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In this material, we first investigate the related literature
about this work. Then, we provide detailed descriptions of
the experimental setup and hyperparameters, along with ad-
ditional framework details. At last, we present more abla-
tion studies and further analysis.

1. Related Work

Point Cloud Semantic Segmentation aims to assign
each point with the correct category label within a pre-
defined label space. The early PointNet [16], Point-
Net++ [17] establish the basic framework for learning-
based 3D analysis. The follow-up works [3, 6, 22, 25—
28] further improve the 3D representation and segmenta-
tion performance. Despite this, these methods are data-
hungry and require extensive additional labeled data to be
fine-tuned for unseen classes. To address this issue, a
series of 3D few-shot learning methods have been pro-
posed [8, 11, 13, 15, 21, 23, 24]. AttMPTI [29] extracts
multiple prototypes from support-set features and predicts
query labels in a transductive style. 2CBR [31] proposes
cross-class rectification to alleviate the query-support do-
main gap. PAP-FZ3D [7] jointly trains few-shot and zero-
shot semantic segmentation tasks. All of these methods
adopt the meta-learning strategy including both pre-training
and episodic training stages. In this work, we propose
more efficient solutions for 3D few-shot semantic segmen-
tation. We first devise a non-parametric encoder to discard
the time-consuming pre-training stage. Based on this, a
parameter-free model, Seg-NN, and a parametric variant,
Seg-PN, are proposed, which achieve competitive perfor-
mance with minimal resources and simplify the traditional
meta-learning pipelines.

Positional Encoding (PE) projects a location vector into
a high-dimensional embedding that can preserve spatial in-
formation and, at the same time, be learning-friendly for
downstream algorithms [12]. Transformer [20] first utilizes
PE to indicate the one-dimensional location of parallel input
entries in a sequence, which is composed of trigonometric
functions. Such trigonometric PE can encode both abso-
lute and relative positions, and each of its dimensions corre-
sponds to a predefined frequency and phase, which has also
been employed for learning high-frequency functions [19]
and improving 3D rendering in NeRF [14]. Some Trans-
formers incorporate Gaussian random frequencies [10], and
Mip-NeRF [2] reduces aliasing artifacts in rendering by
suppressing high frequencies. In 3D domains, RobustPPE
[30] adopts Gaussian random features for robust 3D clas-
sification. Point-NN [27] is the first non-parametric model
for shape classification which leverages basic trigonomet-
ric PEs to encode point coordinates for shape classification.
In this work, we extend Point-NN to scene segmentation
and utilize trigonometric PE to encode positional and color
information, where manually designed filters are used for
scene-level geometry encoding.

2. Experimental Setup

Dataset Split S3DIS [1] consists of 272 room point
clouds from three different buildings with distinct architec-
tural styles and appearances. We exclude the background
clutter class and focus on 12 explicit semantic classes.
ScanNet [4] comprises 1,513 point cloud scans from 707 in-
door scenes, with 20 explicit semantic categories provided
for segmentation. Tab. 1 lists the class names in the Sy and
S1 splits of S3DIS and ScanNet datasets.
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beam, board, bookcase, door, floor, sofa,

DI - : X

S3DIS ceiling, chair, column table, wall, window
bathtub, bed, bookshelf, other furniture, picture,

ScanNet cabinet, chair, counter, refrigerator, show curtain,

curtain, desk, door, sink, sofa, table,
floor toilet, wall, window

Table 1. Seen and Unseen Classes Split for S3DIS and ScanNet.
We follow [29] to evenly assign categories to Sp and Sp splits.

Hyperparameters The Seg-NN encoder is frozen in all
experiments. In the Seg-NN encoder, we sample 16 neigh-
bor points with k-NN to build the neighborhood of the
center point for both manipulation and upsampling layers.
For Seg-PN, we first use a fully connected layer to re-
fine the features extracted by the non-parametric encoder
and then feed the refined features to the QUEST mod-
ule. The fully connected layer consists of 2 linear pro-
jection operations and each linear projection is followed
by a batch normalization [9] and a rectified linear acti-
vation [5] function. The detailed structure of the fully
connected layer is: ‘(BN+ReLU) + (Linear+BN+ReLU)
+ (Linear+BN+ReLU)’, where ‘BN’, ‘ReLU’, and ‘Lin-
ear’ represent batch normalization, rectified linear activa-
tion, and linear projection, respectively. We set the ker-
nel size and stride of the local maximum pooling to 32
in the QUEST module. Since each point cloud contains
M = 2048 points, the local maximum pooling operation
outputs M’ = 64 statistics for each point cloud.

Training Details The proposed Seg-NN and Seg-PN are
implemented using PyTorch. Seg-PN is trained on a GForce
A6000 GPU. The meta-training is performed directly on
Clrain split, using AdamW optimizer (5, = 0.9,8; =
0.999) to update the QUEST module of Seg-PN. The initial
learning rate is set to 0.001 and halved every 7,000 itera-
tions. In episodic training, each batch contains 1 episode,
which includes a support set and a query set. The support
set randomly selects N-way-K-shot point clouds and the
query set randomly selects N unseen samples.

3. Additional Ablation Study

We conduct additional ablation experiments to reveal the
roles of different detailed designs. By default, we still con-
duct experiments under 2-way-1-shot settings on the Sy
split of S3DIS dataset and use mloU (%) as criteria to eval-
uate the results of both Seg-NN and Seg-PN.

3.1. Ablation for Seg-NN

In this section, we mainly investigate different hyperparam-
eters and designs of PEs, embedding manipulation layers,
and upsampling layers.

wloU \ Coordinate \ + Color

‘ SO Sl Avg ‘ S() Sl Al}g
Seg-NN | 48.81 49.04 48.93 | 4945 49.60 49.53
Seg-PN | 6747 66.78 67.13 | 64.84 67.98 66.41

Table 2. Ablation for Position and Color Information under 2-
way-1-shot settings on both So and S splits of S3DIS. We report
Seg-NN and Seg-PN’s results (%).

0 10 20 30 40 60 80 100

Seg-NN  49.12 4938 4945 47.87 4476 4354 40.16
Seg-PN 61.85 6234 64.84 63.08 6256 63.68 64.05

Table 3. Ablation for Parameter 6 in PEs.

d 5 8 10 15 20 24 30

Seg-NN  44.24 4637 47.65 4890 4945 48.68 4853
Seg-PN 6337 63.49 64.84 63.76 6335 6345 63.81

Table 4. Ablation on the Dimensionality of PEs.

Role of Position and Color Information In Tab. 2, we
exhibit more results to investigate the role of the position
and color information. For Seg-NN, we observe that both
position and color information are helpful for the segmen-
tation, indicating that our model is capable of encoding ge-
ometries and integrating two types of information. How-
ever, in Seg-PN, employing colors hinders the prediction,
which suggests that color information is not crucial for few-
shot tasks and may lead to overfitting. This aligns with the
observation of [18], which randomly abandons color infor-
mation during training to reduce overfitting.

Hyperparameters of PEs 1) Parameter 6 in PE. In
the initial PE, we utilize d log-linear spaced frequencies
u = [uq,...,uq] to project positions and colors into high-
dimensional encodings, where u; = #%/? with a base num-
ber 6. In Tab. 3, we explore the impact of # on Seg-NN and
Seg-PN, where 6 € {10, 20, 30, 40, 60, 80, 100}. From the
table, we observe that Seg-NN is more sensitive to 6, while
Seg-PN exhibits higher tolerance. In addition, Seg-NN
prefers low 6 values, and a larger 6 will cause significant
performance degradation. 2) Dimensionality of PEs. We
then examine the effect of the dimensionality of PEs. We
sample d frequencies to construct the PE. Tab. 4 presents
the results with different frequency numbers d. We explore
d € {5,8,10, 15,20, 24,30} and the corresponding dimen-
sionality of PEs are 6d € {30,48,60,90,120, 144, 180}.
We observe that d = 20 and 10 are the best choices for Seg-
NN and Seg-PN, respectively. This suggests that reducing
the dimension of PEs has the potential to impair the perfor-
mance of Seg-NN, while Seg-PN can effectively learn shape



Frequency Distribution
Gaussian Laplace  Uniform Seg-NN  Seg-PN
v 1945  64.84
v 4521 6321
v 49.35 62.49

Table 5. Ablation Study for Frequency Distribution in embed-
ding manipulation layers.

Variance 0.5 1 2 5 10 20

48.37 49.45 4943 49.02 4753 46.13
63.87 64.84 64.86 6572 6429 63.10

Seg-NN
Seg-PN

Table 6. Ablation for the Variance of the Gaussian Distribution
in frequencies sampling.

representations from relatively lower-dimensional embed-
dings.

Embedding Manipulation 1) Different Distributions of
Sampled Frequencies In embedding manipulation layers,
we sample frequencies v to generate the projection weights.
In Tab. 5, we compare the effects of different frequency dis-
tributions. Totally three types of distribution are compared,
Gaussian, Laplace, and uniform distributions. By compari-
son, we observe that the best performance is achieved when
the sampled frequencies follow a Gaussian distribution. The
reason behind this may be that both Laplace and uniform
distribution contain more mid- and high-frequency informa-
tion, thereby introducing excessive noises and redundancies
into shape representation. 2) Variance of Gaussian Distri-
bution. In Tab. 6, we investigate the impact of the variance
of the Gaussian distribution used for frequency sampling.
A larger variance indicates more middle or high frequen-
cies are exploited in feature extraction. We find that Seg-PN
can learn useful information from higher frequencies to en-
hance performance, while Seg-NN benefits more from low
frequencies.

Scaling Factor ~ in the Segmentation Head In the non-
parametric segmentation head, we use ¢ (z) = exp(—y(1—
x)) as an activation function, where - is a scaling factor. In
this part, we explore the effect of different values of . Tab.
7 presents the results of Seg-NN with different ys. We ex-
periment with v € {100, 300, 500, 700, 1000, 1200, 1500}
and observe that v < 500 guarantees more accurate predic-
tion and v > 1000 causes a rapid performance drop.

3.2. Ablation for Seg-PN

Pooling Operation in the QUEST Module In the
QUEST module, we use local maximum pooling to ob-
tain M’ statistics for each point cloud. We mainly explore

v 100 300 500 700 1000 1200 1500

Seg-NN  50.25 50.13 50.66 50.17 4945 4421 31.32

Table 7. Ablation for Scaling Factor v in the Segmentation
Head of Seg-NN.

Kernel Size 8 16 24 32 40 48

Seg-PN 59.67 64.87 66.06 64.84 6475 63.90

Table 8. Ablation for the Kernel Size and Stride of the local
maximum pooling operation in the QUEST module.

Source | S3DIS \ ScanNet
‘ S3DIS  ScanNet ‘ S3DIS  ScanNet

Seg-NN 59.4 43.9 59.4 43.9
Seg-PN 67.6 64.6 63.3 67.0

DGCNN | 56.6 44.8 49.4 42.7
AtMPTI | 61.6 46.3 49.7 54.0
2CBR 63.5 49.6 54.9 523
PAP3D 65.4 523 57.0 64.5

Target

Table 9. Transferability among datasets. We report the results
under 2-way-5-shot settings on the Sy split.

two hyperparameters: the kernel size and stride of the lo-
cal maximum pooling, the values of which are set to be the
same. Tab. 8 presents the effect of different kernel sizes.
We observe that the best performance is achieved when the
kernel size is 24, though the experiments in the main paper
are conducted with a kernel size of 32.

3.3. More Analysis

Reduction of ‘seen’/‘unseen’ domain gap. 1) We have
shown that Seg-NN can reduce the ‘seen’/‘unseen’ domain
gap in the main paper’s Fig. 2 (a). We further extend the
experiments in Fig. 2, where the mloU difference between
‘seen’ and ‘unseen’ classes by our Seg-NN and Seg-PN is
much smaller (DGCNN’s 38% vs our 3.1% and 12.0% on
average). 2) We also show the t-SNE visualization in Fig. 4,
where the 3D features by Seg-NN are more discriminative
among ‘unseen’ classes than DGCNN. This indicates the
‘seen’/‘unseen’ semantic gap can be significantly alleviated
by our encoder. The DGCNN in this experiment is trained
on seen classes and tested on both seen and unseen classes.

Transferability among different datasets. In addition to
the domain gap between the support set and query set, a nat-
ural extension is to investigate the transferability of our non-
parametric model across different data domains. In Tab. 9,
we present the transferring performance between S3DIS [1]
and ScanNet [4] datasets. We train models on the source
dataset and then utilize the target dataset to evaluate the
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Figure 1. Visualization of Results on S3DIS dataset. We compare
Seg-PN’s results with the SOTA PAP3D model.
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Figure 2. ‘Seen’/‘unseen’ Performance Gap. We compare the
performance difference of segmentation on the S3DIS dataset,
where DGCNN shows a large performance difference between
seen and unseen classes.

model. As shown in the table, even trained on S3DIS, our
Seg-PN can attain the best ScanNet performance compared
to all existing methods. The results demonstrate our supe-
rior cross-dataset generalization capacity.

4. Visualization

We present several qualitative results of 2-way-1-shot tasks
in Fig. 1 and Fig. 3. Seg-PN achieves better segmentation
than the existing SOTA, PAP3D [7], which demonstrates
the effectiveness of Seg-PN. It is worth noting that due to
sparse sampling in certain regions of the rooms, some Scan-
Net rooms may appear incomplete, as shown in Fig. 3. All
rooms are presented in a top-down view.
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