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Abstract— We present NPNet, a fully non-parametric approach
for 3D point-cloud classification and part segmentation. NPNet
contains no learned weights; instead, it builds point features
using deterministic operators such as farthest point sampling,
k-nearest neighbors, and pooling. Our key idea is an adap-
tive Gaussian—Fourier positional encoding whose bandwidth and
Gaussian—cosine mixing are chosen from the input geometry,
helping the method remain stable across different scales and
sampling densities. For segmentation, we additionally incorpo-
rate fixed-frequency Fourier features to provide global context
alongside the adaptive encoding. Across ModelNet40/ModelNet-
R, ScanObjectNN, and ShapeNetPart, NPNet achieves strong
performance among non-parametric baselines, and it is partic-
ularly effective in few-shot settings on ModelNet40. NPNet also
offers favorable memory use and inference time compared to
prior non-parametric methods. Code is available at GitHub: m-
saeid/NPNet.

I. INTRODUCTION

Accurate and efficient 3D perception is central to intelli-
gent vehicle systems. Point clouds captured by LiDAR and
depth sensors support scene understanding, localization, and
planning in autonomous driving [1]-[3]. Similar needs also
arise in robotics [4], augmented reality [5], and digital-heritage
mapping [6]. Beyond 3D perception, modern sensing pipelines
in other application domains also face analogous calibration,
prediction, and reliability challenges that motivate efficient
and transferable models [7]-[9]. However, point clouds are
irregularly sampled and often large, which makes it difficult
to learn representations efficiently [10]. This difficulty is
amplified by real-time, on-vehicle constraints where compute
and memory budgets are limited [11], [12]. In this setting,
non-parametric architectures are a practical alternative. They
rely on deterministic geometric operators rather than trainable
weights, and they can transfer across scenes and sensors
without retraining.

Parametric point-cloud networks such as PointNet/++ [13],
[14], PointConv [15], KPConv [16], DGCNN [17], PCT [18],
and PointMLP [19] achieve accuracy. However, they rely
on millions of learned weights and typically require expen-
sive training, which makes rapid adaptation difficult and can
be limiting in few-shot settings [20]-[22]. These limitations
motivate non-parametric architectures that remove learned
parameters while aiming to keep competitive performance.
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Fig. 1: Radar comparison on ModelNet40 and ShapeNetPart.
Metrics are normalized to [0, 1] per dataset (higher is better).
GPU memory, GFLOPs, and inference time are inverted so
larger values indicate better efficiency.

Recent non-parametric models such as Point-NN [23] and
Point-GN [24] are promising. However, their positional en-
codings are usually fixed, which can make them sensitive to
changes in point density, object scale, and sampling distribu-
tion. As a result, performance often degrades when moving
across datasets or when switching between tasks.

We introduce NPNet, a fully non-parametric framework
for 3D point-cloud analysis. The core idea is an adaptive
Gaussian—Fourier positional encoding that chooses its band-
width and Gaussian—cosine mixing from simple statistics of
the input, which helps it stay stable across different scales
and sampling densities. For segmentation, we also add fixed-
frequency Fourier features to provide global context. This
produces a hybrid encoding that combines local adaptivity with
global structure without using any trainable weights. NPNet
builds multi-scale features using only deterministic operators
such as farthest point sampling, k-nearest-neighbor grouping,
and pooling. For classification, we perform similarity-based
inference, while a Fourier-augmented branch is used for seg-
mentation. As shown in Fig. 1, NPNet improves both accuracy
(or mIoU) and efficiency compared with prior zero-parameter
methods on ModelNet40 [25] and ShapeNetPart [26].

Across ModelNet40, ModelNet-R [20], ScanObjectNN [27],
and ShapeNetPart, NPNet achieves state-of-the-art perfor-
mance among non-parametric methods and remains competi-
tive with parametric networks. On ModelNet40 few-shot eval-
uation, it remains competitive, supporting the generalization
benefits of the proposed adaptive, training-free encoding.
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Fig. 2: Adaptive Gaussian—Fourier positional encoding. The encoding adapts bandwidth ¢ and mixing coefficient A from input
geometry; an additional fixed-frequency Fourier branch provides global context for segmentation.

Contributions.

e We propose NPNet, a fully non-parametric framework
with a shared encoder for point-cloud classification and
part segmentation.

e We introduce an adaptive Gaussian—Fourier positional
encoding. It selects the bandwidth and the Gaussian—
cosine mixing from input statistics, and it adds fixed-
frequency Fourier features to provide global context for
segmentation.

e We show that NPNet is competitive with, and often
improves over, prior non-parametric baselines on stan-
dard benchmarks, including few-shot ModelNet40, while
offering favorable memory use and inference time.

II. RELATED WORK

Representations. Projection-based methods render point
clouds into images or depth maps. This allows reuse of
2D CNNs, but it can introduce occlusion and discretization
artifacts [28]-[30]. Voxel and octree approaches enable 3D
convolutions, yet they often incur high memory cost because
of sparsity [31]-[33]. Point-based models operate directly on
3D coordinates and capture geometric detail, but they typically
rely on large learned networks [13], [14], [16], [17], [34].
Efficient and non-parametric models. Hand-crafted
pipelines and fixed transforms can reduce the need for
learning, but they are often brittle in practice [35]-[37].
More recent non-parametric networks such as Point-NN and
Point-GN remove trainable weights by combining sampling,
k-NN grouping, and fixed positional encodings [23], [24].
However, these encodings use static bandwidths, which can
make performance sensitive to changes in point density,
object scale, and sampling distribution.

Positional encoding. Positional encodings play an important
role in 3D learning [38]. Fixed trigonometric features and
static Gaussian kernels can improve discrimination, but they
effectively assume a single global setting. In contrast, NPNet
uses an adaptive Gaussian—Fourier encoding that selects the
bandwidth and the Gaussian—cosine mixing from input statis-
tics. For segmentation, we also add fixed-frequency Fourier
terms to provide global context. This design keeps the simplic-
ity and efficiency of non-parametric models while improving
transfer across tasks and datasets.

III. METHODOLOGY
A. Overview of NPNet

NPNet is a fully non-parametric framework for 3D point-
cloud classification and part segmentation. It uses no trainable
weights; instead, it builds features with deterministic geomet-
ric operators—farthest point sampling (FPS), k-nearest neigh-
bors (k-NN), pooling—and an adaptive Gaussian—Fourier
positional encoding. For classification, a multi-stage encoder
aggregates local neighborhoods into a single global descriptor
and predicts labels by similarity matching to a memory bank
of training shapes. For segmentation, an encoder—decoder
produces pointwise descriptors and assigns part labels by
matching to stored part prototypes. The whole pipeline is
training-free: once the memory bank is built, inference reduces
to encoding and nearest-prototype style matching.

B. Adaptive Gaussian—Fourier Positional Encoding

Given coordinates X € RY*3 we build positional features
with two components: (i) an adaptive channel that blends
Gaussian RBF and cosine responses using simple input statis-
tics, and (ii) a Fourier channel (segmentation only) that adds
fixed multi-frequency context. Fig. 2 illustrates the encoding



itself and Fig. 3 shows where the encoding is injected within
each stage. )

a) Adaptive channel.: Let o, = %Zle Std(X. ;) de-
note a global dispersion statistic. We set the bandwidth o, =
0o(1+40g) and the blend A = sigmoid((cz —7)x). For anchors
{vm}f\,f:l (fixed reference locations) and a scalar coordinate
x,
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and the adaptive response is
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Concatenation over anchors and coordinate channels yields
’
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b) Fourier channel (segmentation).: With frequencies

wj = a?/L for j=1...L and scale 3,

¢Fouricr(x) = [Sin(ﬁx/wl)v Cos(ﬁx/wl),
..ysin(fz/wr), cos(Bx/wr)]-

¢) Hybrid code and neighborhood modulation.: Classi-
fication uses only H,qaptive; SEgmentation concatenates

Hpos = [HFourier || Hadaptive ] .

Within each k-NN neighborhood N (using relative coordi-
nates), features are modulated by

-HN = (HN + Hpos) © Hposv (D
where © denotes element-wise multiplication.

C. NPNet Classification Architecture

A T-stage encoder builds a feature pyramid by repeating
FPS to N, centroids, k-NN grouping, adaptive modulation
(Eq. 1), and mean+max pooling (Fig. 3). The full architecture
is shown in Fig. 4. Let Fj(t) be the pooled feature of centroid
7 in stage t. We form the global descriptor by concatenating
stage summaries:

Fore = |7 [ max; F{" | mean; F\V' ] € RP,

with normalization/nonlinearities and no learned layers. This
descriptor is used for similarity-based inference (Sec. III-E).

D. NPNet Segmentation Architecture

The segmentation encoder mirrors the classification back-
bone but uses the hybrid code H,.s. A non-parametric decoder
propagates coarse features to finer resolutions via inverse-
distance weighting (IDW). For point x; at level ¢ with neigh-
bors in level t+1,
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The interpolated features H® are concatenated with encoder
features H® and propagated to the next finer level until
reaching the input resolution, yielding per-point descriptors.

TABLE I: ModelNet40 shape classification. Accuracy (%),
trainable parameters (M), and GFLOPs (G).

Method Acc. (%) Param (M) GFLOPs (G)
Parametric Methods

PointNet [13] 89.2 3.5 0.4
PointNet++ [14] 90.7 1.5 0.8
PointCNN [39] 92.2 0.6 -
PointConv [15] 92.5 18.6 -
OctFormer [40] 92.7 4 31.3
KPConv [16] 92.9 15.2 -
DGCNN [17] 92.9 1.8 2.7
PCT [18] 93.2 2.9 2.3
PointNext-S [41] 93.2 1.4 -
GBNet [42] 93.8 8.4 -
CurveNet [43] 93.8 2.1 0.3
PointMLP [19] 94.1 13.2 15.7
Non-parametric Methods

Point-NN [23] 81.8 0.0 0.0
Point-GN [24] 85.3 0.0 0.0
NPNet (ours) 85.45 0.0 0.0

E. Non-Parametric Training and Inference

NPNet follows a simple routine: encode the training set
once to build a memory bank, then predict by similarity—no
gradient updates.

a) Classification.: For training shapes (X, y;), compute
normalized descriptors f; = Eus(X;)/||Eas(X;)]|2 and store
F = [f1,--, fm,] € RP*Mu with one-hot labels Y €
{0,1}MexC For a test feature f, similarities s = f ' F yield
weights w = softmax(vys) (temperature 7). The prediction is
2=w'Y and § = arg max, 2.

b) Segmentation.: For each training shape, extract per-
point features F; = g (X;) and form part prototypes ji; , by
averaging features over points with label p. Store prototypes
per shape category s as (Fy,Y;). For a test point feature f;
(citegory $), compute 5; = fZFS’ w; = softmax(ys;), 2; =
w; Yy assign y; = argmaxy, Zj p.

IV. EXPERIMENTS

We evaluate NPNet on standard benchmarks for shape
classification, few-shot classification, and part segmentation.
We summarize datasets and metrics, describe the training-free
setup and hyperparameters, then report results and efficiency.
Finally, we ablate the adaptive Gaussian—Fourier encoding and
key design choices.

A. Datasets and Evaluation Metrics

ModelNet40: 40 CAD categories (9,843 train / 2,468 test).
Metric: overall accuracy (Tab. I).

ModelNet-R: relabeled/cleaned ModelNet40 variant. Metric:
overall accuracy (Tab. II).

ScanObjectNN: real-world RGB-D scans with clutter, occlu-
sion, and noise. Metric: accuracy on OBJ-BG, OBJ-ONLY,
and PB-T50-RS (Tab. III).

Few-shot ModelNet40: N-way/K-shot episodic classifica-
tion. Metric: mean accuracy (Tab. V).

ShapeNetPart: 16 categories with 50 part labels. Metric:
instance mloU (Tab. V).
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Fig. 3: Stage block used in NPNet. FPS selects centroids, k-NN groups local neighborhoods, positional encoding modulates
features, and mean/max pooling produces a stage descriptor; concatenating stages forms a multi-scale representation.

TABLE II: ModelNet-R shape classification. Accuracy (%),
trainable parameters (M), and GFLOPs (G) where available.

Method Acc. (%) Param (M) GFLOPs (G)
Parametric Methods

PointNet [13] 914 35 0.4
PointNet++ (SSG) [14] 94.0 1.5 0.8
PointNet++ (MSG) [14] 94.0 1.7 4.0
DGCNN [17] 94.0 1.8 2.7
CurveNet [43] 94.1 2.1 0.3
Point-SkipNet [20] 94.3 1.5 -
PointMLP [19] 95.3 13.2 15.7
Non-parametric Methods

Point-NN [23] 84.75 0.0 0.0
NPNet (ours) 85.65 0.0 0.0

B. Implementation Details and NPNet Hyperparameters

NPNet is training-free: one forward pass over the training
set builds the memory banks (shape descriptors for clas-
sification; part prototypes for segmentation). Unless stated
otherwise, we sample N=1,024 points per shape and disable
augmentation to isolate the effect of the adaptive encoding.
Batch sizes and hardware. ModelNet40 and few-shot use
batch size 10, ScanObjectNN 16, and ShapeNetPart 1 (per-
shape). All runs use a single NVIDIA GeForce RTX 3090
(24 GB, CUDA 11.5).

Baseline hyperparameters. ModelNet40/ModelNet-R/few-
shot: d=35, k=110, stages= 4, N=1,024.

ScanObjectNN: d=27, k=120, stages= 4, N=1,024.
ShapeNetPart: d=144, k=70, stages= 2, N=1,024.

These settings follow Sec. IV-H and balance accuracy against
runtime and memory.
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Fig. 4: NPNet architecture for classification and part segmen-
tation. The model contains no trainable weights; inference is
performed by similarity matching to stored shape descriptors
(classification) or part prototypes (segmentation).
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C. Classification Results

On ModelNet40) and ModelNet-R (Tabs. I, II), NPNet
achieves 85.45% and 85.65% accuracy with 0.0M parameters,
outperforming prior non-parametric methods. On ScanOb-
jectNN (Tab. III), NPNet reaches 86.1%/86.1%/84.9%
on OBJ-BG/OBJ-ONLY/PB-T50-RS, leading non-parametric
baselines on OBJ-BG and OBJ-ONLY while remaining com-
petitive on PB-T50-RS. Recent parametric models score higher
but rely on millions of trainable weights; NPNet offers a strong
training-free alternative.

D. Few-Shot Classification

Few-shot evaluation matches NPNet’s inference: each
episode is solved by building descriptors and matching proto-
types, with no fine-tuning. Averaged over 10 runs on Model-
Net40, NPNet attains 92.0%/93.2% (5-way 10-/20-shot) and
82.5%/87.6% (10-way 10-/20-shot). Tab. IV shows NPNet is
best among the listed methods across all settings.

E. Segmentation Results

Tab. V reports ShapeNetPart results. NPNet achieves
73.56% instance mloU using the hybrid Gaussian—Fourier
encoding. Compared with Point-NN (70.4%), the gain sug-
gests that adding fixed-frequency Fourier terms alongside the
adaptive channel helps capture global structure and repeated
patterns that are useful for part boundaries. We use the baseline
hyperparameters from Sec. IV-B (d=144, k=70, stages= 2).

TABLE III: ScanObjectNN classification. Accuracy (%) on
OBJ-BG, OBJ-ONLY, and PB-T50-RS, with trainable param-
eters (M).

Method OBJ OBJ- PB-T50  Param
-BG ONLY -RS ™)
Parametric Methods
PointNet [13] 733 79.2 68.2 35
PointNet++ [14] 82.3 84.3 779 1.5
DGCNN [17] 82.8 86.2 78.1 1.8
PointCNN [39] 86.1 85.5 78.5 -
GBNet [42] - - 80.5 8.4
PointMLP [19] 85.4 12.6
PointNeXt-S [41] 87.7 1.5
PointMetaBase-S [44] 87.9 0.6
Non-parametric Methods
Point-NN [23] 71.1 74.9 64.9 0.0
Point-GN [24] 85.2 86.0 86.4 0.0
NPNet (ours) 86.1 86.1 84.9 0.0



TABLE 1IV: Few-shot classification on ModelNet40. Mean
accuracy (%) over 10 runs for 5-way and 10-way tasks;
baseline results are taken from the cited reference.

Method 5-way 10-way
10-shot  20-shot 10-shot  20-shot
Parametric Methods
DGCNN [17] 31.6 40.8 19.9 16.9
FoldingNet [45] 334 35.8 18.6 154
PointNet++ [14] 38.5 424 23.0 18.8
PointNet [13] 52.0 57.8 46.6 352
3D-GAN [46] 55.8 65.8 40.3 48.4
PointCNN [39] 65.4 68.6 46.6 50.0
Non-parametric Methods
Point-NN [23] 88.8 90.9 79.9 84.9
Point-GN [24] 90.7 90.9 81.6 86.4
NPNet (ours) 92.0 93.2 82.5 87.6

F. Efficiency and Deployment Analysis

NPNet’s cost profile is driven by neighborhood aggregation

and positional encoding rather than learned layers: (i) no
training (a single pass builds the banks), (ii) inference dom-
inated by encoding, grouping, and lightweight similarity, and
(iii) memory/runtime controlled mainly by d and k. On Mod-
elNetd0 (Tab. VI), NPNet uses 0.0021 GFLOPs, 99.1 MB
GPU memory, and 3.86 ms/sample; on ShapeNetPart it uses
0.0045 GFLOPs, 256.4 MB, and 5.63 ms/sample—faster and
leaner than Point-NN/Point-GN.
One-off bank construction and scaling. NPNet incurs a
one-time preprocessing cost to build the memory banks: for
classification, storing one descriptor per training shape; for
segmentation, storing part prototypes per category. This cost
is linear in the number of training shapes and is typically
amortized over many test queries. The bank memory foot-
print scales with descriptor dimension, i.e., O(MynD) for
classification and O (Moo D) for segmentation, where Moo
depends on the number of shapes and parts per category.
When memory is constrained, descriptor compression (e.g.,
FP16 storage) or prototype subsampling/clustering can reduce
the footprint with minimal impact. For very large banks,
approximate nearest-neighbor search can further reduce query
time while keeping the training-free pipeline unchanged.

G. Discussion: Complexity, Scope, and Reproducibility

Complexity and scaling. Let N be the number of input
points, T the number of stages, k the neighborhood size,
and d the embedding dimension. At stage ¢, FPS selects Vy
centroids, and each centroid aggregates a k-NN neighborhood
with modulation (Sec. III-B) and mean—max pooling. The per-
stage work scales as O(N;kd) and memory as O(N;d+kd), so
the encoder cost is ), _; O(N;kd). Segmentation adds IDW
upsampling with the same order (Eq. 2). In practice, k& and
d are the main levers: larger d improves accuracy, larger k
improves context but increases cost, and deeper hierarchies
help classification more than segmentation.

Assumptions and limitations. (1) Rotation equivariance: the
encoding is not rotation-equivariant; canonical alignment or

TABLE V: ShapeNetPart part segmentation. Instance mloU
(%), input points, trainable parameters (M), GFLOPs (G), and
training time (when reported).

Method Inputs Inst. Param GFLOPs Train
mloU (M) (G) Time
Parametric Methods
PointNet [13] 2k 83.7 8.3 5.8 -
PointNet++ [14] 2k 85.1 1.8 1.1 26.5 h
DGCNN [17] 2k 85.2 1.4 49 -
APES(local) [47] 2k 85.6 2.0 18.37
APES(global) [47] 2k 85.8 2.0 15.56
PAConv [48] 2k 86.0 - - -
PointMLP [19] 2k 86.1 16.8 6.2 47.1 h
CurveNet [43] 2k 86.6 5.5 2.5 56.9 h
Non-parametric Methods
Point-NN [23] 1k 70.4 0.0 0.0 0.0
NPNet (ours) 1k 73.56 0.0 0.0 0.0

TABLE VI: Efficiency of non-parametric methods. GFLOPs
(G), peak GPU memory (MB), and inference time (ms/sample)
on ModelNet40 and ShapeNetPart using 1,024 points; mea-
sured on an RTX 3090.

Method Dataset GFLOPs Mem. Inference Num

(G) (MB)  (ms/sample)  Points
Point-NN [23] ModelNet40 0.0027 161.0 4.44 1024
Point-GN [24] ModelNet40 0.0021 161.0 5.80 1024
NPNet (ours) ModelNet40 0.0021 99.1 3.86 1024
Point-NN [23]  ShapeNetPart 0.0054 4429 16.83 1024
NPNet (ours) ShapeNetPart 0.0045 256.4 5.63 1024

test-time rotation averaging can help. (2) Category for segmen-
tation: following ShapeNetPart protocol, the object category is
known at test time; removing this assumption is future work.
(3) Memory-bank size: the bank grows with the number of
training shapes/prototypes; clustering or subsampling can cap
memory with modest impact. (4) k-NN backend: very sparse or
very large N may benefit from approximate neighbors; NPNet
is compatible with GPU ANN backends.

Protocol and reproducibility. All experiments use N=1,024
points per shape unless stated. Some parametric baselines
in Tab. V report 2k-point results; our efficiency numbers
(Tab. VI) are measured at lk points for a consistent run-
time/memory comparison. We fix random seeds and evaluate
on a single RTX 3090 (24 GB). Code and scripts to reproduce
tables and figures are publicly available.
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H. Ablation Studies

We ablate the key claim: input-aware adaptivity in the
positional encoding is necessary for stable, training-free per-
formance across datasets and tasks. We use ModelNet40 for
classification and ShapeNetPart for segmentation. Each sweep
varies one factor while holding others fixed: (i) adaptivity
(Fig. 5); (ii) embedding dimension d (Figs. 7, 8); (iii) neigh-
borhood size k£ (Figs. 7, 8); and (iv) stage depth (Fig. 9).
Adaptivity of bandwidth and blend. Fixing o or the Gaus-
sian/cosine blend consistently hurts performance (Figs. 5a, 5b).
Accuracy peaks in a narrow window and drops quickly outside
it, while the adaptive scheme maintains strong results without
per-dataset tuning. This supports the use of per-input o and .
Embedding dimension. Classification saturates around d =
30-40 (Fig. 7a); we use d 35 to stay near the peak
while keeping cost low. In contrast, segmentation benefits from
larger embeddings and saturates later (Fig. 8a); we choose
d = 144 as a balanced point before the marginal mloU gains
become small relative to the additional compute and memory.
This task-dependent behavior is expected: classification mainly
requires a global shape signature, whereas segmentation must
preserve part-level cues and boundary detail, which benefit
from higher-capacity embeddings. As d increases, GPU mem-
ory and inference time grow approximately linearly for both
tasks (Figs. 7b—7c and 8b-8c), making d an effective knob for
trading accuracy against efficiency.

Neighborhood size k. Accuracy peaks near £k = 110 on
ModelNet40 (Fig. 7d) and near £k = 70 on ShapeNetPart
(Fig. 8d). Larger neighborhoods provide more geometric con-
text, which can help classification up to a point; however,
overly large k can dilute local detail that is important for part
boundaries and can interact unfavorably with downsampling
in deeper hierarchies. Consistent with this intuition, ShapeNet-
Part prefers a moderate k, while ModelNet40 tolerates a larger
neighborhood for stronger context aggregation. In all cases,
increasing k raises GPU memory and inference time steadily
because neighborhood grouping dominates the encoder cost
(Figs. 7e-7f and 8e-8f), so k is a direct lever for reducing
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Fig. 7: ModelNet40 ablation (classification). Top: varying
embedding dimension d. Bottom: varying neighborhood size
k. Columns show accuracy, GPU memory, and inference time.

latency when needed.

Number of stages. Using more stages improves classification,
with 4 stages performing best on ModelNet40 (Fig. 9). Deeper
hierarchies increase receptive field and multi-scale aggrega-
tion, which benefits global recognition. For segmentation,
using more than 2 stages reduces mloU and increases cost
(Fig. 9), likely because aggressive downsampling and broad
aggregation blur fine-grained part boundaries. Accordingly, we
use 4 stages for classification and 2 stages for segmentation
as a simple, robust default.

Resource-accuracy trade-offs and practical tuning. Across
both tasks, the ablations reveal a trade-off: accuracy (or mloU)
improves with larger d and richer neighborhoods, while GPU
memory and inference time grow nearly monotonically with d
and k (Figs. 7-8). In practice, d is a coarse knob that sets rep-
resentational capacity, whereas k& controls the locality—context
balance. For ModelNet40, performance saturates quickly with
d and exhibits a clear peak with k, so a moderate embedding
with a moderately large neighborhood is sufficient. In contrast,
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Fig. 8: ShapeNetPart ablation (segmentation). Top row: vary-
ing embedding dimension d. Bottom row: varying neighbor-
hood size k. Columns show instance mloU, GPU memory, and
inference time.

ShapeNetPart benefits from larger embeddings to capture part-
level structure, but overly large neighborhoods and deeper
hierarchies can hurt because aggressive downsampling and
broad aggregation blur fine boundaries. hu From a deploy-
ment perspective, these trends provide simple guidelines. If
memory is the bottleneck, reducing d yields the most di-
rect savings with limited accuracy loss near the saturation
region. If inference time is the bottleneck, reducing k& and/or
stage depth offers the largest speedups because neighborhood
aggregation dominates runtime. Finally, the adaptivity in o
and the Gaussian—cosine mixing reduces the need to retune
these hyperparameters across datasets with different sampling
densities (Fig. 5), allowing d, k, and stages to serve as the
main task-dependent controls.

Qualitative comparison. Fig. 6 compares attention maps from
the parametric DGCNN with those produced by the proposed
AdaptiveEmbedding module. Despite being non-parametric,
the adaptive embedding yields more coherent and part-aware
responses, indicating that it captures meaningful geometric
structure without learned weights.

1. Takeaways

NPNet demonstrates that well-designed non-parametric
components—particularly the adaptive Gaussian—Fourier posi-
tional encoding—can substantially close the gap to parametric
networks on both classification and segmentation. The method
is especially appealing in few-shot and rapid-deployment sce-
narios because it eliminates the training step and adapts to
the input geometry at inference time. Ablations provide clear
guidance for selecting d, k, and stage depth to meet differing
accuracy and efficiency requirements.

V. CONCLUSION

We presented NPNet, a fully non-parametric approach
for 3D point-cloud classification and part segmentation. Its
core is an adaptive Gaussian—Fourier positional encoding

mloU (%)

Accuracy (%)

5o LI | | 70 L | | |

Stages

(a) ModelNet40 accuracy

Stages

(b) ShapeNetPart mIoU

Fig. 9: Effect of stage depth. (a) ModelNet40 classification
accuracy vs. number of stages. (b) ShapeNetPart instance
mloU vs. number of stages.

that adjusts to the input geometry, improving stability across
scales and sampling densities without introducing trainable pa-
rameters. Across ModelNet40, ModelNet-R, ScanObjectNN,
and ShapeNetPart, NPNet outperforms prior non-parametric
baselines and remains competitive with parametric networks
while eliminating training altogether. NPNet is also efficient in
practice: memory and latency are primarily controlled by the
embedding dimension and neighborhood size, which makes
deployment tuning straightforward. Few-shot results further
show that NPNet adapts well to limited supervision through
prototype-based inference, with no fine-tuning.

Future work will extend NPNet to detection and scene-level
tasks and investigate lightweight hybrid designs that preserve
the training-free core while adding minimal learnable capacity
when needed.
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