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Abstract

Long-tailed image classification remains a long-standing
challenge, as real-world data typically follow highly im-
balanced distributions where a few head classes domi-
nate and many tail classes contain only limited samples.
This imbalance biases feature learning toward head cate-
gories and leads to significant degradation on rare classes.
Although recent studies have proposed re-sampling, re-
weighting, and decoupled learning strategies, the improve-
ment on the most underrepresented classes still remains
marginal compared with overall accuracy. In this work,
we present a confusion-centric perspective for long-tailed
recognition that explicitly focuses on worst-class gener-
alization. We first establish a new theoretical frame-
work of class-specific error analysis, which shows that
the worst-class error can be tightly upper-bounded by the
spectral norm of the frequency-weighted confusion ma-
trix and a model-dependent complexity term. Guided
by this insight, we propose the Confusion-Aware Spec-
tral Regularizer (CAR) that minimizes the spectral norm
of the confusion matrix during training to reduce inter-
class confusion and enhance tail-class generalization. To
enable stable and efficient optimization, CAR integrates a
Differentiable Confusion Matrix Surrogate and an EMA-
based Confusion Estimator to maintain smooth and low-
variance estimates across mini-batches. Extensive experi-
ments across multiple long-tailed benchmarks demonstrates
that CAR substantially improves both worst-class accu-
racy and overall performance. When combined with Con-
CutMix augmentation, CAR consistently surpasses exisit-
ing state-of-the-art long-tailed learning methods under both
the training-from-scratch setting (by 2.37% ~ 4.83%)
and the fine-tuning-from-pretrained setting (by 2.42% ~
4.17%) across ImageNet-LT, CIFARI00-LT, and iNaturalist
datasets. Code is available at ht tps://github.com/
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1. Introduction

Image classification has achieved remarkable progress in
recent years, mainly due to the success of deep learning
and large-scale balanced datasets [44]. However, data col-
lected from real-world scenarios rarely follow such bal-
anced distributions. Instead, they usually exhibit a long-
tailed distribution, where a few head classes contain abun-
dant samples while most tail classes have only limited in-
stances [60, 62]. This severe imbalance causes biased
feature learning—models tend to focus on head classes
while failing to capture meaningful representations for tail
ones [14, 21]. This skewed distribution induces optimiza-
tion bias toward head classes and degrades performance
on tail categories, making long-tailed recognition a central
challenge in practice. To mitigate the negative effects of
long-tailed distributions, numerous approaches have been
explored in recent years. Data-level strategies such as re-
sampling [4, 25, 53] aim to balance the number of sam-
ples per class by over- or under-sampling the training data.
Loss-level adjustments, including re-weighting [8, 33, 45]
and logit adjustment [39, 51, 57], attempt to compensate
for class imbalance by assigning adaptive weights or biases
to the loss function. At the model level, representation en-
hancement and decoupled learning methods [9, 48] focus
on separating feature learning from classifier optimization
to reduce the dominance of head classes.

Despite steady progress in long-tailed learning, perfor-
mance on the worst-performing classes remains substan-
tially inferior to overall accuracy. As shown in Figure I,
we observe two critical gaps: @ worst-class test accuracy
lags significantly behind overall test accuracy, and @ worst-
class test accuracy falls substantially short of worst-class
training accuracy. These disparities reveal a fundamental
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limitation that existing approaches fail to effectively gener-
alize to the most challenging tail categories, even when they
fit the training data well.

To bridge this gap, we propose a new confusion-centric
perspective that explicitly regularizes spectral norm of the
weighted confusion matrix and focuses on improving worst-
class performance. Specifically, we introduce a weighted
worst-class error metric that integrates frequency priors to
amplify the influence of minority classes. We further de-
velop a generalization upper bound for the class-specific
error based on the PAC-Bayesian framework [38, 40, 41].
This generalization bound reveals that the worst-class error
can be bounded by two key components: (i) the spectral
norm of the weighted empirical confusion matrix, and (ii)
a model- and data-dependent complexity term. Building on
this theoretical insight, we propose a confusion-aware spec-
tral regularizer (CAR) that directly minimizes the spectral
norm of the frequency-weighted confusion matrix during
training. To enable efficient optimization, we introduce a
differentiable confusion matrix surrogate combined with an
exponential moving average (EMA) mechanism that main-
tains stable and efficient estimates across mini-batches.

Our efforts are unfolded with the following four thrusts:

* (Theoretical Analysis) We establish a novel confusion-
centric perspective for long-tailed recognition. Build-
ing on the PAC-Bayesian theory, we derive a new up-
per bound showing that the worst-class error can be
tightly controlled by the spectral norm of the frequency-
weighted confusion matrix, offering a principled route to-
ward improving worst-class generalization.

* (Algorithm) Guided by the theoretical insights, we pro-
pose the practical Confusion-Aware Spectral Regularizer
(CAR). CAR introduces two key components: (i) a Differ-
entiable Confusion Matrix Surrogate that replaces non-
differentiable indicators with smooth approximations,
and (ii) an EMA-based Confusion Estimator that stabi-
lizes optimization by maintaining low-variance estimates
of confusion matrix.

* (Experiments) We conduct extensive experiments across
diverse long-tailed benchmarks, architectures, and imbal-
ance factors. Results consistently demonstrate that CAR
achieves superior head—tail balance, and improves both
worst-class accuracy and overall performance. For ex-
ample, when combined with ConCutMix augmentation,
CAR surpasses the previous state-of-the-art LOS [49] by
2.37% ~ 4.83% under the training-from-scratch setting
across CIFAR100-LT, ImageNet-LT, and iNaturalist.

* (Extra Findings) We further observe that CAR can be
seamlessly integrated with existing data-augmentation-
based long-tailed learning methods, leading to additional
performance gains on both head and tail classes.

2. Preliminaries

Notation. Let X C R? denote the input space and ) =
{1,..., K} the label set. A training set S = {(z4,q)}71
is drawn from the imbalanced distribution D. m is the num-
ber of training samples and K is the number of classes. A
classifier f : X — R outputs predicted probability vector
f(z), and the prediction is §(x) = argmax; f(x)[i]. For
a matrix A = (a;;), we use [|A||; = max; >, |a;;| and
||A |2 for the spectral norm.

Confusion Matrice. The population off-diagonal confu-
sion matrix C, € R¥*X is defined as

Cij = P(m,y)ND(y(w) =1 ‘ Y= j) y Cjj = 0. (1)

The column sum ), ¢;; corresponds to the class-

conditional error for class j. Its empirical analogue Cg
replaces probabilities with sample averages:

> 1) = 1),

q:yYq=J

N 1 N
Cij = mij Cjj = 0, 2
where m; is the number of samples with label j in the train-
ing set S. In previous works such as [13, 41], the PAC-
Bayesian generalization analysis for a DNN is conducted on
the margin loss. Following the margin setting, we consider
any positive margin -y in this work and define the empirical
margin confusion matrix Cg,,y = (¢;) as:

0, =7,

1 ;
S Y o 1(fur(xq)[ya] < 7+ fuo(xq)[i])
9:Yq=J
x 1(arg max fu (xq)[i'] =), else.
7;/iyq

where 1[a < b] = 1if a < b, else 1[a < b] = 0.

3. Weighted Worst-Class Error

Rationale. Long-tail datasets exhibit severe imbalance.
Frequent classes dominate risk minimization while rare
classes are poorly controlled. To counteract this, we intro-
duce a frequency-dependent weighting that amplifies the in-
fluence of minority classes in the confusion-based analysis.
We define the class-wise weight as \; = (m; + r¢)~'/2,
where rg > 0 is a smoothing factor and m; denotes the rel-
ative frequency of class j, i.e., the ratio between the number
of samples in class j and the total number of samples in the
dataset. The diagonal weighting matrix is then given by
A= diag()\l, ey /\K)

Definition 3.1 (weighted worst-class error).

WCE(f) = [|CPA, = max A; 3 Sy @)
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Figure 1. Poor generalization of worst-class performance in existing long-tailed learning methods. Experiments are conducted on
ImageNet-LT using ViT-Small as the backbone. The three bars for each method correspond to the worst-class accuracy on the train-
ing set (left), the worst-class accuracy on the test set (middle), and the overall test accuracy (right).

This criterion emphasizes classes with fewer samples by
scaling their conditional errors with A;.

Proposition 3.2 (Upper Bound). Consider a training set
S with m samples drawn from a distribution D over X x ).
Let B represent the largest {5 norm of input samples. For
any B,n,h > 0, let the base classifier f, : X — )Y be
an n-layer feedforward network with h units per layer and
ReLU activation. Then, for any § € (0,1) and margin v >
0, with probability at least 1 — § over S ~ D™, we have
upper bound for class-specific error e;:

IN

1
& < 5 llchal,

v ~ 4
+ kAl + S0 @
J —— N——
Empirical spectral norm Modte(li and Zaining
set dependence

IN

where v is a positve constant which depend on K. E(f,S,~,0) is

0 (s [0 0 ()] )0

where K is the number of classes, Min represents the mini-
mal number of examples from S which belong to the same class,

2
U(fw) = B*n*hin(nh) I, W13 > Wil W repre-

w3’

sents the l-th weight matrix.
Proof. See Appendix 10. (I

Remark 1. The above result demonstrates that (i) the class-
specific error is upper-bounded by the weighted worst-class
error, (ii) this upper bound is tighter for classes with higher
errors and looser for those with lower errors, and is exactly
tight for the worst-class error; and (iii) the weighted worst-
class error itself can be further bounded by two terms: @
the spectral norm of the weighted empirical confusion ma-
trix, and @ a model- and data-dependent complexity term
U(fw). While the second term has been extensively stud-
ied through techniques such as spectral normalization of

weight matrices [13, 58], our contribution is to highlight
the role of the spectral norm of the confusion-matrix. Con-
trolling this spectral norm offers a complementary mecha-
nism for improving worst-class generalization, particularly
in imbalanced settings.

4. CAR:Confusion-Aware Spectral Regularizer

The above analysis indicates that reducing the upper bound
of the weighted worst-class error effectively decreases
the error across all classes, particularly for the worst-
performing class. Motivated by this, we introduce the em-
pirical spectral norm term as a regularizer, while omitting
the leading constant factor A% for simplicity. Specifically, it
is formulated as follows:

R(f) = 1CE Al ©)

However, optimizing the model with respect to this regular-
izer presents two key challenges: (1) the empirical margin
confusion matrix is non-differentiable; and (2) computing it
over the entire training set S in real time is computationally
infeasible.  To overcome these challenges, we intro-
duce a Differentiable Confusion Matrix
Surrogate and an EMA-based Confusion
Estimator.

Differentiable Confusion Matrix Surrogate. The empir-
ical confusion matrix Cf;ﬁ involves non-differentiable in-
dicator functions, making it unsuitable for gradient-based
optimization. To address this, we introduce a differentiable
surrogate formulation Cf; L, = (Gj):

Y o+ fulzo)[i] = fulag)li])

N 1
Cij_—f
Y Qyg=7

Yq=J

soft margin gate

X S(fw(zq) = fulzg)UDE] (1)

soft argmax over non-j
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where o(-) denotes the sigmoid function and S(-) the soft-
max function. The soft margin gate term softly evaluates
whether class ¢ surpasses the ground-truth class j by a mar-
gin v, while the soft argmax over non-j term provides a
differentiable approximation of the most competitive class
other than the true one.

EMA-based Confusion Estimator. Considering that train-
ing models is conducted with batchsize, a directly way to
avoid the infeasible trainset level confusion matrix calcua-
tion is to calcuate batchsize level confusion matrix. How-
ever, a single mini-batch may yields a high-variance esti-
mate of the confusion matrix. To stablilize training without
recomputing overal full trainset, we maintain an exponen-
tial moving average of the batch-level differentiable esti-
mate. Specficially, let B; denote the mini-batch at iteration
tand 5 € [0,1) be a momentum parameter , the EMA of
the batch-level confusion matrix is defined as:

Ce = B(Cr) + 1-BCL.. Co=0. 8

Only the current term éét ., carries gradients w.r.t. w; the

history C,_1 is treated as a constant, preserving differen-
tiability while reducing variance (See Appendix 11 for a
detailed stability analysis.)

The overall training objective £(f) combines the standard
cross-entropy loss with the proposed confusion-aware reg-
ularization term, where o« > 0 controls the strength of reg-
ularization.

m

£(f) = — 3 R f(2),0) + 0 (CeA) 2 9)

m
q=1

where CE(+) denote the cross-entropy loss.

5. Experiments

5.1. Experimental Setup

Datasets. We conduct extensive experiments on four
widely used long-tailed benchmarks: CIFAR100-LT [28],
ImageNet-LT [34], Tiny-ImageNet-LT [29], and iNatural-
ist2018 [52]. Following [32], we adopt the same data
construction and evaluation protocols. For CIFAR-100-
LT, ImageNet-LT, and Tiny-ImageNet-LT, the imbalanced
training sets are generated by sampling the original bal-
anced datasets according to an exponential distribution,
with imbalance factors of 200, 100, and 50, respectively.
The test sets remain class-balanced. The iNaturalist2018
dataset contains 437.5K natural images from 8,142 cate-
gories, exhibiting a naturally long-tailed distribution with-
out synthetic resampling. Consistent with [63], we re-
port results on three subsets according to the number of
training samples per class: Head (more than 100 images),
Medium (20~100 images), and Tail (less than 20 images).

More details abour datasets would be discussed in the Ap-
pendix 12.1.1.

Implementation Details. We adopt ViT-Small [10] as the
main backbone, while additional results on different model
sizes (Tiny, Base, and Large) and architectures (ResNet [ 18]
and Swin Transformer [35]) are also included to demon-
strate model generalization.

For training from scratch, we follow the standard pro-

tocol used in long-tailed recognition [19]: models on
CIFAR100-LT and ImageNet-LT are trained for 200 epochs,
while iNaturalist2018 uses 300 epochs due to its greater
intra-class variability and inherent natural imbalance. For
fine-tuning from pre-trained models, we adopt a shorter
schedule of 100 epochs, which is consistent with com-
mon practice for adapting large-scale pretrained backbones
to long-tailed settings. All experiments use the AdamW
optimizer. The batch size is fixed to 128 across all
datasets. Additional training settings are provided in the
Appendix 12.1.2.
Baselines. We compare our method with a comprehen-
sive set of baselines, covering standard classification, long-
tailed data augmentation, and representative long-tailed
learning approaches. (1) Standard Methods. To pro-
vide a fair comparison, we first include widely used clas-
sification baselines: Cross-Entropy (CE). (2) LT Data
Augmentation Methods. We further compare with a se-
ries of augmentation-based long-tailed strategies, including
ReMix [6], MetaSAug [31], CMO [43], ConCutMix [42],
and SAFA [20]. (3) Other Long-Tailed Recognition Meth-
ods. We evaluate against representative long-tailed learn-
ing methods, including Class-Balanced Loss (CB) [8], Fo-
cal Loss [33], BALMS [46], GML [11], Weight Balancing
(WB) [1], BBN [65], LDAM-DRW [5], and LOS [49].

5.2. Superior Performance on Long-tailed Datasets

Training from Scratch. We evaluate the proposed CAR
under a strict training-from-scratch setting. Experiments
are conducted on three representative long-tailed bench-
marks: CIFARI00-LT [28], ImageNet-LT [34], and iNat-
uralist2018 [52], using ViT-Small as the backbone. The
results are summarized in Table 1. We observe that CAR
consistently achieves the best overall performance across
all three long-tailed benchmarks, outperforming all compet-
ing methods. In addition, CAR improves the best tail accu-
racy by 1.59% ~ 4.61%, demonstrating its strong effec-
tiveness in enhancing tail-class performence. Furthermore,
when combined with the ConCutMix augmentation, CAR
surpasses the current state-of-the-art LOS [49] by 2.37% ~
4.83% and 3.28% ~ 7.98% in overall and tail accuracy,
respectively, across the three datasets. For example, on
ImageNet-LT, our method improves the previous best over-
all accuracy from 56.20% to 60.07%, and boosts the best
tail accuracy from 32.73% to 38.07%.
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Table 1. Top-1 accuracy (%) comparison on ImageNet-LT, CIFAR100-LT (IF=100), and iNaturalist using ViT-Small. Results are reported
for Head, Medium, Tail, and Overall. The best results are in bold, and the second-best are underlined.

Methods Venue | ImageNet-LT CIFAR100-LT iNaturalist

| Head Medium Tail Overall | Head Medium Tail Overall | Head Medium Tail Overall
CE —-169.71 4391 16.30 46.51 [68.20 45.37 15.17 41.40 |68.66 63.54 58.82 59.56
Focal [33] ICCV’2017167.57 49.80 22.83 49.78 [66.43 4749 21.87 43.13 [67.74 68.55 064.96 66.86
CB [8] CVPR’2019[69.69 47.69 19.90 48.05 |67.63 4577 1637 42.10 [67.69 66.66 62.39 64.71
LDAM-DRW [5] NeurIPS’2019 | 68.06 47.14 2590 50.39 [6897 4640 25.07 4540 [67.15 68.30 63.64 65.57
BALMS [46] NeurIPS’2020 | 69.80 53.14 30.23 54.61 [68.80 58.57 28.03 50.74 |70.48 70.19 69.53 70.55
ReMix [6] ECCV’2020]169.49 4694 25.67 50.05 [69.06 4697 20.10 43.34 |68.14 6649 6255 6427
BBN [65] CVPR’2020 1 69.11 50.26 29.37 52.79 [69.21 57.71 29.42 50.85 |68.58 6929 6572 67.44
MetaSAug [31] CVPR’2021 [ 66.63 47.86 30.57 51.94 |167.31 4791 27.57 4555 [69.15 68.14 67.82 68.00
CMO [43] CVPR’2022 [ 67.40 50.20 28.97 52.15 |68.34 4937 2853 46.01 [68.57 7031 69.60 69.41
SAFA [20] ECCV’2022167.20 52.03 32.03 5529 [67.29 5494 29.47 48.02 |68.86 72.03 70.42 70.86
WB [1] CVPR’2022(70.46 49.80 31.90 53.71 |68.86 4994 29.60 47.81 [70.10 69.74 67.95 69.35
GML [11] CVPR’2023[69.03 53.66 32.17 55.24 |68.63 5520 3097 5023 [70.71 70.62 69.38 70.85
ConCutMix [42] TIP’2024 | 69.23 48.94 31.00 54.97 [67.83 53.54 30.60 47.86 |68.64 7148 70.32 70.24
LOS [49] ICLR’2025(70.79 5531 3273 56.20 |69.21 57.71 2942 50.85 [68.50 7143 72.14 71.01
CAR (Ours) —167.00 54.57 35.77 57.48 [65.37 58.60 34.03 51.85 |68.52 7132 73.73 71.56
CAR (Ours) + ConCutMix —-169.56 5594 38.07 60.07 [68.89 60.14 3740 55.68 |69.10 72.05 7542 73.38

Table 2. Top-1 accuracy (%) comparison on Tiny-ImageNet-LT, CIFAR100-LT (IF=100), and iNaturalist using pre-trained ViT-Small.
Results are reported for Head, Medium, Tail, and Overall. The best results are in bold, and the second-best are underlined.

Methods Venue | Tiny-ImageNet-LT CIFAR100-LT iNaturalist

| Head Medium Tail Overall | Head Medium Tail Overall | Head Medium Tail Overall
CE —|87.31 71.66 3990 6391 9046 73.37 50.50 70.49 |7547 7395 7182 73.45
Focal [33] ICCV’2017|88.57 74.11 4423 67.31 [91.69 77.66 54.63 73.66 |75.15 7821 7893 79.59
CB [8] CVPR’2019 [ 85.60 75.31 43.58 66.99 |91.83 76.17 51.57 7227 (7536 75.84 7593 77.08
LDAM-DRW [5] NeurIPS’2019 | 8591 7529 4390 65.28 [91.31 75.66 52.87 72.40 |75.87 77.84 77.86 79.05
BALMS [46] NeurIPS’2020 | 89.54 76.69 46.77 70.11 [93.80 78.37 5693 77.44 |77.60 8024 82.56 82.34
ReMix [6] ECCV’2020|85.49 7551 43.73 65.19 [92.09 73.63 53.37 7256 |74.57 7759 7651 7822
BBN [65] CVPR’2020 | 86.27 75.78 4494 66.47 (9223 76.00 53.37 74.89 |75.07 79.57 79.83 80.88
MetaSAug [31] CVPR’2021 | 86.26 7440 47.40 67.40 [(92.77 7546 5520 7434 |75.62 78.86 79.84 80.06
CMO [43] CVPR’2022 [ 85.94 7597 4570 67.38 |91.57 76.14 57.07 7537 (7545 79.12 81.38 81.52
SAFA [20] ECCV’2022186.09 7320 4997 68.99 (92.57 77.23 59.50 77.88 |76.39 80.09 83.07 82.77
WB [1] CVPR’2022 [ 88.97 74.87 4582 67.51 |93.54 77.63 5323 7578 [76.04 80.09 79.93 81.33
GML [11] CVPR’2023 [ 89.87 7593 4887 70.43 |92.09 79.11 57.10 77.40 [76.95 80.69 83.10 82.79
ConCutMix [42] TIP’2024 | 88.23 76.54 4627 69.15 [9240 76.83 58.77 76.46 |75.86 79.55 83.32 82.06
LOS [49] ICLR’2025|88.36 76.83 49.86 71.67 [93.02 80.06 58.14 78.50 |76.43 80.58 83.18 83.02
CAR (Ours) —187.60 7591 5247 7297 [(92.89 80.46 61.17 79.37 |7538 81.71 84.26 83.74
CAR (Ours) + ConCutMix —188.71 76.84 54.23 75.84 [93.26 81.24 63.33 82.12 |76.32 82.08 85.40 85.44

Fine-tuning from Pre-trained Models. Our success ex-
tends beyond the training-from-scratch setting. We further
evaluate CAR and all baselines under the fine-tuning set-
ting, using a pre-trained ViT-Small as the backbone. Results
are reported in Table 2 Consistent observation can be made
across all the three datasets: @ CAR delivers substantial
improvements in both tail accuracy and overall accuracy,
highlighting its effectiveness in adapting pre-trained models
to long-tailed distributions; ® when combined with Con-
CutMix, CAR achieves the strongest performance, boosting
tail accuracy by 2.22% ~ 5.19% and overall accuracy by
2.42% ~ 4.17%, significantly outperforming existing state-
of-the-art methods. For example, on iNaturalist, the best
overall accuracy improves from 83.02% to 85.44% and the
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best tail accuracy increases from 83.18% to 85.40%.

Worst-Class Performance. To evaluate the effectiveness
of CAR in enhancing the generalization of the most under-
represented category, we report the worst-class accuracy
on both the training and test sets, along with the Worst-
class Ratio (WR = Test/Training), which quantifies the gen-
eralization ability of the worst-performing class. Experi-
ments are conducted on ImageNet-LT and CIFAR100-LT
using ViT-Small as the backbone. The results in Table 3
demonstrate that the proposed CAR substantially enhances
worst-class generalization. @ Existing methods exhibit ex-
tremely poor worst-class accuracy, typically below 10%.
® In contrast, CAR improves worst-class accuracy by 8%
on ImageNet-LT and 6% on CIFAR100-LT, while CAR +



ConCutMix further boosts the gains to over 10% on both
datasets. ® Moreover, CAR yields a notable increase in the
Worst-class Ratio (WR), indicating stronger generalization
from training to test time.

Table 3. Worst-class accuracy on training/test sets and the Worst-
class Ratio (WR = Test/Training) based on ViT-Small. All results
are presented as percentages. The best results are highlighted in
bold, and the second-best are underlined.

ImageNet-LT CIFAR100-LT

Methods |

| Training(%) Test(%) WR |Training(%) Test(%) WR
Focal [33] 87.22 0 0.00 85.45 2 0.02
CB [8] 84.59 0 0.00 80.00 0 0.00
BALMS [46] 91.81 6 0.07 90.91 5 0.05
CMO [43] 90.45 4 0.04 86.00 6 0.07
SAFA [20] 92.35 10 0.11 91.09 8 0.09
GML [11] 92.83 8 0.09 90.91 8 0.09
ConCutMix [42] 91.26 8 0.09 87.82 8 0.09
LOS [49] 93.72 10 0.11 91.23 8 0.09
CAR (Ours) 94.24 18 019 9273 14 015
CAR (Ours) + ConCutMix 94.85 22 0.23 93.17 18 0.19

5.3. Generalization Across Backbones

To verify the effectiveness of our method across different
architectures, we further evaluate CAR on five representa-
tive backbones, including ViT-Tiny, ViT-Base, ViT-Large,
ResNet [18] and Swin Transformer [35], as summarized
in Table 4. CAR consistently achieves the highest top-
1 accuracy across all evaluated backbones, demonstrating
that its effectiveness is not tied to any specific architec-
tural design. Notably, on larger transformer backbones,
CAR yields consistent gains, including +1.0% on ViT-Large
and +0.8% on Swin, suggesting that the method integrates
effectively with self-attention architectures. The improve-
ments observed on ResNet further confirm that the proposed
confusion-aware spectral regularization also benefits tradi-
tional CNN architectures. Overall, the consistent perfor-
mance gains across diverse model families verify that CAR
is a backbone-agnostic regularization method that can be
seamlessly incorporated into a wide range of architectures
to deliver stable and transferable improvements. Additional
results are reported in Appendix 12.3.

5.4. Generalization Across Imbalance Factors

We further examine the adaptability of CAR under different
imbalance factors (IF = 50 and 200) on ImageNet-LT and
CIFAR100-LT using ViT-Small as the backbone. As shown
in Table 5, our method achieves the highest overall accuracy
across all settings, demonstrating its strong ability to handle
varying levels of class skewness. While the performance
of existing methods degrades noticeably as the imbalance
increases, CAR maintains a more stable trend, outperform-
ing the second-best approach by clear margins under both
moderate (IF=50) and extreme (IF=200) conditions. This
consistent behavior indicates that the proposed method ef-

Table 4. Top-1 accuracy (%) on ImageNet-LT across differ-
ent backbones. Results include ViT variants (Tiny/Base/Large),
ResNet, and Swin. The best results are highlighted in bold.

Methods ViT-Tiny ViT-Base ViT-Large ResNet Swin
Focal [33] 37.98 54.44 60.66 4231 5092
CB [8] 35.09 52.65 59.14 40.06  48.79
BALMS [46] 45.71 62.55 67.92 48.73  55.17
ReMix [6] 37.13 54.10 62.10 41.83  49.08
MetaSAug [31] 40.80 56.70 64.22 44.47 5252
CMO [43] 40.07 57.36 64.71 45.67  52.60
SAFA [20] 43.00 60.34 67.46 46.33 5443
GML [11] 45.24 61.86 68.63 48.77 55.19
ConCutMix [42]  43.26 58.48 66.17 4573 54.48
LOS [49] 45.66 62.54 68.26 49.54  55.62
CAR (Ours) 46.35 63.79 69.26 50.27 56.38

fectively mitigates head-class dominance and improves rep-
resentation alignment for tail categories. Furthermore, the
smaller performance gap between IF=50 and IF=200 shows
that CAR preserves balanced learning dynamics even when
minority classes are extremely rare. More extensive results
and analyses across additional imbalance settings can be
found in the Appendix 12.4.

5.5. Visualization

To further illustrate the effect of our method on inter-class
discrimination, we visualize the class-wise confusion ma-
trices of different approaches on CIFAR100-LT using ViT-
Small, as shown in Figure 2. Specifically, we randomly
select ten categories spanning head, medium, and tail re-
gions to provide a balanced view of class-wise interac-
tions under long-tailed distributions. The left group corre-
sponds to models trained from scratch, while the right group
represents fine-tuning from a pre-trained model. Com-
pared with WB and BALMS, Our CAR yields substan-
tially fewer high-intensity off-diagonal responses on both
training-from-scratch and fine-tuning-from-pre-trained set-
tings, suggesting that it effectively suppresses inter-class
confusion and enhances the separability between categories.

5.6. Complementary to Data Augmentation

We further examine whether CAR can complement exist-
ing long-tailed augmentation strategies as a general regu-
larization module. To this end, we combine CAR with five
representative approaches under different imbalance factors
on ImageNet-LT and CIFAR100-LT. All models are trained
under identical configurations to ensure a fair comparison
across varying augmentation paradigms. As presented in
Table 6, CAR consistently boosts the performance of all
augmentation methods across datasets and imbalance lev-
els. The gains are most pronounced when integrated with
ConCutMix and SAFA, achieving the highest overall accu-
racies under every setting. These consistent improvements
verify that the proposed spectral regularization yields com-
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Figure 2. Class-wise confusion matrices on CIFAR100-LT using ViT-Small. Left: training from scratch. Right: fine-tuning from pre-

trained model.

Table 5. Top-1 accuracy (%) across different imbalance factors
(IF) on ImageNet-LT and CIFAR100-LT based on the ViT-Small.
The best results are highlighted in bold.

ImageNet-LT CIFAR100-LT

Methods

IF=50 IF=200 IF=50 IF=200
CE 49.33 3599 4454 37.19
Focal [33] 52.14 3727 47.60 40.08
CB [8] 50.65 36.13 45.38 39.03
LDAM-DRW [5] 54.96 40.78 49.57 40.96
BALMS [46] 59.57 42.18 53.34 43.85
ReMix [6] 53.32 37.62 48.34 39.79
BBN [65] 5526 41.89 51.79 4143
MetaSAug [31] 5597 3823 5094 42.37
CMO [43] 5727 4266 51.17 43.44
SAFA [20] 58.77 4330 53.16 43.72
WB [1] 5793 41.76 51.67 42.68
GML [11] 59.52 43.65 5440 45.23
ConCutMix [42] 58.14 4320 50.40 44.80
LOS [49] 60.11 44.14 5482 45.62
CAR (Ours) 61.10 46.88 55.93 46.30

plementary benefits, enhancing model performance with-
out overlapping effects with existing augmentation tech-
niques. These results suggest that CAR promotes better
class-wise feature separation and facilitates more effective
exploitation of augmented samples. The observed synergy
between model-level regularization and data-level transfor-
mations confirms that CAR provides a generalizable mech-
anism that can be seamlessly integrated with various aug-
mentation frameworks to further enhance long-tailed recog-
nition. More detailed results and visual comparisons are
presented in the Appendix 12.5.

6. Ablation Studies

Ablation for Class-wise Weight. We examine the influence
of the class-wise weight A on spectral regularization, as
shown in Table 7. All models are trained under identical
settings using ViT-Small on ImageNet-LT and CIFAR100-
LT. Incorporating A consistently improves overall accuracy
on both datasets, indicating that frequency-aware weighting

Table 6. Top-1 accuracy (%) of ViT-Small on ImageNet-LT and
CIFAR100-LT under different imbalance factors (IF). “+” indi-
cates the combination of our method with other long-tailed data
augmentation methods.

| ImageNet-LT CIFAR100-LT

Methods
| IF=50 IF=100 IF=200 | IF=50 IF=100 IF=200
CAR (Ours) 61.10 5748 46.88 | 55.93 51.85 46.30
+ ReMix [6] 62.05 58.74 48.13 | 56.77 53.64 48.57
+ MetaSAug [31] | 64.25 59.28 49.98 | 57.64 53.75 47.70
+ CMO [43] 64.80 59.72 50.74 | 58.20 54.77 49.45
+ SAFA [20] 65.98 6043 51.20 | 59.80 55.71 49.89
+ ConCutMix [42] ]| 66.73 60.07 50.03 | 58.77 55.68 50.19

mitigates the dominance of head categories and stabilizes
optimization under imbalance. The absence of A leads to
skewed gradients toward frequent classes, which degrades
tail performance and hinders convergence. These obser-
vations confirm that A effectively rebalances gradient con-
tributions across categories, encouraging uniform learning
dynamics and improving recognition of minority classes in
long-tailed visual recognition.

Ablation for EMA. We evaluate the effect of the EMA
mechanism on stabilizing spectral estimation, as reported
in Table 7. Introducing EMA leads to consistent improve-
ments on both datasets, confirming that exponential aver-
aging effectively smooths confusion updates and enhances
training stability under imbalance. Without EMA, the es-
timation becomes highly variant across iterations, resulting
in unstable convergence and reduced overall performance.
These results demonstrate that EMA plays a vital role in
maintaining robust spectral regularization. By maintaining
smoother updates of the confusion matrix, it enables more
robust convergence and contributes to overall performance
gains in long-tailed recognition.

Hyperparameter Analysis. We analyze the sensitivity of
CAR to four key hyperparameters on CIFAR100-LT using
ViT-Small, as shown in Figure 3. From left to right, the
plots correspond to the EMA factor 3, smoothing radius
T9, regularization weight «, and margin gate . Overall,
CAR exhibits stable behavior across a wide range of con-
figurations, suggesting that the model is not overly sensi-
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Figure 3. Ablation on four hyperparameters on CIFAR100-LT with ViT-Small (Top-1 accuracy). From left to right: EMA factor £,

smoothing radius ¢, regularization weight «, and margin gate ~.

tive to precise parameter choices. A moderate EMA fac-
tor (S = 0.5) provides the most stable moving average for
spectral estimation, while ro = 0.2 achieves a good bal-
ance between suppressing noise and preserving discrimina-
tion. The regularization weight « reaches an optimum near
0.5, and smaller v values yield better results by preventing
boundary distortion under long-tailed conditions. In sum-
mary, the analysis highlights how different hyperparameters
cooperatively shape the trade-off between stability and dis-
criminative ability in CAR.

Table 7. Ablations for A and EMA. Experiments are conducted on
ImageNet-LT and CIFAR100-LT based on the ViT-Small.

Factor Setting ImageNet-LT CIFAR100-LT

L WA 5439 49.62
w/ A 5748 51.85
WoEMA 5577 5020
EMA  \/ EMA 57.48 51.85
7. Related Work

Long-Tailed Learning. Long-tailed learning aims to ad-
dress the severe class imbalance that commonly occurs in
real-world datasets, where a few head classes dominate the
training distribution while numerous tail classes have scarce
samples [54]. Such imbalance leads to biased decision
boundaries and degraded generalization on rare categories.
To mitigate this issue, a wide range of strategies have been
developed [19]. Re-sampling and re-weighting approaches
(e.g., CB [8], RS [47], RW [27], LDAM-DRW [5]) rebal-
ance the data distribution or modify loss weights to empha-
size tail instances. Decoupled and representation-oriented
learning methods (e.g., MiSLAS [64], DisAlign [61],
ResLT [7], BALMS [46]) refine feature spaces through
balanced fine-tuning or class-specific calibration. Aug-
mentation and meta-learning schemes such as Remix [6],
MetaSAug [31], and ConCutMix [42] further enhance mi-
nority representation by generating more diverse visual pat-
terns. Despite these advances, existing approaches mainly
focus on adjusting sample frequency or loss weighting,

while the confusion spectrum, a critical indicator of model
bias, remains largely underexplored and motivates our con-
fusional spectral regularization framework.

Confusion Matrix-based Learning. The confusion ma-
trix has long been a core diagnostic tool for analyzing
model predictions, capturing both class-wise accuracy and
inter-class misclassification patterns [26, 37, 40]. Beyond
evaluation, it has been employed to characterize classifier
bias [30, 56], improve fairness [23, 50, 55], and support ro-
bust optimization [59]. Calibration-based methods adjust
posterior probabilities to reduce bias [36], while relation-
based approaches build class-correlation graphs to regular-
ize representations and encourage balanced decision bound-
aries [2, 16]. More recently, spectral analysis of the con-
fusion matrix has revealed that its singular value spectrum
reflects the dominance of major confusion directions [12].
Building on these insights [17], confusional spectral regu-
larization constrains the spectral norm of the confusion ma-
trix to suppress biased eigen-directions and enhance classi-
fier fairness.

8. Conclusion

In this work, we introduced a confusion-centric perspective
for long-tailed recognition and established a new general-
ization upper bound that tightly connects the class-specific
error to the spectral norm of a frequency-weighted confu-
sion matrix. This analysis reveals that controlling the spec-
tral structure of inter-class confusions provides a principled
route for improving generalization on the underrepresented
categories. Guided by these insights, we proposed CAR, a
Confusion-Aware Spectral Regularizer that integrates a dif-
ferentiable confusion matrix surrogate with an EMA-based
estimator to enable stable and scalable optimization within
standard training pipelines. Extensive experiments across
CIFAR100-LT, ImageNet-LT, and iNaturalist demonstrate
that CAR consistently improves both worst-class and over-
all accuracy, achieving state-of-the-art performance under
both training-from-scratch and fine-tuning regimes. More-
over, CAR complements existing data-augmentation strate-
gies such as ConCutMix, yielding further gains on both
head and tail classes.
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