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Abstract
Effective 3D perception is fundamental for spatial awareness and safe navigation in modern autonomous systems, with
3D semantic segmentation of LiDAR point clouds being a critical perception task. Recent progress in 2D vision high-
lights the potential of non-architectural training and inference strategies to further boost model performance. Inspired
by consistency-based learning and self-distillation, this work employs such a training pipeline for robust 3D semantic
segmentation in street scene understanding. Specifically, we incorporate a teacher-student knowledge self-distillation
framework that integrates Test-Time Augmentation to enhance the quality of the soft labels generated by the teacher
model during training and to improve inference performance. We present a comparative study on the effectiveness of the
employed framework across both convolutional and attention-enhanced networks. Experimental results on the Street3D
benchmark dataset demonstrate that the adopted training framework coupled with attention-enhanced networks compares
favorably with the state-of-the-art for 3D semantic segmentation in the context of autonomous driving. Code is available at
https://github.com/DUTH-VCG/Self_Distillation_with_TTA-main

1. Introduction

Accurate 3D perception is a critical component of spatial aware-
ness and safe navigation in modern domains such as robotics and
autonomous vehicles. An important perception task is 3D semantic
segmentation, where each structural element of a 3D scene is given
a semantic label. Common 3D sensors are the Light Detection and
Ranging (LiDAR) sensors as well as the RGB-D cameras. LiDAR
sensors are often preferred because of their high spatial resolution
and accuracy, regardless of lighting conditions. LiDARs capture a
3D scene in the form of a point cloud, which is a set of spatially
scattered points that preserve the geometric structure of the scene.
Unlike structured image data, a point cloud is inherently sparse and
non-uniform, with a decreasing density, as the distance from the
sensor increases. These characteristics necessitate specialized ar-
chitectures tailored for processing sparse 3D data, rather than con-
ventional models designed for dense 2D data inputs.

Various deep learning techniques are developed to handle point
cloud data. Such architectures are categorized mainly on their input
data representation. The pioneering works of PointNet [QSMG17]
and PointNet++ [QYSG17] operate directly on unordered point
sets while others, such as MinkowskiUnet [CGS19], discretize
3D space into voxels and then assign points to voxels. Fo-
cused in computational efficiency, certain architectures project
points into structured 2D grids and construct range images, as in
RangeNet++ [MVBS19]. Across these paradigms, network designs

have emerged by incorporating dedicated modules that enhance
feature expressiveness via attention mechanisms, designed to focus
on the spatial and contextual information of a 3D scene [VZP22].

Beyond architectural design, recent advances in 2D image analy-
sis have demonstrated the effectiveness of dedicated training tech-
niques and inference-level strategies in improving model perfor-
mance without modifying the underlying network structure. No-
table among these is knowledge distillation, where a smaller stu-
dent model learns from the softened outputs of a larger teacher
model [HVD15]. At inference time, strategies like Test-Time Aug-
mentation (TTA) apply multiple geometric transformations to an
input and average the resulting predictions to obtain a more sta-
ble output [CG24]. In the semi-supervised learning domain, meth-
ods such as FixMatch [SBC∗20] combine consistency regulariza-
tion with pseudo-labeling by enforcing agreement between weakly
and strongly augmented views of the same input. Collectively, these
strategies highlight the potential of non-architectural improvements
to enhance performance across various vision tasks.

Inspired by prior work on consistency-based learning with self
distillation in autonomous driving scenarios [LDD22], in this work
we employ such a training pipeline aiming to facilitate improved
and robust performance for the task of 3D semantic segmenta-
tion in street scene understanding. Specifically, we incorporate a
teacher–student knowledge distillation framework that integrates
TTA to improve the quality of the soft labels produced by the
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teacher model. We demonstrate the effectiveness of the proposed
framework for two types of network architectures, convolutional
and attention enhanced networks, namely the MinkowskiUnet
backbone network along with it’s variations that rely upon attention
modules. We evaluate their performance on Street3D [KVB∗20]
benchmark dataset focused on 3D semantic segmentation for street
scene understanding.

The contribution of the presented work lies on the consis-
tent comparative study employed among convolutional-only and
attention-enhanced deep learning architectures that use a joint
knowledge distillation and TTA training framework for the task of
3D semantic segmentation in LiDAR data for street scene under-
standing.

2. Related Work

3D semantic segmentation involves the prediction and assignment
of a semantic class to each individual point of a point cloud. The
architectures designed for this task are mainly categorized based on
their input data representation into point-based, projection-based,
voxel-based and dual representation.

Point-based methods operate directly on raw point sets without
spatial discretization. The pioneering work of PointNet [QSMG17]
firstly introduced this representation, by using a multi layer per-
ceptron and a maximum pooling operation to extract a global fea-
ture vector for the point cloud. An improved version is Point-
Net++ [QYSG17], which creates point clusters locally in the scene
and then uses the original PointNet architecture on each cluster to
capture local dependencies.

Projection-based methods transform a point cloud into struc-
tured 2D representations, such as range images or bird’s-eye views.
This approach leverages the maturity and efficiency of standard 2D
Convolutional Neural Networks (CNN) architectures while simpli-
fying the irregular structure of a point cloud. One notable archi-
tecture is RangeNet++ [MVBS19], which projects LiDAR point
clouds onto a spherical image plane and performs semantic seg-
mentation using a standard 2D CNN. Although the projection pro-
cess reduces the computational complexity, this can result in infor-
mation loss due to quantization of the projected views.

Voxel-based methods convert irregular point cloud data into
structured volumetric grids, also known as voxels. This regular-
ization allows the network to learn spatial features across local
neighborhoods through 3D CNN, similarly to typical 2D CNN. A
representative example is VoxNet [MS15], one of the earliest ar-
chitectures to apply 3D convolutions directly on voxelized data.
While effective in capturing spatial context, these methods are of-
ten memory-intensive, especially at higher resolutions, due to the
cubic growth of voxel grids. In order to alleviate this, a solution
was built on the concept of Spatially Sparse Convolutions [Gra14].
Sparse 3D Convolutions [Gra15] (SpCponv) apply convolution op-
erations only if non-empty voxels are present in the 3D grid, which
results in significant reduction on memory consumption. However,
following this approach, new voxels can be activated in the output,
potentially resulting in an increased memory allocation for deeper
layers of the network. To mitigate this, Submanifold Sparse Convo-
lutions [GvdM17] (SubSpConv) are introduced, by restricting op-

erations strictly to existing active voxels, therefore preserving the
input sparsity and reducing computational overhead. A typical ex-
ample of an architecture that utilizes the aforementioned efficient
sparse convolutions, is MinkoskiUnet [CGS19].

Dual-based methods make use of two representations of a sin-
gle point cloud, to extract fine-grained features while retaining a
low computational overhead. Sparse Point Voxel CNN (SPVCNN)
[TLZ∗20] leverages both a point and voxel representation to retain
the fine geometric details of a scene and extract more discriminative
features. This is achieved through the integration of a point-voxel
convolution branch, which projects the learned voxel features to
points and vice versa.

Knowledge distillation is recently used to reduce the size of a
network, by distilling the knowledge from a large teacher model,
into a smaller student model. Such an approach is demonstrated
for the task of 2D semantic segmentation [HVD15] and focuses
on aligning the teacher and student models at feature level us-
ing pairwise similarities [LCL∗19], the intra-class feature varia-
tion [WZJ∗20], channel and spatial correlations [PH20] or self-
attention [ALLX22].

Self-distillation is a form of knowledge distillation in which the
student model learns from an earlier or temporally averaged ver-
sion of itself, rather than from a separately pretrained teacher of a
larger size. This internal teacher is continuously updated through-
out training, making the approach both efficient and architecture-
agnostic. For 3D point cloud data, recent approaches aim to distill
knowledge using perturbed self-distillation [ZQX∗21] and jointly
self-distillation with TTA [LDD22].

Test Time Augmentation (TTA) has been widely used in 2D
image tasks to improve the performance of trained models, by av-
eraging the predictions of image variants [KKK20, LMA∗20]. The
image variants are constructed from a single image, by applying ge-
ometric transformations, such as rotation, translation and flipping.
Recently, the same concept is been applied for 3D LiDAR data,
by applying standard geometric transformations on the input point
cloud [LDD22].

3. Proposed Methodology

In this work, we incorporate with minor modifications the training
framework that integrates knowledge self-distillation with TTA, as
proposed by [LDD22], to enhance the performance of a 3D sparse
convolutional U-Net model [RFB15]. As a backbone network, the
MinkowskiUnet [CGS19] is used, due to its popularity, simplic-
ity and effectiveness. Additionally, we use attention enhanced net-
works, specifically the variations of MinkowskiUnet with Squeeze-
and-Excitation (SE) [HSS18], Convolutional Block Attention Mod-
ule (CBAM) [WPLK18] and Point Transformer (PT) [ZJJ∗21]
modules. The architecture of MinkowskiUnet is shown in Figure 2,
while for the attention enhanced networks we follow the previous
work of [VZP22] and place the attention modules after each con-
volutional block, as shown in Figure 3.

The pipeline of the proposed methodology begins with the ac-
quisition of a point cloud. Initially, the raw point cloud is voxelized
to convert the irregular input into a structured sparse tensor, where
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Figure 1: The training and inference pipeline. Training comprises of phase 1 & 2. Inference is shown in phase 3.

Figure 2: MinkowskiUNet backbone.

Figure 3: MinkowskiUnet backbone with added attention modules.

empty voxels are discarded. Following, the sparse representation
is fed as an input to the deep learning network, which performs
hierarchical feature extraction using sparse 3D convolutions. At
the final layer, the network predicts a semantic class label for each
non-empty voxel. The voxel-level predictions are subsequently pro-
jected back to the original point cloud via inverse mapping, where
each point inherits the label of the voxel it resides in.

3.1. Self Distillation

In this work, we define the teacher model to be of a similar archi-
tecture as the student model. For both models, training starts from
scratch, without using pretrained weights. At each step, the teacher
is updated by simply coping the student model from the previous
step.

To enable the teacher model to generate more informative soft
labels for self-distillation, we incorporate a TTA strategy. Specif-
ically, we apply four types of common augmentations used in the
training phase of a 3D segmentation network, namely global scal-
ing (Scale), random flipping along the X and Y axis (Flip), rotation
along the Z axis (Rot) and translation (Tran). To address the TTA
concept, we compose these augmentations into a single Compound
Transformation (CT), similar to [LDD22] and realized in a sequen-
tial order, as follows:

CT (X) = Tran(Rot(Flip(Scale(X)))) (1)

The resulting predictions are averaged at the logit level to produce
more stable and informative soft labels for supervising the student
model. A CT is also applied, multiple times, to the same input point
cloud during inference. Similarly, the resulting predictions are av-
eraged for an improved performance of the trained model.

3.2. Training Pipeline

The full training and inference pipeline is shown in Figure 1.
Firstly, before passing a scene into the model, we create Ntrain
augmented versions of the scene using the CT, forming a set of
augmented inputs {Xi}, where i = 1,2,3, . . . ,Ntrain. Each ith in-
put in the set is passed through the teacher model. The resulting
voxel-wise predictions {YTVi} are mapped back to each point, re-
sulting in a set of point-wise predictions {YTPi}. The mean average
of these logits forms the final teacher prediction YTP, which is used
as soft labels for training. On the student side, the input is the orig-
inal point cloud preprocessed only with global rotation and random
scaling, excluding the full compound transformation. This prepro-
cessed input is passed through the student model, resulting in a
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voxel-wise output YSV, which is then mapped back to point-wise
predictions YSP.

3.3. Loss Function

Our total loss LT consists of two components: the hard loss LH
and the soft loss LS. The hard loss is defined as follows:

LH = Lce′(YSP,YGT)+Llovasz(YSP,YGT) (2)

where GT corresponds to ground truth labels. We use Lovász-
Softmax loss [BRTB18] to directly optimize the IoU metric, im-
proving segmentation performance, especially in class-imbalanced
scenes. Furthermore, weighted cross-entropy (ce′) is used with

weights calculated as Wc =
√

1
fc

. where WC is the weight for class
c and fC is the percentage of the appearance of class c on the total
classes. Furthermore, the soft loss is defined as follows:

LS = Lce(YSP,YTP) (3)

However, this time the cross-entropy (ce) is used without weights.
Subsequently, the total loss is calculated as the sum of the two
losses as:

LT = LH + γ ·LS (4)

where γ= exp(mIoU(YTP,YGT))/2. It is worthnoting that the term γ

is used to control on how much the student can rely on the teacher’s
prediction.

3.4. Inference

During inference, only the trained student model is used to obtain
the point-wise predictions. To enhance the model’s performance,
we apply TTA during inference by generating Nin f augmented ver-
sions Xi,(i = 1, ...,Nin f ) of an X point cloud scene. The resulting
voxel-wise outputs {YVi} are then mapped back to point-wise pre-
dictions {YPi}. The final prediction YP of the X scene, is obtained
by computing the mean of all point-wise logits.

4. Experiments

4.1. Datasets

Street3D [KVB∗20] is a LiDAR-based dataset developed by Cy-
clomedia Technology for use in the SHREC 2020 Track bench-
mark. The data were captured using a Velodyne HDL-32 sensor
under clear weather and daylight conditions across various urban
streets in Utrecht, Netherlands. The dataset comprises 80 annotated
3D scenes, each containing over two million points represented by
their 3D spatial coordinates. For our experiments, 60 scenes are
designated for training and 20 for testing, similar to the SHREC
2020 evaluation protocol. Each point is assigned one of six seman-
tic classes, including an ‘undefined’ class. Evaluation metrics in-
clude Overall Accuracy (OA) and mean Intersection over Union
(mIoU). In this work, we adhere to the official split for SHREC
2020 and report results on the 20 test scenes after training on the
provided 60 training scenes.

4.2. Training Setup

All experiments were conducted on a desktop PC running Linux,
using Python 3.9.18 and PyTorch 1.10.0. The system is equipped
with an AMD Ryzen 9 3900X 12-Core Processor (24 threads)
and 125 GB of RAM. A single NVIDIA GeForce RTX 3090
was used for acceleration via CUDA 11.1. The TorchSparse li-
brary [TLL∗22] was employed for efficient sparse 3D convolution
operations. For training, all networks are optimized using stochas-
tic gradient descent (SGD) with Nesterov momentum [SMDH13]
set to 0.9. Each model is trained for 15 epochs using a batch size of
2. The initial learning rate is set to 0.024 and is decayed over time
using a cosine annealing [LH16] schedule. For the remainder train-
ing hyper-parameters, we refer the reader to our github repository
given in the Abstract. All reported results correspond to the final
(15th) training epoch.

All models are trained using the proposed self-distillation frame-
work, with TTA applied to the teacher model with Ntrain = 10. Dur-
ing inference, TTA is also applied with Nin f = 12 augmented views.
To investigate the impact of the augmentation size Ntrain and Nin f ,
an ablation study is conducted in Section 4.4.

4.3. Evaluation

The results for Street3D [KVB∗20] are shown in Table 1 that com-
prise the IoU for each class along with OA and mIoU. At the same
Table, the performance of SPVCNN enhanced with Point Trans-
former attention modules [VZP22] is shown, as it is the state of the
art performing model for Street3D dataset.

Generally, it is apparent that the proposed methodology com-
pares favorably against the baseline. The best overall performance
is demonstrated by the MinkowskiUnet with PT, which results in
+0.03% and +1.54% improvement compared to SPVCNN with PT,
on OA and mIoU, respectively. The modest increase in OA, com-
pared to the more substantial gain in mIoU, can be attributed to en-
hanced learning in classes with complex geometric structures, such
as ‘pole’ and ‘car’. In fact, across nearly all models, the most signif-
icant improvement is observed in the ‘pole’ class, while the ‘vege-
tation’ class consistently shows the least improvement. This pattern
underscores the strength of the proposed methodology in capturing
fine-grained structural details critical for identifying geometrically
distinct classes. However, classes with simpler shapes and ambigu-
ous boundaries—such as ‘ground’ and ‘vegetation’, tend to benefit
less from the proposed method. In some rare cases, such classes
may even be negatively affected, as seen with the MinkowskiUnet
with PT, which led to a 1.54% decrease in IoU for the ‘vegetation’
class.

Concerning the impact of the proposed method on attention
modules, it appears that PT-enhanced MinkowskiUnet benefits the
most, with the SE and CBAM-enhanced models achieving smaller
but consistent gains, particularly when combined with k-NN local
pooling. Notably, the magnitude of improvement varies not only
with the presence of attention mechanisms but also with the partic-
ular type used.

It is worthnoting that the largest overall improvement compared
to the the baseline is observed by MinkowskiUnet without any at-
tention modules, which achieves a +3.76% gain in mIoU. The same
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Table 1: Evaluation of the proposed methodology for the MinkowskiUnet network and it’s enhanced with attention modules versions, in
Street3D benchmark

Network Attention Type OA mIoU Building Car Ground Pole Vegetation
SPVCNN* [TLZ∗20] PT {v} baseline 98.09 90.29 94.26 88.32 98.20 75.95 94.73

MinkowskiUnet [CGS19]

-
baseline 97.49 87.51 92.59 87.47 97.57 66.93 93.00

ours 98.16 91.27 94.81 89.42 98.17 79.64 94.3
impr. +0.67 +3.76 +2.22 +1.95 +0.60 +12.71 +1.30

SE
baseline 97.83 87.19 94.06 86.79 97.94 63.24 93.94

ours 98.22 88.93 95.38 90.23 98.23 66.23 94.56
impr. +0.39 +1.74 +1.32 +3.44 +0.29 +2.89 +0.62

SE k-NN
baseline 97.81 88.10 93.42 87.99 97.78 66.57 95.36

ours 98.24 89.56 95.20 88.77 98.32 70.71 94.81
impr. +0.43 +1.46 +1.78 +0.78 +0.54 +4.14 -0.55

CBAM
baseline 98.01 86.67 94.71 87.85 98.47 59.04 93.29

ours 98.10 87.88 95.16 89.89 98.27 62.49 93.58
impr. +0.09 +1.21 +0.45 +2.04 -0.20 +3.45 +0.29

CBAM k-NN
baseline 98.10 88.42 94.76 87.07 98.14 66.95 95.17

ours 98.44 91.13 95.55 90.15 98.47 75.87 95.59
impr. +0.34 +2.71 +0.79 +3.08 +0.33 +8.92 +0.42

PT
baseline 97.98 89.17 94.39 87.34 97.81 71.30 95.03

ours 98.12 91.83 95.72 89.48 97.84 82.63 93.49
impr. +0.14 +2.06 +1.33 +2.14 +0.03 +11.33 -1.54

*: Current best performing network in Street3D benchmark [VZP22].
Baseline networks are implemented by [VZP22].
impr.: Positive refers to performance improvement. Negative refers to performance deterioration.
{v}: Attention module is applied on the voxel branch of SPVCNN [TLZ∗20].

baseline model also demonstrates the highest per-class improve-
ment, with a +12.71% increase in IoU for the ‘pole’ class. The
varying magnitudes of improvement across different model archi-
tectures suggest that, while the proposed method is generally ef-
fective, its compatibility with the underlying architecture plays a
significant role in achieving optimal performance. Simple archi-
tectures, such as those without attention modules, achieve greater
improvement due to the proposed training method, even if more
complex models demonstrate a higher overall performance.

4.4. Ablation Studies

Ablation studies are conducted to identify the importance of the
Ntrain and Nin f hyper-parameters. Experiments are performed for
the MinkowskiUnet network, on Street3D dataset and are shown in
Table 2 and Table 3 for Ntrain and Nin f , respectively. As it appears,
during training, the teacher model benefits from a higher Ntrain
value and provides more discriminative soft labels to the student.
At inference, the student also benefits from a higher Nin f value,
which results in an improved performance. Remarkably, it appears
that there exists a connection between the Ntrain and Nin f hyper-
parameters, since when both are used in their maximum values, the
performance improvement is further boosted.

5. Conclusions

This paper has presented a consistent comparative study that exam-
ines a self-distillation training framework for a variety of attention-
based deep learning architectures aiming to enhance the perfor-
mance of 3D semantic segmentation models for LiDAR point
clouds, a crucial task for robust spatial awareness in street scene

Table 2: Ablation study for the hyperparameter Ntrain for
MinkowskiUnet, in Street3D dataset.

Ntrain
Nin f = 0 Nin f = 12

mIoU Improvement mIoU Improvement
0 87.51 - 88.39 -
2 89.18 +1.67 90.73 +2.34
4 89.54 +2.03 90.35 +1.96
6 89.17 +1.66 90.75 +2.36
8 89.49 +1.98 90.69 +2.30

10 89.34 +1.83 91.27 +2.88

understanding. We addressed the inherent challenges of point cloud
data by integrating a knowledge self-distillation paradigm with
Test-Time Augmentation (TTA).

We rigorously evaluated the framework across a range of 3D
sparse convolutional U-Net architectures, including the standard
MinkowskiUnet and its variants augmented with SE, CBAM, and
PT attention modules. Our comprehensive experimental work on
the Street3D dataset demonstrates the consistent effectiveness of
the proposed method. Notably, the MinkowskiUnet integrated with
PT attention modules, when trained with the proposed framework,
achieved state-of-the-art performance, surpassing existing meth-
ods. The more substantial improvement, particularly for geometri-
cally complex classes like ’pole’ and ’car’, highlights the method’s
strength in capturing fine-grained structural details. The ablation
studies confirmed the positive impact of increased augmentation
sizes in TTA, for both training and inference.

As a future work, we plan to explore the application of this
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Table 3: Ablation study for the hyperparameter Nin f for
MinkowskiUnet, in Street3D dataset.

Nin f
Ntrain = 0 Ntrain = 10

mIoU Improvement mIoU Improvement
0 87.51 - 89.34 -
1 87.02 -0.49 89.60 +0.26
2 87.87 +0.36 90.43 +1.09
3 88.01 +0.50 90.81 +1.47
4 88.27 +0.76 91.03 +1.69
5 88.35 +0.84 91.06 +1.72
6 88.20 +0.69 91.14 +1.80
7 88.43 +0.92 91.19 +1.85
8 88.35 +0.84 91.17 +1.83
9 88.49 +0.98 91.24 +1.90

10 88.40 +0.84 91.26 +1.92
11 88.39 +0.88 91.25 +1.91
12 88.39 +0.88 91.27 +1.93

framework to larger and more diverse outdoor datasets, investigate
the optimal trade-off between computational overhead and perfor-
mance gains with even higher augmentation factors and delve into
adaptive TTA strategies that can dynamically adjust based on scene
characteristics or model uncertainty.
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