2024 |IEEE International Conference on Robotics and Automation (ICRA 2024)

May 13-17, 2024. Yokohama, Japan

Long-Tailed 3D Semantic Segmentation with Adaptive
Weight Constraint and Sampling

Jean Lahoud!, Fahad Shahbaz Khan'2, Hisham Cholakkal!, Rao Muhammad Anwer'3, Salman Khan!+*

Abstract— Existing 3D understanding datasets typically pro-
vide annotations for a limited number of object classes, with
sufficient examples per class. However, real-world object classes
are not equally represented in practical settings, leading to
poor performance on rarely-occurring categories if the class
imbalance is neglected. In this work, we address the challenge
of 3D semantic segmentation with a long-tail distribution of
classes. Common methods to reduce class imbalance during
training include data re-sampling, loss re-weighting, and trans-
fer learning. In contrast, our work proposes to effectively
utilize network classifier weights in 3D models to balance the
training on long-tail class distributions. While previous work
in the 2D domain has studied imposing constraints on the
classifier weights to regularize the training, it is sensitive to
hyper-parameter choices and has not been yet explored for the
3D domain. To address these challenges, our work proposes
adaptive regularization for frequent classes and sampling-
based regularization for rare classes that alleviate the need to
manually select thresholds and can dynamically focus training
on the hard classes. Our experiments on the large-scale Scan-
Net200 benchmark show that our method achieves improved
performance, surpassing methods that rely on re-sampling, re-
weighting, and pre-training.

I. INTRODUCTION

With the emergence of various depth sensing devices, such
as LiDAR and RGB-D sensors, 3D perception has received
increased attention. One common 3D task is semantic seg-
mentation, in which each 3D element, e.glet@tokeneonedot,
a point in a point cloud, is classified with an associated
object class label. While 2D image understanding relies on
color for understanding, 3D scene understanding makes use
of shape information. The shape information represents the
real 3D geometry of objects, which is not affected by lighting
conditions or viewpoint as opposed to 2D images.

Numerous deep learning approaches have been proposed
for 3D semantic segmentation, supported by the availability
of various 3D datasets. Nevertheless, most of these datasets
provide annotations for a limited number of classes. Since
real-world scenarios commonly occur with high variability
in the class instance occurrences, recent datasets have been
introduced with a considerably higher number of classes [1].
The highly imbalanced data imposes a training challenge for
deep learning methods. Fig. 1 (left) shows the high variability
in the number of points among the classes of the ScanNet200
dataset. While naive training tends to appropriately learn to
recognize frequent classes, recognizing rare classes remains
a challenge.
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Common approaches to address the long-tailed recognition
task include balanced data sampling [2], [3], [4], loss re-
weighting [5], [6], [7], and pre-training [8], [9]. In the
balanced data sampling case, training data is re-sampled
such that training occurs on uniformly distributed classes.
For loss re-weighting, rare or hard examples have a higher
contribution to the weight updates, to remedy the fewer times
they invoke the weight update. For pre-training approaches,
methods aim to extract general feature information that is
beneficial in distinguishing all the classes.

Recent research in long-tailed recognition on 2D data has
focused on achieving better training balance by examining
the network classifier weights [10], [11], [12]. As the struc-
ture of the classifier network differs between balanced and
imbalanced training scenarios, regularization methods have
been explored to improve the classifiers when training data
is imbalanced. These solutions include projecting weight
norms onto an L2-norm sphere, choosing the classifiers as
vertices of an equiangular tight frame, adding a weight
decay into the loss, or imposing an upper bound on the
L2-norm of the weights. They have been motivated by the
high variability in the classifier norms after regular training
in a long-tail setting, where frequent classes tend to have
larger norms than rare ones. Fig. 1 (left) shows the norms of
the weights of the last layer when trained using a standard
3D semantic segmentation technique [1] with loss balancing
and instance re-sampling. The high variation motivates us
to consider similar network weight regularization methods
for 3D. Nonetheless, introducing such regularization requires
careful hyperparameter selection, which significantly affects
the training.

Motivated by the previous work that examines the network
weight norms to balance the training in 2D, we propose a
classifier weight-based regularization scheme for 3D. We
point out two shortcomings in the existing 2D balanced
training schemes: (1) thresholding of weight norms uses a
hard threshold that requires a manual setting, and does not
adapt to different training stages, and (2) weight norms do
not contribute to choices that can be made during training.
Therefore, we propose in this work two novel training strate-
gies to circumvent that. In the first strategy, we propose an
adaptive constraint on the weight norm threshold depending
on the training evolution. In the second strategy, we introduce
a 3D-specific data sampling based on the classifier norms to
focus on the difficult cases during training.

Our proposed strategies aim at better balancing the training
stage and do not affect the testing stage. These strategies
complement each other, where one imposes a direct con-
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Fig. 1: (Left) The network weight norms of the last layer after using standard 3D semantic segmentation training [1] compared
to the number of points for the corresponding classes of ScanNet200 dataset. The highly imbalanced training data poses a
challenge to regular 3D semantic segmentation techniques. Even with loss balancing and instance re-sampling, the magnitude
of the weight norms is highly variable. (Right) Our proposed method balances classifier weights through constraints and
sampling, which leads to better semantic segmentation of rarely occurring object classes (room divider in dark purple) as

well as more common objects (window in light purple).

straint on the weight norm of common and rare classes
classifiers, while the other balances the classifiers through
better sampling. This sampling makes use of the classifier
weight norms to introduce diverse examples of rare classes,
strengthening the classifier weights of rare and hard classes
and dropping examples of common classes. We believe that
classifier weight norms give more insights into the hardness
of certain classes compared to balancing based on class
instance occurrences.

Contributions: In summary, our main contributions are:

« We propose an adaptive range for limiting the classifier
weight norms to balance training for long-tail classes.

« We propose to use the weight norms to improve the
selection of data through 3D-specific sampling, which
allows focusing on difficult classes that can be rare or
common.

o Experiments on ScanNet200 benchmark test set show
that our method improves baseline [1] performance by
an absolute gain of 3.3 %, without relying on extra data.

II. RELATED WORK

3D Semantic Segmentation. With the emergence of mul-
tiple large-scale point clouds datasets that provide per-point
class annotation [13], [14], [15], [16], several approaches
have been proposed to segment point clouds. One approach
uses voxelization to transform a given point cloud into a
3D regular grid. While the straight-forward approach would
be to directly utilize 3D convolutions on the 3D volumetric
grid, this is computationally inefficient since it does not
benefit from the sparse nature of point clouds. Therefore,
several methods have proposed efficient implementation, in
which convolution operations are applied to the locations in
the volumetric grid that hold information [17], [18], [19].
Other methods are proposed to directly learn point features
without transforming into an intermediate representation. In
that direction, PointNet [20], [21] proposes to learn point
set features through shared Multi-Layer Perceptrons and

pooling to retain permutation invariance. Other 3D semantic
segmentation methods have relied on graph convolutions
[22], octree structures [23], or deformable convolutions [24].

Given the various 3D point cloud processing methods,
numerous strategies have been proposed to improve 3D
semantic segmentation performance. Some methods have ex-
plored the benefit of unsupervised pre-training for improving
3D understanding tasks [25], [26], especially with scenarios
having limited reconstruction or annotations. Other methods
relied on data augmentation to create new data samples [27].
Recently, CLIP text embeddings [28] have also been utilized
for better 3D semantic pre-training [1].

Long-tailed Recognition. Given the imbalanced real-
world distribution of object classes, training without con-
sidering this imbalance would lead to inferior results on rare
classes compared to commonly occurring classes. Therefore,
several techniques have been suggested to improve the per-
formance of the less frequent classes (long-tail classes).

One proposed solution is to re-sample the classes to flatten
the class distribution. While a naive approach would under-
sample frequent classes and over-sample the rare classes, this
solution is not effective: the under-sampling might lead to
discarding important information, whereas the over-sampling
would lead to over-fitting. Therefore, many methods have
proposed re-sampling with better strategies [2], [29], [30],
[31, [4]. Moreover, some methods re-sample in feature space
instead of the input space [31], [32], [33]. Other methods
propose to re-weigh the loss based on per-class measures
[5], [34], [35], [36], [37], [6], [7], or assign different losses
to different training examples [38], [39], [40]. Loss re-
weighting allows all classes to have an adequate contribution
to the parameters update during training.

Another approach for long-tailed recognition uses param-
eter regularization to improve generalizability and reduce
overfitting [10]. In this approach, additional constraints are
introduced on the network weights to regularize the training
across different classes. This approach is relatively simple
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Fig. 2: Our proposed balanced training approach for long-tail 3D semantic segmentation. At each step, we perform two
updates. The first update involves the network weights, where the weights of the last layer (classifier) are constrained to
an L2-norm ball with an adaptive radius. The second update considers classes corresponding to low weight norm in the
long-tail distribution, and augments scenes with instances of that class.

but requires proper parameter tuning to achieve competitive
performance. Since the challenge in long-tail recognition
originates from the lack of training data for rare classes,
numerous methods propose to use transfer learning [8], [9],
[41]. Transfer learning methods leverage information trained
on frequent classes to improve the learning of the rare
classes. Additionally, self-supervised approaches have been
shown to benefit long-tail recognition problems by learning
better representations [42], [43]. Other methods relied on
contrastive learning [44], [45], [46] to improve the separation
between attributes of different classes.

Supported by the availability of large-scale annotated
datasets with long-tail class distribution [47], [48], [36], long-
tailed recognition has been well studied in the image domain.
In the 3D domain, ScanNet200 [16], [1] has been introduced
for the task of long-tailed 3D semantic segmentation. While
re-weighting, re-sampling, and transfer learning approaches
have been explored in the 3D context [1], dedicated parame-
ter regularization has received less attention. Recently, CeCo
[49] proposes an auxiliary loss during training to encourage
class feature centers to lie on an equiangular tight frame.
Nevertheless, the proposed loss does not influence the data
sampling and augmentation during training.

III. METHOD

Our proposed method includes two main balancing com-
ponents (Fig. 2). In the first component, we target regulariz-
ing the weight norms of the classifier to dampen the domi-
nance of the frequent classes classifiers on the weight updates
and boost the norms of the rare classes classifiers. For
the second component, we propose training data sampling
through selective instance augmentation and subsampling.

Problem Formulation: Given an input scene represented
by a point cloud set, our task is to label each point in the
point cloud with one of the N semantic classes. Deep learning
approaches focus on learning a semantic segmentation net-
work parameterized by a set of weights at multiple layers. At
the last layer, the labels of the points are generated using a
classifier that takes as input a learned feature representation
and outputs classification scores for each of the N classes. In

the long-tailed recognition setting, the distribution of classes
shows an imbalance among the frequency of occurrences of
different object classes, which makes learning harder for rare
examples. The level of imbalance is usually measured using
the imbalance factor, which is the ratio of the number of
training examples for the most frequent class to that of the
least occurring class. An imbalance factor of 1 means that
the dataset is perfectly balanced. The larger the imbalance
factor gets, the higher the difference between the number of
training examples per class.For semantic segmentation, the
imbalance in the training examples has two origins: (1) some
objects naturally occur more frequently than others, and (2)
some objects are much larger than others. Common and
large objects are therefore represented in a higher number
of labeled points. For ScanNet200 indoor scene dataset,
the imbalance factor is in the order of 10° which poses a
challenge to improve learning on all the classes.

Motivation: Parameter regularization has been shown to
be effective in improving performance in a long-tail setting.
More specifically, we investigate the importance of the clas-
sifier weights at the last layer of the semantic segmentation
network, motivated by previous work in the 2D domain
[10], [11], [12]. Some of these works target placing the
classifier vectors on vertices of a simplex equiangular tight
frame [11], [12] to imitate training with balanced data. Other
works target classifier norms only by fixing, thresholding,
or introducing them into the loss [10]. While imposing a
strict constraint on the classifier can be considered for a
balanced prediction, our experiments performed by these
methods have shown that introducing a tight/fixed constraint
on the classifier vectors does not yield the best improvement.
Additionally, parameter regularization is highly affected by
the set of hyper-parameters used, where the improper setting
of parameters might lead to a drastic decrease in perfor-
mance. Moreover, classifier weights might differ between
various strategies, and introducing additional loss or sample
balancing would require re-setting the regularization parame-
ters. Therefore, we propose to regularize the classifier vectors
using a set of data-driven parameters, which would adapt to
different training strategies and stages.
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A. Adaptive Classifier Norm Constraint

A training with balanced class samples leads to classi-
fier weights with similar L2-norms [10], [11], [12]. When
training with highly imbalanced class distribution, the L2-
norm of classifier weights of frequent classes tend to increase
to higher values than rare classes. Our initial experiments
show that even with approaches that apply loss re-weighting,
data re-sampling, and transfer learning [1], the variance
in classifier weights remains high (Fig. 1 left). Moreover,
although the norm of the classifier weights is affected by the
additional balancing, they are not proportional to the data
statistics used for balancing.

Therefore, we investigate setting a constraint on the norm
of the classifier weights at each training step for better
training regularization. Let w; be the vector containing the
network weights of the last layer corresponding to the
classifier of the ith category, where i € {1,..,N}. At each
training step, and following the loss back-propagation from
a given batch of samples, the network weights at the last
layer are updated as follows:

9
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where §; is the radius of the L2-norm ball that caps all the
weight norms and &, amplifies the small weight norms. Here,
the limit imposes projecting network weights with high norm
values onto an L2-norm ball with radius §; (large ball) and
projects low norm values onto one with radius s (small ball).
While the previous constraint on the weight norms im-
proves training through regularization, it requires to manually
set the threshold. This threshold requires prior knowledge
of the expected weight norm value range.Moreover, using a
fixed threshold throughout the training might yield excessive
constraining, where all classes weights are limited, or it
might not affect any class. A strict constraint is not desirable
as it does not achieve good balancing among classes [10].
Additionally, using other long-tail balancing solutions, such
as loss re-weighting or data balancing, would lead to varia-
tion in the classifier weight distribution. This variation would
require parameter resetting to achieve similar behavior. A
straightforward way to bypass setting a threshold value that
can strike a balance in the training is to enforce a fixed
number of weights to be normalized. For example, the k
weight with the largest norms can be projected back into an
L2-norm ball with radius set to the smallest norm among
them. Nevertheless, this solution does not take into account
the distribution of the weight norms across the classes.
Therefore, we propose to use an adaptive threshold based
on the mean and standard deviation of the weight norms:

G =u+np O =p—np

N
where [ = %ZHWHQ is the mean L2-norm of the weights
i

N 0.5
over the classes and p = (Z(|W,~||2—,LL)2/N) is the

1

standard deviation of the norms.

Our proposed adaptive threshold limits the L2-norm
weight of the classes that are high compared to weight norms
of other classes. This allows the threshold to vary depending
on the training evolution i.e once recurring training examples
of rare examples lead to an increase in the model weight
norms, the threshold is relaxed to allow more dynamic bal-
ancing of weight norms. Moreover, setting 1 value requires
less time-consuming tuning as it follows normal distribution
rules. Our proposed threshold is also easier to set with other
sampling and loss criteria.

B. Adaptive Sampling to Balance Classifier Norms

Common sampling strategies make use of the class fre-
quency for data balancing. This allows less frequent classes
to have a sufficient contribution to the network weight
updates. For 3D semantic segmentation, we believe that
for well-balanced training, the sampling should not only
consider the frequency of points for each class but also the
frequency of object instances and their shape complexity.
Nonetheless, a measure of complexity is not simple and
depends not only on the data, but also on the models used. In
the 3D domain, various backbone architectures are used for
feature extraction, such as point-based, transformer-based,
and voxel-based networks. These point cloud processing
methods have different abilities in learning 3D shape infor-
mation. Alternatively, we here propose to use the network
weight norms as a precursor to the ability of a given network
to classify a certain object class.

With the adaptive maximum weight norm we previously
introduced, we impose an additional regularization on the
network training. We here propose to use the weight norms
for better data sampling strategies. Unlike the 2D domain,
where images have a set resolution, point clouds occur in
variable sizes. While some methods sample a given scene
into a fixed input size, this approach does not take into
consideration the spatial extents of a scene nor the required
number of points to properly represent a scene. On the
other hand, using the full scenes as input varies the memory
allocation during training and requires reserving memory that
can fit the largest scenes. Instead, we crop the scenes to a
fixed maximum input size in terms of number of voxels. This
allows processing more scenes simultaneously and reducing
large scene. Instead of randomly sub-sampling the large point
clouds, we propose to sample according to the classifier
weight norms, i.e classes with corresponding high classifier
norms are dropped from the training in favor of training with
classes with low classifier norms. Therefore, the probability
pi of choosing a point belonging to class i is

pi o< (1=[will2).

Moreover, we consider classes with the lowest weight
norms, and sample additional object instances. We use
the augmentation technique from [1] to place the sampled
instances into the training scenes. The sampled instances
are added to plausible locations in the scenes of the next
training iterations (see Fig. 2). Moreover, the added object
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instances help in learning object-specific shape representa-
tion and reduce the reliance on the context information to
recognize the rare classes. Given the difference between the
class frequency and the weight norm obtained from regular
training, our method does not solely add tail instances, but
considers the classes that require improvement based on their
corresponding classifier weight norm.

While previous methods re-sample the least occurring
classes, it does not necessarily boost the weights of all tail
classes. For example, Fig. 1 shows that for the class with
the least number of sample points, the previously used class
balancing technique puts high weight on it which yielded
a high weight norm. Instead of re-sampling and augmenting
instances for that class, our method targets other classes. Our
target classes not only include objects from the rare set of
classes but also objects from the common set.

Our adaptive sampling works side by side with the
adaptive classifier norm constraint. The adaptive sampling
encourages the hard classes to contribute higher to the weight
updates and skips training on easy classes, whereas the adap-
tive classifier constraint regularizes the network parameters.
Here, we distinguish between hard classes and non-recurring
classes to prioritize training on the hard classes.

Implementation Details: We use LGround method [1]
with the 3D sparse U-Net MinkUNet34 backbone [19] as
our baseline framework. We also initialize our network
parameters with LGround pretrained model. For the loss, we
use a weighted focal loss in addition to Tversky loss [50].
We set 1 to 1, and sample 100K points from each scene
using the proposed adaptive sampling.

IV. EXPERIMENTS

In this section, we perform experiments on the ScanNet200
dataset [1]. We compare our method against three compet-
itive approaches: (1) SupCon [44], (2) CSC [26], and (3)
LGround [1]. We also perform an ablation study to analyze
the effectiveness of each of our added modules.

A. Dataset

The ScanNet200 dataset [1] provides labels for 200 se-
mantic classes on the ScanNet dataset [16]. It contains scans
of indoor scenes that are reconstructed from multiple RGB-
D viewpoints. We use the common training and testing
split, with 1201 scenes for training and 312 for validation.
Additionally, 100 unlabeled test scenes can be evaluated
using the online benchmark. The 200 classes are split into
66 head, 68 common, and 66 tail categories based on the
frequency of the number of points labels.

To evaluate the various models, we use the common
intersection-over-union (IoU) metric. Per-class IoUs are ob-
tained by averaging the IoU score of all the class examples.
The mean IoU (mloU) is the average of all class IoUs.
Therefore, all classes have the same weight on the final
mloU, irrespective of the corresponding object sizes or
frequencies. We also provide precision and recall values to
assess whether there is variation between false positives or
false negatives on the various head, common, and tail classes.

B. Comparison to Other Approaches

To validate our proposed method, we perform experiments
on the ScanNet200 validation set. We compare it to methods
using the same model architecture MinkUNet34 [19] as a
backbone. The first method is MinkUNet34 trained from
scratch using the LGround finetuning framework. We also
compare to SupConv, which uses a contrastive loss to pull to-
gether the embeddings of points belonging to the same class.
CSC and LGround provide different pretraining strategies,
where CSC uses unsupervised pretraining with constrastive
loss, and LGround uses CLIP text embeddings.

We show the quantitative comparison in Table I. The
experiments show that our method outperforms all other
methods in terms of mloU for all classes.Compared to the
baseline method, LGround, our method improves on the
mloU score of all classes by more than 3%. Looking into
the classes of different frequencies, our proposed method
yields good improvement in common and tail classes, which
demonstrates the effectiveness of our proposed method when
training with a dataset with a long-tail distribution. We
note here that we use LGround pretrained weights for
initialization, and our proposed approach can adapt to any
pretraining strategy. The results validate that our proposed
network weight regularization and sampling improve the 3D
semantic segmentation accuracy. This improvement is also
observed when considering classes with various frequencies.

In addition to the experiments on the ScanNet validation
set, we also evaluate on the ScanNet benchmark test set.
The results are provided in Table II. We compare to training
the baseline Minkowski34D [19] model from scratch. We
also compare to two other methods that rely on pretraining,
CSC-Pretrain [26] and LGround [13]. With our long-tail
tailored solution, our method was able to achieve the best
performance in terms of mloU on all the classes, surpassing
the previous best-performing method by more than 3%.
Our proposed classifier constraint and sampling, which are
tailored to the long-tail dataset problem, have prompted good
improvement in common and tail classes.

C. Ablation Study

We perform a set of ablation experiments to better un-
derstand the effect of each part of our proposed method.
For the baseline, we use the LGround method with two
modifications: we add Tversky loss to the balanced focal
loss, and perform random down-sampling to a fixed number
of occupied voxels. Down-sampling the input data allows
us to experiment with a similar batch size among all the
experiments. Since our proposed method relies on network
weight regularization, we explore previous similar solutions
[10]. We first compare to the MaxNorm constraint, in
which the weight norms constraint is set using a pre-defined
threshold. While this method improves upon the baseline
LGround method, it requires testing a range of thresholds
to achieve the desired performance. On the other hand, our
proposed method’s threshold parameter is adjusted using the
model information. The effectiveness of our adaptive weight
norm threshold can be observed in the mloU performance.
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mloU Precision Recall
All Head  Common Tail All Head  Common Tail All Head  Common Tail
MinkUNet34 [19] | 25.02 | 48.29 19.08 7.86 58.32 | 68.81 66.29 39.88 | 33.67 | 60.45 25.50 15.06
SupCon [44] 26.02 | 48.55 19.17 10.34 | 58.52 | 69.52 65.42 40.62 | 35.23 | 60.27 26.28 19.14
CSC [26] 26.41 | 49.43 19.52 10.28 | 59.51 | 70.00 67.75 40.78 | 34.79 | 61.01 25.75 17.62
LGround [1] 28.87 | 51.51 22.68 12.41 | 65.90 | 72.72 66.69 58.30 | 39.40 | 62.50 29.09 26.61
Ours 32.04 | 51.53 26.35 1843 | 67.33 | 71.74 69.58 60.67 | 41.67 | 63.25 34.31 29.26

TABLE [: Quantitative comparison on ScanNet200 dataset.

Our method achieves improved performance, surpassing all

previous methods methods in terms of mloU. Our proposed regularization and re-sampling improve the performance not
only on the tail classes, but also on the common and head classes.

All Head Common  Tail
Minkowski34D [19] | 25.3 46.3 15.4 10.2
CSC-Pretrain [26] 249 | 455 17.1 7.9
LGround [1] 272 | 485 18.4 10.6
Ours 30.5 50.8 22.5 14.2

TABLE II: 3D semantic segmentation performance on the
ScanNet200 benchmark test set. We report the mloU metric
averaged over all 200 classes, as well as mloU for the head,
common, and tail classes.

All Head  Common Tail
Baseline 28.97 | 52.10 23.20 11.79
MaxNorm [10] 29.87 | 51.93 23.79 14.07
L2-Norm [10] 30.05 | 52.33 23.53 14.48
Classifier Constraint | 31.34 | 52.32 24.74 17.18
Adaptive Sampling 30.18 | 51.77 24.69 14.25
Ours 32.04 | 51.53 26.35 18.43

TABLE III: Ablation results on ScanNet200 validation set.

Another regularization approach is the L2-normalization,
which constrains all class weights to an L2-norm sphere.
While this strategy ensures similar network weights for all
the classes, it imposes a strict artificial balance among all
classes. Nevertheless, this approach improves the baseline
LGround method, and unlike previous experiments in the
2D domain [10], it achieves better performance compared to
MaxNorm. This result suggests that the network weight norm
regularization is recommended not only for high norm values
but also for regularizing weights with lower norm values.
We also study the effect of adding the classifier norm
constraint alone without the adaptive sampling. Results show
that our proposed constraint boosted the 3D semantic seg-
mentation mloU by 2.37 %. We also test our method with the
adaptive sampling approach, without constraining the norms
of the classifier. Our proposed sampling approach yields an
improved mloU of 1.21 %. Overall, our proposed method,
which combines the classifier constraint and the adaptive
sampling, achieves the best performance. This shows the
complementarity between our two proposed modules.

D. Generalizability to the Image Domain

Although our framework is mainly designed for 3D long-
tail distributions, we also test our adaptive classifier weight
constraint method on the CIFAR100 image classification
dataset [51] with long-tail distribution and imbalance factor
of 100 [34]. Note that we only test the classifier constraint
here since our proposed combination with sampling is spe-
cific to 3D point clouds only. We show the results in Table IV
and report the top-1 accuracy for classes the occur frequently
(many), less frequently (medium), and rare times (few).
We perform our experiments using a ResNet32 architecture

All | Many Medium Few
Baseline (w/ CB Loss) | 47.5 71.5 47.0 13.1
Baseline + max 50.9 76.6 51.7 19.9
Baseline + ours 51.3 76.6 51.3 21.9

TABLE IV: Image classification results on the CIFAR100
dataset with imbalance factor of 100 [34] (Top-1 accuracy).
We use a baseline with class-balanced (CB) loss and compare
to the maximum norm constraint (max) from [10]. Our
method yields an absolute 2% increase in the accuracy of
few’ classes compared to the max constraint.

[52] baseline with a class balancing loss. We compare our
weight constraint method to the maximum norm constraint
(MaxNorm) from [10]. As can be seen, our proposed weight
constraint has a better improvement in the accuracy of the
rarely occurring classes (few), with an absolute gain of 2%
over the maximum norm constraint.

We also test using the weight decay loss in the training
stage of CIFAR100 image classification with ResNet32 back-
bone. The weight decay reduces the classifier norms, which
improves the accuracy of the rarely occurring classes and
yields an accuracy of 53.0%. Adding a maximum constraint
to the weight decay loss has no effect, mainly due to having
all classifier norms below the maximum norm. On the other
hand, our proposed classifier weight constraint still improves
on the top-1 accuracy, and achieves the best overall accuracy
of 53.5%. We also notice that the improvement achieved by
the weight decay loss on the rare classes was at the expense
of the common classes. Our proposed method presents a
better balancing between classes with different frequencies
and validates its generalizability.

V. CONCLUSION

We present a method for long-tailed 3D semantic segmen-
tation. We propose to impose a constraint on the network
weights using an adaptive threshold. We show that this
constraint improves the network regularization and leads
to a better balanced training. Additionally, we present a
selection criteria for better class sample augmentation based
on the classifier weight norms. Experiments on the long-tail
ScanNet200 dataset show the merits of our method.
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