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Abstract

Generalized few-shot point cloud segmentation (GFS-
3DSeg) aims to segment objects of both base and novel
classes using abundant base class samples and limited
novel class samples. Existing GFS-3DSeg methods en-
counter bottlenecks due to the scarcity of novel class data
and inter-class confusion. In this paper, we propose the
LLM-Assisted Hyper-Relation Matching (LARM) frame-
work, which leverages the wealth of prior knowledge in
Large Language Models (LLM) to enrich novel category
prototypes and introduces a hyper-relation matching strat-
egy to mitigate false matches between point features and
category prototypes caused by inter-class confusion. The
proposed LARM enjoys several merits. First, the vast
knowledge embedded in LLM can be an effective comple-
ment to vanilla category prototypes, enabling them to ex-
hibit greater robustness. Second, the hyper-relation match-
ing strategy harnesses the structural information implicit
in the inter-class relationships, making it more robust than
individual feature comparisons. Extensive experiments on
two benchmarks demonstrate that LARM outperforms pre-
vious state-of-the-art methods by large margins.

1. Introduction
Point cloud semantic segmentation is a fundamental com-
puter vision task for scene understanding in autonomous
driving, robotics, and virtual reality. Despite conspicuous
achievements in fully supervised learning methods [9, 11,
13, 25, 26, 35, 45], they are limited to predefined training
categories due to reliance on extensive annotated data. To
address this issue, few-shot 3D point cloud semantic seg-
mentation [46] (FS-3DSeg) has recently attracted increas-
ing interest, aiming to derive segmentation models capa-
ble of generalizing to novel classes without laborious data
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Figure 1. Illustration of our motivation. We leverage a wealth of
knowledge of LLMs to compensate vanilla category representa-
tion and design a hyper-relation matching strategy for more robust
point classification.

collection and model retraining. The top-performing FS-
3DSeg methods [1, 10, 17, 19, 21, 34, 37, 42] adopt meta-
training to capture transferable category correspondence
from a few labeled support point clouds to novel category
query point clouds. Though achieving remarkable progress,
these FS-3DSeg methods are restricted to segmenting solely
novel classes while ignoring base classes.

To address the above challenges, the generalized few-
shot point cloud semantic segmentation [38] (GFS-3DSeg)
is proposed to recognize both base and novel classes
within a unified model during testing. Existing GFS-
3DSeg methods [31, 38] typically adopt prototype learning
paradigm [29], where base-class prototypes are first learned
on abundant base data, and novel-class prototypes are sub-
sequently generated from sparse support samples. These
class prototypes are then matched with query point features
to segment base and novel classes during inference.

Despite yielding promising results, these methods often
encounter bottlenecks due to the scarcity and limited di-
versity of novel class data. On the one hand, novel cate-
gory prototypes derived from sparse support samples often
lack representativeness and cannot be comprehensive class
descriptors [34], resulting in poor performance on novel
classes [5]. On the other hand, the severe imbalance be-
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tween the abundant base class data and the limited novel
class samples can bias the learned feature representations
towards the base classes. This can further exacerbate the
intrinsic geometric ambiguity inherent in 3D point clouds,
intensifying the inter-class confusion and making it even
more challenging to distinguish between similar classes
during the matching process, especially when novel cate-
gories (e.g.,“table”) share similar shapes or contextual pat-
terns with base classes (e.g.,“chair”). Here, a critical ques-
tion arises: ❶ How can we improve the quality of novel class
prototypes to enhance their representational and discrimi-
native capabilities?

Recent advancements in large language models (LLMs)
demonstrate their potential to enhance performance for var-
ious downstream tasks [6, 8, 12, 27, 47–50]. Given that
LLMs are pre-trained on large-scale corpora, they encom-
pass a wealth of knowledge about the object’s semantics,
structures, and contextual information. Inspired by this in-
sight, we propose to harness LLMs (e.g., GPT-3 [3]) to em-
power GFS-3DSeg. In this way, the vast prior knowledge
from LLMs can effectively compensate for the limitations
of visual prototypes, particularly for novel classes. The
resulting multimodal prototypes, fusing textual and visual
information, exhibit enhanced robustness. Nonetheless, it
is still non-trivial to precisely match these multimodal pro-
totypes to their corresponding query point cloud features,
as the inter-class confusion stemming from similar cate-
gories can potentially result in mismatches. Existing meth-
ods [31, 38] process each category independently during the
matching phase, neglecting informative inter-class relations
that implicitly capture structured contextual information for
disambiguation. Here another question arises: ❷ how to
harness the structure information modeled in the inter-class
relationship to facilitate more accurate matching?

To address this question, we propose a novel hyper-
relation similarity measurement that models the relations
between a given point and a subset of semantically relevant
category prototypes, termed as category agents. The key
idea is to treat the category agent ranking as a probabilis-
tic event rather than a deterministic permutation. Specif-
ically, for a point p, the scores assigned to different cat-
egories can be interpreted as probabilities. These scores
determine the ranking permutation, which reflects the rel-
evance of each category to the point’s feature. An agent-
ranking probability distribution can be constructed by asso-
ciating the probability with every rank permutation for both
the point feature and all category agents. As illustrated in
Figure. 1, we reformulate the similarity measurement from
individual point-prototype comparisons to a more compre-
hensive agent-ranking hyper-relation similarity measure-
ment. This approach effectively captures the structural in-
formation modeled in the inter-class relationships, enabling
more accurate matching.

Based on the above discussions, in this paper, we pro-
pose a LLM-Assisted Hyper-Relation Matching (LARM)
framework, including a LLM-assisted multimodal fusion
module (LAM) and a hyper-relation matching module
(HRM), to coherently address the question ❶-❷ in GFS-
3DSeg. To comprehensively enrich novel category pro-
totypes, LAM utilizes knowledge from both textual fea-
tures and base classes visual features to compensate for the
scarcity of novel class data. To utilize textual features, we
first prompt LLM to generate diverse category-specific de-
scriptions, then we propose a multimodal information dis-
tillation training strategy to implicitly embed textual infor-
mation into the feature extractor, and a multimodal proto-
type fusion module to explicitly integrate textual knowledge
into novel category prototypes. To utilize base class fea-
tures, given that novel classes may likely share elemental
patterns (meta-feature) with base classes [5, 36], we design
a text-guided meta-feature selector to absorb novel-relevant
information from base classes. Specifically, novel text fea-
tures serve as a bridge to establish base-to-novel relation-
ships along the channel dimension, guiding the selection
of novel-relevant meta-features from base classes. These
selected meta-features are then utilized to modulate novel
class prototypes, further enhancing their representations. To
facilitate more accurate matching, we conduct the hyper-
relation matching based on the ranking distribution of query
points with respect to the multimodal category prototypes
(Figure 1). By integrating these strategies, LARM effec-
tively tackles the two main challenges in GFS-3DSeg, lead-
ing to substantially improved performance.

Our contributions can be concluded as follows: (1) We
conduct an in-depth analysis of the core challenges of GFS-
3DSeg, i.e., incomprehensive category representations and
suboptimal matching processes, and propose to coherently
tackle them in a unified and synergistic LLM-Assisted
Hyper-Relation Matching (LARM) framework. (2) We
leverage the extensive knowledge of large language mod-
els (LLMs) to augment vanilla category prototypes, enhanc-
ing category representations. Additionally, we propose a
hyper-relation matching strategy to mitigate mismatches be-
tween points and category prototypes by modeling inter-
class structural relationships. (3) Extensive experiments on
various GFS-3DSeg datasets under different (i.e., 1/5 shot)
settings demonstrate that our approach significantly outper-
forms previous state-of-the-art GFS-3DSeg methods.

2. Related Work
Few-shot 3D Point Cloud Segmentation. Few-shot 3D
point cloud semantic segmentation (FS-3DSeg) classifies
points in novel categories using only a sparse set of labeled
examples. Notable progress has been made in FS-3DSeg,
benefiting from advancements in deep neural networks [14–
16, 18, 20, 22, 23, 40, 41, 43, 44]. Existing methods typ-
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ically follow a prototypical learning paradigm, condensing
masked support features into one [21, 29] or multiple [1, 46]
prototypes. AttMPTI [46] introduces an attention-aware
multi-prototype transductive inference framework, enabling
novel category classification with limited annotations. Pro-
toNet [29] is adapted to 3D contexts to generate class pro-
totypes from support sets, with predictions based on co-
sine similarity to query features. To address contextual dis-
parities, [21] proposes query-guided prototype refinement,
while COSeg [1] optimizes query-support correlations by
refining relationships between query points and prototypes.
However, current FS-3DSeg methods focus solely on novel
class segmentation, ignoring base classes encountered dur-
ing training.
Generalized Few-shot 3D Point Cloud Segmentation.
Generalized Few-Shot 3D Point Cloud Semantic Segmen-
tation (GFS-3DSeg) has emerged as a promising paradigm
to concurrently segment both base and novel classes within
a unified framework during the inference stage. Xu et
al.[38] pioneered the field of GFS-3DSeg by leveraging
low-level geometric features of point clouds to complement
and enhance novel class prototypes. Subsequently, Tsai et
al.[31] propose utilizing background contextual informa-
tion to improve the training of base class prototypes and
the performance of few-shot learning. Although these ef-
forts have demonstrated some success, their segmentation
performance remains suboptimal due to the scarcity of sup-
port data and naive matching strategy. In contrast, our
method enhances category representation by seamlessly in-
tegrating multimodal information via Language-Language
Models (LLMs) and evolves the matching process through
a well-designed hyper-relation matching strategy, surpass-
ing the limitations of existing GFS-3DSeg methods.

3. Method

3.1. Problem Definition

Revisit the classic setting. The classic few-shot 3D point
cloud segmentation follows the episodic paradigm [32],
constructing disjoint training (Dbase) and testing (Dnovel)
sets (Cb ∩ Cn = ∅). Each episode, consisting of a sup-
port set S and a query set Q, trains the model to predict Q
based on class information from S. The model learns on
base classes Cb and is evaluated on novel classes Cn.

In generalized few-shot point cloud semantic segmen-
tation (GFS-3DSeg), the dataset is divided into Dbase with
abundant labeled data and Dnovel with K labeled samples
per novel class, where Cb ∩ Cn = ∅. The model is first
trained on Dbase = {

(
Pb

k,M
b
k

)
}|Dbase|
k=1 , where Pb

k ∈ Rl×d

is a point cloud and Mb
k is the mask for base classes

Cb. Then, the model is fine-tuned using the limited novel

data Dnovel = {
(
Pn,i

k ,Mn,i
k

)K

k=1
}|C

n|
i=1 . The testing dataset

Dtest = {(Pq
k,M

q
k)}

|Dtest|
k=1 contains query point clouds Pq

k

with ground-truth masks Mq
k for both Cb and Cn. The ob-

jective of GFS-3DSeg is to segment both base and novel
classes in the testing query point clouds.

3.2. Overview
As shown in Figure 2, the proposed LARM framework
uses a two-phase training scheme: multimodal information
distillation in the base-training phase, followed by a text-
guided meta-feature selector, multimodal prototype fusion,
and hyper-relation matching in the novel fine-tuning phase
to collaboratively address challenges in GFS-3DSeg.

3.3. LLM-Assisted Multimodal Fusion
To improve category representation, especially for novel
classes, LARM introduces several modules to fuse textual
and visual modalities, aiming to enhance semantic richness
and generalization, as described in detail below.
Multimodal information distillation training. To better
utilize textual information to enhance multimodal informa-
tion fusion, we employ contrastive learning for multimodal
information distillation and alignment, which is jointly op-
timized with the training on base classes. Furthermore, to
guarantee that the textual descriptions adequately capture
the essential characteristics of point clouds, we adopt the
3D-specific heuristic prompt templates in [34, 50]:
Caption Generation: “Describe a point cloud
of a [CLASS] in one sentence.”
Question Answering: “How to describe a point
cloud of a [CLASS]? ”
Paraphrase Generation: “Generate a synonym: A
point cloud of a [CLASS].”
Words to Sentence: “Make a sentence with
words: point cloud, [CLASS], obscure.”
Given an N -category point cloud dataset, we replace the
“[CLASS]” placeholder in the prompt templates with each
category name and input them to GPT-3 [3] to generate
M descriptions per category, detailed category descriptions
generated by GPT can be found in the Appendix C. These
descriptions are encoded using CLIP’s textual encoder [28]
and a text adapter to obtain their text features T = {Ti}Ni=1,
where each Ti = {ti,j}Mj=1 contains the text features of M
descriptions for the i-th category. For a given N -category
point cloud dataset, we define the contrastive loss as fol-
lows:

Lcon = − 1

N

N∑
i=1

[
1

M

M∑
j=1

log
exp (sim(pi, ti,j)/τ)∑N

k=1

∑M
l=1 exp (sim(pi, tk,l)/τ)

]
,

(1)
where pi represents the visual prototype of the i-th category
obtained from the visual backbone. sim(pi, ti,j) is the sim-
ilarity measure, typically defined as the cosine similarity:

sim(p, t) =
p · t

∥p∥∥t∥ , (2)
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Figure 2. The overview of our proposed LLM-assisted hyper-relation matching (LARM) framework. (a) The base training phase jointly
trains the point encoder, text adapter, and base prototypes. (b) In fine-tuning phase, the proposed text-guided meta-feature selector (TMS)
and multimodal prototype fusion (MPF) are trained, and the base classes prototypes are directly inherited from the base training process as
initialization. In the testing phase, the well-trained LARM is used to segment both base and novel classes in the query point cloud.

where τ > 0 is a temperature parameter controlling the
sharpness of the distribution. This function enforces the
backbone to capture semantic consistency with textual in-
formation while maintaining discriminative power across
categories, endowing it with multi-modal representation ca-
pabilities. More training details can be found Appendix A.
Text-guided meta-feature selection. Through implicit dis-
tillation training, our backbone is endowed with multi-
modal representation capabilities, enabling it to generate
enhanced category prototypes P . Since novel classes of-
ten share fundamental patterns with base classes [5, 36],
we design a text-guided meta-feature selector to leverage
helpful information from base classes to enhance novel cat-
egory representation. In detail, for a given novel category
ni, we use its corresponding textual feature Tni

∈ RM×d

as the query and base category prototypes as the keys and
values to perform channel-wise attention, selecting features
relevant to the novel category. Since each novel category
has M textual descriptions from different perspectives, we

map a given base category prototype Pbi ∈ Rd into M sub-
prototypes using a linear layer, yielding Psub

bi
∈ RM×d:

Psub
bi = Flinear(Pbi). (3)

Then the input to our selector is designed as:

Q1 = T⊤
ni

Wq1, K1 = P⊤
bi Wk1, V1 = PbiWv1, (4)

where Wq1, Wk1 ∈ RM×M ′
and Wv1 ∈ Rd×d are learnable

parameters of the fully connected layers, which project the
features and prototypes into their respective latent spaces.
Then, we perform channel attention and obtain the channel-
modulated base prototype:

Ṗbi = Wp((softmax(Q1 ·K1
⊤)) · V1

⊤)⊤, (5)

where Wp ∈ Rd×d is the parameter of a fully connected
layer. This channel selector allows the attention mechanism
to compare the relevance between base prototypes and the
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novel category from M different perspectives at the chan-
nel level and maintain the useful meta-feature to enhance
novel prototypes. Now, we can employ the cross-attention
to compute a weighted sum of the channel-modulated base
prototypes Ṗb for each novel prototype Ṗni

. In specific:

Ṗni
= Pni

+ softmax(Q2 ·K2
⊤) · V2,

Q2,K2, V2 = PniWq2, ṖbWk2, ṖbWv2
(6)

where Wq2,Wk2 ∈ Rd×d′
,Wv2 ∈ Rd×d are fully con-

nected layers. The generated Ṗni
absorb transferable

knowledge from the rich base prototypes, further enrich-
ing the representational capacity of the novel prototypes. In
Appendix B, we explain the rationale for using novel texts
as queries to select information from base prototypes.
Multimodal prototype fusion. To explicitly incorporate
text knowledge into visual category prototypes, we propose
a multimodal prototype fusion method to integrate textual
features T into Pb and Ṗn, resulting in multimodal proto-
types using a shared attention module, formally defined as:

Mni
= Ṗni

+ softmax(Q3 ·K3
⊤) · V3,

Q3,K3, V3 = ṖniWq3, TniWk3, TniWv3
(7)

Mbi = Pbi + softmax(Q3 ·K3
⊤) · V3,

Q3,K3, V3 = PbiWq3, TbiWk3, TbiWv3
(8)

where Wq3,Wk3 ∈ Rd×d′
,Wv3 ∈ Rd×d are shared fully

connected layers across both base and novel prototypes.
These multimodal prototypes explicitly incorporate textual
knowledge, further enhancing their robustness and richness.

3.4. Hyper-Relation Matching
Conventional point-to-prototype matching methods make
classification decisions by selecting the category prototype
that demonstrates the highest similarity to a given point.
However, this approach overlooks correlations and similar-
ities among different categories, leading to confusion and
misclassification when dealing with semantically close cat-
egories. Merely choosing the most similar prototype fails
to address blurred boundaries between categories, as sim-
ilar categories may have heavily overlapping features and
tightly clustered prototypes in the feature space, amplifying
the probability of misclassification. To further harness the
structure information implicit in the inter-class relationship
for more effective matching, we introduce hyper-relation
matching strategy. Specifically, given a query point fea-
ture Fq ∈ R1×d and our multimodal prototypes M =
{Mbi ,Mni}, where N represents the total number of cate-
gories with b base classes and n novel classes (b+ n = N ),
we first select the top-K most similar prototypes from M as
hyper-relation agents A ∈ RK×d. We derive the scores of

point-agent relation rq ∈ R1×K between Fq and A using
cosine similarity:

rq =
FqA⊤

∥Fq∥2∥A∥2
. (9)

The key insight is to model the permutation distribution of
these agents rather than relying on deterministic similarity
rankings. In other words, instead of assuming that only the
permutation from largest to smallest exists, we consider that
every permutation of the classes has a certain probability.
The probability of one permutation π ∈ Π (where |Π| =
K!) given r (omit the point index q for convenience) can be
calculated through chain rule factorization:

P (π|r) =
K∏

k=1

rπ(k)∑K
k′=k rπ(k′)

, (10)

among which the π(k) denotes the kth class index of this
permutation. For example, consider a given point where the
selected agents correspond to the categories “bed”, “table”,
and “chair”. One possible permutation of these three agents
is π = (table, bed, chair). The probability of this permu-
tation π can be computed based on the point-agent relation
scores r as follows:

P (π|r) = r(table)
r(bed) + r(table) + r(chair)

· r(bed)
r(bed) + r(chair)

.

(11)
By associating the probabilities of all |P| permutations,
we transform the individual point-agent relation scores rq

into class ranking probability distributions P (π ∈ P|rq) ∈
R1×|P|. Similarly, we calculate the agent-ranking proba-
bility distributions for each multimodal category prototypes
based on the same category agents, resulting in P (π ∈
P|rp) ∈ R1×|P|, where rp is derived from Eq. 9. To deter-
mine the classification result, the distribution of the query
point is compared to the distributions of all prototypes us-
ing cosine similarity. The final prediction is given by:

pred = argmax
r=1,2,...,N

[cosine(P (π ∈ P|rq), P (π ∈ P|rp))].

(12)
The hyper-relation matching provides three key advantages:
1) The permutation distribution captures inter-class rela-
tionships and prevents overfitting to individual prototypes;
2) The top-K agent selection dynamically filters out ir-
relevant classes, focusing on semantically related ones; 3)
The distributional similarity metric handles intra-class vari-
ations through probabilistic soft matching.

4. Experiments
4.1. Dataset and Evaluation Metric
Datasets. We conduct evaluations on two datasets including
S3DIS[2] and ScanNet[7]. In specific, S3DIS contains 272
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Table 1. Results on S3DIS under 5-shot and 1-shot settings.

Method 5-shot 1-shot
mIoU-B mIoU-N mIoU-A HM mIoU-B mIoU-N mIoU-A HM

Fully Supervised 76.51 58.69 68.29 66.42 76.51 58.69 68.29 66.42

attMPTI [46] 34.90 16.08 26.21 21.99 21.89 11.39 17.05 14.95
PIFS [4] 56.99 19.66 39.76 29.23 57.85 14.59 37.88 23.31

CAPL [30] 73.56 35.18 55.85 47.51 72.80 23.87 50.22 35.67
GW [38] 73.61 43.26 59.60 54.42 74.10 29.66 53.58 41.92
PE [31] 74.77 50.23 63.44 60.06 74.54 39.78 58.50 51.34
Ours 75.64 54.08 65.68 63.06 75.68 44.52 61.29 56.04

Table 2. Results on ScanNet under 5-shot and 1-shot settings.

Method 5-shot 1-shot
mIoU-B mIoU-N mIoU-A HM mIoU-B mIoU-N mIoU-A HM

Fully Supervised 43.12 37.04 41.34 39.85 43.12 37.04 41.34 39.85

attMPTI [46] 16.31 3.12 12.35 5.21 12.97 1.62 9.57 2.88
PIFS [4] 35.14 3.21 25.56 5.88 35.80 2.54 25.82 4.75

CAPL [30] 38.22 14.39 31.07 20.88 38.70 10.59 30.27 16.53
GW [38] 40.18 18.58 33.70 25.39 40.06 14.78 32.47 21.55
PE [31] 40.42 23.34 35.30 29.55 40.47 15.57 33.00 22.47
Ours 42.37 28.61 38.21 34.14 42.71 21.50 36.43 28.58

Table 3. Ablation study on S3DIS dataset under 1-shot set-
ting. We evaluate the effectiveness of the multimodal infor-
mation distillation training (MID), LLM-assisted multimodal fu-
sion (LAM), which includes “text-guided meta-feature selection”
(TMS) and “multimodal prototype fusion (MPF)”, and the hyper-
relation matching (HRM).

MID LAM HRM mIoU-B mIoU-N mIoU-A HMTMS MPF

74.10 29.66 53.58 41.92
✓ 74.61 32.29 55.08 45.07

✓ 74.12 33.18 55.22 45.80
✓ 74.67 36.41 57.01 48.93

✓ ✓ 74.65 39.34 58.35 51.52
✓ ✓ ✓ 75.03 40.73 59.20 52.77

✓ 74.58 33.57 55.65 46.30
✓ ✓ ✓ ✓ 75.68 44.52 61.29 56.04

point clouds spanning six areas, annotated with 13 seman-
tic classes. Area 6 is designated as the testing set (Dtest),
while the remaining five areas are used to create the train-
ing dataset, comprising both base and novel classes. Scan-
Net includes 1,513 point clouds annotated with 20 semantic
classes. From this dataset, 1,201 point clouds are used to
construct the training sets for Db

train and Dn
train, while the re-

maining 312 point clouds form the test set Dtest. For both
datasets, the six classes with the fewest labeled points are
selected as novel classes (Cn), while the rest are treated as
base classes (Cb). This setup reflects a realistic scenario
where novel classes are infrequent, and collecting sufficient
training samples for them is challenging. As a result, the
novel classes for S3DIS are table, window, column, beam,
board, and sofa, while for ScanNet, they are sink, toilet,
bathtub, shower curtain, picture, and counter. Following the

data pre-processing approach of [38], we divide each point
cloud into 1m × 1m blocks along the xy plane. From each
block, we randomly sample m = 2, 048 points to serve as
input. Each input point has a feature dimension of d0 = 9,
including XYZ coordinates, RGB values, and normalized
XYZ coordinates relative to the block.
Evaluation Metrics. We assess the model’s performance
using the mean intersection-over-union (mIoU) metric.
Specifically, we denote the mIoU for base classes, novel
classes, and all classes as mIoU-B, mIoU-N, and mIoU-A,
respectively. To provide a more balanced evaluation of the
performance across both base and novel classes, we also
compute the harmonic mean of mIoU-B and mIoU-N, i.e.,
HM = 2×mIoU-B×mIoU-N

mIoU-B+mIoU-N . Unlike mIoU-A, the harmonic
mean (HM) provides a fairer representation of the model’s
performance across the two class types, as it does not overly
favor the base classes [39].

4.2. Implementation details

Our approach is implemented in PyTorch [24], and all ex-
periments are conducted on a single NVIDIA RTX 3090
GPU. We use GW [38] with a DGCNN [33] backbone pre-
trained on base classes as the baseline. In the base-training
phase, we integrate the proposed multimodal distillation
into the training process, enhancing the backbone’s multi-
modal representation capabilities. The model is trained with
a batch size of 32 for 150 epochs using the Adam optimizer,
starting with a learning rate of 0.01, decayed by 0.5 every
50 epochs. The first three EdgeConv layers use pretrained
weights with a learning rate of 0.001. During the novel
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Table 4. Comparison of online computational costs and mIoU re-
sults on novel classes of the S3DIS dataset between our method
and previous approaches under 1-shot settings.

Methods #Params FLOPs FPS Inference Time (ms) 1-shot
attMPTI [46] 357.82K 7.78G 1.58 632.91 11.39

GW [38] 355.08K 8.41G 39.52 25.30 29.66
Ours 1.73M 11.79G 23.21 43.08 44.52

Table 5. Offline processing time for category description genera-
tion and text feature extraction on S3DIS and ScanNet.

Phase S3DIS ScanNet
Description Generation: gpt-3.5-turbo 439.28 s 824.08 s

Text Feature Extraction: CLIP ViT-B/32 5.46 s 10.42 s
Total time 444.74 s 834.50 s

class fine-tuning phase, we randomly sample K ∈ 1, 5 point
clouds from novel classes as support samples. The model is
trained with a batch size of 16 for 100 epochs using the
Adam optimizer with an initial learning rate of 0.01. We
use the “gpt-3.5-turbo” engine with a temperature of 0.7 to
generate 24 unique descriptions per category.

4.3. Comparison with State-of-the-Art Methods
S3DIS. In Table 1, we present a comparison between our
proposed method, LARM, and the state-of-the-art general-
ized few-shot point cloud segmentation approaches. The
results clearly demonstrate that LARM achieves superior
performance across all evaluated settings. Specifically, our
method attains mIoU-N scores of 54.08% and 44.52% in
the 5-shot and 1-shot scenarios, respectively, outperform-
ing the strongest competitor, PE [31], by margins of 3.85%
and 4.74%. Notably, the performance gains are even more
significant in the 1-shot setting, where the limited support
information for novel classes exacerbates the challenge of
insufficient novel class representations. By leveraging mul-
timodal fusion, our approach effectively incorporates tex-
tual knowledge as a complementary source, addressing this
limitation and maintaining robust performance.
ScanNet. In Table 2, we present the comparison of re-
sults on the more challenging ScanNet dataset, which is
characterized by its diverse and complex room types. Our
proposed LARM continues to outperform the best exist-
ing method, achieving improvements of 5.27% and 5.93%
mIoU in novel classes of the 5-shot and 1-shot settings, re-
spectively. These results highlight the robustness and adapt-
ability of our approach, especially in handling datasets with
greater structural and semantic diversity.
Qualitative Results. Figure 3 presents our visualization re-
sults, demonstrating that our method achieves superior seg-
mentation performance on novel categories (marked with
red boxes.) while maintaining overall leading performance
across both base and novel categories.
Computational Complexity. The proposed LARM ex-
tracts text features for all classes in the dataset using CLIP
after generating class descriptions with LLMs in an offline

manner. Table 5 shows the offline time required for cate-
gory description generation and text feature extraction on
the S3DIS and ScanNet datasets. The offline time cost is
minimal, while it effectively enables the utilization of rich
semantic information from textual descriptions to enhance
multimodal feature alignment, ensuring that the online in-
ference remains efficient and unaffected. The precomputed
text features are stored and directly loaded during training
and testing, avoiding online regeneration and reducing com-
putational costs. In Table 4, we compare the online costs of
several methods. Our approach achieves better performance
than previous methods with minimal increase in parameter
count and computational overhead.

4.4. Ablation Study
We conduct extensive ablation studies to evaluate each com-
ponent of LARM, with the first row of Table 3 showing re-
sults for the ablation baseline [38].
Effectiveness of module MID. The comparison between
the 1st and 2nd rows of Table 3 reveals a significant per-
formance improvement, with a 2.63% increase in mIoU-N
and a 3.15% boost in HM. This highlights that the introduc-
tion of MID allows the feature extractor to distill knowl-
edge from textual information, thereby enhancing its ability
to produce more robust category representations.
Effectiveness of module LAM. Rows 3–6 of Table 3
present ablation studies on LAM’s core components, TMS
and MPF, to verify their effectiveness individually.
1) Effectiveness of TMS. Comparing the 1st and 3rd rows
in Table 3 shows that TMS improves the mIoU of novel
categories by 3.52%, demonstrating its effectiveness. This
is achieved through text-guided base meta-feature selection,
allowing novel categories to leverage shared foundational
patterns while reducing noise from base categories.
2) Effectiveness of MPF. As shown by the comparison be-
tween the 1st and 4th rows in Table 3, MPF improves the
performance of both base and novel categories, with gains
of 0.57% and 6.75%, respectively. This can be attributed
to MPF leveraging the rich high-level semantic informa-
tion from LLM-based text to enhance the original proto-
types of both base and novel categories, thereby improving
the robustness of the original visual features and boosting
segmentation performance. Moreover, when the MID and
TMS modules are incorporated alongside MPF, the model’s
performance continues to improve. With all three modules
combined, the performance increases by 0.93% for base cat-
egories and 11.07% for novel categories.
Effectiveness of module HRM. The comparison between
the 7th and 1st rows in Table 3 shows that applying our
HRM module alone improves performance by 0.48% for
base categories and 3.91% for novel categories, thanks to
its ability to leverage structural information to reduce intra-
class variations and inter-class confusion. Furthermore,
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Input Point Cloud Ground Truth GW Ours 

Figure 3. Qualitative comparison on 5-shot setting of ScanNet dataset. Note that some improvements are marked with red boxes.

Table 6. Per-class IoU results for the 5-shot setting on S3DIS, with new classes in red.
Method ceiling floor wall beam column window door table chair sofa bookcase board clutter

CAPL [30] 93.17 97.36 72.92 52.44 28.82 35.12 77.57 60.60 61.29 10.38 54.42 23.75 58.19
GW [38] 92.34 97.16 70.73 60.37 32.16 46.30 76.21 64.41 63.42 16.99 54.77 39.30 60.66
PE [31] 92.62 97.18 74.63 63.95 27.34 58.56 77.24 69.87 66.82 22.61 57.10 59.04 57.82

Ours 92.70 97.30 75.87 64.60 41.84 63.51 77.54 73.01 66.93 29.68 55.32 51.83 63.81

Table 7. Standard deviation.
Method mIoU-B mIoU-N mIoU-A HM

CAPL [30] 0.17 3.25 1.46 2.94
GW [38] 0.35 3.34 1.63 2.75
PE [31] 0.17 2.76 1.32 2.00

Ours 0.14 2.29 1.10 1.73

Table 8. Ablation study on the number of descriptions in S3DIS.

Description number M mIoU-B mIoU-N mIoU-A HM

M = 4 75.38 43.74 60.77 55.35
M = 8 75.70 44.05 61.09 55.69
M = 12 75.53 44.17 61.05 55.74
M = 24 75.68 44.52 61.29 56.04
M = 40 75.44 44.15 61.00 55.70

as shown in the 8th row, integrating all proposed mod-
ules achieves peak performance, with gains of 1.58% and
14.86% for base and novel categories, respectively, setting
a new state-of-the-art for the GFS-3DSeg task and validat-
ing the effectiveness of our approach.
Per-class IoU and standard deviation. To provide a more
detailed demonstration of the effectiveness of our method,
Table 6 shows the per-class mIoU results. Our method
achieves the best performance on most novel classes (5
out of 6) while maintaining leading performance on base
classes. We also validate the robustness of LARM through
standard deviation analysis, which is crucial for evaluating
few-shot segmentation methods under diverse support con-
ditions. Specifically, under the 5-shot setting of S3DIS, we
sample 5 sets of support point clouds for each novel class,
covering various geometric structures and color distribu-
tions. As shown in Table 7, our method achieves signifi-
cantly lower standard deviation across all metrics, demon-
strating robustness to support variability. This stability is

due to LARM’s ability to leverage LLMs for extracting
high-level semantic features and addressing the scarcity of
support data, while the hyper-relation matching mechanism
ensures consistent query-support relationship modeling.
Impact of the number of generated descriptions. For
each category, we utilize four different prompt formats,
including caption generation, question answering, para-
phrase generation, and words to sentence. In Table 8, we
evaluate the effect of generating (1, 2, 3, 6, and 10 descrip-
tions) for each prompt format, corresponding to a total of
M (4, 8, 12, 24, and 40 descriptions). As shown, perfor-
mance improves with an increasing number of descriptions
and reaches its peak at M=24. However, further increasing
the number of descriptions may result in redundant or repet-
itive textual information. Therefore, we adopt M=24 as the
optimal setting in our experiments.

5. Conclusion

We propose a LLM-Assisted Hyper-Relation Matching
(LARM) framework to tackle the challenges in generalized
few-shot point cloud segmentation (GFS-3DSeg). LARM
harnesses LLMs’ knowledge to enhance category proto-
types and employs a hyper-relation matching strategy to as-
sign points to categories by utilizing inter-class structural
relationships. LARM surpasses state-of-the-art results and
paves the way for further leveraging LLMs in GFS-3DSeg.
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