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Abstract

The Area Under the ROC Curve (AUC) is a well-known metric for evaluating
instance-level long-tail learning problems. In the past two decades, many AUC
optimization methods have been proposed to improve model performance under
long-tail distributions. In this paper, we explore AUC optimization methods in the
context of pixel-level long-tail semantic segmentation, a much more complicated
scenario. This task introduces two major challenges for AUC optimization tech-
niques. On one hand, AUC optimization in a pixel-level task involves complex
coupling across loss terms, with structured inner-image and pairwise inter-image
dependencies, complicating theoretical analysis. On the other hand, we find that
mini-batch estimation of AUC loss in this case requires a larger batch size, re-
sulting in an unaffordable space complexity. To address these issues, we develop
a pixel-level AUC loss function and conduct a dependency-graph-based theoret-
ical analysis of the algorithm’s generalization ability. Additionally, we design a
Tail-Classes Memory Bank (T-Memory Bank) to manage the significant memory
demand. Finally, comprehensive experiments across various benchmarks con-
firm the effectiveness of our proposed AUCSeg method. The code is available at

1 Introduction

Semantic segmentation aims to categorize each pixel within an image into a specific class, which
is a fundamental task in image processing and computer vision [33, 51, 75]. Over the past decades,
substantial efforts [58, 23, 43, 96] have advanced the field of semantic segmentation. The mainstream
paradigm is to develop innovative network architectures that encode more discriminative features
for dense pixel-level classifications. Typical backbones include CNN-based [58, 14, 80] and newly
emerging Transformer-based methods [108, 83, 65, 15, 32], which have achieved the state-of-the-art
(SOTA) performance. Beyond this direction, researchers [24, 60, 48, 41] have recently realized
the Pixel-level Long-tail issue in Semantic Segmentation (PLSS), as shown at the top of Figure 1.
Similar to the flaws of traditional long-tail problems, the major classes will dominate the model
learning process, causing the model to overlook the segmentation of minority classes in an image.
Several remedies have been proposed to alleviate this [49, 61, 10, 56, , 92, 78]. For example,
[77] introduces a category-wise variation technique inversely proportional to distribution to achieve
balanced segmentation; [66] introduces a sequence-based generative adversarial network for imbal-
anced medical image segmentation, and [4 1] develops a re-weighting scheme for semi-supervised
segmentation.
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Currently, mainstream studies fall into two camps. One is to develop carefully designed backbones
for long-tail distributions but leave the effect of loss functions unconsidered. The other is to conduct
empirical studies on the loss functions without exploring their theoretical impact on the generalization
performance. A question then arises naturally:

[ Can we find a theoretically grounded loss function for PLSS on top of SOTA backbones? ]

This paper provides an affirmative answer
from the AUC perspective and proposes a
novel framework called AUC-oriented Pixel-
level Long-tail Semantic Segmentation (AUC-
Seg). Specifically, AUC indicates the likelihood
that a positive sample scores higher than a neg-
ative one, which has been proven to be insen-
sitive to data distribution [86, ]. Applying 100
AUC to instance-level long-tail classifications

has shown promising progress in the machine .80
learning community [86, , 88, 68]. Moti-
vated by its success, this paper starts an early o
trial to study AUC optimization for PLSS. The Destatise
primary concern is to study its effectiveness for -
PLSS from a theoretical perspective. The key o e N e
challenge is that the standard techniques for gen-
eralization analysis [62, 8, 21] require the loss
function to be expressed as a sum of indepen-
dent terms. Unfortunately, the proposed loss
function does not satisfy this assumption due
to the dual effect of structured inner-image de-
pendency and pairwise inter-image dependency.
This complicated structure poses a big challenge
to understanding its generalization behavior. To
address this, we decompose the loss function
into inner-image and inter-image terms. On top
of this reformulation, we deploy the dependency
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Figure 1: Statistic information of pixel number for
each class in the Cityscapes training set and the
performance of previous methods (DeepLabV3+,
HRNet and STDC) compared to our method (AUC-
Seg). Our method aims to improve overall perfor-
mance, particularly for tail classes. The dashed
lines represent mIoU values for each class, while
the solid lines represent the average mloU for the
head, middle, and tail classes.

p_
graph [103] to decouple the interdependency. Finally, we reach a bound of ® log( Nk)=N ,

where behaves like an indicator for imbalance degree, and k denotes the number of pixels in each
image. This suggests optimizing AUC loss could ensure a promising performance under PLSS.

Back to the practical AUC learning process, we realize that the stochastic gradient optimization
(SGD) for structured pixel-level tasks imposes a greater computational burden compared to instance-
level long-tail problems. Specifically, the SGD algorithm of AUC requires at least one sample
from each class in each mini-batch [99, 85]. In light of this, the primary choice is to adopt the
so-called stratified sampling on all images [70, 60, 86] for mini-batch generation (See Equation (7)).
Unfortunately, as shown in Figure 3(a) and (b), this is hard to implement under PLSS because
pixel-level labels are densely coupled in each image. Meanwhile, as shown in Proposition 1, we
also argue that directly using random sampling to include all classes would require an extremely large
batch size. This leads to unaffordable GPU memory demands for optimization, as described in the
experiments in Appendix G.6.

To alleviate this, a novel Tail-class Memory Bank (T-Memory Bank) is carefully designed. The main
idea is to identify those missing pixel-level classes in each randomly generated mini-batch and then
complete these absences using stored historical class information from the T-Memory Bank. This
enables efficient optimization of AUCSeg with a light memory usage, enhancing the scalability of
our proposed method, as shown in Figure 1. Finally, comprehensive empirical studies consistently
speak to the efficacy of our proposed AUCSeg.

Our main contributions are summarized as follows:

 This paper starts the first attempt to explore the potential of AUC optimization in pixel-level
long-tail problems.



» We theoretically demonstrate the generalization performance of AUCSeg in semantic segmentation.
To our knowledge, this area remains underexplored in the machine-learning community.

* We introduce a Tail-class Memory Bank to reduce the optimization burden for pixel-level AUC
learning.

2 Related Work

2.1 Semantic Segmentation

Semantic segmentation is a subtask of computer vision, which has seen signi cant development since
the inception of FCN&]. The most common framework for semantic segmentation networks is the
encoder-decoder. For the encoder, researchers typically use general models such as3Residbt [
ResNeXt B4]. As the segmentation tasks become more challenging, some specialized networks have
emerged, such as HRNetd], ICNet [105, and multimodal networks/[5, 47]. For the decoder, a
series of studies focus on strengthening edge feattifi2s 7], capturing global context[3, 31, 45,

and enhancing the receptive eld@f, 67, 12, 13]. Recently, the transformer has shown immense
potential, surpassing previous methods. A series of methods related to Vision Transfarfer [

, 15, 74] are proposed. SegNeXt1], which is the currenstate-of-the-art (SOTAnethod,
possesses the same powerful feature extraction capab|I|t|es as the Vision Transformer and the same
low computational requirements as CNN. Apart from improving the network, some reseaycti,[

, 10, 66, 39] is directed toward addressing the issue of class imbalance in semantic segmentatlon
However the effectiveness of these methods is not signi cant. In this paper, we aim to improve the
performance of long-tailed semantic segmentation from an AUC optimization perspective.

2.2 AUC Optimization

The development of AUC Optimization can be divided into two periods: the machine learning
era and the deep learning era. As a pioneering study,Ushers in the era of AUC in machine
learning. It studies the necessity of AUC research, which points out that AUC maximization
and error rate minimization are inconsistent. After that, AUC gains signi cant attention in linear
elds such as Logistic Regressiofif] and SVM [46, 47]. Then researchers begin to explore the
online [106, 28] and stochastic [94, 63] optimization extensions of the AUC maximization problem.
Research from the perspectives of generalization analysis3[ 17] and consistency analysis,[29]
provides theoretical support for AUC optimization algorithms.7][is the rst to extend AUC
optimization to deep neural networks, ushering in the era of AUC in deep learning. Meanwhile,
a series of AUC variants3[/, 86, 68, 88, 69, 90] emerge, gradually enriching AUC optimization
algorithms. Furthermore, in practice, AUC optimization demonstrates its effectiveness in various
class-imbalanced tasks, such as recommendation systems!| 7], disease prediction/p, 30,
domain adaptation [89], and adversarial training [40, 91].

Despite signi cant progress, existing studies of AUC optimization mainly pay attention to the instance-
level imbalanced classi cation tasks. This paper starts an early trial to introduce AUC optimization
to semantic segmentation. However, due to the high complexity of pixel-level multi-class AUC
optimization, such a goal cannot be attained by simply using the current techniques in the AUC
community.

3 Preliminaries

In this section, we brie y introduce the semantic segmentation task and the AUC optimization
problem.

3.1 Semantic Segmentation Training Framework

LetD = f(X';Y),jX' 2 R W 3,y 2 RH W Kghe the training dataset, wheke and
W represent the height and width of the images, ndenotes the total number of classes. Let
f be a semantic segmentation modelig the model parameters), which commonly follows an

encoder-decoder backbones[ 105 108 83, 37, Let®' = f (X') 2 R" W K pe the dense



pixel-level predictionj.e. ,
=1 (X)) = 9 exX)); (1)

where the encoddr® extracts features from the imad@, and then the decodéf predicts each

pixel based on extracted features and outputs a dense segmentation map with the samé size as
Furthermore, Iet(‘u;v and?iu;\, represent the ground truth and prediction of thev)-th pixel of the
i-th image, respectively. To train the model most current studies. fl, 80, 83, 65] usually adopt the
cross-entropy (CElpss:
" #
. X X I X . ic
ce = ﬁ Yu;v Iog(Qu;v) ; (2)
i=1 u=0 v=0 c=1

whereY ¢, and?luc;_\, are the one-hot encoding of ground truth and the prediction of pigg} ; Yi.., )
in classc, respectively.

3.2 AUC Optimization

Area under the Receiver Operating Characteristic Curve (Ald@)well-known ranking performance
metric forbinary classi cation task, which measures the probability that a positive instance has a
higher score than a negative one [35]:

AUC(f )= P f (X")>f (X )iy =1,y =0 ; ®3)

where(X" ;y*) and(X ;y ) represent positive and negative samples, respectively. Wbk !
1, itindicates that the classi er can perfectly separate positive and negative samples.

According to B7, 86, 88], given nite datasets, maximizin\UC (h ) is usually realized by
maximizing its unbiased empirical estimation:

1 +

AdC(h)=1 —; “(h (X7) h(X)); 4)

i=1 j=1

where’ is a differentiable surrogate los34 measuring the ranking error between two sampiés,
andn denote the number of positive and negative samples, respectively.

Moreover, we can directly optimize the following problem for AUC maximization:

+

‘(h (X7) h(X): (5)

i=1 j=1

min
n*n

Note that, AUC has achieved signi cant progress in long-tailed classi catlon,[38, 68]. Due to
the limitations of space, we refer interested readers to the liter&itré&{] for more introductions to
AUC. However, most existing studies merely focus onittstance-level or image-leveproblems.
Inspired by its distribution-insensitive propert¥d], this paper starts an early trial to introduce AUC
to PLSS.

4 AUC-Oriented Semantic Segmentation

In this section, we introduce our proposed AUCSeg method for semantic segmentation. A brief
overview is provided in Figure 2. AUCSeg is a generic optimization method that can be directly
applied to any SOTA backbone for semantic segmentation. Speci cally, AUCSeg includes two
crucial componentg1) AUC optimization where a theoretically grounded loss function is explored

for PLSS and?2) Tail-class Memory Bank an effective augmentation scheme to ensure ef cient
optimization of the proposed AUC loss. In what follows, we will go into more detail about them. For
clarity, we include a table of symbol de nitions in Appendix A.



Figure 2: An overview of AUCSeg.

4.1 Pixel-level AUC Optimization

Semantic segmentation is a multi-class classi cation task. Therefore, to apply AUC, we follow
a popular multi-class AUC manndre. , the One vs. One (ovo) strategy/] 34, 8€], which is
an average of binary AUC score introduced in Section 3.2. Speci cally, on top of the notation of
Section 3.1, we further deno” = f (X, ;Y )ii 2 [1;n;u2 [O;H 1];v2 [O;W 1]gasthe

set of all pixels; the -th elementj(2 [1;n (H 1) (W 1)])in DP is abbreviated a@(jp;Yjp)

f(© serves as a continuous score function supporting da&bl Cgeg calculates the average of
binary AUC scores for every class pair:

1 X X

K(K 1

ovo —
AUCYS = )
c=1 c6 c°

AU Ccoo(f ); (6)

AUCo(f )= P(fOXP) > ©O(XP)jYP = ¢;YP = :

To this end, as introduced in Section 3.2, the goal is to minimize the following unbiased empirical
risk:

X X X X 1 et

auc = g @

c=1 c% ¢ X% 2N . Xﬁ 2N .0 ]N C”N COJ
where we adopt the widely used square lag§x) = (1 x)? as the surrogate loss{]; ‘g;;";m;" =
q(FOXE)  FO(XP)); Ne = £XPjYP = cgrepresents the set of pixels with laladh the set
DP, andjN .j denotes the size of the set.

4.2 Generalization Bound

In this section, we explore the theoretical guarantees of the AUC loss function in semantic segmenta-
tion tasks and demonstrate that AUCSeg can generalize well to unseen data.

A key challenge is that standard techniques for generalization anaiysis [21] require the loss
function to be expressed as a sum of independent terms. Unfortunately, the proposed loss function does



not satisfy this assumption because therenarelayers of interdependency among the loss terms

On one hand, semantic segmentation can be considered a structured prediction préplesdmere
couplings between output substructures within a given image create the rst layer of interdependency.
On the other hand, the AUC loss creates a pairwise coupling between positive and negative pixels, so
any pixel pairs sharing the same positive/negative instance are interdependent, resulting in the second
layer of interdependency.

We present our main result in the following theorem %nd the proof is deferred to Appendix B.
I

Theorem 1(Generalization Bound for AUCSeg)etEp p (f) be the population risk dfp (f ).

Assumdg f f:X! RH W Kg whereH andW represent the height and width of the image,
andK represents the number of categorit$) is the risk oveii-th sample, and is -Lipschitz with
respect to thé; norm, (i.e.kl(x) L(y)k: kx yki ). There exists three constamts> 0,
B > 0andC > 0, the following generalization bound holds with probability at least over a
random draw of i.i.d training data (at the image-level):

h i

. + p
Uo (f) Ep Up (f) N§+ﬂﬁ5ﬁ7'“‘er Alog(2B Nk + C)
r r I's
1 1 4K (K 1
+3  So+K 1 = log KK 1)
where I
48 InN p_ ne,
inner = T; inter = 2; =  max © :
2K Nmean

=)
niax = maxx n(X©@),n{2an = N, n(X?),N = jDj,k=H W andX () represents the

pixel of classcin imageX .

Remark 1. We achieve a bound @& P log( Nk )=N ,indicating reliable generalization with a

large training set. Here, represents the degree of pixel-level imbalance. More interestingly, even
though we havé classi ers for every single image, the generalization bound only has an algorithm
dependent ok, suggesting that pixel-level prediction doesn't hurt generalization too much.

4.3 Tail-class Memory Bank

Motivation. Although we have examined the effectiveness of AUC for PLSS from the theoretical
point of view, there isa practical challengewhen conducting AUC optimization for semantic
segmentation, as discussed in Section 1. Speci cally, the stochastic AUC optimization, as de ned in
Equation (7), requireat least one sample from each clasa a mini-batch. Innstance-level AUC
optimization, recent studiesy/, 86] often use a strati ed sampling technique that generates batches
consistent with the original class distribution, as shown in Figure 3(a). Such a strategy will work well
when each image belongs to a unique category (say, ‘Banana’, ‘Apple’, or "Lemon’) in traditional
classi cations. Yet it cannot apply to pixel-level cases because each sample involves multiple and
coupled labels, making it hard to split them for strati ed sampling, as illustrated in Figure 3(b).
Meanwhile, we also provide a bound (Proposition 1) to show that simply adopting random sampling
will suffer from an overlarge batch siZ, making an unaffordable GPU memory burden.

Proposition 1. Consider a datasdD that includes images witk different pixel categories. Let
pi represent the probability of observing a pixel with labéh a given image. Randomly seldt
images fronD as training data, where

0 1

= @ 09K 4,
log(1  minpi)

Then with probability at least  , for anyc 2 [K ], there existX in the training data that contains
pixels of labek.

Remark 2. The proof is deferred to Appendix C. Proposition 1 suggests that the valBeiof
inversely proportional tanin; p;. Note thatp; will be smaller as the long-tail degree becomes more



Figure 3: Instance-level and pixel-level task sampling.

severe, leading to a largBr. For example, in terms of the Cityscapes dataset With 19 classes,
assuming = 0:01andmin; p; = 1%, B should be at least59to guarantee that each class of pixels
appears at least once with a high probability. This results in a signi cant strain on GPU memory.

To address this, considering that the tail-class samples generally have less opportunity to be included
in a mini-batch and are often more crucial for nal performance, we thus develop a novel Tail-
class Memory Bank (T-Memory Bank) to ef ciently optimize Equation (7) and manage GPU usage
effectively. As depicted in Figure 3(c), the high-level ideas of the T-Memory Bank are as follows: 1)
identify missing tail classes of all images involved in a mini-batch and 2) randomly replace some
pixels in the image with missing classes based on stored historical class information in T-Memory
Bank. In this sense, we can obtain an approximated batch-version of Equatibe.(7),

X X X 1 0
auc -— 7‘2:&‘0 min (8)
=1 %8¢ X 2N [T JN cJJN c)
ncnc080 XP 2N co[T .0

~

whereN, andT,. represent the set of pixels with lal®in the original image and those pixels stored
in the T-Memory Bank, respectivelygc mn = “sqlf © (an) f(c)(XE)); X" represents the
sample after replacing some pixels wi?h tail classes pixels from the T-Memory Bank.

Detailed Components.As shown in Figure 2, T-Memory Bank comprises three main pdtts:
Memory Branch stores a set witlsy, (the Memory Size) images for each tail class. We de ne the
setasM = fM ¢,;:::;M ¢, g, whereG = fc g, denotes the labels of tail classes, ads the

total number of selected tail classé®) Retrieve Branchselects pixels from the Memory Branch to
supplement the missing tail classes BpStore Branchupdates the Memory Branch whenever a

new image arrives. Algorithm 1 summarizes a short version of AUCSeg equipped with T-Memory
Bank. Please refer to the detailed version in Appendix DNote that we introduce CE loss as a
regularization term for our proposed AUCSeg, which is widely used in the AUC communityd

pursue robust feature learning. Experiments demonstrate that the performance is insensitive to the
regularization weight , as shown in Figure 5d.

At the start of training, the Memory Branch is empty. In this case, we only calculate the loss
function” for the classes present in the mini-batch, while the Retrieve Branch will not take any action.
Meanwhile, the Store Branch will continuously append pixel data of tail classes to the Memory
Branch. As the Memory Branch reaches its maximum cap&ity we adopt a random replacement
strategy to update the Store Branch (Lihde 6 in Algorithm 1 or Lines6 to 11in Algorithm 2).

As the training process progresses, if the Memory Branch is not empty, the Retrieve Branch kicks in
to count the missing classes in each image of the mini-batch, deno@gias It then calculates

the number of classes needed to be added for optimizatignse = diGnissj Rse. Here, we
introduce a tunable sample rafRy to strike a trade-off between the original and missing tail-class
semantic information. Finally, it uniformly retrieves the corresponding pixetssgfpe missing
classes from the Memory Branch, resizes them by the resizeRati@and randomly selects positions

to overwrite (Lines7 to 8 in Algorithm 1 or Lines13to 18in Algorithm 2).
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Algorithm 1. AUCSeg Algorithm (Short Version)
Nt

Input: Training dateD, number of tail classes;, labels of tail classe§ = fci g%, , Memory
BranchM = fM ¢,;:::M ¢, g, memory size&Sy , sample ratiRs, resize ratiRg,
max iterationT may , batch sizeNy,

Output: model parameters

for iter =1 to Tax doO

Dg = f(X;;Y))g'y  SampleBatch(D;Ny);

Gniss Ct MissingTailClasses (Dg);

Ghiss = G C miss ;

for Sy in Gyiss do
| Extract pixels of clasgy fromDg and save them tvl -  RandomReplacgSy );
fori =1 todjGss] Rsedo
Randomly choose, from Gyiss and sample pixels froril ¢, to paste intdg
L SizeScalgSR);

CalculateY; = f (Xi) and’ = “auc +  ce!
Backpropagation updates

Discussions. We recognize that Memory Banks], 36] has achieved great success in deep
learning. However, our T-Memory Bank behaves differently compared to earlier stutiies.

key difference is that the Memory Bank and T-Memory Bank are designed for different

tasks. The goal of the previous Memory Bank is to facilitate the traditional classi cations by
storing instance-level or image-level featureshile our T-Memory Bank speci cally stores the
original pixelsfor each object. This strategy is particularly bene cial for our PLSS task. Addi-
tionally, the T-Memory Bank enables AUCSeg without substantially increasing GPU workload as
well as the number of samples per mini-batch by selectively replacing non-essential pixels. Our
experiments, detailed in Appendix G.6, include a comparison of GPU overhead. For more discussion
on the T-Memory Bank, please refer to Appendix E.

5 Experiments

In this section, we describe some details of the experiments and present our 2selts.space
limitations, please refer to Appendix F, Appendix G and Appendix H for an extended version.

5.1 Experimental Setups

The experiment includes three benchmark datasets: CityscafjeAPE20K [109], and COCO-

Stuff 164K [J]. We use SegNeXt{’] as the backbone for our model and thean of Intersection

over Union (mloU)as the evaluation metric. We compare our method Wahecent advancements

and 6 long-tail approachesin semantic segmentation. All the long-tail methods also use SegNeXt

as the backbone. To ensure fairness, we re-implement the listed methods using their publicly shared
code and test them on the same hardware. Detailed introductions are deferred to Appendix F.

5.2 Overall Performance

Table 1 shows the quantitative performance comparisons. We draw the following conclusions: First,
most current algorithms perform poorly in long-tail scenarios. Speci cally, performance drops
sharply from head to tail classes. For instance, the performance gap for PointRend and OCRNet
on the Cityscapes reaches upli®a Second, models using long-tail approaches generally achieve
better results than those that do not. However, they still fail to produce satisfactory outcomes. One
possible reason is that these long-tail approaches focus on reweighting, giving too much attention to
the tail classes and leading to over tting. Additionally, our proposed AUCSeg method surpasses all
competitors in most metrics. This success is due to the appealing properties of AUC. Our method
consistently outperforms the runner-up-l:21% +0:75% and+0 :38%in tail classes mloU across

the datasets. Overall mloU also improves#iy:05%, +0:27% and+0:31% In some Head/Middle



Table 1: Quantitative results d@@ityscapes ADE20K andCOCO-Stuff 164K val set in terms of
mloU (%). The champion and the runner-up are highlighteloild and_underline

ADE20K Cityscapes COCO-Stuff 164K
Method Overall Head Middle Tail Overall Head Middle Tail Overall Head Middle Tall

DeepLabV3+[14]| 3195 75.88 51.96 26.01| 66.53 90.11 57.16 54.36| 29.11 51.11 32.93 24.82
EncNet [102] 3212 7534 5160 26.32| 71.34 9162 60.76 63.03| 27.31 49.89 3041 23.09
FastFCN [80] 29.78 7420 49.44 2386| 6397 90.37 5243 51.22| 2837 5060 3252 23.96
EMANet [55] 32.83 75.77 50.03 27.36| 70.93 91.69 60.61 61.97| 2848 49.73 29.97 24.85
DANet [27] 33.83 74.62 5101 2852| 65.77 89.66 5530 54.26| 26.83 49.60 31.14 22.29
HRNet [71] 31.83 7535 4998 26.19| 73.40 9198 65.79 64.00f 2865 48.00 30.74 25.16
OCRNet [97] 29.64 74.00 49.40 23.72| 66.95 90.24 63.18 50.21| 28.67 51.04 3241 2433
DNLNet [93] 3324 7590 5116 27.69| 70.68 91.98 59.90 61.66| 30.23 50.71 33.05 26.41
PointRend [50] 17.77 67.18 37.60 11.46| 60.67 89.79 53.92 41.49| 11.17 21.17 13.64 9.04
BiSeNetV2 [95] 10.26  60.38  28.72 4100 73.04 92.00 63.52 64.93| 1030 34.96 12.71 5.92
ISANet [98] 2953 7434 4877 23.64| 70.63 91.67 6150 60.43| 26.37 4887 30.78 21.86
STDC [25] 30.17 73.36 48.02 2458| 76.30 9258 6509 71.94| 29.83 5174 3340 2561
SegNeXt [32] 4745 80.54 60.35 43.28| 8241 9408 7246 80.92| 4242 57.05 41.71 40.33
VS [49] 2472 7530 48.02 17.86| 55.40 92.16 5252 26.360 24.27 47.80 30.38 19.19
LA[61] 31.16 77.07 5343 24.77| 6275 9298 64.79 35.09| 2856 49.67 33.16 24.21
LDAM [10] 33.11 74.06 5126 27.65| 6595 92.72 69.27 40.17| 4239 56.85 4159 40.34
Focal Loss [56] 47.68 80.54 59.04 43.73| 8244 9390 7279 80.89| 4198 56.87 4151 39.79
DisAlign [104] 48.15 80.33 59.14 44.31| 81.94 9361 7212 80.36| 4210 55.20 41.24 40.28
BLV [77] 46.76 79.96 58.96 42.67| 8181 93.84 71.83 80.05| 42.17 56.83 4152 40.06

AUCSeg (Ours) | 49.20 8059 59.45 4552| 8271 9391 7272 81.67| 4273 5695 4193 40.72

metrics, AUCSeg does not achieve the best performance. Even in these cases, AUCSeg still secures the
runner-up status. We analyttee performance trade-off between head and tail clasgspendix H.

These experimental results underscore the effectiveness of our proposed method. We further present
the results for each tail class in Appendix G.1, and analyze the reasons for the varying performance
improvements of tail classes across the three datasets in Appendix G.2.

Figure 4 displays the qualitative results on the Cityscapes validation set. Bene ting from our proposed
AUC and T-Memory Bank techniques, AUCSeg segments objects in tail classes more accurately. It
correctly distinguishes between bicycles and motorcycles and successfully identi es distant traf ¢
lights, which other methods overlook. More qualitative results can be found in Appendix G.3.

5.3 Backbone Extension

In Section 5.1, we select the current SOTA Seg-

NeXt as the backbone. Nevertheless, AUGgple 2: Results of AUCSeg using different back-
Seg can also adapt to other backbones, c@gnes in terms of mloU (%).

sistently delivering effective results. Table 2
presents the experimental results of AUCSeg Backbone | AUCSeg | Overall  Tail
when using DeepLabV3+, EMANet, OCRNet;

and ISANet as backbones. These results rer > 3195 26.01
veal signi cant improvements in both overall DeepLabV3+ X 36.13 31.10
mloU and tail classes mloU with AUCSeg. No- 5 32.83 27.36
tably, on ISANet, the increases &®4%and EMANet X 36.32 31.39
6:49% Moreover, AUCSeg enhances perfor=

mance across various model sizes and different OCRNet 5’( gggg gg;g
pixel-level long-tail problems, as detailed in Ap- ’ :
pendix G.4 and Appendix G.4This demon- 5 29.53 23.64
strates the superiority of our proposed AUC- ISANet X 35.07 30.13

Seg for long-tailed semantic segmentation.

5.4 Ablation studies

We perform several ablation studies to test the effectiveness of different modules and hyperparameters.
All experiments are conducted on tABE20K validation set.



(a) Input (b) Ground Truth  (c) DeepLabV3+ (d) SegNeXt (e) AUCSeg (Ours)

Figure 4: Qualitative results on ti@tyscapesval set. Red rectangles highlight and magnify the
image details in the lower left corner.

(a) Memory Size $um ). (b) Sample RatioRs). (c) Resize RatioRRr). (d) The weight .
Figure 5: Ablation Study on Hyper-Parameters.

The Effectiveness of AUC Optimization and Table 3: Ablation study on the effectiveness of
T-Memory Bank. Table 3 details our step-byAUC Optimization and T-Memory Bank (TMB) in
step ablation study on the AUC and T-Memorjerms of mloU (%).

Bank components of AUCSeg. Compared to

the baseline SegNeXt, AUC enhances perfor-  Model | AUC TMB | Overall Tail

mance by+1:01%and+1:42%in overall and SegNext 4745 43.28
tail classes. The T-Memory Bank further ad- segnext+AUC| X 48.46  44.70
dresses the imbalance issue, yielding improvesegNeXt+TMB X 47.86 43.86
ments of+1:75% overall and+2:24% in tail AUCSeg X X 49.20 4552

classes. Our results also show that employing
T-Memory Bank without AUC yields no signif-
icant improvements, underscoring the necessity of AUC Loss. More ablation experiments on the
effectiveness of AUC optimization and TMB are deferred to Appendix G.6, G.7, G.8, and G.9.

Ablation Study on Hyper-Parameters. Figure 5a ablates the maximum number of images stored
per class in the Memory Branch, referred to as Memory Sig)( For the ADE20K dataset, optimal
performance occurs whe®y, = 5, and performance shows little sensitivity to changeSn.

Figure 5b ablates the Sample Ratis(), the fraction of classes sampled from the Memory Branch
relative to the total number of missing tail classes. Figure 5c ablates the ResizeRRatidahe
scaling factor for the sampled pixels. For ADE20K, the best result is obtained R&en0 :05 and

Rr = 0:4. A potential reason for their small value is that the original image is overwritten Riaen
andRgr are too large, resulting in poor training performance. Figure 5d ablates the wefight.e

and gyc, with = % providing slightly better results. The in uence ofon performance is minimal.
Detailed results from this hyper-parameter ablation study are available in Appendix G.10 and G.11.

6 Conclusion

This paper explores AUC optimization in the context of PLSS tasks. To begin with, we theoretically
study the generalization performance of AUC-oriented PLSS by overcoming the two-layer coupling
issue across the loss terms of AUCSeg therein. The corresponding results show that applying AUC
optimization to PLSS could also enjoy a promising performance. Subsequently, we propose a novel T-
Memory Bank to reduce the signi cant memory demand for the mini-batch optimization of AUCSeg.
Finally, comprehensive experiments suggest the effectiveness of our proposed AUCSeg.
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