
unknown examples. Thus, we use the MSP to calculate the
uncertainty score S of the i-th point pi:

S(pi) = maxk(expOik
S /

∑
j
expOij

S ), (5)

where Oij
S is the probability of pi belonging to the j-th se-

mantic class and maxk(·) calculates the max value of the
dimension where the index k is located. In particular, max-
imum logit (MaxLogit) [15] can also be used to calculate
uncertainty scores. Then, the HUA algorithm locates the
unknown areas based on the per-point uncertainty scores.
The unknown areas usually cover both unknown objects and
their surrounding points that belong to the background or
other objects. Thus, we further separate unknown objects
from the other points by designing the GBD algorithm.
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Heuristic unknown-aware algorithm. The HUA algo-
rithm takes OS as input and outputs pseudo labels that indi-
cate the unknown area. The key idea of HUA is that the un-
certainty scores of known objects are probably higher than
the uncertainty scores of unknown objects. Therefore, un-
known objects tend to be located in the area with lower un-
certainty scores. In contrast to cropping the unknown areas
with a fixed parameter, we start the unknown area search
process with a set of seeds and then heuristically find the
unknown area until the stop condition.

Specifically, assume that we already have the uncertainty
scores S(OS) ∈ RN×1 of all N points from the proba-
bility output OS by Eq. (5). We sort S(OS) in ascend-
ing order and select m (m ≪ N ) seed points among the
top p percent of the sorted S(OS). The selected seeds
P0 =

{
p0
1, · · · ,p0

m

}
got a promising low uncertainty

score, which establishes the start conditions of the HUA al-
gorithm. Then, we iteratively merge more points into P0 to
construct a point set with a low average uncertainty score,
ensuring the incorporation of the majority of points associ-
ated with unknown classes into this set. Let us start the iter-
ation with P0. We search for the k nearest neighbors of P0

and measure the similarity between the seeds P0 and their
neighbors NN(P0) =

{
nn(p0

1), nn(p
0
2), · · · , nn(p0

m)
}

with the distance value and the uncertainty score. Here,
nn(p0

i ) =
{
p0
i1,p

0
i2, · · · ,p0

ik

}
∈ Rk×3 are the k neigh-

bor points of p0
i . The distance similarity matrix Simdis of

Ps and NN(P0) are formulated as:

SimD =

(
∥pi − nn(pi)∥2

max ∥pi − nn(pi)∥2

)
∈ Rm×k, (6)

where pi ∈ P0. To accurately represent the similarity of
uncertainty scores, we utilize a negative exponent function
to calculate the uncertainty score similarity matrix SimU :

SimU = exp (−|S(pi)− S(nn(pi))|) ∈ Rm×k. (7)

The overall similarity matrix is given as:

Sim
(
P0, NN(P0)

)
= SimD + SimU . (8)

The seed points P0 preferentially pick neighbors with high
similarity from the matrix for updating. Empirically, we en-
large P0 to P1 ∈ Rm1×3 (m1 > m) with the points whose
similarity values are in the top 50% of Sim

(
P0, NN(P0)

)
.

Recall that the HUA algorithm starts from a small set of
seed points P0 with almost the lowest uncertainty scores.
Thus, the average value of the uncertainty score of P0 will
increase due to the heuristic search process. Generally, we
expect the average uncertainty score of the s-th iteration
output Ps to be below the average uncertainty score of the
input points Pin. Based on the Eq. (5), the stop condition
of the s-th iteration is given as:∑

S(pi) <
∑

S(pj)− λ · σ
(∑

S(pj)
)
, (9)

where pi ∈ Ps, pj ∈ Pin, σ(·) is the standard deviation
function and λ is the hyperparameter to adjust the stop con-
dition. Naturally, when λ increases, the HUA has a more
strict stop condition, i.e., the HUA output has lower uncer-
tainty scores, which reduces the range of unknown areas.

3D graph boundary detection algorithm. The unknown
areas obtained by HUA include not only unknown objects
but also other points of the background or known objects,
which leads to pollution on the features of the unknown
classes. To address this issue, we design a 3D graph bound-
ary detection (GBD) algorithm to separate the unknown ob-
jects from other surrounding points by detecting the bound-
aries of the unknown objects. Unlike 2D images, where pix-
els are tightly and neatly arranged, point clouds consist of
irregularly positioned points with complex geometry struc-
tures, rendering traditional boundary detection algorithms
ineffective. However, we could construct a 3D “image”
based on the graph structure by embedding points into an
undirected graph and perform 3D boundary detection on
this “image” by applying the idea of 2D boundary detec-
tion algorithm, which finds boundaries using the gradient
produced from the difference between adjacent pixels.

Specifically, given the output of HUA algorithm Ps, we
first obtain the similarity value between Ps and their neigh-
bors NN(Ps) by Eq. (6), Eq. (7) and Eq. (8). Then we
embed each point of Ps in an undirected graph G with the
similarity matrix Sim (Ps, NN(Ps)):

G = {Ps, Sim (Ps, NN(Ps))} , (10)

where Ps and Sim (Ps, NN(Ps)) are the nodes and the
edge weights of G respectively. Note that, directly dealing
with G is inefficient, thus we crop the redundancy edges
by searching the minimum spanning tree (MST) T of G.
The MST connects all the nodes of G with minimum sum
weights of existing edges, i.e., the nodes tend to connect
with their least similar neighbors.

As aforementioned in Sec. 4.2, the unknown classes tend
to have lower uncertainty scores than known classes. Fur-
thermore, we find that the uncertainty scores of the un-
known classes are distributed in a wider region with lower
values compared to the known classes. Thus, nodes of
known classes probably get larger edge weights than nodes
of unknown classes according to Eq. (6), Eq. (7) and Eq. (8),
as demonstrated in Fig. 3. When the edges with high
weights are cut off, most of the nodes belonging to known
classes are isolated. On the contrary, nodes belonging to
unknown classes still preserve most of the edges, which are
easy to distinguish from isolated nodes. To achieve this
goal, we approximately fit the overall distribution of the
edge weights with a Gaussian Mixed Model (GMM):

p(x) =

2∑
k=1

πkN (x|µk, σk), (11)
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Figure 3. Edge weights distribution. The edges’ weights be-
tween nodes of known classes are distinct from unknown classes.
The distribution is approximately fitted with a Gaussian mixed
model, and divided by the threshold µ1 − ϵσ1 derived from the
3σ criteria.

where πk, µk and σk are the weight, mean and variance
of the k-th Gaussian component respectively. Assuming
that the distributions of the known classes and unknown
classes are N (x|µ1, σ1) and N (x|µ2, σ2) respectively, we
have µ1 > µ2 and σ1 < σ2. Then, the edges whose weights
are larger than µ1 − ϵσ1 are cut off to split T into a group
of subgraphs. Here, µ1 − ϵσ1 are the 3σ outlier detection
criteria. Finally, we obtain the unknown objects by merging
the subgraphs whose number of nodes is not rejected by the
outlier detection algorithm.

4.3. Incremental learning (IL)

IL task aims to finetune the open-set model MO to the
open-world model MI by learning introduced novel class
Kn without losing the open-set semantic segmentation abil-
ity. Importantly, the training data only contains unknown
classes at this stage to prevent retraining the model from
scratch. Finetuning the model with only the labels of Kn

will lead to an erroneous prediction tendency for the novel
classes, which is called catastrophic forgetting [11]. To
alleviate knowledge forgetting, the open-set model MO

in open-set semantic segmentation (OSS) task is used as
a teacher model to supply the knowledge of previously
learned C known classes for the IL task. Inspired by knowl-
edge distillation [16], we transform knowledge from MO to
MI by minimizing the distribution of probability output.

As shown in Fig. 2 (b), the input point cloud Pin is sent
into MO and MI for the probability output OI and Ot+1

S ,
respectively. The output OS is used to generate pseudo
probability labels YI = {y1,y2, · · · ,yN} for each input
point, where N is the number of points. Each pseudo prob-
ability label yi is obtained by distilling the corresponding

soft target oi
I ∈ OI :

yi = D(oi
I , T ) =

[
exp(oic

I /T )∑
c exp(o

ic
I /T )

]
∈ R1×C , (12)

where oic
I is the probability of oi

I belonging to the c-th se-
mantic class and T is the distillation temperature. Then, we
transform the labels of novel classes to one-hot format la-
bels EI for incorporating with YI . By masking YI with EI ,
we get the distilled ground truth YD :

YD =

{
YI , if Ypi

̸∈ Kn

EI , if Ypi
∈ Kn,

(13)

where Ypi
is the label of point pi. In this way, we obtain the

previously learned knowledge and the new knowledge by
combining the labels of novel classes with generated pseudo
probability labels. The semantic segmentation loss of the IL
task LI is calculated by KL-divergence, which minimizes
the probability distribution of Ot+1

S and YD:

LI =
∑

ot+1
i ,yi

D

D(ot+1
i ) log

(
D(ot+1

i )

yi
D

)
, (14)

where ot+1
i ∈ Ot+1

S and yi
D ∈ YD.

5. Experiments
5.1. Datasets

We conduct experiments on the S3DIS [2] and Scan-
Netv2 [9] datasets for both the open-set semantic segmen-
tation (OSS) task and the incremental learning (IL) task of
the open world semantic segmentation (OWSS) problem.
S3DIS comprises 271 point cloud scenes, which are anno-
tated with 13 semantic classes. ScanNetv2 includes 1613
indoor scans annotated with point-wise semantic labels in
20 categories. For the OSS task, we follow the APF [27] to
select {window, sofa} as the unknown classes in S3DIS. In
addition, more classes including {chair, door, refrigerator,
toilet} are labeled as unknown classes in ScanNetv2. All
unknown classes are annotated with the label “-1”. For the
IL task, the labels of the unknown classes are introduced
with newly assigned labels to update the open-set model.

5.2. Evaluation metrics

The OSS is composed of closed-set segmentation
task and unknown class identification task as discussed
in Sec. 4.1. We employ the mean class IoU (mIoU) for the
former task. The latter task adopts the area under the ROC
curve (AUROC) and area under the precision-recall curve
(AUPR) as metrics. To evaluate the performance of IL, we
employ mIoU for both previously learned known classes
and newly introduced classes, which are denoted as mIoUold
and mIoUnovel respectively.
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Table 1. Open-set semantic segmentation results of 3D point clouds on S3DIS and ScanNetv2. We use the results in APF and mark these
results with “*”. The unavailable results are marked with “-”. The best results are in bold in each metric.

Methods
S3DIS ScanNetv2

PointTransformer StratifiedTransformer PointTransformer StratifiedTransformer

AUPR AUROC mIoU AUPR AUROC mIoU AUPR AUROC mIoU AUPR AUROC mIoU

MSP 15.2* 70.3* 69.8* 16.7 72.4 70.5 35.6 75.0 64.5 36.8 77.8 64.9
MaxLogit 17.5* 74.3* 69.8* 30.1 81.0 70.5 44.2 78.1 64.5 49.5 82.7 64.9
MC-Dropout 18.2* 75.9* 69.8* 16.4 68.6 69.0 17.8 57.0 60.4 40.9 79.2 61.3
DMLNet 20.5* 80.7* 67.2* 17.4 66.3 70.4 36.6 76.8 63.5 30.3 76.1 61.6
REAL 25.4* 87.6* 69.7* 50.9 87.1 70.4 42.4 87.3 63.9 58.1 90.3 64.9
APF 31.6* 90.0* 69.3* - - - - - - - - -

Ours 73.1 96.2 68.6 66.4 92.7 70.3 60.2 86.0 64.2 67.8 90.9 64.4

5.3. Implementation details

We apply our proposed probability-driven framework
(PDF) on two backbones: PointTransformer [49] and Strat-
ifiedTransformer [21]. We implement the networks in Py-
Torch and trained on 4 Nvidia RTX 3090 GPUs for 3000
(on S3DIS) and 600 (on ScanNetv2) epochs with batch size
of 16. During IL task, we further finetune the network
for about 200 epochs. The SGD and Adam optimizer are
used for PointTransformer and StratifiedTransformer, re-
spectively. The balance parameter α in Eq. (4) is set to
0.001. In S3DIS dataset, we respectively set m, p and λ
as 20, 0.02 and 1.0 for the heuristic unknown-aware (HUA)
algorithm in Sec. 4.2. In the ScanNetv2 dataset, n, p and λ
in HUA increase to 200, 0.15 and 2.0, respectively, due to
a higher percentage of points belonging to unknown classes
in scenes against S3DIS.

5.4. Open-set semantic segmentation

We first compare our proposed PDF with all existing 3D
OSS methods, including REAL [7] and APF [27]. In addi-
tion, we further adapt 2D OSS methods, such as MSP [14],
MaxLogit [15], MC-Dropout [12] and DMLNet [6], to ad-
dress 3D OSS tasks. For APF, the code is not released for
now, we thus directly use the evaluation values published in
their original paper for comparison on S3DIS.

Table 1 shows the comparison results. MSP and
MaxLogit achieve the best performance in the mIoU met-
ric because there is no modification to the networks. Our
method obtained significantly better performance on the un-
known class identification task across all experiments, with
a slight sacrifice to the closed-set semantic segmentation re-
sults. Note that we trained PointTransformer in the S3DIS
dataset and got 69.2 on the mIoU metric, which is lower
than the value supplied in APF. DMLNet and MC-Dropout
have slightly lower mIoU than other methods, which may be
caused by the negative influence of modifications to the ar-
chitecture and training process. The results presented above
demonstrate that the proposed PDF is capable of enhancing

Table 2. Incremental learning results on S3DIS. There are 11
previously known semantic classes and 2 novel classes (window,
sofa). The mIoU, mIoUnovel and mIoUold are mean class IoU of all
classes, previous known classes and novel classes, respectively.

Methods mIoU mIoUnovel mIoUold

Closed-set 58.6 0 69.2
Upper bound 70.1 72 69.8

Finetune 0.5 3.0 0.0
Feature extraction 57.3 9.5 66.1
LwF 62.3 23.9 69.2
REAL 68.9 61.3 70.3

Ours 69.4 64.3 70.3

the overall balance between closed-set segmentation and
unknown class identification.

Figure 4 further shows the qualitative comparisons on
two datasets, where the top scenes are from S3DIS and
the bottom scenes are from ScanNetv2. Clearly, the un-
known objects identified by our method (g) are closest to
the ground truths (a) against others (b-f). More visual re-
sults are shown in our supplemental file.

5.5. Incremental learning

Since most OSS methods are not involved in the IL task,
we thus carry out experiments on S3DIS with the methods
designed for the IL task, e.g. LwF [29] and Feature Extrac-
tion. We further compare the proposed PDF with REAL,
which is designed for OWSS, in terms of the IL task. The
result of directly finetuning the open set model MO to the
open-world model MI with only novel classes is reported
to illustrate catastrophic forgetting, as discussed in Sec. 4.3.
The closed-set result is derived from the model trained with
the known classes. Furthermore, the upper bound retrains
the model using both known and unknown classes, essen-
tially treating it as an oracle during the forward process. All
approaches are implemented on the PointTransformer.
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Figure 4. Comparing the open-set semantic segmentation (OSS) results of our method (g) and other OSS methods (b-f).

The results of the IL task are demonstrated in Tab. 2.
Directly finetuning the open-set model using novel classes
leads to serious bias, which incorrectly assigns the labels
of the novel class to all points, i.e., causes catastrophic
forgetting. Our method achieves the best performance in
both known classes and newly introduced classes compared
to the others, showing the effectiveness of the incremental
knowledge distillation strategy. Compared with the upper
bound, the knowledge of learned known classes is trans-
ferred to the open-world model without changing the net-
works, but experiences a performance degradation when it
comes to learning new categories. Further detailed results
on the IL task are shown in our supplemental file.

5.6. Ablation study

To evaluate the individual contribution of each compo-
nent in our framework, we perform ablation studies on
the ScanNetv2 dataset, utilizing the StratifiedTransformer
as the backbone. We re-trained the network separately
for following each experiment and reported the key results
in Tab. 3. Please refer to the supplementary material for
more details.
• Model A replaces the U-decoder with an MLP layer.
• Model B removes the semantic output OS in Eq. (3).
• Model C removes the pseudo-labeling and loss LP .
• Model D removes the GBD algorithm in Sec. 4.2.
By comparing model C & D vs. our full pipeline, we can
see that both HUA and GDB in the pseudo-labeling scheme
contribute to a better performance for open-set semantic
segmentation. In particular, the GDB algorithm can en-
hance both closed-set and open-set abilities, which can be
seen by comparing D with ours. By comparing model A
with our full pipeline, we can see that the designed U-
decoder can improve task performance. By comparing
models A & B, we find that the open-set task has a seri-
ous setback when uncertainty output OU is not supervised
together with probability output OS , which may be caused
by the imbalanced distribution in the supervisory signal.

Table 3. Comparing the contribution of major components in our
framework on ScanNetv2 using StratifiedTransformer.

Experiment AUPR AUROC mIoU

A 67.6 90.6 64.1
B 31.0 76.0 64.2
C 20.0 62.0 64.9
D 64.3 85.8 63.0

Ours 67.8 90.9 64.4

6. Conclusion

In this work, we present a novel Probability-Driven
Framework (PDF) for open world semantic segmentation
of 3D point clouds. Our framework addresses both open-
set semantic segmentation and incremental learning tasks,
by designing a lightweight U-decoder for estimating uncer-
tainties of unknown classes, a pseudo-labeling scheme to
generate ground truth for unknown classes, and an incre-
mental knowledge distillation strategy for integrating novel
classes into the existing knowledge base. Both quantita-
tive and qualitative results demonstrate that our framework
significantly outperforms the state-of-the-art. Nevertheless,
our method’s performance is constrained to capturing the
geometry and probability distribution of objects in outdoor
scenes, where sparse-occupied and severely incomplete ob-
jects are frequently misclassified with high confidence. In
the future, we shall explore the possibility of utilizing more
network features to improve task performance. We hope
that our work can attract more attention to this practically
significant open problem.
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