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Abstract. Few-shot 3D Point Cloud Semantic Segmentation (FS-PCS)
aims to predict per-point labels for an unlabeled point cloud, given only
a few labeled examples. To extract representations from the limited la-
beled set, existing methods have constructed prototypes with Farthest
Point Sampling (FPS). However, we found that this convention results
in performance instability due to its sensitivity to FPS-induced varia-
tions, while the prototype generation process remains underexplored in
the field. This motivates us to investigate deterministic prototype gen-
eration method based on attention mechanism. Despite its potential, we
found that vanilla attention module suffers from the distributional gap
between prototypical tokens and support features. To overcome this, we
provide a simple approach, White Aggregation and Restoration Module
(WARM), which resolves the misalignment by wrapping cross-attention
with whitening and coloring transformations. Specifically, whitening alig-
ns the features to tokens before the attention process, and coloring subse-
quently restores the original distribution to the attended tokens. This de-
sign enables robust attention, thereby generating prototypes that capture
the semantic relationships in support features. WARM achieves state-of-
the-art performance with a significant margin on the S3DIS dataset, and
competitive performance on the ScanNet dataset. Further experiments
demonstrate its effectiveness in deterministic prototype generation. Code
is publicly available at: https://github.com/JiyunIm00/WARM.git
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1 Introduction

Understanding the semantics of 3D point clouds has become crucial as its appli-
cations have advanced [6, 32]. Although recent methods have achieved remark-
able performance, they rely on large amounts of labeled data, which requires
expensive labor [3, 9]. To alleviate this data reliance, Few-shot 3D Point Cloud
Semantic Segmentation (FS-PCS) was introduced [37]. It aims to segment un-
seen novel classes in unlabeled point clouds, referred to as the query set, using
a small number of labeled examples, referred to as the support set.
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Table 1: mIoU (%) distribution re-
sulting from random seeds. Perfor-
mance is evaluated under the 1-way
1-shot setting on the first split of
S3DIS [3]. ‘FPS + min-dist.’ de-
notes a simple baseline that assigns
labels based on the minimum dis-
tance to FPS-constructed class pro-
totypes. The distribution of mIoUs
show the sensitivity of FS-PCS mod-
els to FPS results, that even the
complex segmentation structure [2]
falls short to generalize. On the
other hand, attention-based WARM
shows much stability.

Method Max Min Mean Std.

COSeg [2] 52.86 37.99 45.67 2.41
FPS + min-dist. 52.14 46.86 49.48 0.86

WARM 60.16 60.16 60.16 -

Naïve Cross-Attn WARM (Ours)
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Fig. 1: Comparison of naïve cross-attention and
WARM in prototype construction. (a) t-SNE vi-
sualization of the alignment between prototyp-
ical tokens (queries) and point cloud features
(keys). (b) Attention sharpness measured via at-
tention entropy [35], averaged for each token.

To fully utilize the information from the support set, previous studies have
constructed class prototypes [1,2,13,25,37]. It is widely adopted in other few-shot
downstream tasks, where numerous studies focus on improving representation
quality due to its impact on performance [12,19,23,36]. In FS-PCS, most existing
methods have relied on algorithmic approach such as Farthest Point Sampling
(FPS) to construct multiple prototypes of the target class, following [37].

Surprisingly, these conventional prototypes cause performance instability as
shown in Tab. 1. Due to its results being dependent on the initially selected point
[34], FPS produces inconsistent results that create fluctuations in performance.
Particularly, the subsequent sophisticated module [2] aggravates this sensitivity
when compared to a simple distance-based method, highlighting the importance
of prototype construction in FS-PCS. This motivates us to devise an advanced,
consistent prototype generation module.

One may consider the attention mechanism [29] as a promising candidate,
given its deterministic nature and demonstrated adaptability to prototype gener-
ation [7,8,19,36]. Nevertheless, we find that attention alone remains insufficient
in the case of FS-PCS. Ideally, the cross-attention module should be optimized
such that the prototypical tokens adaptively aggregate information from support
features to form representative prototypes. However, this process fails due to a
large distributional gap between the prototypical tokens and the support point
features, as shown in Fig. 1 (a).

This misalignment prevents the prototypical tokens from establishing mean-
ingful interactions across semantically correlated regions, causing attention to
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collapse onto a limited subset of features and consequently degrading represen-
tation quality as discussed in [11, 15, 18, 35]. Consistently, in Fig. 1 (b), most
tokens allocate more than half of their total attention weight to an individual
support point, indicating a lack of compositional understanding of the class.

To enable effective attention-based prototype generation in FS-PCS, we in-
troduce a simple approach that integrates cross-attention with established align-
ment techniques. Our proposed White Aggregation and Restoration Module
(WARM) constructs semantically meaningful prototypes via robust attention
induced by aligned prototypical tokens and support features. Specifically, in or-
der to align with the prototypical tokens, the support features are transformed
to a whitened space [5] where it is standardized and decorrelated. By operating
in a shared feature space, the tokens establish interactions with the features that
promote semantically coherent representations instead of ones locally confined
in the projection space. Moreover, decorrelating features promotes smoother and
more stable optimization [10,14]. Subsequently, coloring—the inverse operation
of whitening—restores the separated characteristics to the resulting prototypes,
preserving essential feature properties for faithful representation. Ultimately,
WARM contributes to effective attention-based prototype generation in FS-PCS
by improving compatibility between prototypical tokens and support features,
while also fostering stable optimization.

As a result, our attention-based WARM alone achieves competitive perfor-
mance on FS-PCS benchmarks [3,9], with state-of-the-art performance on S3DIS
dataset. We validate our approach through extensive experiments, demonstrat-
ing its effectiveness in addressing the challenges of adapting attention-based
prototype generation to FS-PCS. The contribution of our work lies in rethinking
a simple architecture in light of task-specific challenge and introducing a com-
plementary perspective for future research in FS-PCS. In summary, our contri-
butions are as follows:

– We identify the challenges inherent in adapting attention mechanisms for
prototype generation in FS-PCS, providing detailed analysis of the distribu-
tional factors that limit their representational capacity.

– We devise a simple solution, WARM, that utilizes concrete alignment method
to address the distributional disparity during cross-attention, and validate
its effectiveness through comprehensive ablation analyses.

– Our method achieves competitive performance in FS-PCS benchmarks, with-
out the aid of complex decoders.

2 Related Works

2.1 Few-Shot 3D Point Cloud Segmentation

Few-Shot 3D Point Cloud Segmentation (FS-PCS) aims to predict per-point la-
bels for a query point cloud given a small set of labeled support samples. Follow-
ing the prototypical paradigm [28], prior FS-PCS methods construct prototypes



4 J. Im et al.

to represent the support set information. Given the limited supervision, the ex-
pressiveness of these prototypes is crucial to performance. Most existing works
adopt the multi-prototype pipeline introduced by [37], where seeds are selected
via Farthest Point Sampling (FPS) in coordinate [1, 2] or feature space [37],
followed by clustering the surrounding point cloud or multi-modal [1] features
to form prototypes. Alternatively, some methods use a single prototype derived
from masked average pooling [13].

While these approaches are intuitive, they rely on hand-crafted rules, and
most studies [21,25] focus on adapting such prototypes to the query rather than
improving the prototype construction itself. In contrast, we explore a learnable
alternative based on attention mechanisms to enhance the flexibility and expres-
siveness of prototype generation.

2.2 Attention-based Prototype Generation

In the image domain, it is common to construct prototypes using learnable pro-
totypical tokens through cross-attention mechanisms, such as DETR [7] and
Mask2Former [8]. In contrast, 3D instance segmentation and object detection
typically adopt non-learnable, non-parametric tokens sampled directly from the
input point cloud to summarize features via attention [22,24,27]. Although some
work in 3D domain leverage parametric tokens [31, 33], they rely on auxiliary
information such as camera coordinates or 2D image features. This tendency
primarily arises from the inherent difficulty of aligning the point cloud distri-
bution with parameter initializations [38]. Through our work, we inspect the
underlying matter that induces the misalignment between point cloud features
and prototypical tokens, and propose a simple approach that enables attention-
based prototype generation in FS-PCS.

3 Preliminary

3.1 Problem Formulation

FS-PCS aims to segment unlabeled point clouds based on a small set of la-
beled points. Specifically, in each N -way K-shot episode following the well-known
meta-learning paradigm [30], it consists of K labeled point clouds for N classes,
called the support set S = {{(XS

n,k, Y
S
n,k)}Kk=1}Nn=1 and U unlabeled ones, named

the query set Q = {(XQ
u , Y Q

u )}Uu=1. Here, X and Y represent the point cloud
and its corresponding mask, respectively. As a result, the goal of FS-PCS is to
predict per-point semantic labels for each query point cloud in Q, leveraging the
information in the support set S. Note that training and testing utilize mutually
exclusive class sets, Cbase and Cnovel, individually, i.e., Cbase ∩ Cnovel = ∅. In the
below sections, we assume a 1-way 1-shot setting for better clarity.
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3.2 Farthest Point Sampling (FPS)

Given a point cloud X ∈ RL×3, we extract the point-wise features F ∈ RL×D,
where L and D denote the number of points and the feature dimension, respec-
tively. For simplicity, we assume that both the support and query sets contain
L points. We divide the support set into two semantic classes, foreground (FG)
and background (BG), based on the ground-truth mask Y S . Therefore, we ob-
tain the class-specific features FC ∈ RLC×D for each class C ∈ {FG,BG} within
the support features FS , where LC denotes the number of points of the class C.

To effectively leverage the information within a few labeled samples, FS-PCS
methods typically construct prototypes using the Farthest Point Sampling (FPS)
algorithm [1, 2, 21, 37]. The FPS algorithm starts from a randomly selected l-th
point feature FC

l for each class, which serves as the initial element rC1 of the
subset. Then, it iteratively expands the subset RC

t = {rC1 , · · · , rCt } at each step
t = 1, · · · , T , as follows:

rCt+1 = argmax
fC∈FC\RC

t

(
min

rC∈RC
t

∥∥fC − rC
∥∥
2

)
. (1)

The resulting subset RC
T serves as a compact set of representative point features

for each class.

4 Motivation

4.1 Attention-based Prototype Generation

Despite the wide adoption of FPS-based prototypes in FS-PCS, it suffers from
intrinsic randomness. As detailed in Sec. 3.2, it initiates by randomly selecting
a point from the input, then iteratively chooses the farthest point from the
previously selected point set. Therefore the resulting set is highly dependent on
the random choice, leading to instability in performance, as shown in Tab. 1.

In contrast to algorithmic approaches in FS-PCS, other few-shot downstream
tasks [19, 23, 36] have developed prototype generation techniques that leverage
the cross-attention mechanism. These attention-based strategies offer notable
advantages over the FPS-based ones. First, they generate deterministic outputs,
eliminating stochastic effects and ensuring consistent performance. Secondly, the
attention mechanisms are fully parallelizable via matrix multiplications, unlike
the inherently sequential nature of FPS. Furthermore, they are task-optimizable,
as they constitute learnable components rather than fixed sampling heuristics
like FPS. These strengths motivate us to adopt attention-based prototype gen-
eration in FS-PCS.

Given M prototypical tokens P = [P1, P2, · · · , PM ] where each token Pm ∈
RD, we can construct support prototypes P̂C ∈ RM×D for each class, as follows:

P̂C
m = Pm +

∑
l∈LC

exp
(
Wq(Pm)Wk(F

C
l )

)∑
l′∈LC exp

(
Wq(Pm)Wk(FC

l′ )
)Wv(F

C
l ), (2)
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Table 2: Distributional discrepancy analysis. P and FFG denote prototypical tokens
and support foreground (FG) features, respectively, while Wq(P ) and Wk(F

FG) are
projected versions of them using the attention layer. (a) Dist(·, ·) measures the degree
of misalignment between two matrices by computing their average distance, whereas
(b) corresponds to the distance between their means. (c) Dinstance represents the feature
scale within each instance, while (d) κinstance quantifies anisotropy.

P FFG Wq(P ) Wk(F
FG)

(a) Distance of two matrices Dist(·, ·) (Eq. (3)) 282.61 271.18

(b) Distance of mean Distµ(·, ·) (Eq. (4)) 264.17 251.56

(c) Dipersion Dinstance (Eq. (5)) 1.14 94.68 1.12 95.40

(d) Anisotropy κinstance (Eq. (6)) 5.36 1122.81 10.41 12392.23

where Wq(·), Wk(·), and Wv(·) are projection layers for the query, key, and value,
respectively.

4.2 Attention Misalignment in FS-PCS

To construct representative prototypes using the cross-attention mechanism, it is
crucial that the attention in Eq. (2) effectively captures the underlying semantic
relationships among the support features. Otherwise, the whole process is prone
to yield sub-optimal outputs, often relying heavily on skip connections [11,18,35].
For this to hold, the support features and prototypical tokens must reside in a
well-aligned embedding space where semantic similarity is reflected by feature
proximity.

In order to assess the robustness of attention-mechanism in FS-PCS, we
analyze the vanilla cross-attention module in terms of the distribution in the
embedding space of P and FFG. Note that our analysis is derived by averaging
across test episodes from the 1-way 1-shot setting on the first split of the S3DIS
[3] dataset with a focus on the foreground (FG) class, as the background (BG)
often contains multiple semantic categories that could introduce confounding
factors.

First, the simplest metric to quantify the discrepancy between the distribu-
tions of FFG and P is the average distance, denoted as:

Dist(P, FFG) =
1

LFG

LFG∑
l=1

min
m
∥ Pm − FFG

l ∥2 . (3)

To better understand the contributing factors in Dist(·, ·) presented in Tab. 2 (a),
we introduce a related metric that measures the distance between the mean
vectors:

Distµ(P, FFG) =∥ µP − µFG ∥2, (4)
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where µFG = 1
LFG

∑LFG

l=1 FFG
l ∈ R1×D is the mean of support FG features,

and similarly µP the mean of P . Tab. 2 (a) and (b) imply that a substantial
portion of Dist(·, ·) arises from the discrepancy between the means of FFG and
P . Therefore, by aligning the centers, the misalignment is expected to be largely
mitigated.

Nevertheless, even with the centers aligned, additional components of mis-
alignment still exist. For instance, if the features FFG exhibit substantially larger
dispersion around the center than the tokens P , this scale discrepancy can hin-
der effective semantic aggregation. Conversely, pronounced anisotropy in the
feature directions may still restrict the tokens from fully capturing the semantic
context, despite comparable scale. To inspect these factors, we first define the
within-instance dispersion Dinstance, to describe the scale of the feature space:

Dinstance =
1

LFG

LFG∑
l=1

∥ FFG
l − µFG ∥2 . (5)

Next, to compare the geometric differences, we measure instance-wise anisotropy
κinstance, defined as follows:

κinstance = ΣFG
11 /min{ΣFG

ii | 1 ≤ i ≤ r, 0 < ΣFG
ii },

diag
(
ΣFG) = [

ΣFG
11 , ΣFG

22 , · · · , ΣFG
rr

]
, r = min

(
LFG, D

)
,

(6)

where diag(·) extracts the diagonal elements, and ΣFG ∈ RLFG×D is the diag-
onal matrix of singular values resulting from the SVD of the centered features
FFG − µFG. Intuitively, a large κinstance > 1 indicates that the features are
dominated by a few principal directions, whereas κinstance ≈ 1 suggests an ap-
proximately spherical distribution. The same procedure is applied to P , with
detailed derivations provided in the supplementary material.

As shown in Tab. 2 (c) and (d), the difference between Dinstance and κinstance

from P and FFG is evident, indicating mismatches in feature scale and direc-
tion. This discrepancy is not resolved with the projection layers preceding the
cross-attention mechanisms; hence, the cross-attention struggles to capture the
semantically meaningful relationships due to extreme misalignment. Such large
distributional gaps between prototypical tokens and support features not only
hinder semantic correspondence during cross-attention, but also impede opti-
mization [26]. This observation motivates us to project support features into a
more coherent and structured representation space for effective attention-based
prototype generation.

5 Method

5.1 Overview

In this section, we present WARM, a cross-attention-based prototype generation
framework for FS-PCS that incorporates a simple alignment strategy for im-
proved semantic aggregation. As shown in Fig. 2, WARM comprises three stages:
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Fig. 2: Overall pipeline of WARM in the 1-way 1-shot setting. Support and
query features are extracted using a pretrained network. Within WARM, support fea-
tures are divided into foreground and background components, which are whitened
to align with the prototypical tokens and aggregated via cross-attention to generate
prototypes. The prototypes are then recolored to restore instance-specific statistics.
Finally, query points are classified based on their similarity to the prototypes.

whitening, cross-attention, and coloring. Support features are first whitened to
decouple distributional biases and align them with prototypical tokens. Cross-
attention then aggregates the aligned features to form prototypes, which are
subsequently colored with the instance-specific statistics of the features. Finally,
segmentation is performed by assigning each query point to its nearest prototype.
Overall, WARM achieves effective feature–prototype alignment while preserving
essential instance characteristics.

5.2 White Aggregation and Restoration Module

As detailed in Sec. 4.2, the vanilla cross-attention is insufficient to aggregate
point features based on their semantic relationships. To address this issue, we
suggest the incorporation of alignment and restoration techniques with the cross-
attention mechanism. Specifically, for each class C ∈ {FG,BG} in the support
set, the covariance matrix SC ∈ RD×D is computed as:

SC =
1

LC − 1
(FC − µC)T (FC − µC). (7)

Then, we apply ZCA whitening [5, 14] to FC as follows:

ZC = (FC − µC) · (SC)− 1
2 , (8)

where ZC ∈ RLC×D denotes the whitened features with zero mean and decor-
related channels, i.e., ZC⊤ ·ZC = I. By normalizing instance-specific statistics,
the whitened features reside in a standardized space, where prototypical tokens
are aligned with the point features. With the whitened support features ZC , we
generate prototypes P̃C ∈ RM×D, which replace those in Eq. (2), as follows:

P̃C
m = Pm + CA(Pm, ZC). (9)
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This facilitates stable aggregation based on semantics, as the attention mech-
anism no longer needs to account for instance-specific distributional variations
that lead to isolated pairwise matching.

Although whitening discards statistics that would otherwise hinder alignment
during attention, prototypes representing support features should retain these
statistics to preserve the original expressiveness. To this end, we introduce a
coloring step after cross-attention. This can be simply implemented as the inverse
of the ZCA whitening in Eq. (8), as follows:

PC = P̃C · (SC) 1
2 + µC , (10)

where PC ∈ RM×D denotes the final prototypes that incorporate complete in-
formation. As such, we obtain representative prototypes that are derived by
considering semantic relationships within point clouds while restoring instance-
specific distributional statistics.

5.3 Regularized Whitening for Stability

In order to apply whitening as in Sec. 5.2, inverse square root of SC is required,
which is obtained by inverting the square root of its eigendecomposition:

(SC)− 1
2 = (V ΛV T )−

1
2 = V Λ− 1

2V T . (11)

The diagonal entries {λ0, λ1, ...λD} of the diagonal matrix Λ are the eigenvalues
of SC and the columns of V are the corresponding eigenvectors.

However in FS-PCS, where the number of input points is dynamic, the co-
variance matrix SC is possibly ill-conditioned in the case of sparse points due to
linear dependencies. In such cases, even a small variance in a certain direction
that is most likely a noise, can be falsely amplified as a signal in the whitened
space. Therefore, to ensure stability and to prevent such noise-amplification, we
regularize the eigenvalues:

Λ← (1λ>νλ+ 1λ≤νν) · I, ν = λmedian

(
1 +

√
D/LC

)2

, (12)

where the threshold ν is set to the upper bound of estimated noise [4], with
λmedian representing the median eigenvalue. By thresholding the eigenvalues
adaptively to the point cloud size, the inversion process is stabilized even in
sparse scenes. Further details are provided in supplementary.

5.4 Training Objective and Inference

We adopt a basic segmentation approach, in which each query point is assigned
the class of its nearest prototype. The prediction Ŷ Q

l for the l-th query point
features FQ

l is determined by the distance to the nearest prototype within each
class C ∈ {FG,BG}:

Ŷ Q
l = argmin

C

(
min
m
∥FQ

l − PC
m∥2

)
. (13)
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For supervision, we use a margin loss with the margin set to zero, to penalize
only the wrong predictions:

Lmargin =
1

L

L∑
l=1

(
1Y Q

l =FG max
(
dFG
l − dBG

l , 0
)
+ 1Y Q

l =BG max
(
dBG
l − dFG

l , 0
))

.

(14)
where 1condition is the indicator function, which equals 1 if the condition is true
and 0 otherwise. To further prevent the multi-prototypes from collapsing into
trivial representations, we additionally apply a simplification loss [17], as:

Lsim =
1

N + 1

∑
C

( 1

LC

LC∑
l=1

min
m

dClm +
1

M

M∑
m=1

min
l

dClm +max
m

min
l

dClm

)
, (15)

where dClm =∥ FC
l − PC

m ∥2. The loss is computed separately for FG and BG.
As a result, the overall training objective is defined as:

L = Lmargin + α · Lsim, (16)

where α is a coefficient hyperparameter, set to 0.5.

6 Experiments

6.1 Experimental Results

Baselines. FS-PCS studies are conducted under two distinct strategies of pre-
processing raw point clouds, 1) foreground oversampling [13, 25, 37] and 2) uni-
form sampling [1,2]. As noted in [2], the former relies on ground-truth masks to
oversample foreground regions, limiting its use in real-world settings where an-
notations are unavailable. Therefore, we adopt and compare with the baselines
under the uniform sampling protocol [1,2]. In addition, we report results for base-
lines originally developed under the foreground oversampling protocol [13,25,37],
re-implemented within the uniform sampling setting, provided in [2].

Datasets. We perform experiments on two benchmark datasets for FS-PCS:
S3DIS [3] and ScanNet [9]. S3DIS comprises 271 indoor scenes with 12 seman-
tic classes, and ScanNet contains 1,513 indoor scenes with annotations for 20
categories. For both datasets, the classes are split into two folds, S0 and S1,
for cross-validation, where they do not overlap with each other. Following prior
work [37], each scene is divided into 1m×1m blocks, with each block valid only
if it contains ≥ 5% foreground points, with a 100 point minimum. We adopt the
same data preprocessing as in [2], where each block is voxelized into 0.02m grids,
and uniformly sampled up to 20,480 points.
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Table 3: Quantitative result on S3DIS in mIoU (%). Combinations of 1/2-
way, 1/5-shot setting are reported, for splits S0 and S1, including their mean. The
best and second-best are bolded and underlined, respectively. † denotes reproduced
performance without foreground leakage with Stratified Transformer [16] as backbone,
provided in [2]. ∗ denotes methods that utilize additional modality.

Method
1-way 1-shot 1-way 5-shot 2-way 1-shot 2-way 5-shot

Overall
S0 S1 Mean S0 S1 Mean S0 S1 Mean S0 S1 Mean

AttMPTI† [37] 36.32 38.36 37.34 46.71 42.70 44.71 31.09 29.62 30.36 39.53 32.62 36.08 37.12
QGE† [25] 41.69 39.09 40.39 50.59 46.41 48.50 33.45 30.95 32.20 40.53 36.13 38.33 39.86
QGPA† [13] 35.50 35.83 35.67 38.07 39.70 38.89 25.52 26.26 25.89 30.22 32.41 31.32 32.94
COSeg [2] 46.31 48.10 47.21 51.40 48.68 50.04 37.44 36.45 36.95 42.27 38.45 40.36 43.64
MM-FSS∗ [1] 49.84 54.33 52.09 51.95 56.46 54.21 41.98 46.61 44.30 46.02 54.29 50.16 50.19
FPS + min-dist. 51.35 45.68 48.52 68.43 61.51 64.97 44.48 33.00 38.74 58.22 45.52 51.87 51.03

WARM (ours) 60.16 50.50 55.33 72.23 62.66 67.45 50.91 38.34 44.63 61.46 48.95 55.21 55.66

Table 4: Quantitative result on ScanNet in mIoU (%). Experimental setting is
the same as Tab. 3, performed on ScanNet [9].

Method
1-way 1-shot 1-way 5-shot 2-way 1-shot 2-way 5-shot

Overall
S0 S1 Mean S0 S1 Mean S0 S1 Mean S0 S1 Mean

AttMPTI† [37] 34.03 30.97 32.50 39.09 37.15 38.12 25.99 23.88 24.94 30.41 27.35 28.88 31.11
QGE† [25] 37.38 33.02 35.20 45.08 41.89 43.49 26.85 25.17 26.01 28.35 31.49 29.92 33.66
QGPA† [13] 34.57 33.37 33.97 41.22 38.65 39.94 21.86 21.47 21.67 30.67 27.69 29.18 31.19
COSeg [2] 41.73 41.82 41.78 48.31 44.11 46.21 28.72 28.83 28.78 35.97 33.39 34.68 37.86
MM-FSS∗ [1] 46.08 43.37 44.73 54.66 45.48 50.07 43.99 34.43 39.21 48.86 39.32 44.09 44.53
FPS + min-dist. 37.95 33.66 35.81 52.77 47.72 50.25 30.13 27.06 28.60 43.41 39.35 41.38 39.01

WARM (ours) 41.16 39.10 40.13 53.40 49.04 51.22 30.27 30.02 30.15 45.02 41.61 43.32 41.21

Implementation Details. We use the encoder layers of Stratified Transformer
[16] as the feature extractor, with pretrained weights from [2]. For prototype
generation, we use a single WARM layer with 100 prototypical tokens for each
foreground and background, totaling 200 tokens. In a multi-shot setting K >
1, we generate prototypes for each sample and average them across shots as
in [28]. Evaluation is based on mean Intersection-over-Union (mIoU), and is
performed on 1,000 episodes per class in the 1-way setting and 100 episodes per
class combination for the 2-way setting to ensure stable results.

For training, AdamW optimizer with a learning rate of 1×10−4 and a weight
decay of 0.01 is applied. Training is conducted for 10 and 20 epochs for the N -
way 1-shot and 5-shot settings, respectively, where each epoch consists of 400
episodes. The learning rate is decayed by a factor of 0.1 at 60% and 80% of the
total number of epochs. All experiments are performed on an RTX A6000 GPU.

Quantitative Result. We compare WARM with existing baselines under 1/2-
way and 1/5-shot settings. As shown in Tab. 3, WARM achieves state-of-the-art
performance for uni-modal methods on the S3DIS dataset. This superiority is
mostly maintained on the ScanNet dataset in Tab. 4 for uni-modal models, al-
though it has lower performance in most scenarios compared to multi-modal
method such as MM-FSS [1]. MM-FSS exploits text and image features in addi-
tion to point clouds for more comprehensive pretraining [20], whereas the main
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Query (GT) COSeg WARM (Ours)Support (GT)

Chair

Board

Floor

Window

Fig. 3: Qualitative results of COSeg [2] and
WARM on 1-way 1-shot setting of the S3DIS [3]
dataset. Each row denotes a single test episode,
where ground-truths (GT) and predictions are
highlighted with their corresponding class color.

Table 5: Component ablation study.
N, W, and R denote normaliza-
tion, whitening, and coloring. Nor-
malization means scaling the fea-
tures to zero mean and unit vari-
ance along each channel dimension.
Dist(Q,K) indicates the distance be-
tween queries and keys as in Eq. (3).

N W R Dist(Q,K) ↓ mIoU (%)

(a) 288.81 47.29
(b) ✓ 13.30 14.18
(c) ✓ 13.14 10.83
(d) ✓ ✓ 13.72 57.59
(e) ✓ ✓ 13.13 60.16

Table 6: Loss ablation study.
Lmargin Lsim mIoU (%)

Naïve CA ✓ ✓ 47.29

WARM
✓ 59.34

✓ 58.74
✓ ✓ 60.16

contribution of WARM is focused on the prototype construction, rather than
feature quality.

Given the simplicity of WARM compared to heavy decoder-based models
[1,2], its competitive performance highlights the importance of careful prototype
design. Moreover, the strong results achieved by ‘FPS + min-dist.’ further ques-
tion the necessity of complex decoders. These findings suggest that future work
should place greater emphasis on developing more expressive and robust proto-
type representations, as explored in other few-shot downstream tasks [19,36].

Qualitative Result. In addition to the quantitative results, we display qual-
itative results in Fig. 3. Compared to COSeg [2], WARM consistently reduces
mispredictions and increases correct classifications across episodes, while main-
taining a simpler segmentation architecture. Along with quantitative results,
this demonstrates the importance of prototype integrity, rather than focusing
on complex decoders.

6.2 Ablation Study

Experiments are conducted under the 1-way 1-shot setting with S0 of S3DIS [3].

Component Ablation. Tab. 5 presents a component-wise ablation study ver-
ifying the effectiveness of each alignment step. In (a), the naïve cross-attention
(CA) suffers from severe misalignment between query and key features, as re-
flected in the large Dist(Q,K). We address this via whitening-based alignment,
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Table 7: Quantitative compari-
son of attention maps. Entropy
(normalized to the range [0, 1])
measures the uniformity of each
attention distribution. Diversity
is computed as the inverse of av-
erage similarity among the at-
tention maps of the prototypical
tokens, reflecting how distinctly
they focus on different regions.
Method Entropy Diversity

Cross-Attention 0.2079 0.8824
WARM 0.8387 0.6442
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Fig. 4: Qualitative comparison of attention maps.
To ensure a fair assessment, each attention map is
sampled based on its respective ranking within the
entropy score distribution.

with comparisons against normalization, an alternative alignment method. As
shown in (b), normalization standardizes features to unit variance per channel,
substantially reducing misalignment, but remains sub-optimal as it preserves the
covariance structure. In contrast, whitening (c) enforces an isotropic distribution
by removing the covariance, further decreasing the misalignment. However, while
both methods enable cross-attention to capture semantic relationships, they also
strip essential distributional characteristics, causing prototypes to lose the origi-
nal instance’s inherent semantics, as reflected in their low mIoU. Therefore, col-
oring (d–e) should be accompanied to restore these properties after alignment.
The full model in (e) with whitening and coloring achieves the best performance,
confirming that both feature alignment and semantic restoration are necessary
for faithful prototype representation.

Loss Ablation. As shown in Tab. 6, WARM substantially outperforms CA,
even with only the task objective Lmargin, indicating that WARM’s architecture
itself mitigates attention degradation. Combining Lmargin and Lsim achieves the
best result, suggesting complementary effects.

Semantic Attention by Whitening. We validate that whitening enables
prototypical tokens to aggregate features by semantic relationship, rather than
spatial proximity in the projected space, through quantitative and qualitative
analysis. We define two metrics: entropy, quantifying attention distribution uni-
formity (normalized to [0, 1]), and diversity, quantifying inter-prototype distinc-
tiveness as the inverse of average attention-map similarity. As shown in Tab. 7,
naïve cross-attention exhibits low entropy and high diversity, indicating that
prototypes attend to features close in projection space but lacking semantic rel-
evance, causing attention to collapse into point-level aggregation without seman-
tic grouping. WARM, by contrast, achieves substantially higher entropy along-
side a moderate but sufficient diversity score, indicating that each prototype
attends broadly and consistently to semantically related regions, yielding richer
and more coherent representations. Qualitative results in Fig. 4 corroborate this:
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Table 8: Parametric capacity ablation. Re-
sults (a-c) indicate that increasing the pa-
rameter has minimal effect on performance,
whereas the substantial gain in (d) suggests
that structural design is the primary deter-
minant of performance.

Method mIoU Backbone Extra
param. # param. #

(a) FPS+min-dist. 51.35 3.91M -
52.34 5.16M -

(b) COSeg [2] 46.31 3.91M 2.20M
MM-FSS [1] 49.84 7.55M 7.22M

(c) CA 47.29 3.91M 1.13M

(d) WARM 60.16 3.91M 1.13M

S3DIS 1W1S S3DIS 1W5S

S3DIS 2W1S ScanNet 1W1S

Number of Tokens (𝑀)
20010 100 30015050
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Fig. 5: Number of prototypical tokens
(M) ablation for different settings.

naïve attention is spatially narrow, whereas WARM captures semantically co-
herent point groupings. Visualizations are sampled by entropy percentile rather
than cherry-picked results.

Compatibility with FS-PCS Methods. To evaluate the versatility of WARM
as a general-purpose prototype generation module, we integrate it into exist-
ing FS-PCS frameworks in the uniform sampling protocols, such as COSeg [2]
and MM-FSS [1]. Specifically, we replace their standard FPS-based prototype
generation with WARM. Notably, the mIoU of COSeg increases from 46.31%
to 59.26%, representing a substantial 12.95% improvement. Similarly, MM-FSS
shows a steady gain, rising from 49.84% to 52.62%. These results demonstrate
that WARM is a robust, plug-and-play solution that effectively substitutes con-
ventional heuristic-based sampling. Additional experiments on the foreground
oversampling baselines are provided in the supplementary.

Parametric Capacity Ablation. To verify that WARM’s gain comes from
its structured design rather than additional parametric capacity, we analyze
the performance of existing methods with respect to their parameter counts. In
Tab. 8, (a) increasing the backbone capacity of ‘FPS+min-dist.’ from 3.91M to
5.16M brings only marginal gains in performance, while (b) existing FPS-based
methods underperform WARM despite using comparable or larger backbones
with much larger additional modules. These results imply that additional module
capacity does not directly improve performance. Conclusively, (c) shows that
even the same structure as WARM performs poorly without whitening/coloring,
while (d) confirms superior performance. To sum up, WARM’s gain mainly comes
from resolving the misalignment between learnable tokens and support features
through whitening and coloring, rather than from simply adding parameters.

Number of Tokens. We provide ablation on M in Fig. 5 across different
datasets and settings. For S3DIS, the performance remains stable when varying
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M , indicating that increasing the number of tokens does not consistently im-
prove performance. However in ScanNet, the performance largely drops at small
value of M =10, likely due to its larger number of FG classes requiring higher
representational capacity, and stabilizing once M≥50. In conclusion, the results
suggest that more complex datasets may require a sufficient number of tokens for
adequate representational capacity, although performance becomes stable once
M exceeds a moderate threshold.

Memory and Runtime Overhead. We compare peak memory and runtime
of WARM against FPS-based prototype generation. For constructing 100 proto-
types, we vary the point count (L =1K∼25K; D=100) and the feature dimen-
sion (D =100∼2K; L=1K), one factor at a time. As shown in Tab. 9, WARM
uses slightly more peak memory due to the attention parameters, but is signif-
icantly faster than FPS. This is because FPS is inherently sequential, whereas

Table 9: Runtime and memory overhead of WARM
compared to FPS.

Overhead Method Point Count Feature Dimension
1K 5K 25K 100 500 2K

Memory ↓ FPS 39.4 196.5 983.6 39.4 193.8 772.9
(MB) WARM 42.6 204.3 1016.1 42.6 216.5 974.2

Runtime ↓ FPS 9.9 20.8 78.3 10.1 20.5 87.8
(ms) WARM 2.8 2.8 6.0 2.8 16.2 85.6

WARM is dominated by
GPU-parallel batched ma-
trix multiplications. Over-
all, the computational effi-
ciency of the attention mod-
ule outweighs the additional
cost incurred by whiten-
ing, thereby maintaining the
practical runtime feasibility
of WARM.

7 Conclusion

In this paper, we investigated prototype generation for FS-PCS, addressing
the limitations of conventional approaches in FS-PCS settings. We observed
that even a widely adopted mechanism struggles to bridge the distributional
gap when trained with limited samples, motivating our design of an enhanced
cross-attention module that incorporates whitening and coloring transforma-
tions. Through this design, we obtained representative prototypes by decoupling
detrimental factors while preserving originality, thus achieving competitive per-
formance across FS-PCS benchmarks even without the aid large decoders. Point-
ing out the underexplored impact of prototype generation, we hope our work
offers a complementary direction for FS-PCS.
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