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Abstract

Numerous deep learning-based works focusing on 3D seman-
tic segmentation have been proposed and have achieved im-
pressive performance. However, due to catastrophic forget-
ting, existing methods degrade dramatically in a real-world
scenario where new 3D semantic categories are arriving con-
tinually. As such, applying typical class-incremental learn-
ing methods on 3D data can aggravate forgetting due to
their irregular and noisy geometric structure. Aiming to ad-
dress this realistic challenge, from the perspective of captur-
ing local topological characteristics and mitigating global se-
mantic shift, we propose a unified framework named Local
topological Alignment and Global semantic Deconstruction
(LAGD) to incrementally learn semantic knowledge of novel
3D categories while maintaining performance on previously
learned knowledge. Specifically, we develop a novel Inter-
action Topological-aware Alignment (ITA) to maintain the
learned knowledge efficiently by capturing the local geo-
metric characteristics with interacted adjacent state-specific
knowledge. Besides, to mitigate the forgetting caused by the
global semantic shift, we deconstruct the logits into posi-
tive and negative parts which are distilled separately, achiev-
ing an elaborate distillation process in terms of Semantic-
knowledge Deconstruction Distillation (SDD). With the co-
operation of ITA and SDD, LAGD achieves a state-of-the-art
performance, especially in the long-term incremental learn-
ing scenario. Extensive experimental results illustrate the su-
periority of our proposed LAGD.

Introduction
Semantic segmentation is a fundamental problem in com-
puter vision and has achieved dramatic developments in var-
ious fields, e.g. autonomous driving (Feng et al. 2020), med-
ical analysis (Ronneberger, Fischer, and Brox 2015; Huang
et al. 2020), and few-shot learning (Wang et al. 2019a;
Zhang et al. 2024). Unlike regular pixels in 2D vision, 3D
point cloud semantic segmentation is more challenging due
to its unstructured and unordered characteristics (Yang et al.
2023a). Various fully supervised 3D semantic segmentation
approaches (Qi et al. 2017a,b; Zhao et al. 2021; Wu et al.
2024) have been proposed to address this issue and have
achieved impressive performance in recent years.
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Figure 1: Illustration of incremental 3D semantic segmenta-
tion. In each state training state, only ground-truth of current
categories is accessible, while in the inference phase, point
clouds should be segmented into all semantic categories.

However, existing 3D semantic segmentation methods
trained on close-set and static datasets are not suitable in
the real-world class-incremental scenario where the novel
3D categories which are disjoint from previous categories
are extended incrementally, as shown in Figure 1. In such
a situation, due to catastrophic forgetting (Kirkpatrick et al.
2017), the updating model cannot perform well on previ-
ously learned knowledge. A straightforward method to han-
dle it is to retrain the segmentation model with all available
data (i.e., joint training), which is restrained by data privacy
and the cost of retraining (Zhang et al. 2022). Thus, class in-
cremental learning is proposed to alleviate catastrophic for-
getting in updating parameters with available supervised la-
bels only for current categories (Rebuffi et al. 2017).

Nevertheless, most of the class incremental methods fo-
cused on 2D vision (Shmelkov, Schmid, and Alahari 2017;
Kemker et al. 2018; Zhang et al. 2022), while with less
attention to 3D context and mainly focusing on the class-
level (Dong et al. 2021; Liu et al. 2021; Chowdhury et al.
2022) simpler than the fine-grind semantic segmentation
task. Naively applying current 2D Class-Incremental Se-
mantic Segmentation (CISS) methods to 3D point clouds
neglects the precious and unique geometric characteristics
features thereby aggravating forgetting (Dong et al. 2021).
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Considering these challenges, it is necessary to equip the
model with the ability to incrementally explore novel 3D se-
mantic segmentation and maintain the performance without
previous training data. Currently, only a few works (Yang
et al. 2023a,b) focus on tackling the CISS problem in the 3D
context. From the perspective of addressing the background
shift, LGKD (Yang et al. 2023b) adjusts the logit scores
based on the output from the previously learned model,
which neglects the unique 3D geometric knowledge of point
clouds. While GUAT (Yang et al. 2023a) constructed a
geometric-aware structure to transfer the learned knowl-
edge, it is restricted in the specific edge backbone (Wang
et al. 2019c) thus hindering segmentation performance.

Considering these challenges, we propose a unified
framework named Local topological-Alignment and Global
semantic-Deconstruction (LAGD) to incrementally learn 3D
novel categories without catastrophic forgetting. Specifi-
cally, from the perspective of capturing local geometric
characteristics, we implement the Interaction Topological-
aware Alignment (ITA), which consists of two stages: State-
specific Knowledge Interaction (SKI) and Topological-
aware Structure Alignment (TSA). Due to the previously
learned knowledge, maintenance can be viewed as a two-
state knowledge interaction process where, to capture the
state-specific knowledge exactly, we first interact with repre-
sentations in SKI. Then, in TSA, we construct topological-
aware structures based on the interacted features to model
the geometric characteristics embedded in representations.
Such structures will be aligned to efficiently transfer the
previously learned representation knowledge. However, the
global semantic shift also contributes to catastrophic for-
getting. Inspired by the success of current decoupled log-
its techniques, we can efficiently mitigate such a shift by
deconstructing the global semantic logits score into opti-
mistic and negative parts. From the intuitive idea that birds
of a feather flock together, we distill these two parts sep-
arately (i.e., Semantic-knowledge Deconstruction Distilla-
tion, SDD). Therefore, semantic knowledge is distilled in a
fine-grained manner, effectively reducing confused distilla-
tion. Comprehensive experiments on two classic 3D seman-
tic segmentation benchmarks: S3DIS (Armeni et al. 2016)
and ScanNet (Dai et al. 2017) illustrate the effectiveness of
our proposed LAGD. In summary, the main contributions of
this work are as follows:

• From the perspective of capturing local geometric char-
acteristics and mitigating global semantic shift, we pro-
pose a unified framework LAGD to learn the novel 3D
categories incrementally without catastrophic forgetting.

• We develop Interaction Topological-aware Alignment
(ITA) to transfer representation knowledge efficiently by
aligning the topological-aware structures constructed via
interacted state-specific knowledge features.

• Considering the catastrophic forgetting partially caused
by the global semantic shift, we deconstruct the logits
into optimistic and negative parts which are aligned sep-
arately, reducing the confused distillation.

• Comprehensive experimental results on 3D CISS bench-
marks illustrate the effectiveness of our method.

Related Work
3D Semantic Segmentation
Voxel-based and point-based methods are the two main
streams of the 3D semantic segmentation task. Gener-
ally, the voxel-based solutions (Graham, Engelcke, and Van
Der Maaten 2018; Choy, Gwak, and Savarese 2019) firstly
voxelize original 3D point clouds as regular voxels which
are then forwarded into the standard 3D convolutions (Guo
et al. 2020). While these methods have achieved proper
performance, the inaccurate position information caused by
the voxelization process hinders further enhancement (Lai
et al. 2022). On the other hand, point-based methods (Qi
et al. 2017a,b; Wang et al. 2019b) directly adopt each
point feature and corresponding position as input, relying
on the powerful characterization capacity of network archi-
tecture, achieving impressive success on 3D semantic seg-
mentation tasks. Encouraged by the success of graph net-
works in capturing geometric information, various graph-
based methods (Landrieu and Simonovsky 2018; Wang et al.
2019b) have been proposed. Recently, self-attention mecha-
nism (Lai et al. 2022; Wu et al. 2024) also has been applied
to 3D semantic segmentation with excellent performance.

However, these methods are unsuitable for real-world ap-
plications where new classes of 3D objects arrive consecu-
tively, requiring the model to learn knowledge incrementally
and without catastrophic forgetting.

3D Class-Incremental Learning
Compared to 2D regular pixels, irregular 3D point clouds
encompass more sufficient yet complex information, mak-
ing 3D Class-Incremental Learning (3D-CIL) still a chal-
lenging research area. Current 3D-CIL works mainly fo-
cus on classification (Liu et al. 2021; Dong et al. 2021;
Chowdhury et al. 2022) and object detection (Zhao and
Lee 2022; Liang et al. 2023). Specifically, L3DOC (Liu
et al. 2021) achieves the goal of lifelong learning on 3D
object classification by constructing a distillation based on
the point-knowledge memory. In I3DOL (Dong et al. 2021),
a geometric attention module is designed to prevent forget-
ting caused by redundant geometric information. The few-
shot 3D classification explored in the FSCIL (Chowdhury
et al. 2022). SDCoT (Zhao and Lee 2022) develops a static-
dynamic co-teaching module to achieve the balance between
alleviating forgetting and consistently learning. Compared
to these methods, 3D Class-Incremental Semantic Segmen-
tation (3D-CISS) is a more fine-grained task. In the con-
text of 3D-CISS, the label-guided knowledge distillation
(LGKD) (Yang et al. 2023b) is designed to transfer the pre-
viously learned knowledge with less confusion, performing
well on 2D images and 3D point clouds. Besides, geome-
try and uncertainty-aware transfer scheme (GUAT) (Yang
et al. 2023a) is proposed to effectively transfer the geometric
information by aligning the constructed edge-feature struc-
ture. Nevertheless, LGKD neglects the unique local charac-
teristics, that hinder performance enhancement for 3D data.
As for GUAT, requiring the specific edge network backbone
to construct the geometric structure restricts the application.
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Figure 2: Illustration of LAGD which mainly consists of two parts: ITA and SDD. In the ITA stage, the extracted representation
features are interacted with to model the state-specific knowledge and then to construct topological-aware structures. In the
SDD stage, the logits are deconstructed into two parts to distill the semantic knowledge in a fine-grained manner.

Proposed Method
Problem Definition and Overview
Problem Definition Our setting follows the previous 3D-
CISS works (Yang et al. 2023a,b). Specifically, given an in-
cremental learning task T consists of S incremental states:

T = {T 1, T 2, · · · , T S}. (1)

Here, we use T s = {xi
s, y

i
s}n

s

i=1 with ns points xi
s ∈

Rτ×(3+f) to denote the s-th (s = 1, 2, · · · ,S) incremen-
tal state training task, τ is the number of sample points per
point cloud. xi

s denotes the i-th point data with XYZ co-
ordinates with additional f dimension features (e.g., RGB
color) and yis is the corresponding ground-truth. Notably,
{yis} covers only the novel Cs classes in current s-th incre-
mental state which are disjoint from previous Cp classes (i.e.,∑s−1

p=0 Cp ∩ Cs = ∅). Our goal is to learn a model F that
can make reliable segmentations on both previous categories
Cp and novel categories Cs, at the s-th incremental learning
state. The basic pipeline of 3D-CISS is shown in Figure 1.

Overview The overview of our LAGD framework is
shown in Figure 2, which mainly consists of two parts: In-
teraction Topological-aware Alignment (ITA) and Semantic-
knowledge Deconstruction Distillation (SDD). Specifically,
in the s-th incremental training state, the current model
Fs = Es ◦ Ds ◦ Cs is first initialized by the pretrained
model Fs−1, where Es, Ds, and Cs represent the encoder,
decoder and classifier at s-th incremental state, respectively.
For the input xs, the representation features Is−1 and Is are
extracted from the encoders Es−1 and Es. Further, to model
the state-specific knowledge, the representation features first
interacted with the attention mechanism to obtain the inter-
acted features Îs−1|s and Îs|s−1, which are utilized to con-
struct the topological-aware structure Gs−1 and Gs. Based
on this, we can calculate the loss Lita which is optimized to

achieve the representation alignment and thus maintain pre-
viously learned knowledge. Besides, considering the global
semantic shift also results in catastrophic forgetting, we de-
construct the logits into positive and negative parts which
are distilled separately in SDD. Hence, we can transfer the
global semantic in a fine-grained distillation manner by mit-
igating Lsdd = L+

sdd + L−
sdd, achieving an exact global se-

mantic alignment. ITA and SDD are discusssed further in
the following subsections.

Supervised Semantic Segmentation Learning
During the s-th incremental state, the supervised labels that
we can access only cover the novel categories Cs. Given the
input xi

s, we utilize the corresponding ground-truth yis to cal-
culate the cross-entropy loss Lce via:

Lce = E{xi
s,y

i
s}∈T s [−yis logFs(x

i
s; ΘFs

)]. (2)

Here, we use ΘFs
to denote the parameters of Fs.

Interaction Topological-aware Alignment
To better capture and transfer the state-specific knowledge,
we develop a novel method named Interaction Topological-
aware Alignment (ITA) which can be decomposed into
two stages: State-specific Knowledge Interaction (SKI) and
Topological-aware Structure Alignment (TSA).

State-specific Knowledge Interaction Given the s-th in-
cremental state data T s = {xi

s, y
i
s}, we first leverage the en-

coders Es−1/s to extract the representation features Is−1/s,
respectively. Since alleviating catastrophic forgetting can be
viewed as a cooperative interacted optimization process, we
model the state-specific representation knowledge by apply-
ing an interaction module to the Is−1/s to obtain the inter-
acted features Îs−1|s and Îs|s−1via:
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Îs−1|s = InterModule(Is−1|Ĩs),

Îs|s−1 = InterModule(Is|Ĩs−1).
(3)

Specifically, to capture the intra-state characteristics, Is−1/s

are first implemented self-attention mechanism:

Ĩs−1 = Softmax[(W̃Q · Is−1)(W̃K · Is−1)
⊤](W̃V · Is−1).

(4)

Here, W̃Q,K,V denote the parameters of Q, K and V of self-
attention module. Similarily, we can calculate Ĩs by replac-
ing Is−1 with Is in Equation (4). Further, to transfer the
state-specific knowledge, we exchange the knowledge be-
tween Ĩs and Ĩs−1:

Îs−1|s = LN{Softmax[(ŴQ · Ĩs−1)(ŴK · Ĩs)⊤]

(ŴV · Ĩs) + Ĩs−1},

Îs|s−1 = LN{Softmax[(ŴQ · Ĩs)(ŴK · Ĩs−1)
⊤]

(ŴV · Ĩs−1) + Ĩs}.

(5)

We use ŴQ,K,V to denote the parameters of Q, K and V of
the interaction module, and leverage LN(·) to represent the
layer-norm operation.

Topological-aware Structure Alignment After State-
specific Knowledge Interaction, we can obtain the represen-
tations features Îs−1/s which have exchanged knowledge
between the incremental state s − 1 and s. In addition, the
topological-aware characteristics embedded in Îs−1/s are
valuable and can be well captured by the topological-aware
structure to benefit knowledge transfer.

In particular, given Îs = {Î(1)
s , Î(2)

s , · · · , Î(ns
j)

s }, we first
leverage the k-NN algorithm to sample the k points Ps =

{P(1)
s ,P(2)

s , · · · ,P(k)
s }(k < ns

j) from Îs. Then, based on
these points, we can obtain the topological-aware structure
Gs = {G(j,1)

s ,G(j,2)
s , · · · ,G(j,k)

s }n
s
j

j=1, where

G(j,k)
s = P(j)

s − P(k)
s . (6)

Similarly, we can obtain the topological-aware structure
Gs−1 from Îs−1. Therefore, the alignment between Gs and
Gs−1 can be mitigated by optimizing:

Lita = E||Gs − Gs−1||2. (7)

By aligning the interaction topological-aware structures,
the unique geometric knowledge is considered during the
knowledge transfer, effectively alleviating the catastrophic
forgetting caused by the geometric knowledge loss.

In our implementation, only the representation features
extracted from the first layer of the encoder are utilized to
construct the topological-aware structure for efficiency.

Semantic-knowledge Deconstruction Distillation
To alleviate the catastrophic forgetting caused by the global
semantic shift, it is necessary to distill the semantic knowl-
edge from the pre-trained model to the current model. Due to

this reason, Knowledge Distillation (KD) techniques (Hin-
ton, Vinyals, and Dean 2015) are widely used in 2D class-
incremental learning (Li and Hoiem 2017; Michieli and
Zanuttigh 2019). Specifically in the context of point clouds,
for the given input xs, we can obtain the semantic fea-
tures Fs = Ds(Es(x

s; ΘEs
); ΘDs

). Then, the logit value
Ws(h, c) of a specific 3D class c is calculated by the dot
product between the weights of classifier Cs and the seman-
tic features Fs via:

Ws(h, c) = ΘCs
(c)⊤ · Fs(h), (8)

where ΘCs(c) denotes the weights of the classifier for the c-
th 3D category, and Fs(h) represents the semantic features
at the position h. For simplification, we omit the bias term
of the classifier. Vanilla KD loss Lkd directly encourages the
logits Ws to approach Ws−1 and can be formularized via:

Lkd =− E[
∑
c∈Cp

σs−1(h, c) log σs(h, c)

+ (1− σs−1(h, c)) log (1− σs(h, c))],

(9)

where σs(h, c) = [1 + e−Ws(h,c)]−1 with similar defini-
tion of σs−1(h, c). However, the vanilla KD is demonstrated
as a coupled formulation which limits the potential of log-
its (Zhao et al. 2022). Considering this, we adopt a decon-
structed strategy to effectively mitigate the semantic shift.
To some extent, logits reflect how likely and unlikely an in-
put belongs to a specific category (Baek et al. 2022). We
can deconstruct the logits into positive and negative parts
according to the signal of the classifier parameters ΘCs

:

Ws(h, c) = (Θ+
Cs

+Θ−
Cs
) · Fs(h)

= Θ+
Cs

· Fs(h)︸ ︷︷ ︸
W+

s (h,c)

+Θ−
Cs

· Fs(h)︸ ︷︷ ︸
W−

s (h,c)

. (10)

From a simple yet efficient strategy that birds of a feather
flock together, we separately distill the two parts of adja-
cent states. Such a decoupled distillation is called Semantic-
knowledge Deconstruction Distillation (SDD), and SDD
loss Lsdd can be formulated as:

Lsdd = L+
sdd + L−

sdd, (11)
where

L+
sdd =− [E

∑
c∈Cp

Φ+
s−1(h, c) log Φ

+
s (h, c)

+ (1− Φ+
s−1(h, c))(1− log Φ+

s−1(h, c))].

(12)

Here, Φ+
s (h, c) = [1+eW

+
s (h,c)]−1. Similarly, we can calcu-

late Φ+
s−1(h, c). By replacing Φ+

s−1(h, c) with Φ−
s−1(h, c),

the negative part L−
sdd can be obtained. Through optimiz-

ing Lsdd, the semantic knowledge from the old model to the
novel model is transferred more flexibly and exactly. The
difference between KD and SDD is shown in Figure 2.

Overall Optimization and Inference
When the incremental state s = 0, we name it as the base
training state. Suppose the set of base categories is C0, the
base model F0 is optimized via minimizing Equation (2).
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Incremental Training The overall objective function
Lobj of LAGD in incremental states is formulated as:

Lobj = Lce + αLkd + βLita + γLsdd, (13)
where α, β, and γ are the hyper-parameters. Specifically, in
the s-th incremental state, the model Fs learns novel cate-
gory knowledge by optimizing Lce. Besides, we utilize Lita

to transfer the learned geometric characteristics. To alleviate
the catastrophic forgetting caused by the semantic knowl-
edge shift, we leverage the Lsdd to achieve an exact knowl-
edge distillation. Since the model struggles to classify inputs
in the early stages of novel class learning, rendering SDD
decomposition ineffective, we incorporate Lkd into the ob-
jective function to provide a foundational estimate and en-
sure model convergence.

Final Inference At the end of each incremental state train-
ing, the trained model Fs will be utilized to predict the se-
mantic categories c ∈ {Cp ∪ Cs}.

Experiments
Datasets and Setup
Datasets Two representative 3D semantic segmentation
datasets are leveraged to conduct comparison experiments.
• Stanford 3D Indoor Spaces (S3DIS) (Armeni et al.

2016) is a large-scale benchmark for indoor scene un-
derstanding. It contains 3D scans of six areas (e.g. of-
fice, conference room, lobby) including 271 rooms and
each room contains about over 106 points. The annota-
tion of S3DIS points corresponds to 13 semantic classes.
For each point, we adopt its XYZ coordinates and RGB
colors as the input.

• ScanNet (Dai et al. 2017) is another challenging 3D seg-
mentation benchmark. It includes 1,513 point clouds of
scans collected from 707 unique indoor scenes and con-
sists of 21 different semantic classes.

Following the proposed 3D-CISS methods (Yang et al.
2023a,b), we adopt mean Intersection-over-Union (mIoU)
as the evaluation metric for comparison experiments.

Setup In order to evaluate the performance of LAGD, we
apply short-term and long-term 3D-CISS settings. Specif-
ically, in the short-term setting, we follow the setting in
GUAT (Yang et al. 2023a) which includes Cnovel = {5, 3, 1}
in both S3DIS and ScanNet datasets, and each has a random
state split M0 and an alphabetical split M1. Besides, we
set Cnovel = {1, 1, · · · , 1}, which consists of total 11 steps
on ScanNet to evaluate model performance under long-term
incremental states. Comparison results are summarized in
Tables 1, 2, and 3, respectively.

Implementation Details and Baselines
Implementation Details We adopt PointNet++ (Qi et al.
2017b) to obtain the semantic feature from the point cloud
input. Specifically, for S3DIS, we divide the rooms of S3DIS
with a sliding window (Wang et al. 2019c) into 7,547
1m × 1m blocks. Each block is randomly sampled with
4096 points as the input data. In the training process, we

set the batch size as 32, the learning rate as 0.001, and the
hyper-parameters {α, β, γ} are set as {10, 1, 1}. Each incre-
mental state is trained 32 epochs, and utilizes the Adam op-
timizer (Kingma and Ba 2014) with initial 0.001 learning
rate. For ScanNet, we will first generate 1.5m× 1.5m block
in each epoch and then randomly sample 4096 points from
it as the input. In the training process, we set the batch size
as 32, the learning rate is 0.001, and the hyper-parameters
{α, β, γ} are set as {10, 1, 1}, and each incremental state is
trained 300 epochs. We leverage Adam optimizer with an
initial 0.001 learning rate and the decay factor is set as 0.7
for 50 epochs. Experiments are conducted on Tesla-V100.

Baselines We compare LAGD with the following base-
lines: 1) Fine-Tune (FT): The current model Fs is initial-
ized by the last state model Fs−1, only the cross-entropy loss
is used to optimize the network; 2) Joint-training: Under
each state, the current labels Cs and previous Cp are both ac-
cessed to train the model Fs; 3) Freeze and Add (F&A): We
freeze the backbone and only optimize the classifier added
in each state; 4) LwF (Li and Hoiem 2017): LwF utilizes
the calculated distillation loss to maintain the previously
learned knowledge; 5) EWC (Kirkpatrick et al. 2017):
EWC mitigates catastrophic forgetting by adding a regular-
ization term to the loss function, preserving the important
parameters of previous tasks while learning new ones; and 6)
LGKD (Yang et al. 2023b): LGKD leverages the ground-
truth label to construct a reliable class correspondence and
reduce the confusion in knowledge distillation.

Quantitative Results
Short-term Experiments on S3DIS The short-term ex-
periments on S3DIS are summarized in Table 1. Our method
outperforms all baselines in this setting. Particularly, without
any constraint, FT forgets the oldest learned knowledge after
incremental learning. Besides, a naive freeze backbone sig-
nificantly hinders the model from learning new categories.
Compared to suboptimal baselines, our method obtains a
state-of-the-art (sota) performance with a 2% ∼ 9% increase
on average under the split M0 setting. Notably, changing the
order of incremental categories has an impact on the final
performance, especially in the Cnovel = 1 scenario. Com-
pared with the M0 split, our method decreased by 8.1% and
just achieved sub-optimal performance from the average of
all categories. However, under the other settings with M1

split, our method obtains sota performance with an average
0.2% ∼ 7.6% increase.

Short-term Experiments on ScanNet We summarize the
short-term experiments on ScanNet in Table 2. Without
any measures to alleviate catastrophic forgetting, FT almost
overwrites the parameters of the model to fit the novel cat-
egories. In Cnovel = 5 setting, our method achieves sota
performance with a 3.9% ∼ 27.3% increase under the split
M0, and with a 3.1% ∼ 27.2% increase under the split M1.
In Cnovel = 3 and Cnovel = 1 settings, our method is more
flexible in learning novel categories while retaining previous
knowledge. On the contrary, F&A and LGKD intensively
maintain the previously learned knowledge while failing to
incrementally learn novel categories.
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Method
Cnovel = 5 Cnovel = 3 Cnovel = 1

M0 M1 M0 M1 M0 M1

0-7 8-12 all 0-7 8-12 all 0-9 10-12 all 0-9 10-12 all 0-11 12 all 0-11 12 all

BT 51.8 - - 41.8 - - 48.1 - - 43.2 - - 46.8 - - 46.2 - -
FT 7.0 38.7 19.2 1.7 58.3 23.5 3.0 26.6 8.5 1.5 48.1 12.2 3.8 40.3 6.6 11.3 1.1 10.5
F&A 45.9 9.3 31.9 39.4 38.1 38.9 45.0 7.2 36.3 44.6 33.1 42.0 46.2 8.84 43.3 44.9 0.0 41.5
LwF† 43.7 43.2 43.5 32.6 61.6 43.7 46.2 46.0 46.1 46.1 44.3 45.9 41.6 35.8 41.1 27.6 20.2 27.0
EWC† 20.6 36.2 26.6 14.1 54.7 29.1 36.8 38.4 37.2 22.1 60.3 30.9 29.7 40.0 30.5 28.1 37.1 28.8
LGKD† 25.5 15.9 21.8 25.0 38.8 30.3 19.6 25.0 20.8 18.4 48.5 25.3 12.9 8.5 12.6 0.2 4.2 0.5
LAGD 51.2 42.4 47.8 40.7 57.7 47.3 48.6 41.9 47.1 41.7 60.4 46.0 46.3 35.7 45.4 37.5 35.4 37.3

Joint 51.5 45.0 49.0 49.8 41.2 46.5 49.6 47.1 49.0 47.9 41.7 46.5 49.8 39.1 49.0 47.0 40.3 46.5

Table 1: The mIoU (%) of 3D class-incremental segmentation on the S3DIS dataset with M0 and M1 split. Except for Joint
training, black bold denotes the highest results. † means the methods are reproduced for 3D incremental semantic segmentation.

Method
Cnovel = 5 Cnovel = 3 Cnovel = 1

M0 M1 M0 M1 M0 M1

0-14 15-19 all 0-14 15-19 all 0-16 17-19 all 0-16 17-19 all 0-18 19 all 0-18 19 all

BT 45.2 - - 44.5 - - 46.0 - - 45.7 - - 47.2 - - 47.4 - -
FT 0.0 45.5 11.4 0.0 41.6 10.4 0.0 40.7 6.1 0.0 36.0 5.4 1.1 27.4 2.4 0.6 28.3 2.0
F&A 40.6 5.2 31.7 42.2 0.9 31.9 42.3 0.9 36.0 41.6 1.1 35.6 44.3 1.7 42.2 45.6 28.9 44.8
LwF† 21.5 6.7 17.8 22.9 8.7 19.4 24.0 11.0 22.1 20.7 16.3 20.0 23.9 35.4 24.5 25.7 33.8 26.2
EWC† 7.3 11.6 8.3 0.0 36.3 9.1 3.8 18.5 6.0 5.3 9.9 6.0 3.6 30.7 5.0 2.0 29.5 3.4
LGKD† 41.4 0.0 31.0 44.2 0.0 33.2 44.6 0.0 48.0 43.0 0.0 36.5 45.6 0.0 43.3 47.1 0.0 44.8
LAGD 30.7 50.3 35.6 31.0 52.3 36.3 33.3 46.7 35.3 31.9 53.2 35.1 34.1 38.0 34.3 35.7 40.2 36.0

Joint 50.9 60.0 53.2 47.9 55.1 49.7 51.7 61.2 53.2 48.6 55.9 49.7 53.2 53.1 53.2 49.5 53.7 49.7

Table 2: The mIoU (%) of 3D class-incremental segmentation on the ScanNet dataset with M0 and M1 split. Except for Joint
training, black bold denotes the highest results. † means the methods are reproduced for 3D incremental semantic segmentation.

Incremental State s 0 1 2 3 4 5 6 7 8 9 10 Avg. ∆(%)Num of Classes 10 11 12 13 14 15 16 17 18 19 20

BT 48.5 - - - - - - - - - - - -
FT 48.5 21.7 9.4 4.3 1.0 0.4 0.3 0.2 0.3 0.2 1.5 8.0 ⇓ 44.2
F&A 48.5 44.4 40.7 36.1 34.8 34.6 35.4 34.6 33.0 29.2 28.2 36.3 ⇓ 15.9
LwF† 48.4 42.4 37.5 32.7 32.2 26.4 26.4 24.0 20.4 20.7 14.6 29.6 ⇓ 22.6
EWC† 49.3 35.0 27.4 15.9 15.8 11.2 10.6 7.1 4.9 6.4 6.1 15.8 ⇓ 36.4
LGKD† 48.7 45.9 43.5 41.5 38.6 37.1 34.8 33.2 30.1 28.7 24.2 36.9 ⇓ 15.3
LAGD 48.8 47.7 47.3 46.5 46.2 44.7 43.0 42.3 42.3 39.9 31.9 43.7 ⇓ 8.5

Joint 51.3 51.3 51.2 51.1 51.1 53.0 52.8 53.2 52.6 53.2 53.2 52.2 -

Table 3: The mIoU(%) of each step on the ScanNetv2 datasets when the incremental task is 10-1. Except for Joint training,
black bold denotes the highest results. † means the methods are reproduced for 3D incremental semantic segmentation.

Long-term Experiments Considering the short-term ex-
periments fail to evaluate the model performance in the long-
term scenario, we implemented a long-term experiment on
the ScanNet dataset with a total of 11 incremental states. As
shown in Table 3, the performance of FT degrades dramat-
ically starting from the first incremental state. On the con-
trary, our method shows its potential in the long-term in-
cremental learning process, which consistently outperforms

baselines in each incremental state and finally achieves sota
performance with an improvement of 6.8% ∼ 35.7%.

Segmentation Error Analysis
We visualize the segmentation error in Figure 3. As can be
seen, in the setting of Cnovel = 5 on S3DIS (M0), our
method possesses the ability to make a correct segmentation
while other baselines fail to predict reasonable results after
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Figure 3: Error Segmentation Analysis of baselines with LAGD on S3DIS and ScanNet datasets of Cnovel = 5 in M0 setting.
The base and novel classes of different datasets are explained in the discrete legend.

Lkd Lita Lsdd
S3DIS (M0) ScanNet (M1)

0-7 8-12 all 0-14 15-19 all

✓ × × 43.7 43.2 43.5 22.9 8.7 19.4
✓ ✓ × 42.4 40.5 41.4 26.6 50.5 32.6
✓ × ✓ 49.4 43.0 46.9 23.4 47.1 29.3
✓ ✓ ✓ 51.2 42.4 47.8 31.0 52.3 36.3

Table 4: Ablation experiments on the S3DIS (M0) and
ScanNet (M1) datasets with the Cnovel = 5 setting.

incremental segmentic learning. In the setting of Cnovel = 5
on ScanNet (M1), compared to baselines, our method en-
joys superiority on the fine-grained items segmentation.

Ablation Study
In order to illustrate the effectiveness of each module pro-
posed, we conducted ablation studies on the Cnovel = 5 on
the S3DIS dataset with M0 split, and on the ScanNet dataset
with M1 split. The experiment results are shown in Ta-
ble 4 where ✓ and × denote with or without the correspond-
ing module. Specifically, for S3DIS dataset, Lkd maintains
the parameters of the model without changing significantly.
Lsdd effectively reduces the semantic knowledge shift and
thus improves the performance of the old categories. Lita

further enhances the model and achieves sota performance.
For ScanNet dataset, catastrophic forgetting happens with
only Lkd to maintain previously learned knowledge. Both
Lita and Lsdd are in favor of overcoming forgetting while
efficiently learning novel knowledge. With the cooperation
of Lita and Lsdd, the model achieves sota performance.

Conclusion
In this paper, we explored incremental semantic segmen-
tation in the context of point clouds and proposed LAGD,
a unified framework that alleviates catastrophic forgetting
from the perspective of capturing local 3D geometric char-
acteristics and mitigates global semantic logits. Specifi-
cally, we developed Interaction Topological-aware Align-
ment (ITA) to model the state-specific knowledge and cap-
ture the local geometric characteristics that benefit the trans-
fer of the learned 3D representation knowledge. Consider-
ing the catastrophic forgetting partially caused by the global
semantic logits shift, from the intuitive idea birds of a fea-
ture flock together, we proposed the Semantic-knowledge
Deconstruction Distillation (SDD) that deconstructs the log-
its score into positive and negative parts which are distilled
separately, achieving a higher performance. With the coop-
eration of ITA and SDD, LAGD obtained state-of-the-art re-
sults, and extensive experiments demonstrate its superiority.
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