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Abstract

A recent study has shown a phenomenon called neural
collapse in that the within-class means of features and the
classifier weight vectors converge to the vertices of a sim-
plex equiangular tight frame at the terminal phase of train-
ing for classification. In this paper, we explore the cor-
responding structures of the last-layer feature centers and
classifiers in semantic segmentation. Based on our empir-
ical and theoretical analysis, we point out that semantic
segmentation naturally brings contextual correlation and
imbalanced distribution among classes, which breaks the
equiangular and maximally separated structure of neural
collapse for both feature centers and classifiers. However,
such a symmetric structure is beneficial to discrimination
for the minor classes. To preserve these advantages, we in-
troduce a regularizer on feature centers to encourage the
network to learn features closer to the appealing struc-
ture in imbalanced semantic segmentation. Experimental
results show that our method can bring significant improve-
ments on both 2D and 3D semantic segmentation bench-
marks. Moreover, our method ranks 1st and sets a new
record (+6.8% mIoU) on the ScanNet200 test leaderboard.

1. Introduction
The solution structures of the last-layer representation

and classifier provide a geometric perspective to delve into
the learning behaviors in a deep neural network. The neu-
ral collapse phenomenon discovered by Papyan et al. [49]
reveals that as a classification model is trained towards con-
vergence on a balanced dataset, the last-layer feature centers
of all classes will be located on a hyper-sphere with maxi-
mal equiangular separation, as known as a simplex equian-
gular tight frame (ETF), which means that any two centers
have an equal cosine similarity, as shown in Fig. 1a. The
final classifiers will be formed as the same structure and
aligned with the feature centers. The following studies try
to theoretically explain this elegant phenomenon, showing
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Figure 1. Illustration of equiangular separation (a) and non-
equiangular separation (b) in a 3D space. Neural collapse reveals
the structure in (a), where features are collapsed into their within-
class centers with maximal equiangular separation as a simplex
ETF, and classifiers are aligned with the same structure. We ob-
serve that in semantic segmentation the feature centers and clas-
sifiers do not satisfy such a structure, as illustrated in (b) for an
example. As some minor class features and classifier vectors lie in
a close position, the discriminate ability of the network degrades.

that neural collapse is the global optimality under the cross-
entropy (CE) and mean squared error (MSE) loss functions
in an approximated model [21, 22, 27, 32, 44, 47, 51, 64, 66,
80]. However, all the current studies on neural collapse fo-
cus on the training in image recognition, which performs
classification for each image. Semantic segmentation as an
important pixel-wise classification problem receives no at-
tention from the neural collapse perspective yet.

In this paper, we explore the solution structures of fea-
ture centers and classifiers in semantic segmentation. Sur-
prisingly, it is observed that the symmetric equiangular sep-
aration as instructed by the neural collapse phenomenon in
image recognition does not hold in semantic segmentation
for both feature centers and classifiers. An example of non-
equiangular separation is illustrated in Fig. 1b. We point out
two reasons that may explain the difference.

First, classification benchmark datasets usually have low
correlation among classes. In contrast, different classes in
the semantic segmentation task are contextually related. In
this case, the classifier needs to be adaptable to class cor-
relation, so does not necessarily equally separate the label
space. We conduct a simple experiment to verify it:
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Classifier ScanNet200 ADE20K
Learned 27.8↓ 44.5↓
Fixed 26.5↓ 43.6↓

It is shown that a semantic segmentation model with the
classifier fixed as a simplex ETF performs much worse than
a learnable classifier. Although using a fixed classifier of
the simplex ETF structure has been proven to be effective
for image recognition [22, 70, 80], we hold that in semantic
segmentation the classifier needs to be learnable and does
not have to be equiangular.

Second, the neural collapse phenomenon observed in im-
age recognition highly relies on a balanced class distribu-
tion of training samples. It is indicated that neural collapse
will be broken when data imbalance emerges, which ex-
plains the deteriorated performance of training on imbal-
anced data [21]. We notice that semantic segmentation nat-
urally suffers from data imbalance because some semantic
classes are prone to cover a large area with significantly
more points/pixels. Under the point/pixel-wise classifica-
tion loss, the gradients will be also extremely imbalanced
with respect to the backbone parameters, which breaks the
equiangular separation structure for feature centers. In this
case, the network makes the feature and classifier of minor
classes lie in a close position and does not have the ability to
discriminate the minor classes. However, the simplex ETF
structure in neural collapse renders feature centers equian-
gular separation and the maximal discriminative ability,
which is able to effectively improve the performance of mi-
nor classes in imbalanced recognition [36, 70, 79].

Inspired by our observations and analyses, we propose
to induce the simplex ETF structure for feature centers, but
keep a learnable classifier to enable adaptive class correla-
tion for semantic segmentation. To this end, we propose
an accompanied center regularization branch that extracts
the feature centers of each semantic class. We regularize
them by another classifier layer that is fixed as a simplex
ETF. The fixed classifier forces feature centers to be aligned
with the appealing structure, which enjoys the equiangu-
lar separation and the maximal discriminative ability. It in
turn helps the feature learning in the original branch to im-
prove the performance of minor classes for better semantic
segmentation quality. We also provide theoretical results
for a rigorous explanation. Our method can be easily inte-
grated into any segmentation architecture and experimental
results also show that our simple method consistently brings
improvements on multiple image and point cloud semantic
segmentation benchmarks.

Our overall contributions can be listed as follows:
• We are the first to explore neural collapse in seman-

tic segmentation. We show that semantic segmentation
naturally brings contextual correlation and imbalanced
distribution among classes, which breaks the symmet-
ric structure of neural collapse for both feature centers
and classifiers.

• We propose a center collapse regularizer to encour-
age the network to learn class-equiangular and class-
maximally separated structured features for imbal-
anced semantic segmentation.

• Our method is able to bring significant improvements
on both point cloud and image semantic segmentation.
Moreover, our method ranks 1st and sets a new record
(+6.8 mIoU) on the ScanNet200 test leaderboard.

2. Related Work
Neural collapse. Papyan et al. [49] first discovered the neu-
ral collapse phenomenon that at the terminal phase of train-
ing, a classification model trained on a balanced dataset will
have the last-layer features collapsed into their within class
centers. These centers and classifiers will be formed as a
simplex equiangular tight frame. Due to its elegant sym-
metry, later studies try to theoretically unravel such a phe-
nomenon. It is proved that neural collapse is the global opti-
mality of a simplified model with regularization [64,78,80],
constraint [21,22,44,66], or no explicit constraint [32], un-
der the CE [21, 22, 32, 44, 66, 80] and the MSE loss func-
tions [27, 47, 51, 64, 78]. Some studies try to induce neural
collapse in imbalanced learning for better accuracy of mi-
nor classes [62,68,70]. However, all these studies on neural
collapse are limited in recognition. In contrast, we discover
the solution structures of the last-layer feature centers and
classifiers in semantic segmentation and propose to better
induce the equiangular separation state accordingly.

Semantic segmentation. Substantial progress was made
for 2D semantic segmentation with the introduction of
FCN [43], which formulates the semantic segmentation task
as per-point/pixel classification. Subsequently, many ad-
vanced methods have been introduced. Many approaches
[2, 4, 38, 52, 58] combine up-sampled high-level feature
maps and low-level feature maps to capture global infor-
mation and recover sharp object boundaries. A large re-
ceptive field also plays an important role in semantic seg-
mentation. To capture better global information, many stud-
ies [11–14, 63, 71] adopted spatial pyramid pooling to cap-
ture multi-scale and larger contextual information. On the
other hand, with the introduction of large-scale annotated
real-world 3D datasets [3, 6, 20], 3D semantic segmenta-
tion has seen significant focus in recent years. Approaches
for point cloud segmentation can be grouped into two cat-
egories, i.e., voxel-based and point-based methods. Voxel-
based solutions [15–17,23,25] first divide the 3D space into
regular voxels, and then apply sparse convolutions upon
them. Point-based methods [35,37,53,54,74] directly adopt
the point features and positions as inputs, thus keeping the
position information intact. However, all these studies on
2D & 3D semantic segmentation mainly focus on network
architecture and module design and ignore the impact of
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Figure 2. Classifiers and train class-means approach equiangularity for (a) recognition, and worse equiangularity for (b-e) semantic seg-
mentation. The vertical axis shows the standard deviation of the cosines between pairs of centered class means (purple lines) and classifiers
(blue lines) across all distinct pairs of classes k and k′. Mathematically, denote Stdk ̸=k′(cos(ẑk, ẑk′)) and Stdk ̸=k′(cos(ŵk, ŵk′)). As
training progresses, the standard deviations of the cosines approach zero indicating equiangularity.

data distribution. As the datasets of semantic segmenta-
tion usually and naturally follow a heavily imbalanced dis-
tribution among classes, neural networks perform poorly
when training on them [18, 33, 45, 57, 76]. With the avail-
able large-scale imbalanced segmentation datasets, such as
ScanNet200 [59], ADE20K [77], COCO [26, 40], explor-
ing segmentation from an imbalanced learning view draws
more attention recently.

3. Neural Collapse Observations
3.1. Neural Collapse in Recognition

We consider a dataset, having N training samples in to-
tal and the annotations y ∈ RN . More concretely, it has
K classes and nk examples in k-th class. We refer to
yi ∈ {1, ...,K} as the label, zi ∈ Rd as the last-layer
d-dimensional feature of the i-th sample. We define that
z̄k = Avgyi=k{zi} is the within-class mean of the last-
layer features in the k-th class. The linear classifier is spec-
ified by weights W = [w1, ...,wK ] ∈ Rd×K .

Papyan et al. [49] revealed the neural collapse phe-
nomenon for image recognition. It states that the last-layer
features will converge to their within-class means, and the
within-class means together with the classifiers will col-
lapse to the vertices of a simplex equiangular tight frame
at the terminal phase of training (after 0 training error rate).

Definition 1 (Simplex Equiangular Tight Frame) A col-
lection of vectors mk ∈ Rd, k = 1, 2, ...,K, d ≥ K, is
said to be a simplex equiangular tight frame if:

M =

√
K

K − 1
U

(
IK − 1

K
1K1⊤

K

)
, (1)

where M = [m1, ...,mK ] ∈ Rd×K , U ∈ Rd×K allows a
rotation and satisfies U⊤U = IK , IK is the identity matrix,
and 1K is an all-ones vector.

All vectors in a simplex ETF have an equal ℓ2 norm and
the same pair-wise angle, i.e.,

m⊤
i mj =

K

K − 1
δi,j −

1

K − 1
,∀i, j ∈ {1, ...,K}, (2)

where δi,j equals to 1 when i = j and 0 otherwise. The pair-
wise angle − 1

K−1 is the maximal equiangular separation of
K vectors in Rd, d ≥ K − 1 [21, 50, 70].

Then the two important geometric properties instructed
by neural collapse can be formally described as: (1) The
normalized within-class centers converge to a simplex ETF,
i.e., ẑk = (z̄k − zG)/||z̄k − zG|| satisfies Eq. (2), where
zG = Avgi{zi} is the global mean of the last-layer fea-
tures for all samples; (2) The normalized classifier vectors
converge to the same simplex ETF as feature centers, i.e.,
ŵk = wk/||wk|| = ẑk and satisfies Eq. (2), where wk is
the classifier of the k-th class.

3.2. Neural Collapse in Semantic Segmentation

The elegant phenomenon has only been discovered and
studied in image recognition, which performs image-wise
classification. In this paper, we explore the corresponding
structures of the last-layer feature centers and classifiers in
image and point cloud semantic segmentation, which per-
forms pixel- and point-wise classification, respectively.

Following [49], we calculate statistics during training to
show the neural collapse convergence in semantic segmen-
tation. We first compare the standard deviations of two
cosine similarities, cos(ẑk, ẑk′) and cos(ŵk, ŵk′), for all
pairs of different classes k ̸= k′. The standard deviations of
the cosines approach zero indicating equiangularity of the
feature centers and classifier weights. As shown in Fig. 2,
their standard deviations are much larger on semantic seg-
mentation (Fig. 2b to 2e, light-colored lines for CIFAR100
results), compared with them on image recognition (Fig. 2a)
as observed by Papyan et al. [49]. It indicates that the
equiangular structure of the feature centers and classifiers
in semantic segmentation is not as valid as that in image
recognition. Similarly, the feature centers and classifiers
approach the maximal-angle structure more closely in clas-
sification than in semantic segmentation. More analysis and
experiments about the maximal separation structure of the
feature centers and classifiers are shown in Appendix A.

We point out that semantic segmentation naturally brings
contextual correlation and imbalanced distribution among
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Figure 3. Framework of our method. The blue square part and purple square part represent 3D scene input illustration and 2D image input
illustration, respectively. The point/pixel recognition branch is similar to the conventional segmentation model. We introduce a center
regularization branch to make the feature center collapse to an ETF structure during training and remove it during evaluation.

classes, which may break the symmetric structure of neural
collapse for both feature centers and classifiers. A learn-
able classifier will lead to a non-equiangular structure to be
adaptable to class contextual correlation. But the class im-
balance will cause imbalanced gradients. As a result, the
feature centers for minor classes will be closed after train-
ing, which impedes their performance. A rigorous analysis
is conducted in Sec. 4.4.

4. Main Approach
4.1. Motivation

As said in Sec. 1, although the classifier does not have
to be equiangular, we note that the ETF structure in Eq. (1)
is appealing for feature centers in a classification problem,
especially when the learning is imbalanced. First, such a
structure has a balanced separation among all classes and
the separation is maximally enlarged. We formally state this
property in Lemma 1. Second, as suggested by prior stud-
ies, inducing neural collapse in imbalanced learning is able
to improve the performance of minor classes [62, 68, 70].

Lemma 1 (Equiangular & Maximal Separated Property)
For any normalized matrix, W = [w1, ...,wK ] ∈

Rd×K , d ≥ K,w⊤
k wk = 1,∀k = 1, ...,K, the maximal

separation value is − 1
K−1 , i.e., maxk ̸=k′ cos(wk,wk′) ≥

− 1
K−1 . Equality holds if and if only the matrix is a simplex

ETF, i.e., W satisfies Eq. (1) and it enjoys the equiangular
property, i.e., ∀k ̸= k′, cos(wk,wk′) is a constant.

Proof 1 Please refer to our Appendix B for proof. □

Based on our observations and analyses, we propose to reg-
ularize the feature centers in a segmentation model into the
simplex ETF structure in Eq. (1) to relieve the imbalance
dilemma for semantic segmentation.

4.2. Center Collapse Regularizer

To take advantage of the equiangular and maximum sep-
aration properties for better performance on minor classes,
we propose a Center Collapse Regularizer (CeCo) for im-
balanced semantic segmentation problems. The overview
of our method is shown in Fig. 3. The whole framework
can be divided into two branches: the point/pixel recogni-
tion branch (upper part) and the center regularization branch
(bottom part). The point/pixel recognition branch refers to
a point cloud or image segmentation model, dealing with
the semantic segmentation task in a point/pixel level man-
ner. Therefore, our CeCo can be easily integrated into any
off-the-shelf segmentation architecture.

For simplicity, we use a 3D scene (blue square part) and
an image (purple square part) in Fig. 3 as an example to
illustrate the point cloud and image semantic segmentation,
respectively. The input is represented as x ∈ RN×s, where
N = HW is the number of pixels and s = 3 denotes the
color dimension for the image case. For point cloud, N
is the number of points, and s = 6 is for both the color
and the position dimension. As shown in the point/pixel
recognition branch, we can get the feature representation
Z = [z1, ..., zN ]⊤ ∈ RN×d after the backbone feature
extraction. The loss LPR for the point/pixel recognition
branch is a point/pixel-wise CE for supervised learning.

In the center regularization branch, we first gather zi of
the same class, compute the feature centers z̄k, and generate
center labels ȳk of all classes based on the ground truth y:

z̄k =
1

nk

nk∑
yi=k

zi, ȳk = yi = k, (3)

where nk is the number of samples in Z belonging to the k-
th class. We concatenate feature centers Z̄ = [z̄1, ..., z̄K ] ∈
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Rd×K and center labels ȳ = [1, ...,K] ∈ RK for the center
regularization branch. To achieve center collapse, we intro-
duce an ETF structured classifier for this branch. Another
CE-based center collapse regularization loss LCR upon fea-
ture centers Z̄ and their center labels ȳ is used to measure
the degree of feature center collapse. Concretely, we initial-
ize the classifier W∗ as a random simplex ETF by Eq. (1).
During training, the classifier is fixed to make the maximal
equiangular separation property satisfied all the time, i.e.,

w∗
k
⊤w∗

k′ = α2

(
Kδk,k′

K − 1
− 1

K − 1

)
, ∀k, k′ ∈ {1, ...,K},

where α is a hyper-parameter of weight scaling, and δk,k′

equals to 1 when k = k′ and 0 otherwise. Then, a CE type
of LCR loss can be written as follows:

LCR(Z̄,W
∗) = −

K∑
k=1

log

(
exp
(
z̄⊤k w

∗
k

)∑K
k′=1 exp

(
z̄⊤k′w∗

k′

)) . (4)

We define the total loss as the combination of two branches:

Ltotal=LPR(Z,y) + λLCR(Z̄,W
∗), (5)

where λ is a loss weight hyper-parameter.
Additionally, in the evaluation of our method, we only

preserve the point/pixel recognition branch. It means that
just the point/pixel classifier is preserved, while the center
regularization branch is discarded. Therefore, the evalua-
tion of CeCo is very efficient: It is consistent with a conven-
tional backbone like the vanilla ResNet [28], without any
additional computations.

4.3. Empirical Support

In this subsection, we give some empirical evidence
to show that our CeCo can do better rebalance on seman-
tic segmentation. Due to limited pages, the detailed results
and evidence are shown in Appendix C. We list the main
conclusions in the following:

First, the center regularization branch in CeCo trans-
forms each point/pixel pair (zi,yi) of the k-th class to a
center pair (z̄k, ȳk), which greatly decreases the imbal-
anced factor [19, 42]: (The imbalanced factor is defined as
nmax

nmin
, where nmax and nmin are the maximal and minimal

numbers of samples in all classes, respectively.)

ScanNetv2 ScanNet200 ADE20K COCO-Stuff
(point) 116 (point) 37256 (pixel) 827 (pixel) 2612
(center) 11↓ (center) 597↓ (center) 282↓ (center) 528↓

As the imbalance severity of the dataset is significantly re-
duced, it becomes more friendly to the minor classes.

Second, in long-tailed classification, the class accuracy
is positively correlated with the class image number of the
training dataset. However, in both point cloud and image

semantic segmentation, the class accuracy has weak corre-
lations with class point/pixel numbers due to correlations
among neighboring. The widely used correlation measure-
ment, Pearson correlation coefficients [7] between the class
accuracy and the sample numbers in each class:

CIFAR100-LT-100 ScanNet200 ADE20K
(image) 0.76 (point) 0.32 (pixel) 0.31
– (center) 0.51↑ (center) 0.49↑

However, most of the imbalanced recognition methods are
using the sample numbers of classes for guidance, e.g.,
reweighting [19, 30, 31, 61] and loss adjustment [10, 45, 57,
76]. Due to the low correlations for the point and pixel
cases, it is probably not feasible for imbalanced semantic
segmentation. In contrast, CeCo regularizes imbalance in a
feature center space. Feature centers are more global rep-
resentation and greatly eliminate the effects of correlations
among neighboring. Thus, it has a better correlation with
class accuracy than the point/pixel frequency, further indi-
cating its suitability for semantic segmentation rebalancing.

4.4. Theoretical Support

In this part, we rethink the CE-based center collapse
loss LCR from the perspective of gradients to analyze its
imbalanced learning behaviors.
Gradient w.r.t the center classifier. Recalling the center
computation Eq. (3), we first analyze the gradient of LCR

w.r.t the center classifier W = [w1, · · · ,wK ] ∈ Rd×K :

∂LCR

∂wk
= (pk (z̄k)− 1) z̄k +

K−1∑
k′ ̸=k

pk (z̄k′) z̄k′ , (6)

=

nk∑
yi=k

(pk (z̄k)−1)
zi
nk︸ ︷︷ ︸

within-class

+

K−1∑
k′ ̸=k

nk∑
yj=k′

pk (z̄k′)
zj
nk′︸ ︷︷ ︸

between-class

,

where pk(z̄) is the predicted probability that z̄ belongs to
the k-th class. It is calculated by the softmax transformation
and takes the following form in the CE loss:

pk(z̄) =
exp
(
z̄⊤wk

)∑K
k′=1 exp

(
z̄⊤wk′

) , k = 1, 2, ...,K. (7)

It reveals that the gradient w.r.t wk is also imbalanced and
can be decomposed into two parts. The “within-class” part
contains nk terms and pulls wk towards the directions of
the same class feature center, i.e., z̄k. While the “between-
class” part contains

∑
k′ ̸=k nk′ terms and pushes wk away

from the directions of the features of the other classes.
Thus, the gradients of some minor classes can be more
likely swallowed by the other classes, which is unfriendly
to the decision boundaries of minor classes. If we fix the
center classifier weights, it can avoid the imbalance gradi-
ent updating and benefit the minor classes discrimination.
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Figure 4. Ablation on the center equiangularity (a) and maximal
separation (b) on ScanNet200. Adopting CeCo, the feature centers
can obtain a better equiangular and maximally separated structure.
It is better to look together with Fig. 2c.

Gradient w.r.t point/pixel features. Since the center col-
lapse loss LCR is a regularization upon the point/pixel fea-
ture zi, we analyze how the center collapse loss influences
the point/pixel feature also from the gradient view. Suppose
the class label yi = k, zi contributes to z̄k. The gradient of
LCR with respect to zi is:

∂LCR

∂zi
=

∂LCR

∂z̄k
•
∂z̄k
∂zi

=

K∑
k′=1

pk′(z̄k)(wk′ −wk) •
1

nk
. (8)

For Eq.(8), we mainly consider the medium term, i.e., wk′−
wk. In [21], the authors describe a minority collapse phe-
nomenon that the classifier weight vectors of minor classes
converge in a similar direction under the extreme imbalance
case, i.e., limnmax

nk
→∞,nmax

n
k′

→∞ wk′−wk = 0d. If the clas-

sifier is fixed ETF structured, ∥wk′−wk∥ = 2K
K−1 ,∀k ̸= k′,

is always satisfied during training, according to the ETF
property Eq. (2). It means that ETF structured classifier
enables the gradient transfer between minor classes and ob-
tains better discrimination among minor classes. Thus it
avoids the features of minor classes converging in a close
position (see Fig. 1b).

5. Experiments
5.1. Datasets and Implementation Details

To evaluate the effectiveness of our method, we conduct
experiments on the most popular benchmarks in semantic
segmentation: i.e., ScanNet200 [59] for point cloud seman-
tic segmentation, ADE20K [77] and COCO-Stuff164K [9]
for image semantic segmentation. All these three datasets
contain more than 150 classes, which is more suitable
to validate the imbalanced performance of the proposed
method under severe imbalance cases. Implementation de-
tails and dataset descriptions are available in Appendix D.

5.2. Ablation Study

In this subsection, we conduct ablation experiments to
examine the effectiveness of CeCo. The ablation results

PC CC ScanNet200 ADE20K

Learned – 27.8 44.5
Fixed Fixed 28.3 44.8
Fixed Learned 27.2 44.0
Learned Fixed 30.3 (+2.5) 45.7 (+1.2)

Learned Learned 26.9 43.7

Table 1. Ablation on the fixed ETF structured or learned classifier.
PC: point/pixel classifier. CC: feature center classifier.

Loss Weight ScanNet200 ADE20K

λ = 0.0 (Baseline) 27.8 44.5
λ = 0.1 28.6 44.8
λ = 0.2 29.4 45.0
λ = 0.3 30.1 45.2
λ = 0.4 30.3 (+2.5) 45.3
λ = 0.5 29.7 45.7 (+1.2)

λ = 0.6 28.7 44.9

Table 2. Ablation on the loss weight hyper-parameter λ.

are reported on the ScanNet200 validation dataset with the
MinkowskiNet [15] backbone for 3D semantic segmenta-
tion, and on ADE20K (single-scale inference mIoU) with
the Swin-T [41] backbone for 2D semantic segmentation.

Equiangularity and maximal separation analysis. We
first analyze the equiangularity property of the feature
centers. Following [49] and Sec. 3.2, we calculate the
standard deviation of the cosines between pairs of cen-
tered class means across all distinct pairs of classes k and
k′. Mathematically, we measure Stdk ̸=k′(cos(ẑk, ẑk)) and
Avgk ̸=k′ | cos(ẑk, ẑk) + 1/(K − 1)|. Fig. 4a and 4b show
the change of standard deviation and average at different
iterations. As training progresses, the standard deviations
of the cosines approach zero indicating equiangularity, and
the shifted averages of the cosines approach zero indicat-
ing maximal angle. CeCo (blue lines) introduces a center
collapse regularization and achieves a much smaller stan-
dard deviation and shifted average values than the vanilla
CE model (purple lines), and are closer to the classification
neural collapse results (light-colored lines for reference).

Ablation on the fixed ETF structured center classifier.
As discussed in Sec. 4, a fixed ETF structured center clas-
sifier can bring many benefits under severely imbalanced
cases. In this part, we conduct experiments to answer
the following question: For both the point/pixel classi-
fier and center classifier, should we make them fixed or
learnable? We list the performance results for four kinds
of variants in Table 1. The fixed ETF structured center
classifier induces a strong regularization for feature cen-
ter distribution (equiangular and maximal separated) and
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Loss Type ScanNet200 ADE20K

CE (Baseline) 27.8 44.5
+ Dice [46] 28.8 44.8
+ Dice + CeCo 30.6 (+1.8) 45.8 (+1.0)

+ Lovász [8] 30.0 45.0
+ Lovász + CeCo 32.0 (+2.0) 46.5 (+1.5)

Table 3. Ablations on orthogonality to the Dice and Lovász loss.

Method Head Comm. Tail All

DLV3P (R50) 67.7 48.3 36.4 44.9
+ DisAlign 67.7 48.6 37.8 45.7
+ CeCo 67.7 48.7 (+0.1) 39.0 (+1.2) 46.4 (+0.7)

DLV3P (R101) 68.7 49.0 38.4 46.4
+ DisAlign 68.7 49.4 39.6 47.1
+ CeCo 68.8 (+0.1) 49.4 40.9 (+1.3) 48.0 (+0.9)

Table 4. Imbalanced performance comparison of our method and
the SOTA long-tailed segmentation framework DisAlign [73] on
ADE20K. All compared methods are based on DLV3P [14] with
the ResNet-50 (R50) and ResNet-101 (R101) backbone.

improves the mIoU performance by 2.6%, 1.2% on Scan-
Net200 and ADE20K compared with the based model, re-
spectively. Consistent with our analysis in Sec. 1 and sim-
ilar to the conventional semantic segmentation models, a
learnable point/pixel classifier can achieve better results. it
is adaptive and dynamically updated and hence can better
handle a finer point/pixel-level classification.

Ablation on the loss weight hyper-parameter λ. In
Eq. (5), we introduce the hyper-parameter λ for the weight-
ing between the loss function of the point/pixel recognition
branch LPR and the loss function of the center regulariza-
tion branch LCR. To show the sensitivity of our CeCo to dif-
ferent λ values, we conduct an ablation on ScanNet200 and
ADE20K. Table 2 lists the experimental results, showing
that the performance can be consistently improved with the
value of λ in a wide range. According to Table 2, λ = 0.4
can achieve the best mIoU results among others on Scan-
Net200, and λ = 0.5 can achieve the best mIoU results
among others on ADE20K.

Imbalanced performance. To evaluate the imbalanced
performance of our method, We also follow [59,73] to split
the categories of ScanNet200 and ADE20K into three sub-
sets and report the average IoU and accuracy in these three
subsets: head-shot, medium-shot, and few-shot, which are
also called the Head, Common and Tail categories, respec-
tively. We list the detailed results of ADE20K in Table 4
and ScanNet200 in Table 5. For ADE20K, we mainly com-
pare our method with the plain DeepLabV3+ [14] (DLV3P)
model and the state-of-the-art (SOTA) long-tailed segmen-
tation framework DisAlign [73]. In Table 4, our method

Method Head Comm. Tail All

Minkowski. [15] 48.3 19.1 7.9 25.1
Ins. Samp. [59] 48.2 18.9 9.2 25.4
C-Focal [19, 39] 48.1 20.2 9.3 25.8
SupCon [34] 48.5 19.1 10.3 26.0
CSC [29] 49.4 19.5 10.3 26.5
LG (CLIP) [59] 50.4 22.8 10.1 27.7
LG [59] 51.5 22.7 12.5 28.9
CeCo 51.2 22.9 (+0.2) 17.1 (+4.6) 30.3 (+1.4)

CeCo (Lovász) 52.4 (+0.9) 26.2 (+3.5) 17.9 (+5.4) 32.0 (+3.1)

Table 5. mIoU comparison on the ScanNet200 validation sets.

Method Head Comm. Tail All

Minkowski. [15] 46.3 15.4 10.2 25.3
CSC [29] 45.5 17.1 7.9 24.9
LG [59] 48.5 18.4 10.6 27.2
CeCo (Lovász) 52.1 (+3.6) 23.6 (+5.2) 15.2 (+4.6) 31.7 (+4.5)

CeCo∗(Lovász) 55.1 (+6.6) 24.7 (+6.3) 18.1 (+7.5) 34.0 (+6.8)

Table 6. Comparison with other methods on the ScanNet200 test
set. All numbers are from the benchmark on 11th November 2022.

further outperforms the baseline and DisAlign on both the
ResNet-50 (0.7% mIoU improvement), and ResNet-101
(0.9% mIoU improvement) backbone. For ScanNet200, our
CeCo achieves 3.1% mIoU improvement in mIoU using
MinkowskiNet-34 [15] compared with previous methods
like Contrastive Scene Contexts (CSC) [29] and CLIP [55]
based language grounded model (LG) [59]. The perfor-
mance of the common (3.6% mIoU improvement) and tail
(5.4% mIoU improvement) are improved significantly.

Orthogonality to segmentation losses. By now, many seg-
mentation losses, e.g., Focal [39], Dice [46], SoftIOU [56],
SoftTversky [60], and Lovász [8], have been proposed for
improving the segmentation results. As our method is a
novel regularization for neural collapse convergence, in this
part, we mainly verify its orthogonality to three famous seg-
mentation losses, Focal loss, Dice loss, and Lovász loss. As
shown in Table 3 and Table 5 (the third row), CeCo can be
jointly trained with these three segmentation losses and fur-
ther improve their performance by 1.0-3.0%. The above ex-
periments clearly verify the orthogonality of CeCo to these
wide-used segmentation losses.

5.3. Main Results

Comparison on ScanNet200. To show the powerful re-
balance performance of our method, we compare with a
SOTA point cloud pre-training approaches CSC [29] and
Supervised Contrastive Learning (SupCon) [34], along with
SOTA LG [59] in Table 5 and 6. Following [59], we use
the same 3D MinkowskiNet [15] backbone and training set-
ting for a fair comparison. For both the validation dataset
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Method Backbone mIoU (s.s.) mIoU (m.s.)

OCRNet HRNet-W18 39.3 40.8
+ CeCo HRNet-W18 41.8 (+2.5) 43.5 (+2.7)
DLV3P ResNet-50 43.9 44.9
+ CeCo ResNet-50 45.0 (+1.1) 46.4 (+1.5)

OCRNet HRNet-W48 43.2 44.9
+ CeCo HRNet-W48 44.5 (+1.3) 46.1 (+1.2)
UperNet ResNet-101 43.8 44.8
+ CeCo ResNet-101 44.8 (+1.0) 46.1 (+1.3)
DLV3P ResNet-101 45.5 46.4
+ CeCo ResNet-101 46.7 (+1.2) 48.0 (+1.6)

UperNet Swin-T 44.5 45.8
+ CeCo Swin-T 45.7 (+1.2) 47.6 (+1.8)
UperNet Swin-B 50.0 51.7
+ CeCo Swin-B 51.2 (+1.2) 52.9 (+1.2)

UperNet BEiT-L 56.7 57.0
+ CeCo BEiT-L 57.3 (+0.6) 57.7 (+0.7)

Table 7. Comparison on ADE20K.

and the test dataset, our CeCo consistently surpasses pre-
vious methods by a large margin on all split IoU measure-
ments. Concretely, CeCo outperforms the previous best by
0.9%, 3.6%, 5.4%, and 3.1% on the ScanNet200 valida-
tion dataset, 3.6%, 5.2%, 4.6%, and 4.5% on the Scan-
Net200 test dataset, under the head, common, tail, and all
measurements, respectively. Following Mix3D [48], the
SOTA 3D model on ScanNetv2, we also report the ensem-
ble results of three CeCo models (denoted as CeCo∗) for
the test set. Our CeCo yields the highest mIoU and ranks
1st on the ScanNet200 test leaderboard. Because CeCo en-
ables the network to learn equiangular and more separated
feature distribution, which brings great improvements over
baselines and across common and tail categories.

Comparison on ADE20K. To show the flexibility of CeCo,
we experiment on ADE20K with various semantic segmen-
tation head methods, e.g., UperNet [67], OCRNet [72], and
DLV3P, and different backbones, e.g., ResNet [28], HR-
Net [65]. We report the performance of both single-scale
(s.s.) inference and multi-scale (m.s.) inference. As shown
in Table 7, plugging our CeCo into those methods leads
to significant improvements. Specifically, for ResNet-101
or HRNet-W48, after training with CeCo, there are 1.3%,
1.2%, and 1.6% gains for UperNet, OCRNet, and DLV3P
respectively. We also experiment with our method on awe-
some transformers like Swin [41] and BEiT [5]. For CNN-
based models, we achieve 48.0% mIoU with ResNet-101,
surpassing the baseline by 1.6. With BEiT, the performance
is improved from 57.0% mIoU to 57.7% mIoU.

Comparison on COCO-Stuff164K. On the large-scale
COCO-Stuff164K dataset, we again demonstrate the flex-
ibility of our CeCo. The experimental results are summa-

Method Backbone mIoU (s.s.) mIoU (m.s.)

OCRNet HRNet-W18 31.6 32.4
+ CeCo HRNet-W18 38.0 (+6.4) 38.8 (+6.4)

UPerNet ResNet-50 39.9 40.3
+ CeCo ResNet-50 41.2 (+1.3) 41.7 (+1.4)

DLV3P ResNet-50 40.9 41.5
+ CeCo ResNet-50 42.7 (+1.8) 43.5 (+2.0)

OCRNet HRNet-W48 40.4 41.7
+ CeCo HRNet-W48 41.8 (+1.4) 43.3 (+1.6)

UperNet ResNet-101 41.2 41.5
+ CeCo ResNet-101 42.3 (+1.1) 42.8 (+1.3)

DLV3P ResNet-101 42.4 43.0
+ CeCo ResNet-101 43.9 (+1.5) 44.6 (+1.6)

UperNet Swin-T 43.8 44.6
+ CeCo Swin-T 44.5 (+0.7) 45.2 (+0.6)

UperNet Swin-B 47.7 48.6
+ CeCo Swin-B 48.2 (+0.5) 49.2 (+0.6)

Table 8. Comparison on COCOStuff-164K.

rized in Table 8. Equipped with CeCo in training, CNN-
based models, i.e., ResNets and HRNets, surpass their base-
lines by a large margin. Specifically, with HRNet-18 and
OCRNet, our trained model outperforms the baseline by
6.4% mIoU. With the large CNN-based ResNet-101 and
DLV3P, our model achieves 44.6% mIoU, surpassing the
baseline by 1.6% mIoU. We also verify the effectiveness
of CeCo with the Swin transformer on COCO-Stuff164K.
Experimental results with Swin-T and Swin-B show clear
improvements after adopting our center collapse regulariza-
tion in the training phase. Both Table 7 and Table 8 demon-
strate the effectiveness and generalization of CeCo on vari-
ous backbones and segmentation head methods.
Visual comparison. More visual comparisons over the
above three datasets are included in Appendix E. We ob-
serve that CeCo obtains more precise semantic segmenta-
tion masks for both common and tail classes.

6. Conclusion
In this paper, we explore the neural collapse structures

of feature centers and classifiers for semantic segmentation.
Semantic segmentation naturally brings contextual correla-
tion and imbalanced distribution among classes. It breaks
the equiangular and maximal separated structure of neural
collapse for both feature centers and classifiers. To preserve
these properties for minor classes, we introduce a center
collapse loss to regularize the feature centers. Adopting the
new regularization, feature centers become more symmetric
and class-separated and the performance of minor classes is
greatly improved. We hope that our findings could advance
future studies of 2D & 3D imbalanced semantic segmenta-
tion. Limitation analysis is provided in Appendix F.
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