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Abstract

Few-shot and zero-shot point cloud semantic segmentation
aim to accurately segment novel categories using limited or
no labeled samples, respectively. However, existing meth-
ods face significant challenges including domain shifts be-
tween support and query sets and the inability to handle both
few-shot and zero-shot scenarios within a unified framework.
To address these issues, we propose a biologically-inspired
Evolutionary Domain Symbiosis Network EDS-Net for uni-
fied few-shot and zero-shot point cloud semantic segmenta-
tion. Specifically, inspired by natural symbiotic evolution, we
propose a Symbiotic Evolution Module (SEM) that models
co-adaptation between support and query features through
self-correlation and cross-correlation mechanisms. Second,
motivated by genetic crossover mechanisms, we introduce
a Vision-Semantic Bridging Module (VSBM) that treats vi-
sual prototypes and semantic prototypes as two “parent” in-
dividuals, creating fused offspring prototypes through adap-
tive crossover operations and mutation strategies for zero-
shot scenarios. Third, we develop a multi-generational evolu-
tionary optimization framework employing an adaptive gat-
ing network to learn optimal fusion weights across differ-
ent evolutionary stages. Extensive experiments demonstrate
that EDS-Net with biological interpretability achieves state-
of-the-art performance on both few-shot and zero-shot tasks.

1 Introduction

Point cloud semantic segmentation (Zhang et al. 2023b;
Wang et al. 2025a) serves as a fundamental task in 3D
computer vision, with critical applications ranging from au-
tonomous driving (Zhao et al. 2023; Chib and Singh 2023) to
robotics (Soori, Arezoo, and Dastres 2023; Goel and Gupta
2020) and augmented reality (Devagiri et al. 2022; Sereno
et al. 2020). Despite significant advances in fully-supervised
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Table 1: Comparison of point cloud semantic segmentation
methods. Green checkmarks (") indicate supported or used
capabilities, while red crosses (X) denote unsupported or un-
used features.

Method Pre-training Few-shot Zero-shot
AttMPTI (Zhao, Chua, and Lee 2021) X
PAP3D (He et al. 2023)

SegPN (Zhu et al. 2024) X X
TaylorSeg (Wang et al. 2025b) X X
DyPolySeg (Wang, Fang, and Tiwari 2025) X X
EDS-Net (Ours) X

methods (Wang et al. 2019; Zhao et al. 2021), the acquisi-
tion of large-scale annotated 3D data remains prohibitively
expensive and time-consuming. This fundamental limitation
has driven researchers to explore few-shot and zero-shot
learning paradigms, where models must generalize to novel
categories with minimal or no labeled samples.

Few-shot point cloud semantic segmentation leverages a
small set of labeled support samples to segment query point
clouds of the same categories, while zero-shot segmentation
aims to identify completely unseen categories without any
visual examples during training. Current methods (Zhao,
Chua, and Lee 2021; He et al. 2023; Zhu et al. 2024)
face three critical challenges: First, existing approaches typ-
ically address either few-shot or zero-shot scenarios inde-
pendently, lacking a unified framework that can handle both
tasks seamlessly. Second, domain shifts between support
and query sets, as well as between visual and semantic
modalities, significantly degrade segmentation performance.
Third, limited support samples in few-shot scenarios and the
complete absence of visual examples in zero-shot settings
make it difficult to learn discriminative prototypes.

Biological research (Wierstra et al. 2014; Bonner 1988)
reveals that natural evolution follows sophisticated adaptive
mechanisms where species co-evolve through symbiotic re-



lationships, refining their characteristics across generations.
Inspired by these biological principles, we observe striking
parallels between natural evolution and point cloud segmen-
tation challenges. In symbiotic evolution, two species ben-
efit from mutual interaction and adapt to each other’s pres-
ence over evolutionary time. Similarly, support and query
features in few-shot segmentation can be viewed as two
”species” that should co-evolve to bridge domain gaps. Fur-
thermore, genetic crossover mechanisms in reproduction,
where genetic material is exchanged between parent indi-
viduals to create superior offspring, can be leveraged to fuse
visual and semantic prototypes for zero-shot scenarios.

As shown in Table 1, existing methods suffer from sig-
nificant limitations. Pre-training-based approaches (Zhao,
Chua, and Lee 2021; He et al. 2023) require substantial com-
putational resources and may introduce domain biases from
pre-training datasets. Non-pre-training methods (Zhu et al.
2024; Wang et al. 2025b; Wang, Fang, and Tiwari 2025)
avoid these issues but are limited to few-shot scenarios only.
Currently, only PAP3D (He et al. 2023) addresses both few-
shot and zero-shot tasks, but it still relies on pre-training and
lacks biological interpretability in its design.

To address these limitations, we propose EDS-Net, a
novel Evolutionary Domain Symbiosis Network that uni-
fies few-shot and zero-shot point cloud semantic segmenta-
tion through biologically-inspired mechanisms. Specifically,
our Symbiotic Evolution Module (SEM) simulates mutualis-
tic relationships between support and query features, where
both “species” benefit from their interaction and co-adapt to
reduce domain gaps. The Vision-Semantic Bridging Module
(VSBM) implements genetic crossover mechanisms, treat-
ing visual prototypes and text-generated pseudo prototypes
as two “parent” individuals that exchange genetic mate-
rial to produce superior ~offspring” prototypes for zero-shot
scenarios. A multi-generational evolutionary optimization
framework employs adaptive gating networks to learn opti-
mal fusion weights across different evolutionary stages, en-
abling progressive prototype refinement.

The main contributions of this work are summarized as
follows:

* We propose EDS-Net, the first unified framework for
few-shot and zero-shot point cloud semantic segmen-
tation that leverages biologically-inspired evolutionary
mechanisms to progressively refine prototypes through
multi-generational optimization.

* We introduce a novel Symbiotic Evolution Module
(SEM) that models co-adaptation between support
and query features through self-correlation and cross-
correlation mechanisms, simulating mutualistic relation-
ships in biological evolution.

* We design a Vision-Semantic Bridging Module (VSBM)
inspired by genetic crossover mechanisms that treats vi-
sual and semantic prototypes as “parent” individuals,
generating superior “offspring” prototypes through adap-
tive crossover operations and mutation strategies.

» Extensive experiments on S3DIS and ScanNet datasets
demonstrate that our biologically-interpretable EDS-Net
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achieves state-of-the-art performance on both few-shot
and zero-shot settings while requiring no pre-training.

2 Related Works
2.1 3D Point Cloud Semantic Segmentation

3D point cloud semantic segmentation aims to assign se-
mantic labels to each point in a point cloud. Early meth-
ods relied on handcrafted features (Weinmann et al. 2015),
but deep learning has revolutionized this field. PointNet (Qi
et al. 2017a) pioneered direct point cloud processing using
shared MLPs, while PointNet++ (Qi et al. 2017b) introduced
hierarchical feature learning. DGCNN (Wang et al. 2019)
proposed EdgeConv operations to capture local geometric
structures through dynamic graphs. Recent advances include
Transformer-based methods (Zhao et al. 2021; Lai et al.
2022; Park et al. 2022; Wang et al. 2024) that leverage self-
attention for long-range dependencies, and improved con-
volution operations (Thomas et al. 2019; Wu et al. 2022;
Wang et al. 2025a) for better local feature modeling. Self-
supervised approaches (Chen et al. 2023; Pang et al. 2022;
Liang et al. 2025) have emerged to learn robust represen-
tations without extensive annotations. However, these fully-
supervised methods require large-scale labeled datasets and
struggle with novel categories.

2.2 Few-shot and Zero-shot Point Cloud
Semantic Segmentation

Few-shot point cloud segmentation addresses learning with
limited labeled samples. AttMPTI (Zhao, Chua, and Lee
2021) pioneered this field with episodic training and
prototype-based learning. Subsequent works improved fea-
ture representations (Mao et al. 2022; Zhang et al. 2023a),
optimized prototypes (He et al. 2023; Xu, Zhao, and
Lee 2023), and explored novel architectures (Zhu et al.
2024; Wang et al. 2025b; Wang, Fang, and Tiwari 2025).
SegPN (Zhu et al. 2024) eliminated pre-training require-
ments, while TaylorSeg (Wang et al. 2025b) used Taylor
series-inspired convolutions for local structure modeling.
DyPolySeg (Wang, Fang, and Tiwari 2025) used dynamic
polynomial convolution (DyPolyConv) for local geometry
and Mamba for global context, with a prototype comple-
tion module (PCM) to bridge query-support gaps. Zero-shot
segmentation is more challenging, requiring identification
of unseen categories without visual examples. PAP3D (He
et al. 2023) represents the most relevant work, providing a
unified framework for both few-shot and zero-shot scenarios
by aligning visual and semantic prototypes. However, it re-
quires extensive pre-training and lacks interpretable design
principles.

3 Method

In this section, we first introduce the problem definition of
point cloud few-shot and zero-shot semantic segmentation
and the theory of natural evolution. Then we introduce the
various modules of EDS-Net. Finally, we introduce the train-
ing process of EDS-Net, as illustrated in Fig. 1.
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Figure 1: Overall architecture of EDS-Net for unified few-shot and zero-shot point cloud semantic segmentation. The frame-
work employs dual pathways with biologically-inspired evolutionary mechanisms. The few-shot pathway processes support and
query point clouds through Point Cloud backbone, followed by Symbiotic Evolution Module (SEM) that models co-adaptation
between support and query features. The zero-shot pathway additionally incorporates semantic embeddings through Semantic
Projection Network (SPN) and Vision-Semantic Bridging Module (VSBM) inspired by genetic crossover mechanisms. Both
pathways utilize multi-generational evolutionary optimization. Training employs cross-entropy loss for both tasks, with addi-

tional domain bridging loss for zero-shot scenarios.

3.1 Problem Definition

Few-shot and zero-shot point cloud semantic segmentation
aim to segment novel categories with limited or no visual
training examples. We formulate both tasks within a unified
episodic learning framework inspired by evolutionary opti-
mization principles.

Few-shot Setting. Following standard protocols(Zhao,
Chua, and Lee 2021), we adopt an N-way K-shot episodic
paradigm where each episode contains a support set S =
{(ImF M?k)}anﬁk:l and a query set Q = {I;}Zﬂzl. Here,
I™F € RT*P represents the k-th point cloud of class n with
T points and D-dimensional features (coordinates plus op-
tional attributes), while M* € {0,1}7 denotes the corre-
sponding binary segmentation mask. The query set contains
H unlabeled point clouds to be segmented into /N target
classes plus background. The few-shot objective is to learn
a mapping function:

Y, = fo(S, 1), (1

where Y:z € RT*(N+1) represents predicted segmentation
logits and fy is our EDS-Net with parameters 6.

Zero-shot Setting. Zero-shot segmentation extends the
framework to handle completely unseen categories with-
out any visual examples during training. The key difference
lies in replacing visual support with semantic information.
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During training, we have access to seen classes Cgeep, With
both visual point clouds and semantic embeddings Eseer, =
{e, € RDs £Lv=1, where D is the semantic embedding di-
mension. During testing, only semantic embeddings &, seen
are available for unseen classes. The zero-shot objective be-

comes:
Y, = f@(gunseem Iq)7 2)

where the model must bridge the gap between semantic de-
scriptions and visual point cloud features.

Unified Evolutionary Framework. Our key insight is to
model both tasks as evolutionary optimization problems
where prototypes undergo multi-generational refinement.
We define the evolutionary process as:

3)

where V(9) ¢ RINHDXC represents prototype features at
generation g with C' feature channels, F.,, denotes the
evolutionary operator (SEM for few-shot, VSBM+SEM for
zero-shot), and #(9) represents generation-specific parame-
ters.

This biological metaphor naturally unifies both scenar-
ios: few-shot learning resembles symbiotic adaptation be-
tween closely related species (support and query from same
domain), while zero-shot learning mimics cross-species ge-
netic exchange (visual and semantic modalities). The final

VD = Fouo (V9. 5, 0:619)),



segmentation prediction follows:

exp(¢q(pi) - VI /1)
S gexp(og(p) - VI )
where ¢,(p;) is the feature of query point p;, V,/" is the
final evolved prototype for class ¢, and 7 is a temperature

parameter controlling the sharpness of the probability distri-
bution.

plyi = clly) = )

3.2 Biological Theoretical Foundation

Our method draws inspiration from biological mechanisms
of natural evolution and genetic crossover, providing a ro-
bust framework for tackling domain gaps and modality fu-
sion in point cloud segmentation.

Symbiotic Evolution Theory. Symbiotic evolution in-
volves co-adaptive processes where species mutually shape
each other’s evolutionary paths through beneficial interac-
tions (Wade 2007). In mutualistic symbiosis, species de-
velop complementary traits that enhance survival and re-
production, as seen in the co-evolution of bees and flow-
ering plants (Anderson 2015). In our approach, support
and query features, akin to distinct “species,” face domain
gaps due to varying acquisition conditions or distributional
shifts. Our Symbiotic Evolution Module (SEM) facilitates
co-adaptation through self-enhancement (intra-species) and
interactive enhancement (inter-species) mechanisms.

Genetic Crossover Mechanisms. Genetic crossover in
sexual reproduction exchanges genetic material between
parents to produce offspring with superior traits (Crow
1994). This process combines beneficial characteristics
while preserving diversity through recombination, enhanc-
ing adaptability (Tatar et al. 2024). In zero-shot point cloud
segmentation, visual prototypes from geometric features and
semantic prototypes from textual descriptions act as distinct
“genetic materials.” Our Vision-Semantic Bridging Mod-
ule (VSBM) implements adaptive crossover to combine
these features based on compatibility, incorporating muta-
tion strategies to explore novel combinations while retain-
ing essential traits. This enables effective knowledge trans-
fer from seen to unseen categories.

3.3 Symbiotic Evolution Module

Inspired by mutualistic symbiosis in biological systems,
where species co-adapt through mutually beneficial interac-
tions, we propose the Symbiotic Evolution Module (SEM)
to model the co-adaptation between support and query fea-
tures. This approach addresses the domain gap challenge
that arises when support and query sets, despite sharing cate-
gorical labels, exhibit distributional differences due to vary-
ing acquisition conditions or environmental factors. SEM fa-
cilitates joint evolution of these feature representations, en-
abling mutual enhancement of their discriminative capabili-
ties.

Initial Prototype Extraction. The evolutionary process
begins with prototype initialization from the support set. For
each class n, we compute the mean support feature vector
using the provided masks:
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1 .
V(0 — i W 5
n |Mn‘ Z (Z’]) e M s ( )
where M,, = (i,7)|M> = 1,class(i) = n represents

the set of foreground point indices for class n, and FJ de-
notes the feature vector of point j in support sample i. The
background prototype VO(O) is computed analogously using
background points. This initialization yields the prototype
set VO = [V V9 v e ROVHDXC where C is
the feature dimension.

Self-Enhancement Mechanism. The self-enhancement
mechanism facilitates intra-modality adaptation by improv-
ing feature coherence within each modality. We first extract
global representations through max-pooling:

F(;global — 1\/-[31}(]_:)001(‘Fq)7 Fsglobal = MaXPOOl(Fs)7 (6)

where F, F; € RN»*C represent query and support fea-
tures, and Fglobal, pslobal ¢ RPXC caprure their global pat-
terns.

Intra-modality correlations are then modeled through
auto-correlation matrices:

Gq _ (Fqglobal)TFqglobad’ Gs _ (Fasglobal)TESglobal’ (7)

where G, G5 € RE*C encode channel-wise relationships.
These are transformed into attention weights:

Aq = U(Uqu)> Ag = U<USGS>7 (8)

with learnable parameters Uy, U, € and sigmoid ac-
tivation o. The self-enhanced prototypes emerge as:

RCXC

Vaelt = ¢1(Ag © V) + ¢y (A, @ VO, 9)

where ¢; denotes a linear transformation and © represents
element-wise multiplication.

Interactive Enhancement Mechanism. The interactive
enhancement mechanism implements cross-modality coop-
eration by modeling inter-set relationships. We compute nor-
malized cross-correlation:

Ccross _ (F(Iglobal)TFglobal/ /Dfeat;

where Coppss € RPreatXDyeat captures cross-modal cor-
relations with normalization factor \/Djfeqs, and Dyeqe
represents the feature dimension. The interactive attention
weights are then computed as:

(10)

Ainter = P2 (softmax(C) - V), (11)

where ¢4 represents linear transformation.



Symbiotic Adaptation. The complete symbiotic adapta-
tion combines both mechanisms through residual connec-
tions:

VO = Vi + Ainer + V19, (12)

where V(911 represents the evolved prototypes at gen-
eration g+1. This formulation embodies the core symbiotic
principle: both self-enhancement and interactive enhance-
ment contribute to prototype evolution while preserving es-
sential characteristics through residual connections. Iterative
application of SEM across multiple generations enables pro-
gressive refinement.

3.4 Vision-Semantic Bridging Module

Inspired by genetic recombination in biological sys-
tems (Tatar et al. 2024), we propose the Vision-Semantic
Bridging Module (VSBM) to address the modality gap in
zero-shot 3D segmentation. The module establishes a ge-
netic analogy where visual and semantic prototypes serve
as parental genomes, with crossover operations producing
hybrid prototypes that combine geometric and semantic un-
derstanding for unseen category recognition.

Semantic Projection Network. We first generate pseudo
visual prototypes from semantic embeddings using a seman-
tic projection network:

Proke = SPN(Foem, 2), 13)

where Fi.,, represents semantic embeddings obtained by
CLIP, 7 is a random noise vector, and SPN denotes the se-
mantic projection network inspired by PAP3D (He et al.
2023).

Genetic Crossover Operation. Following biological
crossover mechanisms, we implement adaptive crossover
between visual prototypes V,isuq: and semantic prototypes
P fake:

Wcross — Att([v'uisual; Pfake])v (14)

where the Att() generates crossover weights based on the
concatenated features and Vi;sua is V' (©).
The crossover operation produces offspring prototypes:

‘/crossed = Wcross ®© Vz)isual + (1 - Wcross) O] Pfake7 (15)

Controlled Mutation Strategy. To introduce beneficial
variations, we apply mutation operations:

Mmask = Ta'nd(vcn)ssed) < ,u)7 (16)
Mpoise = N(0,0%) - scale, (17)
Vmutated = Vc’r‘assed + Mmask O] Mnoi567 (18)

where p is the mutation rate, o controls noise magnitude,
and scale is a learnable parameter.

Then, Viyutatea is input to SEM instead of V(%)
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Domain Bridging Loss. To constrain the crossover pro-
cess and ensure meaningful visual-semantic alignment, we
introduce a domain bridging loss inspired by PAP-FZS3D:

19)

where Loy v is the Gaussian Mixture Model Network
loss that minimizes distribution discrepancy between visual
and semantic prototypes:

Cbridge = »CGMMN(Vm'sual» Pfake)a

Ny

1 1 &
Lommn == ¢wi) = — Y ()|, (0)
Ny “— ns
1= 1=
where ¢ represents the feature mapping function, v; and s;
denote visual and semantic features respectively.

3.5 EDS-Net Overview

As shown in Fig.1, EDS-Net integrates the biologically-
inspired SEM and VSBM modules within a unified multi-
generational evolutionary optimization framework. The ar-
chitecture seamlessly handles both few-shot and zero-shot
scenarios through adaptive pathway selection.

Multi-generational Evolutionary Optimization. The
core innovation lies in modeling prototype refinement as a
multi-generational evolutionary process where each genera-
tion builds upon the improvements of its predecessors. For
generation g, the evolutionary update follows:

V(g+1) _ fSEM(V(g),S, Q) few-shot
Fspm(Fyspu (V9 E),S, Q) zero-shot,
1)

where Fspyr and Fygpy represent the SEM and VSBM
operators respectively, and £ denotes semantic embeddings
for zero-shot scenarios.

To optimally combine information across generations, we
employ an adaptive gating network that learns generation-
specific importance weights based on query features:

a9 = softmax(FC(GAP(F,))), (22)

where GAP(-) denotes global average pooling, FC(+) is a
fully connected layer, and o9} € RS represents the weight
distribution over GG generations. The final refined prototypes
are obtained through weighted aggregation:

G
Viinal = Z a9 .y (23)
g=1

Training Process. The training procedure differs between
few-shot and zero-shot settings to accommodate their dis-
tinct requirements and data availability.

Few-shot Training: Episodes are constructed by sam-
pling IV classes from seen categories, with K support sam-
ples and multiple query samples per class. The model op-
timizes prototypes using only the SEM module with cross-
entropy loss:

Y,

query)a

Ltew = Log(Vinals

where Y yery represents ground-truth query labels.

(24)



Table 2: Few-shot Results (%) on S3DIS. S; denotes the split ¢ is used for testing. Avg is their average mloU.

2-way 3-way
Methods Param. 1-shot 5-shot 1-shot S-shot
So S Avg So S Avg So S1 Avg So S Avg

DGCNN (Wang et al. 2019) 0.62M 36.34 38.79 3757 | 5649 5699 56.74 || 30.05 32.19 31.12 | 46.88 47.57 4723
ProtoNet (Snell, Swersky, and Zemel 2017) | 0.27 M 4839 4998 49.19 | 57.34 63.22 60.28 || 40.81 45.07 4294 | 49.05 5342 51.24
MPTI (Zhao, Chua, and Lee 2021) 029 M 5227 5148 51.88 | 5893 60.56 59.75 || 44.27 46.92 45.60 | 51.74 48.57 50.16
AUMPTI (Zhao, Chua, and Lee 2021) 0.37M 53.77 5594 5486 | 61.67 67.02 6435 || 45.18 49.27 4723 | 5492 56.79 55.86
BFG (Mao et al. 2022) - 55.60 5598 5579 | 63.71 66.62 65.17 || 46.18 48.36 47.27 | 55.05 57.80 56.43
2CBR (Zhu et al. 2023) 0.35M 55.80 6199 5894 | 63.55 67.51 6553 || 46.51 5391 5021 | 55.51 58.07 56.79
PAP3D (He et al. 2023) 245M 5945 66.08 62.76 | 6540 7030 67.85 || 48.99 56.57 52.78 | 61.27 60.81 61.04
Seg-PN(Zhu et al. 2024) 0.24M 64.84 6798 66.41 | 67.63 7148 69.56 || 59.11 6042 59.77 | 59.48 64.72 62.10
TaylorSeg-PN (Wang et al. 2025b) 0.27M 67.12  71.11 69.12 | 7044 7223 7134 || 60.28 65.70 63.00 | 61.59 67.06 64.33
DyPolySeg (Wang, Fang, and Tiwari 2025) 2.64 M 72.02 73.82 7292 | 7599 7532 75.66 || 64.54 6793 6624 | 65.61 70.22 67.92
EDS-Net 2.82M 7332 74.67 74.00 | 76.89 76.55 76.72 || 65.67 68.94 67.31 | 66.82 71.36 69.09
Improvement - +1.30 +0.85 +1.08 | +0.90 +1.23 +1.06 || +1.13 +1.01 +1.07 | +1.21 +1.14 +1.17

Table 3: Few-shot Results (%) on ScanNet. .S; denotes the split i is used for testing. Avg is their average mloU.

2-way 3-way
Methods Param. 1-shot 5-shot 1-shot 5-shot
So S1 Avg So S1 Avg So S1 Avg So S1 Avg

DGCNN (Wang et al. 2019) 1.43M 31.55 2894 3025 | 4271 3724 3998 || 2399 19.10 21.55 | 3493 28.10 31.52
ProtoNet (Snell, Swersky, and Zemel 2017) | 027 M 3392 3095 3244 | 4534 42.01 43.68 || 2847 26.13 27.30 | 37.36 3498 36.17
MPTI (Zhao, Chua, and Lee 2021) 029 M 39.27 36.14 37.71 | 4690 43.59 4525 || 2996 27.26 28.61 | 38.14 3436 36.25
AttMPTI (Zhao, Chua, and Lee 2021) 0.37M 42,55 4083 41.69 | 5400 5032 52.16 || 3523 30.72 3298 | 46.74 40.80 43.77
BFG (Mao et al. 2022) - 42.15 40.52 41.34 | 51.23 49.39 5031 || 34.12 3198 33.05 | 46.25 41.38 43.82
2CBR (Zhu et al. 2023) 035M 50.73 47.66 49.20 | 52.35 47.14 49.75 || 47.00 4636 46.68 | 45.06 39.47 42.27
PAP3D (He et al. 2023) 245M 57.08 5594 56.51 | 64.55 59.64 62.10 || 5527 55.60 5544 | 59.02 53.16 56.09
Seg-PN (Zhu et al. 2024) 024 M 63.15 6432 63.74 | 67.08 69.05 68.07 | 61.80 6534 63.57 | 6294 6826 65.60
TaylorSeg-PN (Wang et al. 2025b) 027M 67.52 70.75 69.14 | 68.39 71.55 69.97 || 63.60 67.55 65.58 | 66.98 69.78 68.38
DyPolySeg (Wang, Fang, and Tiwari 2025) | 2.64 M 71.05 7273 71.89 | 71.25 73.66 7246 || 67.65 7124 69.45 | 68.73 69.62 69.18
EDS-Net (Ours) 2.82M || 7215 7354 7285 | 7237 7451 7344 || 68.70 7245 70.58 | 69.52 70.12 69.82
Improvement - +1.10 +0.81 +40.96 | +1.12 +0.85 +0.98 || +1.05 +1.21 +1.13 | +0.79 +0.50 +0.64

Zero-shot Training: Training uses seen classes with both
visual point clouds and semantic embeddings. The VSBM
module first generates crossed prototypes, which are then
refined through SEM. The total loss combines cross-entropy
and domain bridging components:

Ezero = LCE(Vﬁnala Yquery) + /\l:bridgea (25)

where ) is a hyperparameter balancing the two loss terms.

4 Experiments
4.1 Datasets and Evaluation Metrics

Datasets: We used two datasets: S3DIS (Armeni et al. 2016)
is a dataset of 3D RGB point clouds collected from 272
rooms across 6 indoor environments. Each point is anno-
tated with one of 13 semantic labels (12 semantic classes
plus clutter). The ScanNet (Dai et al. 2017) contains a total
of 1513 scanned scenes. All points, except for unannotated
spaces, are annotated with 20 semantic classes.

Evaluation Metric: We choose mloU (Mean Intersection
over Union), which is widely used in point cloud segmenta-
tion, as the performance evaluation metric.

4.2 Implementation Details

We implement EDS-Net using PyTorch framework on an
NVIDIA GeForce RTX 4090 GPU. Our network is built
upon the DyPolySeg backbone for geometric feature extrac-
tion. For the Symbiotic Evolution Module (SEM), we set
the local neighborhood size to 16 points using K-NN. The
Vision-Semantic Bridging Module (VSBM) employs CLIP
text embeddings with dimension 512. We set the mutation

9671

rate 4 = 0.1 and noise variance 0 = 0.01. During train-
ing, we use the AdamW optimizer (5, = 0.9, 83 = 0.999)
with an initial learning rate of 0.001, which is halved every
7,000 iterations. The domain bridging loss weight A is set
to 0.5. For multi-generational evolutionary optimization, we
set the number of generations G = 4. In episodic training,
each batch contains 1 episode with one support set and one
query set following the N-way K-shot paradigm.

4.3 Comparison with State-of-the-Art Methods

Few-shot Results on S3DIS Dataset. As shown in Ta-
ble 2, EDS-Net outperforms all baseline methods across dif-
ferent few-shot settings. Compared to the previous state-of-
the-art DyPolySeg, our method achieves notable improve-
ments of +1.08% and +1.06% mloU in 2-way 1-shot and
5-shot scenarios, respectively. In the more challenging 3-
way settings, EDS-Net demonstrates robust performance
with +1.07% and +1.17% improvements over DyPolySeg.
These consistent gains validate the effectiveness of our
biologically-inspired evolutionary mechanisms in capturing
discriminative features and reducing domain gaps between
support and query sets. Notably, EDS-Net achieves these im-
provements with only a modest parameter increase (2.82M
vs 2.64M), demonstrating its efficiency in leveraging evolu-
tionary optimization for few-shot point cloud segmentation.

Few-shot Results on ScanNet Dataset. Table 3 demon-
strates the superior performance of EDS-Net on the ScanNet
dataset across all few-shot configurations. Compared to the
previous state-of-the-art DyPolySeg, our method achieves
consistent improvements of +0.96% and +0.98% mlIoU in



Table 4: Comparison of zero-shot 3D semantic segmentation results on S3DIS and ScanNet dataset using mean-IoU (%).

S3DIS ScanNet

Method 2-way 3-way 2-way 3-way

1-shot 5-shot | 1-shot 5-shot || 1-shot 5-shot | 1-shot 5-shot
3DGenZ (Michele et al. 2021) 34.93 36.12 23.08 27.52 29.07 31.65 28.13 28.01
PAP3D (word2vec) (He et al. 2023) 59.98 63.54 48.91 55.62 5472  58.94 53.78 53.50
PAP3D (CLIP) (He et al. 2023) 61.09 64.91 50.18 59.10 56.12  60.65 55.24 55.04
EDS-Net (Ours) 73.38 72.86 66.10 63.94 69.63 68.98 69.11 65.42
Improvement +12.29 4795 | +1592 +4.84 || +13.51 +8.33 | +13.87 +10.38

Table 5: Effect of different modules on S3DIS under 2-way-

1-shot settings on the Sy and S split.

SEM VSBM Multi-Gen So S1 Avg
X X X 72.02  73.82 7292
v X X 72.85 7431 73.58
X v X 7247 7412 73.30
X X v 72.34 7405 73.20
v v X 73.18 7455 73.87
v X v 73.05 7442 7374
X v v 72.89 7428 73.59
v v v 73.32 74.67 74.00

2-way 1-shot and 5-shot scenarios, respectively. In the more
challenging 3-way settings, EDS-Net shows particularly
strong performance in 1-shot scenarios with +1.13% im-
provement, while maintaining competitive results in 5-shot
settings (+0.64% improvement). The consistent gains across
both datasets validate the generalization capability of our
biologically-inspired evolutionary framework.

Zero-shot Results. Table 4 demonstrates the exceptional
performance of EDS-Net in zero-shot task across both
datasets. Compared to the previous best method PAP3D
(CLIP), our approach achieves substantial improvements
ranging from +4.84% to +15.92% mloU across different set-
tings. Particularly notable are the significant gains in chal-
lenging scenarios: +15.92% in S3DIS 3-way 1-shot and
+13.87% in ScanNet 3-way 1-shot settings. These remark-
able improvements validate the effectiveness of our Vision-
Semantic Bridging Module in handling the modality gap be-
tween visual features and semantic embeddings.

4.4 Ablation Studies

Effect of Different Modules Table 5 demonstrates the
critical contributions of each module in our EDS-Net frame-
work. Starting with the baseline (72.92% mloU), each pro-
posed module brings consistent improvements: SEM con-
tributes +0.66%, VSBM adds +0.38%, and Multi-Gen op-
timization provides +0.28%. The combination of SEM and
VSBM achieves 73.87% mloU, validating their complemen-
tary effects in handling support-query co-adaptation and
visual-semantic bridging respectively. Notably, incorporat-
ing all modules together yields the optimal performance of
74.00% mloU, representing a +1.08% improvement over the
baseline and confirming the synergistic effect of our com-
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2-way 1-shot on S3DIS
50 and S1 splits
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Figure 2: Impact of different generation numbers on S3DIS
under 2-way 1-shot settings across SO and S1 splits.

plete biologically-inspired evolutionary architecture.

Impact of Generation Numbers Fig. 2 illustrates the im-
pact of generation numbers in our multi-generational evolu-
tionary optimization framework on S3DIS dataset under 2-
way 1-shot settings. Both SO and S1 splits demonstrate con-
sistent improvement trends, with performance progressively
increasing from 1 generation (average: 72.92%) to the opti-
mal point at 4 generations (average: 74.00%). Beyond this
point, performance slightly decreases at 5 generations (aver-
age: 73.67%), indicating potential overfitting. The consistent
pattern across both dataset splits validates the robustness of
our approach. This analysis confirms that 4 generations pro-
vide the optimal balance between prototype refinement and
computational efficiency.

5 Conclusion

In this paper, we propose a novel EDS-Net for few-shot and
zero-shot point cloud semantic segmentation. Specifically,
Our SEM enables mutual enhancement between support and
query features, effectively addressing domain gaps through
self-enhancement and interactive enhancement mechanisms.
For zero-shot scenarios, our VSBM implements genetic
crossover operations that treat visual prototypes and seman-
tic embeddings as “parent” individuals, generating superior
“offspring” prototypes through adaptive crossover and con-
trolled mutation strategies. In the future, we will explore ad-
ditional evolutionary operators inspired by other biological
mechanisms and investigate extending the framework to in-
cremental learning scenarios.
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