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ABSTRACT

Background. Point cloud part segmentation assigns a semantic part label to every point
and provides a more detailed description of object geometry than object-level classification.
Architecture selection remains difficult because models with similar aggregate benchmark
scores may differ substantially in category-level reliability and computational cost.

Materials and Methods. This study compares PointNet++, Dynamic Graph
Convolutional Neural Network (DGCNN), and Point Transformer on the ShapeNet Part
benchmark, which represents sixteen object categories with fifty part labels. Final evaluation
was performed on 2,874 test shapes represented by 2,048 points. Segmentation quality was
assessed using point accuracy, class-average accuracy, class mean intersection over union
(mloU), and instance mean intersection over union (mloU). A separate batch-size-one
benchmark measured inference latency, throughput, and graphics memory use.

Results and Discussion. Point Transformer achieved the highest overall quality, with
94.4% point accuracy, 87.7% class-average accuracy, 82.9% class mloU, and 85.7%
instance mloU. DGCNN reached 85.3% instance mloU while requiring only 15.87 ms per
shape, compared with 53.39 ms for Point Transformer and 344.62 ms for PointNet++.
Aggregate differences were small, but category-level results were more pronounced. Point
Transformer produced the highest mloU in eight of sixteen categories, while DGCNN and
PointNet++ led in five and three categories, respectively. The largest architecture-dependent
differences were observed for Motorbike, Earphone, and Rocket, demonstrating that similar
overall scores can conceal distinct failure patterns.

Conclusion. No architecture dominated all practical criteria. Point Transformer provided
the strongest segmentation quality, whereas DGCNN offered the most favorable measured
speed-quality trade-off. PointNet++ remained competitive in quality but showed substantially
higher latency in the evaluated implementation. Model selection should therefore consider
category-level behavior, input configuration, and computational constraints together with
aggregate mloU.

Keywords: point cloud segmentation, part segmentation, ShapeNet Part, PointNet++,
DGCNN, Point Transformer

INTRODUCTION

Point clouds are a fundamental representation of three-dimensional geometry and are
widely used in robotics, autonomous systems, industrial inspection, digital twins,
reconstruction, and geometric analysis [1]. Unlike raster images, point clouds are
unordered and irregularly sampled, and they do not provide a fixed neighborhood structure.
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These properties make direct processing by conventional grid-based convolution difficult
and motivate neural architectures designed specifically for point sets.

Object-level classification assigns a single semantic label to an entire point cloud,
whereas part segmentation assigns a label to every point. The latter therefore provides a
substantially more detailed representation of an object's internal structure and is directly
relevant to applications that require localization of functional or geometric parts, extraction
of dimensions, or subsequent estimation of physical characteristics. PointNet demon-
strated that point sets can be processed directly with permutation-invariant operations and
established a common foundation for both classification and segmentation [2].

Modern point-cloud networks use different mechanisms to capture local and global
geometric relationships. PointNet++ introduces hierarchical sampling, neighborhood grou-
ping, and local PointNet operations to learn features at multiple spatial scales [3]. DGCNN
represents points as a dynamically reconstructed graph and applies EdgeConv to learn
relationships between each point and its local neighbors in feature space [4]. Point Trans-
former adapts self-attention to point sets and incorporates relative position information into
feature aggregation [5]. These architectural differences can influence not only segmen-
tation quality but also computational cost and sensitivity to individual object categories.

Recent research continues to expand transformer-based and segmentation-oriented
point-cloud processing. Point Transformer V3 emphasizes scalable and efficient serialized
processing [8], RangeViT applies transformer representations to large-scale LIiDAR
semantic segmentation [9], and CamPoint explores visibility-based local and global context
modeling for point cloud segmentation [10]. Despite this progress, classic architectures
such as PointNet++, DGCNN, and the original Point Transformer remain useful reference
points because they represent three distinct and widely used design principles: hierarchical
point aggregation, dynamic graph learning, and position-aware attention.

Direct comparison of results reported in independent studies is difficult because
implementations commonly differ in the number of sampled points, input features, data
augmentation, optimizer settings, voting strategies, checkpoint selection, and hardware
platforms. Small differences in aggregate mean Intersection over Union (mloU) may
therefore be difficult to interpret without a controlled benchmark. Moreover, an architecture
that has the best average score may not be preferable when latency, model size, or
category-level reliability are important deployment constraints.

The aim of this study is to compare PointNet++, DGCNN, and Point Transformer for
object part segmentation on the ShapeNet Part benchmark and to analyze their
segmentation quality, training dynamics, category-level behavior, and computational
efficiency. The comparison uses a common final test protocol with 2,048 points per shape,
2,874 test objects, batch size one, and the same graphics processing unit. Because the
reference implementations do not expose identical input pipelines, the comparison also
explicitly reports implementation-specific differences. The study is intended to identify
practical trade-offs that are not visible from a single aggregate mloU value.

MATERIALS AND METHODS

Dataset

Experiments were conducted on ShapeNet Part, a benchmark derived from the
ShapeNet collection and designed for fine-grained part-level annotation of three-
dimensional objects [6, 7]. The complete benchmark contains 16,881 shapes from 16
object categories with 50 semantic part labels in total. Each object category contains its
own subset of valid part labels. The categories evaluated in this study were Airplane, Bag,
Cap, Car, Chair, Earphone, Guitar, Knife, Lamp, Laptop, Motorbike, Mug, Pistol, Rocket,
Skateboard, and Table. Representative examples of ShapeNet Part objects with ground-
truth part annotations are shown in Fig. 1.
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Airplane Chair Guitar

Motorbike Rocket Table

Fig. 1. Representative ShapeNet Part objects with ground-truth part segmentation

The final benchmark used 2,874 test shapes, and every shape was represented by
2,048 points. The evaluated implementations used the standard ShapeNet Part
training/test organization provided by their respective repositories, while the final
quantitative comparison reported in this paper was recomputed on the common 2,874-
object test set. This distinction is important because repository-specific preprocessing and
training pipelines may not be identical even when the same benchmark is used.

Evaluated Architectures

PointNet++. PointNet++ extends PointNet by constructing a hierarchical
representation of a point cloud. Farthest point sampling selects representative centroids,
local neighborhoods are grouped around these points, and PointNet-style functions encode
increasingly abstract features [3].

DGCNN. Dynamic Graph Convolutional Neural Network constructs a k-nearest-
neighbor graph and applies EdgeConv to learn local relationships between a point and
neighboring features [4]. The graph is recomputed in feature space across layers, allowing
local connectivity to adapt as representations evolve. The evaluated part-segmentation
configuration used k = 40, embedding dimension 1,024, 2,048 points.

Point Transformer. Point Transformer applies position-aware self-attention to point
clouds. Relative spatial information is incorporated into attention-based feature aggregation
so that the network can model both geometric and feature relationships [5].

Training and Evaluation Protocol

All three models were trained from scratch using their reference part-segmentation
implementations. PointNet++ was trained for 250 epochs with batch size 16 and the Adam
optimizer. DGCNN was trained for 250 epochs with batch size 8, stochastic gradient
descent, momentum 0.9, a cosine learning-rate schedule, and dropout 0.5. Point
Transformer was trained for 250 epochs using its SGD configuration. The best checkpoints
were selected during training according to the validation criteria implemented in the
corresponding repositories.

EnekTtpoHika Ta iHpopmauinHi TexHonorii « 2026 « Bunyck 35 47



Viktor Vdovychenko & Yuriy Furgala

The experiments were performed using publicly available PyTorch implementations of
the three architectures. For reproducibility, the exact source repositories used in this study
were: PointNet++ [11]; DGCNN [12]; and Point Transformer (unofficial implementation)
[13]. The reported inference latency and throughput therefore characterize these specific
implementations and software revisions rather than architecture-independent theoretical
performance.

For the final benchmark, every model processed 2,048 points per object with batch
size one. Twenty warm-up batches were excluded before latency measurements. The
benchmark evaluated all 2,874 test shapes and reported point accuracy, class-average
accuracy, class-average mloU, instance-average mloU, latency, throughput, memory
consumption, number of parameters, and checkpoint size. PointNet++ was evaluated with
one vote to avoid introducing test-time ensembling into the comparison.

The final inference protocol was standardized where possible. Therefore, the results
should be interpreted as a comparison of the evaluated implementations rather than as an
ablation study that isolates architectural differences while keeping all input features and
preprocessing steps identical. The main training and evaluation settings for the three
models are summarized in Table 1.

Table 1. Experimental configuration of the evaluated segmentation models

Parameter PointNet++ DGCNN Point Transformer
Input points 2048 2048 2048
Training epochs 250 250 250
Training batch size 16 8 16
Optimizer Adam SGD SGD
Final test batch size 1 1 1
Test shapes 2874 2874 2874

Evaluation Metrics

Point accuracy was computed as the proportion of point labels predicted correctly over
all points in the test set. Class-average accuracy gives equal importance to the semantic
part classes and is therefore more sensitive to less frequent labels than overall point
accuracy.

Intersection over Union (loU) was used as the principal segmentation measure. For
each part, loU quantifies the overlap between the predicted and ground-truth point sets
relative to their union. Class mloU averages segmentation quality across the 16 object
categories, whereas instance mloU averages the part loU over individual test shapes.
Reporting both metrics is important because category frequencies are not uniform and
strong performance on common categories can otherwise dominate an instance-weighted
score.

Category-level mloU was additionally analyzed for all 16 ShapeNet Part categories.
This analysis was used to identify cases in which similar aggregate scores conceal
architecture-specific strengths or weaknesses. For selected categories discussed in detail,
variability across individual test shapes was additionally characterized by the standard
deviation of per-shape loU and is reported as + SD.

Computational Efficiency Evaluation
Computational efficiency was measured using a separate inference benchmark with
batch size one. Mean latency was expressed in milliseconds per shape, and throughput
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was calculated as processed shapes per second. Graphics processing unit memory was
reported as maximum allocated and reserved memory during the benchmark.

Latency measurements excluded data loading and result saving and were collected
after 20 warm-up batches. The use of batch size one reflects a low-latency inference
scenario and makes the measurements directly comparable across the three benchmark
scripts.

Experimental Environment

The experiments were conducted on a workstation equipped with an NVIDIA GeForce
GTX 1080 Ti graphics processing unit with 11 GB of video memory, an Intel Core i5-10600K
processor, and 32 GB of random-access memory. The segmentation experiments were
executed under Ubuntu 24.04 using Python-based PyTorch implementations [14].
Separate software environments were used where required by repository-specific
dependencies, while the final inference benchmark used the same graphics processing unit
for all models.

RESULTS AND DISCUSSION

Overall Segmentation Performance

Table 2 summarizes the final segmentation quality obtained on the common
ShapeNet Part test set. All three architectures achieved point accuracy above 94% and
instance mloU above 85%, indicating that the overall performance differences are relatively
small. Point Transformer achieved the strongest aggregate result, with 94.4% point
accuracy, 87.7% class-average accuracy, 82.9% class mloU, and 85.7% instance mloU.
DGCNN obtained 94.3% point accuracy and 85.3% instance mloU, while PointNet++
achieved 94.2% and 85.1%, respectively.

Table 2. Overall segmentation performance on the ShapeNet Part test set

Model Point Class avg. Class mloU, Instance
accuracy, % accuracy, % % mloU, %
PointNet++ 94.2 87.2 81.8 85.1
DGCNN 94.3 84.2 81.4 85.3
Point Transformer 944 87.7 82.9 85.7

The ranking differs slightly depending on the selected metric. PointNet++ produced
higher class-average accuracy than DGCNN, whereas DGCNN produced higher instance
mloU. The lower class-average accuracy of DGCNN compared with PointNet++ and Point
Transformer suggests that its errors are distributed less uniformly across semantic part
classes. Because class-average accuracy gives equal weight to each part class, weaker
performance on less frequent or more difficult part labels can reduce this metric even when
instance-level mloU remains competitive. This indicates that a single aggregate measure
is not sufficient to characterize segmentation behavior. The maximum difference in
instance mloU between the three models was only 0.6 percentage points, but the class
mloU difference between DGCNN and Point Transformer reached approximately 1.5
percentage points. The category-level analysis below shows that these apparently small
aggregate differences are composed of much larger gains and losses on individual object
types.

Training Dynamics
Fig. 2 compares test accuracy and instance mloU over the training trajectories. All
three networks improved rapidly during the initial epochs and then entered a slower
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refinement stage. PointNet++ reached strong segmentation quality comparatively early,
and its best checkpoint used in the benchmark was obtained at epoch 136. Point
Transformer continued improving over a longer interval, with the benchmark checkpoint
selected at epoch 170. DGCNN showed stronger epoch-to-epoch fluctuations in the test
curves, including several temporary drops, but recovered and converged to an instance
mloU comparable with the other architectures.

—— PointNet++ —— DGCNN —— Point Transformer
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Fig. 2. Training dynamics of the evaluated segmentation models: (a) test accuracy and (b) instance mloU

The training curves should be interpreted as optimization behavior rather than as a direct
ranking of generalization quality. The final benchmark was recomputed from saved
checkpoints under a separate batch-size-one protocol; therefore, the values in Table 2 are
the primary basis for the final comparison. Nevertheless, the curves demonstrate that
architectures with similar final mloU can reach that level through different convergence
trajectories.

Per-Category Segmentation Performance

Fig. 3 presents mloU for each of the 16 ShapeNet Part categories. Point Transformer
achieved the highest category mloU in eight categories, DGCNN in five, and PointNet++ in
three. The results therefore support the aggregate ranking of Point Transformer while also
showing that no model dominates every object type.

The largest architecture-dependent difference was observed for Motorbike. DGCNN
reached 61.3 £ 10.1% mloU, PointNet++ 71.2 £ 9.8%, and Point Transformer 73.5 £ 10.0%,
giving a spread of more than 12 percentage points. Earphone also revealed a clear
weakness of PointNet++, which achieved 69.9 + 17.3% compared with 77.6 £ 18.8% for
DGCNN and 78.6 + 17.2% for Point Transformer. The relatively large standard deviations
indicate substantial variation in segmentation quality across individual objects within these
categories.

Rocket was the most difficult category for all three models. DGCNN achieved 55.1 +
11.7%, Point Transformer 58.2 + 11.2%, and PointNet++ 60.9 + 10.4%, making PointNet++
the strongest model on this category despite its lower aggregate score. In contrast, Laptop
was segmented reliably by every architecture, with mloU between 95.1% and 95.9%.
DGCNN produced the best Laptop result and also led on Airplane, Guitar, Knife, and Lamp.
PointNet++ led on Pistol, Rocket, and Skateboard. Point Transformer performed best on
Bag, Cap, Car, Chair, Earphone, Motorbike, Mug, and Table.
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Fig. 3. Per-category mloU comparison for PointNet++, DGCNN, and Point Transformer on ShapeNet Part

Overall, the per-category comparison demonstrates that aggregate mloU should be
supplemented by category-level analysis and measures of variability across individual
objects when segmentation reliability for a specific object family matters.

Computational Efficiency and Quality—Efficiency Trade-off

The three networks differed much more strongly in inference efficiency than in
segmentation quality. Table 3 summarizes the batch-size-one benchmark. DGCNN was
the fastest model, requiring 15.87 ms per shape and processing approximately 62.99
shapes/s. Point Transformer required 53.39 ms per shape and reached 18.73 shapes/s.
PointNet++ was substantially slower in the evaluated implementation, with a mean latency
of 344.62 ms per shape and throughput of 2.90 shapes/s.

Table 3. Measured computational efficiency in the batch-size-one benchmark

Model Latency ms Rate shapes/s GPU MB
PointNet++ 344.62 2.90 132.9
DGCNN 15.87 62.99 157.7
Point Transformer 53.39 18.73 99.1

Point Transformer showed the lowest maximum allocated graphics memory during the
measured batch-size-one inference, requiring 99.1 MB, compared with 132.9 MB for
PointNet++ and 157.7 MB for DGCNN.

Fig. 4 makes the practical trade-off especially clear. Moving from DGCNN to Point
Transformer increases instance mloU by approximately 0.4 percentage points, but
increases mean latency by a factor of about 3.4. PointNet++ does not provide an aggregate
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quality advantage over the other two models in this benchmark and is approximately 6.5
times slower than Point Transformer and 21.7 times slower than DGCNN. These values
characterize the tested implementations and should not be interpreted as architecture-
independent theoretical speed ratios; nevertheless, they are directly relevant to deployment
when the same software and hardware stack is used.

86.0 4

85.8 A Point Transformer

85.6

85.4 4

DGCNN
85.2 A

Instance mloU (%)

85.0 4 PointNet++

84.8 1

T
102
Mean inference latency per shape (ms, log scale)

Fig. 4. Quality—efficiency trade-off between instance mloU and mean inference latency. The latency axis is
logarithmic.

Practical Trade-offs and Study Limitations

The experimental results demonstrate that model selection depends on the intended
application. Point Transformer is preferable when the primary objective is maximum
segmentation quality and a moderate increase in inference cost is acceptable. DGCNN
provides the strongest measured speed-quality compromise: its instance mloU is only 0.40
percentage points below Point Transformer while its inference is substantially faster.
PointNet++ remains a competitive segmentation baseline and performs best on several
categories, including Rocket, but its measured latency makes it less attractive for low-
latency deployment in the evaluated implementation.

Several limitations should be considered when interpreting the results. First, the
experiments use a single synthetic/CAD-derived benchmark and therefore do not quantify
robustness to sensor noise, occlusion, missing points, or non-uniform sampling in real-
world scans. Second, only three architectures were evaluated, so the results do not
represent the full range of recent point-cloud segmentation methods. Third, all efficiency
measurements were obtained on one hardware platform and are influenced by repository-
specific kernels and implementation details.

Finally, ShapeNet Part evaluates object-level part segmentation rather than semantic
segmentation of large scenes. The conclusions are therefore most directly applicable to
normalized object point clouds. Extending the comparison to real sensor data, larger
scenes, and downstream geometric measurements will be necessary to determine how the
observed trade-offs transfer to practical three-dimensional perception systems.
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CONCLUSION

This study compared PointNet++, DGCNN, and Point Transformer for part
segmentation of point clouds on the ShapeNet Part benchmark. The final evaluation used
2,874 test shapes, 2,048 points per object, and a common batch-size-one inference
protocol. Segmentation performance was analyzed using point accuracy, class-average
accuracy, class mloU, instance mloU, per-category mloU, training dynamics, and
computational efficiency.

Point Transformer achieved the highest aggregate segmentation quality, reaching
94.4% point accuracy, 82.9% class mloU, and 85.7% instance mloU. DGCNN and
PointNet++ remained close in overall quality, with instance mloU values of 85.3% and
85.1%, respectively. The small aggregate differences, however, concealed substantially
larger category-specific variation. Point Transformer produced the highest mloU in eight
categories, DGCNN in five, and PointNet++ in three. Motorbike, Earphone, and Rocket
showed the most informative architecture-dependent differences, while Laptop was
consistently segmented with high accuracy by all models.

The computational benchmark revealed a much stronger separation between the
architectures. DGCNN achieved the lowest mean latency of 15.87 ms per shape and the
highest throughput of 62.99 shapes/s. Point Transformer required 53.39 ms per shape,
whereas PointNet++ required 344.62 ms. These results show that a model with the highest
segmentation quality is not automatically the most suitable model for a latency-constrained
system.

Overall, Point Transformer provides the strongest segmentation quality in the
evaluated setup, while DGCNN offers the most favorable measured speed-quality trade-
off. PointNet++ remains useful as a hierarchical baseline and demonstrates strengths on
selected categories, but its inference cost was substantially higher in the tested
implementation. The results confirm that architecture selection should combine
aggregate mloU with category-level reliability and deployment-oriented efficiency
metrics.

Future work will focus on methods for determining geometric and physical object
parameters from three-dimensional point cloud data. The study will consider point
clouds containing isolated objects of different simple geometric shapes and will
investigate both algorithmic and neural-network-based approaches. Classification
models will be used to identify the geometric type of an object, after which geometry -
specific algorithms will estimate its relevant dimensions, shape characteristics, and
derived physical parameters. The proposed framework will enable a systematic
comparison of analytical and learning-based approaches and will investigate whether
combining object recognition with geometry-aware parameter estimation can improve
the reliability and general applicability of measurements obtained directly from point
clouds.
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Bikmop Bdoeu4eHko*, IOpiii ®ypeana

@akynbmem efieKmpPOHIKU ma KOMM''omepHUX mexHornoaid,
JibeiecbKuli HayioHanbHUl yHieepcumem iMeHi IsaHa ®paHka,
eyn. [lpazomaHosa 50, flbeie, 79005, YKPAIHA

AHOTALIA

Bctyn. CermeHTauiss YaCTUH XMap TOYOK NPU3HAYa€e CEMaHTUYHY MITKY KOXHIW TOuL
Ta 3abesnevye geTanbHiwni onuc reomeTpii 06'ekTa, HiX knacudikauia uyinoro ob'ekra.
Bubip apxiTekTypy ycCKNnagHETbCA TuUM, WO MoAeni 3 Onu3bkuMmu iHTerpanbHUMU
NnokasHUKaMyn MOXYTb iCTOTHO Bifpi3HATUCS B OKpEMUX KaTeropisix i 3a 064ncnioBanbHOK
epeKTMBHICTIO.

Marepianu Ta meToau. [1ns nopiBHANbHOIO OLiHIOBaHHS 0OpaHO Tpu penpe3eHTaTUBHI
apxiTekTypy 06poOKkM Xmap TOYOK, Lo BigoOpaxatoTb pi3Hi Nigxoou [0 BUIYYEHHS
reomeTpuyHux o3Hak: PointNet++ (iepapxiyHa arperaudis nokanbHux o3Hak), DGCNN
(anHamivyHa nobypnosa rpada cycigis i rpadosi 3ropTku) Ta Point Transformer (mexaHiam
camoyBarv Ans HeCTPYKTypoBaHux AaHux). [MopiBHAHHA npoBeaeHo Ha Habopi ShapeNet
Part (16 kateropinn o6'ektiB, 50 MiTOK YyacTuH).PiHanbHe OUIHIOBAHHS BUKOHAHO Ha 2874
TectoBux 006'ekTax, npeacTtaeneHnx 2048 touykamu. AkiCTb BM3HAYanm 3a TOYHICTIO TOYOK,
cepefHbOo TOYHICTIO 3a knacamu, cepefHim koediuieHTom XKakkapa (KXK) 3a kaTeropismu
Ta cepegHim KX 3a ob’'ektamu. [Ons BUMIPIOBaHHsSI 3aTpPUMKU BUBEOEHHS, MPOMYCKHOI
3pgaTtHocTi Ta ob6csry BUKOpUCTaHOT Bigeonam'saTti Gyno npoBedeHO OKpeMUI TecT i3
po3mipom naketa 1.

PesynbtaTtu. Point Transformer nokasaB Havikpally 3aranbHy SKiCTb: TOYHICTb 94,4%,
cepenHsa TOYHICTb 3a krnacamu 87,7%, cepeaHin KX 3a kateropismu 82,9% Ta cepegnin KX
3a ob'ektamu 85,7%. Mpu ubomy DGCNN pocsarna 6nm3bkoro nokasHuka cepegHboro KX
3a ob'ektamu (85,3%), ane 3HayHo wewuawe: 15,87 mc Ha oamH o6'exT npotn 53,39 mc y
Point Transformer i 344,62 mc y PointNet++. 3aranbHi BigMiHHOCTI Mixx Mogensimu Gynu
HeBenuKMMK, NpPoTe pe3ynbTaT 3a OKPEMUMM KaTeropisiMu BigpisHanucs cytTesiwe: Point
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Viktor Vdovychenko & Yuriy Furgala

Transformer maB HaviBuLwMI cepeHin KXy BocbMu 3 wictHagusTty kateropin, DGCNN —y
n'atn, a PointNet++ — y Tpbox. Hanbinbwwuin poskmg 3HaveHb KK mix Mopensimu
cnocrepirascsa ans karteropiv "motouukn" (Motorbike), "HaBywHukn" (Earphone) i "paketa"”
(Rocket) — came Ha Hux BMBIp apXxiTekTypn MaB Hanbinblue 3HAaYEHHs, TOAI SK KaTeropito
"HoyTOYyK" (Laptop) yci mogeni cermeHTyBanm cTabinbHO TOYHO.

BucHoBku. XKogHa apxiTekTypa He Oyna Havikpallow 3a BcCimMa KpuTepismu. Point
Transformer 3abesneunB HamBuy 4kicTb cermeHTadii, Toai sk DGCNN nokasana
HanKpalle BMMIpsAHe CniBBigHOWEHHS LWBKMAKOCTI Ta 4dkocTi. PointNet++ 3anuwunacsa
KOHKYPEHTHOIO 3a AKICTIO, ane mana 3HayHo GinbLuy 3aTpuMMKy B ouiHeHin peanisauii. Bubip
Mofeni Mae BpaxoByBaTW NOBEAIHKY Ha OKPEMUX KaTeropisx, KoHirypauito BXigHUX 03HaK
Ta ob4McnoBanbHi 0OMEXeHHS pa3oM i3 3aranbHUMK 3Ha4YeHHAMN cepeaHboro KXK.

Knroyoei cnoea: cermeHTauis xmap TOYOK, cermeHTtauis yactuH, ShapeNet Part,
PointNet++, DGCNN, Point Transformer
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