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Abstract

Incremental Few-Shot (IFS) segmentation aims to learn
new categories over time from only a few annotations.
Although widely studied in 2D, it remains underexplored
for 3D point clouds. Existing methods suffer from catas-
trophic forgetting or fail to learn discriminative proto-
types under sparse supervision, and often overlook a key
cue: novel categories frequently appear as unlabelled back-
ground in base-training scenes. We introduce SCOPE
(Scene-COntextualised Prototype Enrichment), a plug-and-
play background-guided prototype enrichment framework
that integrates with any prototype-based 3D segmentation
method. After base training, a class-agnostic segmenta-
tion model extracts high-confidence pseudo-instances from
background regions to build a prototype pool. When novel
classes arrive with few labelled samples, relevant back-
ground prototypes are retrieved and fused with few-shot
prototypes to form enriched representations without retrain-
ing the model or adding new parameters. Experiments on
ScanNet and S3DIS show that SCOPE achieves SOTA per-
formance, improving novel-class loU by up to 6.98% and
3.61%, and mean loU by 2.25% and 1.70%, respectively,
while maintaining low forgetting. Code is available here.

1. Introduction

Point Cloud Segmentation (PCS) forms the foundation of
embodied perception tasks in indoor environments, in-
cluding robotics, autonomous driving, and AR/VR [11,
14, 27, 29, 33]. While Fully Supervised (FS) meth-
ods achieve strong performance given abundant annota-
tions [12, 36, 52], practical deployments face two key con-
straints: (i) novel categories emerge over time as systems
encounter new environments, and (ii) only a handful of an-
notations are available when such categories first appear.
Existing approaches address these challenges indepen-
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Figure 1.
mance on novel classes by enriching prototypes with background
context, without additional computational overhead.

Compared with GW [46], SCOPE improves perfor-

dently. Few-shot segmentation methods [4, 53] learn from
limited examples but fail to retain previously learned knowl-
edge. Generalised Few-Shot 3D PCS (GFS-PCS) meth-
ods [3, 40, 46] recognise both base and novel classes, yet al-
low only a single update and assume prior knowledge of fu-
ture categories—an unrealistic constraint in open-world sce-
narios. In contrast, Class-Incremental 3D PCS (CI-PCS)
approaches [21, 24, 39, 49] support multiple updates but re-
quire abundant supervision and degrade sharply under lim-
ited annotations. Incremental Few-Shot 3D PCS (IFS-PCS)
unifies these paradigms by enabling sequential learning of
new classes from few-shot examples while preserving prior
knowledge; however, despite progress in 2D [8, 15], it re-
mains underexplored for 3D point clouds. A brief compari-
son of these paradigms is presented in Tab. 1.

Directly adopting these approaches proves suboptimal
(Tab. 2), as they struggle to generalise to novel classes un-
der scarce supervision and often forget previously learned
categories due to overfitting. Conversely, GFS meth-
ods [40, 46] retain base-class knowledge but show limited
adaptability when learning new categories. Similarly, a re-
cent hyperbolic-prototype approach for IFS-PCS [37] ex-
hibits comparable limitations and does not yet match the



Table 1. Comparison of PCS paradigms across future knowledge,
few-shot, base-novel generalisation, and multi-step learning.

PCS Paradigms Future Knowledge Few-Shot Base + Novel Multi-Step

Fully Supervised
Few-Shot

Generalized Few-Shot
Class-Incremental
Incremental Few-Shot

NN X X |
AN TR N N
AR N
SN X X% |

strongest GFS baselines. We attribute these limitations to
the underutilisation of background regions in base scenes,
which often contain object-like structures indicative of fu-
ture classes. Leveraging this contextual information is
therefore essential for robust IFS-PCS.

To this end, we propose SCOPE (Scene-COntextualised
Prototype Enrichment), a background-guided prototype en-
richment framework. Our key observation is that back-
ground regions—typically collapsed into a single coarse
label—contain object-like structures that the backbone can-
not disentangle during base training but often correspond to
future classes. In the IFS-PCS setting, future class identi-
ties are unknown during the base stage; thus class-specific
prototypes cannot be constructed in advance. We therefore
employ an off-the-shelf class-agnostic segmentation model
to extract high-confidence pseudo-instances and store them
in an Instance Prototype Bank (IPB), forming a reservoir of
transferable object-level cues. For each novel class, aligned
context is retrieved from the IPB via the Contextual Pro-
totype Retrieval (CPR) module. Since retrieved instances
vary in relevance, an Attention-Based Prototype Enrichment
(APE) mechanism selectively weights and fuses them with
few-shot prototypes. This produces context-aware and dis-
criminative prototypes without modifying the backbone or
introducing additional parameters, satisfying the minimal-
adaptation principle of few-shot learning.

Compared with methods from related paradigms [37,
39, 40], SCOPE achieves consistent gains across bench-
marks, demonstrating stronger novel-class adaptation and
improved retention of prior knowledge. In summary, our
contributions are threefold: (1) we propose a plug-and-play
framework that mines contextual cues from base scenes and
constructs an IPB using an off-the-shelf class-agnostic seg-
mentation model with no additional computational over-
head; (2) we introduce a CPR module to retrieve relevant
background cues without future class knowledge and an
APE mechanism for prototype enrichment; and (3) we es-
tablish new SOTA performance across multiple IFS-PCS
settings on standard 3D segmentation benchmarks.

2. Related Work
2.1. 3D Scene Understanding

Fully supervised 3D semantic segmentation has been ex-
tensively studied, typically requiring dense point-wise la-
bels [18, 23, 30, 31, 44, 52]. Early models such as Point-
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Net [30] processed raw point clouds but struggled to cap-
ture local structures, while subsequent architectures includ-
ing PointNet++ [31], DGCNN [44], and transformer-based
models [52] progressively enhanced geometric and con-
textual reasoning. Recently, foundation-style models [10,
20, 43, 51, 54] have explored cross-modal representations
and open-vocabulary objectness without explicit class la-
bels [19, 28, 38, 48]. However, these approaches rely on
large-scale annotations and fixed label spaces, limiting scal-
ability in open-world environments.

2.2. Few-Shot 3D Segmentation

Few-shot 3D segmentation reduces reliance on large-scale
annotated data. Zhao et al. [53] proposed the first few-
shot 3D segmentation method, enabling recognition of un-
seen classes from limited labelled samples. Existing ap-
proaches primarily refine prototypes or query embeddings
via non-parametric optimisation [16, 26, 42, 45,47, 50, 55],
or explicitly model support-query correlations [2, 4], as
demonstrated by COSeg [2]. Extending this paradigm, gen-
eralised few-shot methods jointly model base and novel
classes. Representative examples include PIFS [8], which
refines prototypes via distillation; CAPL [40], which incor-
porates co-occurrence priors; and GW [46], which extends
the paradigm to 3D via geometric cues. Tsai et al. [41] mine
background regions to construct pseudo-class prototypes
via language-guided pre-clustering. GFS-VL [3] leverages
3D vision-language models (VLMs) to effectively handle
sparse novel samples. In contrast, our method learns future
classes across stages without additional supervision, storing
reusable background knowledge in a prototype pool.

2.3. Incremental 3D Segmentation

Incremental learning acquires new classes sequentially
while mitigating catastrophic forgetting. This is typically
achieved through replay [32], knowledge distillation [17],
regularisation [24], or consolidation strategies [1, 7, 9, 21,
34]. Su et al. [35] and subsequent works [6, 22] adapt these
strategies to PCS, demonstrating promising results but of-
ten relying on large memory buffers and repeated retrain-
ing cycles. Thengane et al. [39] address long-tail classes
via object-count priors, yet their approach still depends on
abundant supervision for stable adaptation. As these meth-
ods are primarily designed for large-scale data regimes, they
remain suboptimal under few-shot conditions.

2.4. Incremental Few-Shot 3D Segmentation

Incremental Few-Shot (IFS) learning aims to learn new
classes sequentially from limited supervision while retain-
ing prior knowledge. Although extensively studied in 2D
vision [8, 15, 25], its extension to 3D remains underex-
plored. In 3D, Sur et al. [37] introduce hyperbolic proto-
types for IFS segmentation but remain behind GFS-PCS



baselines in performance. Our method addresses this gap
by leveraging background context as transferable knowl-
edge, achieving stronger performance for novel classes in
the IFS-PCS setting than methods from other paradigms.

3. Methodology

3.1. Problem Formulation

The goal of the IFS-PCS is to learn a model ¢ that assigns
each point in a point cloud to its semantic label in a set C,
where C' is progressively expanded using a small number
of annotated samples for newly encountered classes.

GFS-PCS. Let C’ and C™ denote disjoint sets of base
and novel classes, respectively, such that C' = chucn
and |CP| = NY, |C®| = N™, giving N = N’ 4+ N
classes. The model is first trained on the base classes us-
ing D* = {(X,9") | X € X,y € YP}, where y*
assigns each point a label from C® or background (—1).
Novel classes are introduced in a single batch, each with
K labelled support examples, forming the few-shot dataset
D" = {{(X, yz)}szl}cecn. Each support point cloud
X}, € RMxdo contains M points with do-dimensional fea-
tures, and y;, provides point-wise annotations for class ¢
with all other points labelled as background. Evaluation is
performed on D't across all classes in C.

IFS-PCS. In contrast, in the IFS-PCS setting, novel
classes are registered over multiple stages, reflecting a nat-
urally evolving environment. Let C* denote the set of se-
mantic classes known after stage ¢, where each stage ex-
pands the model’s output space. During learning, the model
sequentially receives datasets {D°, ..., DT}, where Dt
{X,y") | X € X, y' € Y'}. Ineach D', X € RM*do
denotes a point cloud with M points and dy-dimensional
features, while y* € RM assigns one class index per point,
Yt C C*. The dataset D° contains abundant base-class ex-
amples, analogous to DP in GFS-PCS. Subsequent stages
introduce novel classes incrementally via few-shot support
datasets, D* = U;l D¢, each extending the known class
set. Although the same point cloud X may reappear across
stages, only labels corresponding to the currently known
classes C* are available, i.e., supervision is restricted to
classes introduced at that stage'.

At t = 0, the model is trained on the large base dataset

DY = {(X;, y?)}lgjl with labels drawn from C°. For each
subsequent stage ¢ > 1, the model receives a small few-shot
support set D*® introducing previously unseen classes from
C*. Specifically, each novel class ¢ € C* is supported by
exactly K labelled point clouds:

6]

"Henceforth, we use t=0 and t=b interchangeably to denote the 0-th
stage of the IFS-PCS setting.

{(Xe ¥}y, Xp € RMXdo ye e RM.
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Each y; assigns label ¢ to points of that class and back-
ground to all others, ie., y5(z) € {c,—1},Vz € Xy,
where —1 denotes background or unknown regions. Evalu-
ation is conducted on a test set D' covering all categories
observed so far, i.e., Yt C C?', where Ct' = U,fzo C'.

3.2. Method Overview

Our Idea. The core idea of SCOPE is to exploit contextual
cues in base scenes to improve incremental few-shot point
cloud segmentation. Although base training focuses only
on known categories, background regions contain rich ge-
ometric and semantic signals corresponding to objects that
later emerge as novel classes. However, directly extracting
background features with the encoder ® yields coarse, non-
discriminative embeddings, as all unseen regions are col-
lapsed into a single background class. To address this, we
incorporate a class-agnostic segmentation model © [19] to
detect object-like regions in the background, mining latent
structure to produce transferable contextual cues that enrich
few-shot representations in later stages. This allows adapta-
tion to new classes without introducing additional parame-
ters or retraining the encoder, effectively bridging few-shot
generalisation and incremental learning in PCS.

Overview. SCOPE is implemented as a three-stage
pipeline that operationalises this idea through background
mining and prototype refinement. As illustrated in Fig. 2,
the framework consists of: (i) Base Training, (ii) Scene
Contextualisation, and (iii) Incremental Class Registration.
During Base Training, the encoder ® is learned together
with base prototypes PP on fully labelled base data. The
Scene Contextualisation stage applies the class-agnostic
model © to background regions and converts the result-
ing masks into an Instance Prototype Bank (IPB), denoted
‘P. During Incremental Class Registration, each novel class
¢ € C'is initialised with a few-shot prototype p°. Our Con-
textual Prototype Retrieval (CPR) module retrieves a class-
specific subset B° C P of semantically aligned prototypes,
which are fused via the Attention-based Prototype Enrich-
ment (APE) module to obtain enriched representations p°.
This enables expansion to new categories without modify-
ing the encoder or introducing additional learnable parame-
ters. The framework remains fully plug-and-play and can be
seamlessly applied to any prototype-based segmenter with-
out altering the backbone or training schedule.

3.3. Base Training

During the base stage, the model learns to encode geometric
and semantic cues from the fully labelled base dataset DP,
building a discriminative embedding space. It jointly trains
a backbone network @’ and a projection head #, forming
the overall encoder ® = H o ®’. Given an input point cloud
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Figure 2. Overview of SCOPE. The framework comprises three stages: (1) Base Training, where the encoder @ is trained on labelled
base data; (2) Scene Contextualisation, which extracts background regions to build an Instance Prototype Bank (IPB); and (3) Incremental
Class Registration, where retrieved prototypes are fused with few-shot prototypes via attention to yield refined novel-class representations.

X, the encoder produces point-wise embeddings:

F,=9(X;) =H(®'(X)), F,eRMP (2
where M denotes the number of points in X; and D is the
embedding dimension. To associate these embeddings with
semantic meaning, the model learns a set of base proto-
types P* = {p‘}.cor € RV D, where each p°© acts as
a class-level representative in the embedding space. Per-
point logits are obtained by measuring similarity between
embeddings and prototypes:

gy = argmax (F; - (P")7), gP e RM*N"
ceCP

3)

Unlike prior methods that discard background features, our
approach retains and reuses them to build transferable con-
textual prototypes for incremental adaptation.

3.4. Scene Contextualisation

After base training, the model predicts labels only from the
base class set CP, assigning all other points to the back-
ground. However, these background points often belong
to unlabelled objects or structural patterns that may corre-
spond to future novel classes. Because all unseen content
is collapsed into a single background label, the encoder ®
cannot delineate object boundaries, resulting in coarse and
non-discriminative representations. To address this limi-
tation, we introduce the Scene Contextualisation Module
(SCM), which mines object-like regions using an off-the-
shelf class-agnostic model [19]. The model is applied once
offline and subsequently discarded, and the resulting re-
gions are converted into transferable prototypes.

Pseudo-Mask Generation. For each input scene X; from
the base dataset DP, the class-agnostic segmentation model
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© predicts, in an offline manner, a set of pseudo-instance
masks with associated confidence scores:

O(X;) = { (M, si;) @

pit “
where M, ; € {0,1}M denotes the j-th binary mask pre-
dicted for scene X, s; ; € [0, 1] represents its correspond-
ing confidence score, and @; is the total number of pre-
dicted masks for that scene. Only masks corresponding to
background points and having confidence above a threshold
T are retained:

&= {M,, | M;; CXifyP =—1], s;; > 7}, (5
where X;[y? = —1] denotes the subset of points in scene
X, labelled as background in the base dataset. Each re-
sulting background mask M?g delineates high-confidence
object-like regions within the background, which are treated
as potential instances of unseen or novel classes.

Instance Prototype Bank (IPB). The IPB aims to
construct robust feature prototypes from the pseudo
background masks M?g predicted by the class-agnostic
model O, providing transferable cues that facilitate subse-
quent novel-class registration. Each input scene X is pro-
cessed by the encoder @ to extract point-wise features F';
(Eq. (2)). These features are then aggregated into instance-
level prototypes for each pseudo mask M, g €M, be using
a masked average-pooling operator Fpool:

tij = Froo(Fi, Mij),  Mi; € {0,13M. (6)
The resulting vector p; ; € RP serves as the instance pro-
totype for the j-th pseudo background region of scene :.
Since the novel classes are unknown during base training,



all such prototypes are collected across the full dataset to
form the Instance Prototype Bank (IPB):

7’=UU{m,j}-

For notational convenience, we collapse the scene-instance
indices (i, j) into a single bank index b, and denote the IPB

(7

elements as { g, } ,@1. This bank provides a rich reservoir of
object-like background patterns, enabling initialisation and
refinement of novel-class representations during subsequent
incremental stages. Importantly, the IPB is constructed once
after base training and then frozen throughout all incremen-
tal stages, introducing no additional optimisation or mem-
ory overhead during incremental adaptation.

3.5. Incremental Class Registration

At each incremental stage ¢ (¢ > 1), the few-shot dataset D®
introduces a set of novel categories C*, each provided with
K annotated support point clouds {(Xg, y$)}_ ;. For ev-
ery novel class ¢ € C*, an initial class prototype p° is ob-
tained by extracting encoder features from the support ex-
amples and aggregating those corresponding to class c:

K
P = %ZfPod(Fk, 1{yr=c] ); 3
k=1

where F;; denotes the features of the k-th support example,
and 1[y,=c| is a binary mask selecting points labelled as
class c. The resulting set of few-shot prototypes for stage ¢
is denoted as Pt = {p°¢ | ¢ € C'} € RIC'1*P and pro-
vides the initial representation for each novel category be-
fore contextual refinement.

Contextual Prototype Retrieval (CPR). Few-shot proto-
types p°®, derived from limited annotations, often lack se-
mantic diversity and do not fully capture the underlying
class structure. To compensate for this limitation, the Con-
textual Prototype Retrieval (CPR) module identifies seman-
tically aligned background embeddings from the IPB (P).

For each novel class ¢ € C*, we compute the cosine sim-
ilarity between its few-shot prototype p® and every back-
ground prototype g, in the IPB:

@)
1P°l]2 [ ko2

The top-R most relevant background prototypes are then
selected to construct a class-specific context pool:

B = {m | b€ TopR(a})} = {m e,

This retrieval step yields a compact and semantically
aligned set of background pseudo-instance prototypes that
provide auxiliary structural cues for refining the initial few-
shot prototypes for robust adaptation. However, not all

T

€))

(10)
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retrieved background prototypes are equally informative;
some may be noisy or lack strong objectness. Therefore,
a dedicated enrichment mechanism is introduced to selec-
tively integrate the most relevant contextual signals.

Attention-Based Prototype Enrichment (APE). During
incremental stage ¢, the retrieved contextual set for class ¢
is B¢ = {uS}E . Given the few-shot prototype p© for ¢ €
C", we refine it through a parameter-free, attention-driven
mechanism that fuses it with the these retrieved prototypes.

Both the few-shot and contextual prototypes are {s-
normalised:

ﬁc = ]:Norm(pc)7 EC = {]:Norm(l"/fv> ‘ Nfr: € BC}
A scaled dot-product cross-attention operation then uses the
few-shot prototype as the query and the contextual proto-
types as keys and values, without introducing any learn-
able parameters or projection heads. This produces a set of
scalar attention weights, one per retrieved prototype, quan-
tifying its relevance to class c. The context-enhanced repre-
sentation is computed as:

=C

R
ht = Z CrossAttention (ﬁc, BC)T ., 1)

r=1

The enriched class prototype is obtained by combining
the original few-shot prototype with the attention-weighted
contextual prototypes:

PC=Ap°+ (1 —X)hS, A€ 0,1]. (12)
The parameter-free attention mechanism suppresses noisy
context while preserving transferable structural cues for
prototype refinement. The refined prototypes for all classes
observed up to stage ¢ are assembled as
P<'=[P" ..., P'], P'={p°|ceC'}, (13)
where PP denotes the base prototypes and C* the novel
classes introduced at stage ¢. The cumulative class set up
to stage t is C=* = | J_,, C", and the prototype matrix P=*
serves as the unified classifier for segmentation. The final
point-wise predictions are obtained via:
§=" = arg max (F; - P=HT) e RMXIC=|,
ceC=st

(14)

4. Experiments

We evaluate SCOPE on two benchmarks against represen-
tative incremental, few-shot, and generalised few-shot base-
lines. We first present the experimental setup, followed by
quantitative and qualitative results, ablations, and a discus-
sion of efficiency and limitations (see Supp. for details).



Table 2. Comparison of baseline methods and SCOPE on the ScanNet dataset under the IFS-PCS setting with K =5 and K'=1. We report
mloU, mloU-B, mloU-N, HM, mloU-I, and FPP. All metrics are higher is better except FPP. Best results are highlighted in bold.

Methods Venue ‘ K=5 ‘ =1

‘mIoU mloU-B mloU-N HM mlIOU-I FPP ‘ mloU mloU-B mloU-N HM mlIOU-1 FPP
JT (Oracle) —| 45.34 48.68 36.97 42.03 - —| 45.34 48.68 36.97 42.03 - -
Finetuning -1 0.38 0.48 0.15 0.23 12.28 34.25| 042 0.49 0.26 0.34 10.93 40.67
LwF [24] TPAMI'17 | 4.12 5.77 0.27 0.51 14.75 3539 0.37 0.33 0.47 0.39 12.06 40.84
CLIMB-3D [39] BMVC’25| 4.23 5.92 0.02 0.04 1598 35.25| 0.02 0.00 0.06 0.00 10.36 41.16
EWC [21] PNAS’17| 3.87 5.41 0.03 0.06 17.66 35.76 | 2.33 4.42 0.02 0.05 16.57 35.22
GUA [49] CVPR’23 | 13.43 18.01 3.14 535 24.59 25.55| 8.97 11.69 1.59 2.80 23.75 31.87
AttMPTI [53] CVPR’21 | 12.42 17.93 326 5.52 25.16 25.50| 9.24 12.43 1.68 2.96 23.82 31.00
HIPO [37] CVPR’25 | 14.95 25.34 7.44 11.50 27.63 17.60| 11.94 14.63 291 4.86 25.94 28.31
PIFS [8] BMVC’21 | 25.39 34.81 343 6.24 33.11 8.74 | 24.61 33.66 349 6.32 33.68 9.88
CAPL [40] CVPR’22 | 31.73 39.01 14.75 21.36 34.55 -0.65| 30.48 39.10 10.38 16.28 34.00 -0.74
GW [46] ICCV’23 | 34.27 41.72 16.88 23.94 37.67 1.49| 33.53 41.85 14.11 20.99 3738 1.36
SCOPE (Ours) —‘ 36.52 41.94 23.86 30.38 38.91 1.27‘ 34.78 41.94 18.09 25.12 38.46 1.27

Table 3. Comparison of baseline methods and SCOPE on the S3DIS dataset under the IFS-PCS setting with K=5 and K=1. We report
mloU, mloU-B, mloU-N, HM, mloU-I, and FPP. All metrics are higher is better except FPP. Best results are highlighted in bold.

Methods Venue ‘ =5 ‘ =1

‘mIoU mloU-B mloU-N HM mIOU-I FPP ‘ mloU mloU-B mloU-N HM mIOU-I FPP
JT (Oracle) —| 73.62 81.57 64.34 71.94 - —| 73.62 81.57 64.34 71.94 - -
Finetuning - 225 3.26 1.07 1.61 24.57 65.55| 0.52 0.06 1.06 0.11 22.88 75.58
LwF [24] TPAMI’17 | 12.66 20.29 376 6.35 37.55 55.36| 7.89 12.61 2.39 4.02 28.44 63.04
CLIMB-3D [39] BMVC’25| 17.71 31.37 1.76  3.32 41.72 4427 | 7.24 12.77 0.79 149 30.98 68.40
EWC [21] PNAS’17| 19.48 35.56 0.73 144 4478 40.09 | 13.74 20.66 1.64 3.00 37.85 54.98
GUA [49] CVPR’23 | 20.18 29.30 1143 16.45 36.61 44.53| 9.84 15.41 5.57 8.19 29.52 58.42
AttMPTI [53] CVPR’21 | 25.83 34.82 15.75 21.70 40.70 38.59 | 18.98 25.02 12.49 16.66 37.67 48.81
HIPO [37] CVPR’25 | 27.73 38.00 18.36 24.76 42.01 3596 23.34 30.38 16.34 21.25 39.80 42.57
PIFS [8] BMVC’21 | 40.68 49.96 29.86 37.38 53.84 24.93| 36.13 50.50 19.36 27.99 52.19 24.38
CAPL [40] CVPR’22 | 55.52 73.11 35.01 47.27 63.69 0.64| 49.16 73.09 21.25 32.79 60.89 0.64
GW [46] ICCV’23| 57.71 73.38 39.42 51.29 63.69 0.04| 51.73 73.25 26.62 39.02 61.15 0.17
SCOPE (Ours) —‘ 59.41 73.44 43.03 54.25 65.24 -0.03‘ 55.36 73.39 34.32 46.73 63.02 0.02

4.1. Experimental Setup

Datasets. We evaluate on two standardindoor bench-
marks: S3DIS [5] and ScanNet [13]. S3DIS contains 272
scenes across six areas with 13 classes, while ScanNet com-
prises 1,513 scenes with 20 categories. For fair compari-
son, following [46], the six least-represented classes form
the novel set C™ introduced incrementally for ¢>1, while
the remaining classes constitute the base set CP, reflect-
ing a long-tailed distribution. Additional preprocessing and
incremental-stage details are provided in the Supp..

Evaluation Metrics. As incremental few-shot segmen-
tation bridges generalised few-shot and incremental learn-
ing, we adopt a unified evaluation suite used in both
paradigms [39, 46]. Following the GFS protocol, we re-
port mloU-B, mloU-N, and mloU, measuring segmentation
performance on base, novel, and all classes, respectively.
In addition, we report the harmonic mean (HM) of mloU-B

and mloU-N to assess the balance between base and novel
recognition. From the incremental perspective, we compute
the average incremental mloU (mloU-I), defined as the av-
erage mloU across all stages, and the forgetting percent-
age points (FPP), measured as the drop in mloU-B from the
base stage ({=0) to the final stage 7.

Implementation. For the base stage, all baselines adopt
the training protocol of Xu et al. [46]. During incremental
stages, the backbone remains frozen, and only class-specific
prototypes are updated from few-shot support samples. Ad-
ditional implementation details are provided in the Supp..

4.2. Results

We evaluate SCOPE on S3DIS and ScanNet against repre-
sentative methods from multiple paradigms. Quantitative
results are reported in Tabs. 2 and 3, with per-task perfor-
mance in Fig. 3 and qualitative comparisons in Fig. 4.

Results on ScanNet. Tab. 2 presents results on ScanNet
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under both K=5 and K=1 settings. SCOPE consistently
outperforms all baselines across metrics in both regimes.
Compared with the GFS-PCS baselines CAPL and GW un-
der K=5, our method substantially improves novel-class
recognition, increasing mloU-N from 14.75% and 16.88%
to 23.86 %, and HM from 21.36% and 23.94% to 30.86 % .
mloU-I also improves from 37.67% (GW) to 38.91%, in-
dicating stronger stability across incremental stages. Under
the more challenging K'=1 setting, SCOPE maintains clear
advantages, surpassing GW by +3.98 and +4.13 percent-
age points in mloU-N and HM, respectively. Relative to
the recent IFS-PCS method HIPO, our framework achieves
large gains of +16.43, +18.88, and +11.28 in mIoU-N, HM,
and mloU-I under K'=5, with similarly consistent improve-
ments of +15.17, +20.26, and +12.52 under K =1.

Results on S3DIS. Tab. 3 reports results on S3DIS un-
der K=5 and K=1. Consistent with ScanNet, SCOPE
achieves state-of-the-art performance while exhibiting min-
imal forgetting. Under K=5, it surpasses the strongest
GFS-PCS baselines (GW and CAPL), improving mloU-N
from 35.01% and 39.42% to 43.03% , HM from 47.27% and
51.29% to 54.25%, and mloU-I from 63.69% to 65.24%.
In the K=1 setting, SCOPE remains robust, achieving
34.32% mloU-N and 46.73% HM, substantially outper-
forming GW (26.62% and 39.02%). Compared with HIPO,
our approach delivers significant gains of +24.67 (mIoU-N),
+29.49 (HM), and +23.23 (mlIoU-I) under K=5, with fur-
ther improvements of +17.98 (mloU-N) and +23.22 (mloU-
I) under K=1.

Incremental Performance Across Tasks
S3DIS (K=5) S3DIS (K=1)

Task ID
ScanNet (K=5)

-
o

mloU (%)
=

mloU (%)

%)
Sl
T

Task ID
ScanNet (K=1)

40

s 201 el
0 1 2 3 0 1 2 3
Task ID Task ID
AttMPTI —— PIFS GW
—=— HIPO CAPL  —#— SCOPE (Ours)

Figure 3. Incremental performance on S3DIS and ScanNet for
t=0 to t=3 under K=5 (left) and K=1 (right), respectively.
Curves show the evolution of mloU across incremental stages.

Performance Across Tasks. Fig. 3 illustrates mIoU pro-
gression over incremental tasks (¢ € {0, 1,2,3}) on S3DIS
and ScanNet under both K=5 (left) and K=1 (right) set-
tings. Higher trajectories at later stages indicate stronger
knowledge retention and more effective adaptation to newly
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introduced classes. Across all settings, SCOPE consis-
tently maintains a superior trajectory compared to com-
peting approaches, with the performance gap widening as
tasks accumulate—particularly under the challenging K=1
regime. This behaviour reflects a favourable stability—
plasticity balance: base-class performance is preserved
while novel categories are integrated with minimal degra-
dation. Among baselines, AttMPTI [53] exhibits a pro-
nounced decline across stages, consistent with its design
for static few-shot learning rather than incremental up-
dates. HIPO [37], despite targeting the IFS-PCS setting,
also shows noticeable performance drop-off, underscoring
the difficulty of maintaining stability under limited supervi-
sion. In contrast, SCOPE demonstrates smoother and more
stable progression across stages, evidencing the effective-
ness of background-guided contextual refinement in reduc-
ing forgetting and enabling reliable incremental adaptation.

GT ‘:’ background
g
o gt
A”‘ S -I wall
'r_‘@ i) ceiling

‘:l floor
I:l clutter
- bookcase
B <oor
N |:| chair

r - beam

3 l:l column

) I:l window
i \:’ table
- sofa
I bosr

Figure 4. Qualitative comparison with competing methods from
t=0 to t=3. The colour palette (right) denotes semantic classes,
and dotted separators indicate newly introduced classes at each
incremental stage (top to bottom).

1

Task:

=2

Task:

3

Task

Qualitative Comparison. Qualitative results from t=0
to t=3 are illustrated in Fig. 4, with key differences high-
lighted by red dashed boxes. At t=0, our method and GW
produce identical predictions, as both originate from the
same base model, whereas CAPL—trained under a differ-
ent paradigm—exhibits visibly different outputs. At t=1,
distinctions emerge: CAPL and GW misclassify parts of
the door as column, while our method yields more accurate
segmentation with only minor errors. This trend persists
at t=2, where baselines produce increasingly fragmented
masks and occasionally hallucinate objects in background
regions. In contrast, our predictions maintain stronger
structural coherence and semantic stability. By t=3, base-
line inconsistencies become more pronounced (e.g., in the
ceiling), whereas our outputs remain better aligned with
the ground truth. Although newly introduced classes are
not explicitly marked, detailed per-task visualisations and
additional results—including plug-and-play demonstrations
showing seamless integration with other prototype-based



Table 4. Comprehensive ablation study on ScanNet (K = 5).

Variant mloU mloU-N HM mloU-I FPP|

Support Set Only (GW [46])  34.27 16.88 2394  37.67 1.49
+ CPR (mean) 35.68 22.12 2891  38.02 1.50
+ APE (full) 36.52 23.86 30.38 38.91 1.27

baselines—are provided in the Supp..

Across datasets and low-shot settings, SCOPE consistently
preserves base knowledge while improving novel-class seg-
mentation. Qualitative results show fewer artefacts and
more coherent predictions across tasks, highlighting con-
textual cues as a key driver of incremental performance.

4.3. Ablation Study

Below, we present ablation studies analysing the effect of
CPR, APE, and sensitivity of key hyperparameters on the
ScanNet dataset, following the setup described in Sec. 4.1.

Effect of CPR. Tab. 4 shows that introducing CPR on top
of the GW [46] baseline with mean aggregation yields sub-
stantial gains on novel classes, improving mloU-N by +5.24
and HM by +4.97 percentage points. mloU increases from
34.27% to 35.68%, and mloU-I from 37.67% to 38.02%,
confirming the benefit of semantically aligned background
prototypes for enhancing few-shot representations.

Effect of APE. Building upon CPR, APE further im-
proves novel and incremental performance, increasing
mloU-N and HM by +1.74 and +1.47 points, raising mloU-
I to 38.91%, and reducing forgetting from 1.50 to 1.27.
This confirms that adaptive attention weighting suppresses
noisy pseudo-instances and weak retrieval, yielding more
discriminative and stable incremental learning.

Sensitivity to T Sensitivity to R Sensitivity to A
30 [
S
g 25f H H
20 ks L L L L P [ S L
0.6 0.7 0.8 20 40 60 0.25 0.50 0.75
T A
=@— N-mloU HM

Figure 5. Hyperparameter sensitivity on ScanNet in terms of N-
IoU and HM, obtained by varying one parameter at a time while
keeping the others fixed (7 = 0.75, R = 20, A = 0.5).

Effect of Hyperparameters. We analyse three key hyper-
parameters: the confidence threshold 7 for IPB construc-
tion, the number of retrieved prototypes R, and the fusion
weight A. As shown in Fig. 5, performance remains sta-
ble across reasonable ranges. Increasing 7 yields improve-
ments up to 7 = 0.8, after which performance slightly
declines, likely due to overly aggressive filtering of infor-
mative background structures. Moderate R values (around
R = 40) offer the best balance between contextual diversity
and noise robustness, whereas larger R may introduce less
relevant prototypes. For A, smaller values, corresponding
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to stronger background integration, achieve better results;
as A increases, reduced contextual contribution leads to per-
formance degradation, indicating that few-shot prototypes
alone are insufficient for reliable IFS-PCS.

4.4. Discussion

Error Propagation. To assess the noise introduced into
the IPB by the class-agnostic segmentation model, we con-
struct an alternative IPB using ground-truth masks and com-
pare it with the pseudo-mask version. The performance gap
is small (24.77 vs. 23.86 mloU-N and 31.20 vs. 30.38
HM for GT and pseudo masks, respectively), indicating that
pseudo-mask noise has limited impact. This is largely be-
cause low-confidence instances are filtered during IPB con-
struction, and APE further mitigates residual noise through
selective prototype weighting (Sec. 4.3).

Computational Efficiency. Compared with the strongest
baseline, GW [46], SCOPE incurs negligible computational
overhead during incremental learning. The instance pro-
totype bank is constructed once offline after base training,
requires no further optimisation, and adds less than 1 MB
of memory storage. During incremental stages, the only ad-
ditional operations are non-parametric CPR and APE, both
parameter- and training-free. As a result, the per-task com-
putational cost remains virtually unchanged, with runtime
comparable to GW (18.60 s vs. 18.58 s per task).

5. Conclusion

We introduced SCOPE, a lightweight plug-and-play frame-
work for IFS-PCS. Our key insight is that background re-
gions in base scenes encode reusable object-level structure
useful for future novel classes. We exploit this by min-
ing high-confidence pseudo-instances with a class-agnostic
segmenter to build an IPB, which is used through CPR
and APE to refine sparse novel-class prototypes. This
design enables adaptation under limited supervision with-
out backbone retraining or additional parameters, achiev-
ing a strong stability—plasticity balance. Experiments on
standard 3D benchmarks show consistent improvements in
novel-class accuracy and reduced forgetting over represen-
tative baselines. Overall, proposed framework demonstrates
that background-guided prototype enrichment is an effec-
tive and scalable strategy for low-shot continual 3D scene
understanding. Future work will extend the framework to
large-scale outdoor and multi-modal settings while reduc-
ing reliance on class-agnostic segmentation models.
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