Long-tailed Recognition with Model Rebalancing

Jiaan Luo!** Feng Hong'* Qiang Hu' Xiaofeng Cao® FengLiu® Jiangchao Yao'f
LCooperative Medianet Innovation Center, Shanghai Jiao Tong University
2School of Computer Science and Technology, Tongji University
3School of Computing and Information Systems, The University of Melbourne
4Shanghai Artificial Intelligence Laboratory
{luojiaan, feng.hong, qiang.hu, Sunarker}@sjtu.edu.cn
xiaofengcao@tongji.edu.cn
feng.liul@unimelb.edu.au

Abstract

Long-tailed recognition is ubiquitous and challenging in deep learning and even in
the downstream finetuning of foundation models, since the skew class distribution
generally prevents the model generalization to the tail classes. Despite the promise
of previous methods from the perspectives of data augmentation, loss rebalancing
and decoupled training etc., consistent improvement in the broad scenarios like
multi-label long-tailed recognition is difficult. In this study, we dive into the
essential model capacity impact under long-tailed context, and propose a novel
framework, MOdel REbalancing (MORE), which mitigates imbalance by directly
rebalancing the model’s parameter space. Specifically, MORE introduces a low-
rank parameter component to mediate the parameter space allocation guided by a
tailored loss and sinusoidal reweighting schedule, but without increasing the overall
model complexity or inference costs. Extensive experiments on diverse long-tailed
benchmarks, spanning multi-class and multi-label tasks, demonstrate that MORE
significantly improves generalization, particularly for tail classes, and effectively
complements existing imbalance mitigation methods. These results highlight
MORE'’s potential as a robust plug-and-play module in long-tailed settings. The
code is available here.

1 Introduction

Deep learning has revolutionized numerous domains, from computer vision to large language models,
with unprecedented performance largely fueled by large-scale well-curated datasets [Russakovsky
et al., 2015]. However, many real-world uncurated data in diverse scenarios like medical diagnosis
follows long-tailed distributions, where a small subset of dominant classes comprises the majority
of samples, while numerous minority classes remain severely underrepresented [Krizhevsky et al.,
2009]. Such ubiquitous imbalance presents a fundamental challenge for modern deep learning models
that easily overfit high-frequency classes while exhibiting degraded performance w.r.t. low-frequency
classes [Zhang et al., 2023]. It thus has been critical to explore robust methods against long-tailed
challenges under multi-label, multi-class and even finetuning scenarios [Chen et al., 2025].

There are a range of methods developed to address the long-tailed recognition challenge from the
perspectives of data augmentation, decoupled training [Kang et al., 2020b], loss rebalancing [Ma
et al., 2023], and contrastive learning [Zhu et al., 2022, Du et al., 2024]. Despite promise in specific
contexts, they struggle to deliver consistent improvements in broader and more complex scenarios.
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For example, while logit adjustment [Menon et al., 2021] that builds the class frequency corrections,
and probabilistic contrastive learning [Du et al., 2024] that rebalances feature representations are
effective, they usually fail to take effect in the label coupling scenarios like multi-label long-tailed
learning. For data augmentation ways [Shi et al., 2023], although proper re-sampling balances the
class bias, the incurring cost is non-negligible, especially for the finetuning of large foundation
models.

Different from previous perspectives, we explore a novel but more essential direction, which focuses
on manipulating the model space of majorities and minorities and can be easily generalized to different
scenarios efficiently. We start from an intuition that preserving proper model space for minority class
in the manner of low-rank decomposition can help combat the imbalance challenge at the model
level. Then, with a principled analysis of Rademacher complexity under space decomposition, we
show that such a construction can actually support tightening the generalization bound of long-tailed
learning [Menon et al., 2013, Wang et al., 2023], which guarantees the rationale of this new direction.

Based on the above analysis, we propose a novel approach called MOdel REbalancing (MORE), which
partitions the parameter space to reserve dedicated capacity for minority classes while preventing
dominance from majority classes (Eq. (1)). To guide this parameter space reallocation, we introduce
a tailored discrepancy-based loss that measures the contribution of the low-rank component to the
model’s predictions (Eq. (6)), with class-wise weighting that encourages the low-rank component to
focus on tail classes (Eq. (3)). This process is further optimized through a sinusoidal reweighting
schedule that dynamically adjusts the influence of our reallocation loss throughout training—starting
low to establish generalizable features (Eq. (5)). At inference time, low-rank components are fused
with no additional computational overhead. The contributions are summarized as follows:

* We provide theoretical insights into the manner of model space manipulation under class imbalance
(Theorem 1), demonstrating that by properly partitioning the model space for majority and minority
classes, the generalization bounds of long-tailed learning can be further tightened, which enlightens
a new direction to combat the long-tailed challenges at the model space level.

* We propose a novel method, MOdel REbalancing (MORE), for long-tailed recognition without
increasing the overall model complexity or inference costs, which builds on low-rank parameter
decomposition and designs a tailored discrepancy-based loss with sinusoidal scheduling that guides
the proper space for minority classes and simultaneously safeguards the training of majority classes.

* We conduct extensive experiments across a diverse set of datasets, and the results show that
MORE consistently improves long-tailed recognition in both single-label and multi-label settings,
including those integrated with CLIP-based finetuning. The in-depth analysis discloses that MORE
reduces the tendency to converge to saddle points, and proves the rationale of the module design.

2 Related Work

2.1 Single-Label Long-tailed Learning

For single-label long-tailed learning, there are substantial explorations in the recent years [Zhang
et al., 2023]. At the data level, the researchers considered over-sampling and data mixing [Chawla
et al., 2002, Zhong et al., 2021, Shi et al., 2023], while other transfer learning approaches [Yin
et al., 2019, Wang et al., 2021a, Jin et al., 2023, Li et al., 2024a] aimed to enhance minority class
feature space. However, limitations in synthetic data quality mainly restricted their effectiveness.
At the model level, methods like decoupled frameworks [Kang et al., 2020a, Desai et al., 2021]
separate feature representation learning from classifier optimization to reduce imbalance effects.
Re-weighting techniques [Ma et al., 2023, Jiang et al., 2023, Hong et al., 2024, Luo et al., 2024]
adjust the class importance during optimization, encouraging the model to pay more attention to
underrepresented classes. Decision boundary adjustment [Cao et al., 2019, Menon et al., 2021, Li
et al., 2022, Hong et al., 2023, Wang et al., 2025] makes effective by imposing class-specific margins,
narrowing the performance gap between majority and minority classes. Recently, contrastive learning
approaches [Zhu et al., 2022, Zhou et al., 2023b, Cui et al., 2024, Du et al., 2024, Zhou et al., 2024]
show promise for long-tailed recognition by encouraging uniformly discriminative features in all
classes. Fine-tuning foundation models [Shi et al., 2024, Li et al., 2024b] has also gained traction as
a new paradigm, where lightweight approaches have demonstrated notable efficacy in long-tailed
learning.



2.2 Multi-Label Long-tailed Learning

Due to the label coupling effect in multi-label long-tailed learning [Ridnik et al., 2021], the meth-
ods for single-label long-tailed learning usually cannot be directly applied [Tarekegn et al., 2021].
To address this challenge, various modeling methods have been explored. Recurrent neural net-
works [Wang et al., 2016, Yan et al., 2018] and graph convolutional networks [Chen et al., 2019]
have been introduced to learn joint image-label embeddings that better capture label dependencies.
Despite architectural advances, binary cross entropy (BCE) remains foundational due to its decompo-
sition of multi-label tasks into class-wise binary objectives. To tackle label imbalance, distribution
balanced loss [Wu et al., 2020] incorporates re-weighting based on label co-occurrence statistics,
while asymmetric loss [Ridnik et al., 2021] introduces asymmetric focusing factors to treat positive
and negative labels differently. Recent studies have explored AUC-based methods [Yang et al.,
2021, Wang et al., 2022], offering deeper insights into domain adaptation for long-tailed problems in
multi-class settings. Additionally, vision-language models like CLIP [Radford et al., 2021] have been
adapted for multi-label recognition [Sun et al., 2022, Xia et al., 2023], leveraging label semantics to
enhance generalization and mitigate imbalance through cross-modal supervision.

3 Method

3.1 Problem Setup

Consider a standard classification task under imbalanced data settings. Let the training dataset be

denoted as S = Ufil{(:ac27 y;)}, where |S| = N is the total number of training samples, x; € X
is an input sample, and y; € Y C {1,...,C} is its corresponding label from a total of C' classes.
We denote the number of samples in each class as { Ny, Na, ..., N¢}, and assume, without loss
of generality, that N; < NN; for any « < j. In practice, the disparity in sample counts can be
substantial, with N7 < N¢, capturing the essence of long-tailed distributions commonly found in
real-world datasets. The relative class proportions are represented by {71, 7o, ..., 7¢ }, where each
m; = N;/N reflects the empirical prior of class 4. For multi-label classification, for each sample
x; € X, y; € {0,1}€ represents its corresponding one-hot label vector, indicating the set of labels
assigned to x;. Let N/ denote the total number of samples in which label ¢ appears, and let the total

number of label occurrences across all samples be N’ = Zlczl N/. The empirical prior for label i is
then defined as 7, = N//N’, representing the proportion of samples containing label i.

3.2 Space Decomposition

Prior research [Wang et al., 2023] has established class-wise fine-grained generalization bounds
for the balanced risk, in which a critical factor is shrinking Rademacher complexity of the model.
Intuitively, in long-tailed learning, minority classes usually suffer from the limited representational
capacity due to their scarce examples, resulting in substantially higher Rademacher complexity for
these classes. This raises an interesting hypothesis: whether can we manipulate the model space for
majority classes and minority classes to pursue a better generalization?

We start our intuition by decomposing the parameter space with a low-rank decomposition technique,
which is, though, similar to the well-known Low-Rank Adaptation (LoRA) [Hu et al., 2022] in the
form, but fundamentally different in the optimization process. Formally, for a neural network with
parameters 6, comprising weight matrices {W;} across various layers, our core design lies in
systematically decomposing each weight matrix into specialized components:

W, =W/ +W}!=W{+ BlA!, Vie{1,2,...,M}, (D)

where W7 € R™i**i captures generalizable knowledge primarily benefiting majority classes,
W} € R™i*ki gpecializes in representing minority-specific patterns, B; € R™*" and A; € R"*:
with rank r < min(m;, k;) guarantee the low-rank property of W/. At the network level, this
decomposition yields two complementary parameter subsets §9 = {W{ W§ ..., Wy} and
6t = {Wi, Wi, ... ,Wi,}, and composes as a whole by 6§ = 09 ®6" = {WI+W{, ... Wi +Wi}.
In the following, we provide a theoretical proof that if we properly preserve the space §* for minority
classes, we will have some potential to achieve a better generalization bound for long-tailed learning.
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Figure 1: An overview of the proposed method’s framework. The left figure illustrates how our
model rebalancing is designed. The right figure presents the performance on the NUS-WIDE-SCENE
dataset across the Many/Medium/Few splits. Our method demonstrates a significant improvement
in the performance of minority classes, while maintaining or enhancing the performance of other
classes.

3.3 Theoretical Understanding

Basics. To begin with, we provide some necessary notations and basics. For a baseline model F
and our proposed model F, where Fy = {f(z;0) | 0 € ©},0 C R?, and F = {f(z;67,6") |
09 € By, 0t € O}, 04 C R%,0, CR%,d, < d.In long-tailed learning, standard generalization
bounds fail to adequately capture performance across the class spectrum. Prior works [Ren et al.,
2020, Wang et al., 2023] established class-wise generalization bounds that highlight how empirical
Rademacher complexity significantly limits the generalization capabilities for minority classes. This
insight motivates our further analysis in the following theorem when we manipulate the model space
for majority and minority classes. For the detailed proof, please refer to Appendix B.

Theorem 1. Given a function set F, loss function L, and training set S following class-
conditional distribution D, the balanced risk for any function f is defined as Rbﬁal( f) =

& Zyczl Ey~p, [L(f(x),y)]. For the baseline model Fy and our proposed model F as defined
above, with class proportions m, = Ny /N for each class y, the proposed model F enjoys a tighter

generalization bound compared to the baseline Fy. That is, for any f € F and fo € Fo, it holds that
Ry (f) S Ri(fo)-

Remark 1. By decomposing model functionality into general and minority-specific components,
we separately examine their contributions to the overall complexity. Our analysis of class-specific
Rademacher complexities reveals that the proposed approach redistributes modeling capacity toward
minority classes while maintaining the overall complexity bound. The tighter generalization bound
proves that our intuition has formal guarantees for more equitable performance across all classes.

3.4 Model Rebalancing

Motivated by the theoretical analysis in Section 3.3 on decomposing model parameters, we now
detail the practical instantiation of parameter rebalancing through low-rank adaptation and a tailored
discrepancy-based loss, which adaptively emphasizes tail-specific learning to enhance performance
in long-tailed distributions.

3.4.1 Parameter Space Reallocation

Given the parameter decomposition § = 09 & ¢, our objective during training is to allocate 6° for
minority expertise while reserving #9 for majority classes and general knowledge, thereby enhancing
minority classes’ representation through space reallocation. Remember that f (; 6) denotes the output
logits produced by parameters 6 for input . Under optimal training conditions, the complete model
output f(x; 6) demonstrates robust performance across the entire class distribution. Concurrently,
f(x;09) exhibits strong performance exclusively on majority classes while performing poorly on
minority classes, confirming that #9 successfully avoids encoding minority-specific knowledge.

To this end, we propose a tailored loss function that encourages such space reallocation by leveraging
logit-level contrastive supervision. Concretely, we use a discrepancy-based method to measure the



influence of 6% on the model’s output logits. We compute the /5 distance between the output logits of
the model with #9 @ #* and the model with §9:

M(@;0) = || f(a;69 & 6") — f(a;09)]]2. @

This discrepancy term M quantifies the contribution of §? to the model’s prediction. Intuitively, this
term captures the class-specific knowledge introduced by #? that is not present in #9. We propose a
model rebalancing loss, which encourages 0! to learn minority expertise and 69 to capture generalized
knowledge, with a class-wise weight based on the empirical class distribution:

1
EMORE(G) = E Z 7Ty./\/l(.’1};0). (3)
(z,y)€S

This reweighting approach is intentionally designed to assign larger values to the majority. As a result,
the loss will enforce stronger penalties for discrepancies on majority-class samples, thereby driving
6% to minimize its influence on majority predictions. In contrast, for samples in minority classes,
which have smaller weights, the loss imposes weaker penalties, allowing 6 to retain and amplify its
distinct representational contribution. This shifts the learning focus of 6 toward minority classes,
promoting effective reallocation of the model’s internal capacity. In multi-label recognition, the label
y € {0, 1} is a one-hot label vector. The multi-label version of Lyiorg is defined as follows,

More (0 Z Z —— T M(x;67,0°), 4)

(my )ES I= lzz 1Y

where the summation is taken over all active labels (i.e., y; = 1) to ensure that capacity reallocation
remains effective and balanced across all labels, even in complex label distributions.

3.4.2 Sinusoidal Reweighting

To further facilitate learning through the model rebalancing loss, we introduce a dynamic weighting
scheme «(7) based on a sinusoidal schedule on training time step 7, which is characterized as follows,

a(t) = A-sin (77%) , 5)

where A is the peak amplitude controlling the maximum influence of the rebalancing loss, and T'
is the total number of training iterations. The explanation behind this design is to gradually adjust
the strength of the Lyjore to balance learning priorities across different phases of optimization.
At the early stage of training, the model should prioritize learning coarse-grained, easily separable
representations, which are predominantly governed by majority-class samples. Therefore, we assign
a small weight to the reallocation loss LyorE, reducing its regularization effect and allowing 69
to establish strong generalizable features. As training progresses into the middle phase, the weight
assigned to LnoREg increases, enabling the low-rank parameters #? to effectively learn from minority
classes that are often overlooked. In the later stages, the weight is reduced again to prevent overfitting
to the reallocation signal and to maintain unbiased convergence behavior.

3.4.3 Optimization and Inference

Our overall training framework integrates standard objective optimization with specialized space
reallocation through a dynamic weighting mechanism. Given our decomposed parameter structure
0 = 09 @ 6%, the training objective is defined as follows,

Hgn L(0,7) = Lpase(0) + a(7)Lyvore(6), (6

where L4,,5. denotes the primary loss function of different baseline methods, and Lyjorg functions
as a specialized regularizer that systematically reallocates model space to protect minority classes.
This dual-objective approach guides parameter optimization toward a more balanced allocation of
model parameter space across majority and minority classes. Fig. 1 illustrates this training process.
The pseudo-code of our training process is shown in Appendix A.

During inference, we seamlessly merge the decomposed parameters, yielding two crucial benefits: 1)
Identical inference computational complexity to standard models. 2) No increase in model storage
requirements. These efficiency characteristics are particularly valuable in production environments,
where inference speed constitutes a primary bottleneck [Aminabadi et al., 2022].



4 Experiments

4.1 Experimental Setup

Datasets and evaluation metrics. We evaluate the proposed method on a suite of widely used
long-tailed benchmarks, covering both single-label and multi-label image recognition settings. We
conduct experiments under varying imbalance factors (IF), defined as the ratio of sample counts in
the most frequent class (Np,,x) to the least frequent class (N, ). For single-label recognition, we
adopt CIFAR-100-LT [Krizhevsky et al., 2009] and Places-LT [Liu et al., 2019]. CIFAR-100-LT is a
long-tailed variant of the standard CIFAR-100 dataset, consisting of 100 classes with an imbalance
factor of 10 and 100, where the number of samples per class follows an exponential decay. Places-LT
contains 62.5k training images from 365 scene classes, with the number of samples per class varying
from 5 to 4,980, and an imbalance factor of 996. For multi-label recognition, we conduct experiments
on four diverse datasets: MIML [Zhou and Zhang, 2006], Pascal-VOC [Everingham et al., 2010],
NUS-WIDE-SCENE [Chua et al., 2009], and MS-COCO [Lin et al., 2014]. These datasets represent
a spectrum of complexity, with the number of classes ranging from 5 (MIML) to 80 (MS-COCO).
The average number of labels per image varies from 1.24 (MIML) to 3.5 (MS-COCO), while the
imbalance factors span from relatively balanced (1.53 for MIML) to severely imbalanced (352.92
for MS-COCO). For more information about multi-label datasets, please refer to Appendix C.1.
This comprehensive evaluation suite enables us to assess our method’s robustness across different
multi-label recognition scenarios with varying degrees of class imbalance. We follow standard
protocols in long-tailed classification by treating all classes equally during testing and reporting
results across three splits: Many, Medium, and Few, based on the number of training samples per
class. For single-label and multi-label datasets, we report top-1 accuracy and mean Average Precision
(mAP) respectively as the evaluation metrics.

Baselines. We compare our method with a range of strong baselines commonly used in long-tailed
classification. For single-label tasks, we include models trained with standard cross-entropy loss (CE),
class-balanced loss (CB) [Cui et al., 2019], logit adjustment (LA) [Menon et al., 2021], balanced
contrastive learning (BCL) [Zhu et al., 2022], and probabilistic contrastive learning (ProCo) [Du
et al., 2024]. For multi-label classification, we evaluate against binary cross entropy (BCE), focal loss
(Focal) [Lin et al., 2017], and asymmetric loss (ASL) [Ridnik et al., 2021], which are widely adopted
for handling label imbalance. Additionally, since recent advances have shown the effectiveness of
vision-language models in multi-label settings, we also perform experiments based on the CLIP
framework, enabling a broader evaluation across modalities.

Implementation details. Our code is implemented with Pytorch 1.12.1. Experiments based on
CIFAR-100-LT and MIML are carried out on NVIDIA GeForce RTX 3090 GPUs, while other
experiments are carried out on NVIDIA A100 GPUs. For a fair comparison, we use ResNet32 on
CIFAR-100-LT, ResNet34 on MIML, Pascal VOC and NUS-WIDE-SCENE, ResNet50 on ImageNet-
LT and pre-trained ResNet-152 on Places-LT. We train each model with batch size of 64 (for
Pascal-VOC) / 128 (for ImageNet-LT) / 256 (for CIFAR-100-LT, MIML and NUS-WIDE-SCENE) /
512 (for Places-LT) / 1024 (for MS-COCO), SGD optimizer with momentum of 0.9, weight decay
of 0.0002. For multi-label tasks, the initial learning rate is set to 3e-4, with cosine learning-rate
scheduling along training. For tasks based on CLIP model, we use CLIP’s Transformer-based pre-
trained text encoder to extract label features. During training, only vision encoder is fine-tuned, using
a pre-trained ResNet34 model. Other settings are aligned with those of non-CLIP-based models.

4.2 Comparison Results

The efficacy of our proposed method, MORE, is assessed through comparative experiments on
widely used single-label and multi-label long-tailed classification benchmarks, including finetuning
pre-trained CLIP model scenarios. Detailed results are presented in Table 1 and Table 2.

Single-label recognition. We first evaluate MORE on CIFAR-100-LT, employing two distinct
imbalance factors (IF=10 and IF=100) to test its adaptability. As evidenced in Table 1, MORE
consistently elevates performance across all class frequency splits (Many, Medium, Few) when
integrated with strong baselines like LA and ProCo. This consistent improvement, irrespective of
the imbalance severity on CIFAR-100-LT, underscores the robustness of MORE and its general
applicability. The performance advantages become even more critical on the large-scale Places-LT
dataset, which presents a far more severe imbalance (IF = 996) and a substantially larger number of



Table 1: Top-1 accuracy (%) (1) results for Many, Medium, Few and overall classes on CIFAR-100-LT
and Places-LT datasets. For CIFAR-100-LT, results are categorized by imbalance factors (IF).

CIFAR-100-LT IF=10 CIFAR-100-LT IF=100 Places-LT

Method Many Medium Few All Many Medium Few All Many Medium Few All
CE 75.3 62.1 445 614 731 45.1 92 441 46.0 22.3 52 275
CB 66.1 63.5 558 62.1 728 44.8 11.9 447 460 23.6 104 29.1
BCL 70.7 62.7 585 642 66.8 52.8 319 514 424 41.6 304  39.7
LA 69.9 62.8 574 6377 653 51.7 319 505 420 40.3 274 384
+MORE 70.9 64.4 582 648 653 52.3 33.6 512 395 42.0 30.6 395
ProCo 71.3 64.0 587 650 674 52.2 334 519 430 41.5 31.6  40.1
+MORE 72.2 64.4 60.2 659 684 53.5 340 529 433 422 33.1 408

classes (365). MORE continues to deliver substantial gains, particularly for the under-represented
(Medium and Few) classes, which are the primary bottleneck for such severe class imbalance.
Specifically, when synergistically combined with LA on Places-LT, MORE improves accuracy for
Medium and Few classes by a noteworthy 1.7% and an impactful 3.2%, respectively. Collectively,
these results affirm not only MORE’s effectiveness in directly mitigating class imbalance and its
compatibility with established rebalancing methods. For more comparison results, please refer to
Appendix C.2.

Multi-label recognition. Our proposed method, MORE, demonstrates notable effectiveness in
enhancing multi-label long-tailed classification, consistently improving performance when integrated
with established baseline methods across diverse benchmarks, as detailed in Table 2. For results
in Table 2 with standard deviation (Std), please refer to Table 10. The versatility of MORE is
initially showcased on the MIML dataset, where its application with BCE, Focal, and ASL loss
functions yields significant overall mAP gains of 3.8%, 4.0%, and 3.2%, respectively. As the dataset
complexity increases, such as in PASCAL-VOC and NUS-WIDE-SCENE—both of which exhibit
larger label spaces (20 and 33 classes) and more severe class imbalance (with imbalance factors of
20.92 and 159.933)—the benefits of MORE become more pronounced for under-represented classes.
On PASCAL-VOC, MORE brings a substantial improvement of 3% to the Few mAP when combined
with ASL. A similar trend is observed on NUS-WIDE-SCENE, where Few mAP increases by 1.7%,
1.8%, and 1.9% when MORE is applied to BCE, Focal, and ASL, respectively, without sacrificing
performance on the Many classes. It is worth noting that in some cases, Medium classes may perform
worse than Few classes. Similar observations have been made in Zhou et al. [2023b], Xia et al. [2023].
This could be attributed to the varying levels of intrinsic difficulty between classes.

Finetuning the pretrained CLIP model. We further evaluate the effectiveness of MORE by
finetuning a pretrained CLIP on the above multi-label datasets. With the powerful pre-trained model,
we observe that MORE continues to provide consistent improvements across datasets, with more
pronounced gains on Medium and Few classes. As detailed in Table 2, MORE’s application to the
MIML dataset enhances BCE, Focal, and ASL baselines, increasing overall mAP by 1.7%, 1.8%, and
1.8%, respectively. On the more challenging PASCAL-VOC dataset, MORE combined with ASL
achieves a notable 8.3% improvement for the Few classes, accompanied by a 3.2% gain in overall
mAP. Similar trends are observed on NUS-WIDE-SCENE, where MORE enhances the performance
of Few classes by up to 3.5%, along with a 1.5% increase in overall mAP. On the MS-COCO dataset,
MORE also yields substantial gains, improving Few classes performance by 3.2% and overall mAP
by 2.9%. These results indicate the compatibility of MORE with finetuning foundation models.

Training overhead analysis. We conducted additional experiments on the CIFAR-100-LT with the
imbalance factor of 10 on a single NVIDIA 3090 GPU over 200 epochs. The results are shown in
Table 3, which indicates that the overhead of MORE is relatively tolerable. In our implementation,
we apply low-rank decomposition to all convolutional layers of the ResNet backbones, with other
layers remaining unchanged. For CLIP-based models, we freeze the text encoder and fine-tune only
the vision encoder and decompose all convolutional layers within it. We commonly use rank = 0.1.
For parameter comparisons during training: on a ResNet-34 backbone, the learnable parameters are
approximately 25.4M with MORE and 21.3M without. Similarly, for ResNet-50, the counts are about
29.4M with MORE and 25.6M without. This modest training overhead stems from the low-rank
parameters and is relatively contained.



Table 2: mAP (%) performance (1) for Many, Medium, Few, and overall classes. Experimental
evaluations conducted across four benchmarks for multi-label image recognition. Results presented
for two training paradigms: training from scratch and finetuning pretrained CLIP, combining with
different baseline loss functions.

From Scratch Finetuning Pretrained CLIP
BCE Focal ASL BCE Focal ASL
/ MORE / MORE / MORE / MORE / MORE / MORE

Dataset Split

Many 85.1 888 841 884 849 884 963 964 958 966 964 968
Medium 779 812 781 827 795 825 908 930 914 932 919 937
MIML Few 853 882 862 8.3 858 892 932 950 928 956 925 959
All 80.8 846 809 8.0 818 850 924 941 926 944 929 947

Many 68.6 69.7 68.1 69.9 69.9 69.1 86.9 87.1 86.9 87.4 87.3 88.9
Medium  57.6 59.6 57.7 60.2 59.0 60.0 84.0 84.2 84.5 84.8 85.1 87.1

PASCAL-
VOC Few 526 550 536 541 529 558 814 845 836 8.1 822 905

All 588 607 590 609 599 61.0 841 849 848 865 849  88.1

Many 778 782 776 781 780 783 751 736 743 749 756 7438
NUS- Medium 47.6 488 474 487 485 493 447 440 450 450 444 460
WIDE- Few 395 412 402 420 407 426 325 365 330 394 352 387
SCENE 4 543 554 544 556 551 561 502 507 502 523 510 525

Many 642 651 645 652 649 652 529 504 521 504 490 517
MS- Medium 605 618 613 620 615 623 538 554 542 565 549 579
COCO Few 269 279 273 277 272 280 237 268 237 274 255 287

All 57.9 59.1 58.6 59.3 58.8 59.6 511 52.5 51.3 53.4 51.9 54.8

Table 3: Training overhead analysis. Experiments Table 4: Analysis of | f,(x; 67 & et) — fy(x;67)|
are conducted on CIFAR-100-LT with the imbal- across samples from Many, Medium, Few classes
ance factor of 10 on a single NVIDIA 3090 GPU. in the final trained models on various datasets.

Method Training Time (Minutes) Dataset Head Medium Few
A 1a MIML 0.016  0.018  0.020
LA w/ MORE 1 MIML w/ CLIP  0.064  0.083  0.091
BCL 49 VvOC 0.062  0.067  0.071
ProCo 64 VOCw/CLIP  0.026 0.028  0.036

Differential impact of tail-specific parameters on logits. To gain a deeper understanding of our
mechanism, we analyze the absolute logit difference, | f, (z; 09 ©60") — f, (; 69)|, gauging the impact
of the tail-specific parameters §¢. Table 4 shows a consistent trend across all datasets: the difference
is smallest for Head classes and largest for Few classes. This indicates that % responds more strongly
to tail-class samples, amplifying their representations. The key insight is this relative ordering across
groups, which reflects a differential effect on the logits. This pattern confirms our method effectively
boosts logits for underrepresented classes.

4.3 Ablation Study

We perform additional ablation studies on crucial aspects of our proposed MORE: its key compo-
nents and hyperparameter choices, including the reweighting schedule (Eq. (5)), peak amplitude A
(Fig. 2(¢)), rank r (Fig. 2(d)), the discrepancy metric (Eq. (2), Fig. 3(b), and Fig. 3(a)), and Lyj0RE
as a whole (Eq. (6), Fig. 3(c), and Fig. 3(d)). We validate MORE’s robustness across different image
resolutions (Fig. 2(a) and Fig. 2(b)). Moreover, we analyze the loss landscape (Table 6) to provide
further evidence for the model rebalancing achieved.

Ablation on different reweighting schedules (Eq. (5)). To assess the impact of different weighting
schedules on the rebalancing loss, we conduct ablation experiments using three distinct methods
for the coefficient a(7): a constant setting, a cosine-based decay schedule a(7) = A - cos(n7/2T)
that gradually reduces the influence of the rebalancing loss, and a sinusoidal schedule as defined in
Eq. (5). These methods reflect different assumptions regarding the optimal timing and intensity of



Table 5: Top-1 accuracy (%) (1) results on single-label dataset and mAP (%) (1) results on multi-label
datasets with different weighting schedules on «(7). Experiments conducted on single-label dataset
(CIFAR-100-LT) and multi-label datasets, comparing different method combinations. Const. denotes
constant weighting, cos denotes cosine-based weighting, and sin denotes sinusoidal weighting.

Multi-Class Dataset Multi-Label Dataset

Method a(r) IF=10 1IF=100 Method a(r) MIML VOC NUS COCO
const. 63.9 50.7 const. 82.3 59.3 549 58.2
LA+MORE cos 64.0 50.9 BCE+MORE cos 84.0 59.6 552 58.4
sin 64.8 51.2 sin 84.6 60.7 554 59.1
const. 65.2 52.1 const. 83.1 604 555 59.1
ProCo+MORE COS 65.4 52.4 ASL+MORE COS 83.8 60.8 55.7 59.3
sin 65.9 52.9 sin 85.0 61.0 56.1 59.6
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Figure 2: (a, b) mAP (%) (1) at 112x 112 and 224 x224 resolutions, on MIML and NUS-WIDE-
SCENE, respectively. (¢) The impact of the peak amplitude A in MORE. (d) The impact of the rank
r in MORE. In (c¢) and (d), experiments are conducted on MIML combined with BCE.

mAP (%)

supervision from the rebalancing loss. We apply this ablation across both single-label and multi-label
recognition settings. In Table 5, the sinusoidal method consistently improves performance over the
constant and cosine-based schedules in both single-label and multi-label settings, showing benefits
across all datasets. These results validate that modulating the strength of rebalancing loss over time
via sinusoidal scheduling allows the model to better balance generalization.

Ablation on peak amplitude A and rank r. We analyze the influence of the peak amplitude A and
rank the r in MORE, as illustrated in Fig. 2(c) and Fig. 2(d), respectively. Due to the weight normal-
ization in Eq. (3), A exhibits sensitivity to C, thus we report the normalized amplitude A’ = A/C
for clarity. Experimental results demonstrate that MORE consistently yields performance improve-
ments across a broad spectrum of A’ values, with optimal performance observed at approximately
2.0. Similarly, MORE maintains robust improvement across various rank values r, achieving peak
performance at approximately 0.1. Notably, the baseline mAP remains below 83%.

Ablation on the discrepancy metric (Eq. (2)). We conduct experiments to evaluate different
methods for measuring distributional divergence. In our approach, we use ¢, distance to measure
the discrepancy between the distributions of f(6) and f(#9). For this purpose, KL divergence is
also a common metric for this purpose. We compare the performance of both KL divergence and
{5 distance, as shown in Fig. 3(b) and Fig. 3(a). The results demonstrate that while KL divergence
yields some improvement over the baseline, {5 distance leads to significantly better results. This
indicates that /5 distance is a more effective measure of distributional differences in our method.

Ablation on £yjorEg as a whole (in Eq. (6)). In Fig. 3(c) and Fig. 3(d), we compare our proposed
MORE with the baseline method BCE, and MORE w/o Lyjorg on VOC and COCO. Evidently,
MORE w/o Lyiorg performs comparably to the baseline. However, MORE (incorporating Lyjorg)
markedly improves overall performance, with notable gains on Few classes. This indicates that the
LoRA-like parameter decomposition (Eq. (1)) alone does not effectively alleviate class imbalance;
effective mitigation is only achieved when this decomposition is combined with LyjoRrE to realize
model space rebalancing.

Robustness across input resolutions. We evaluate MORE under resolutions of 112x 112 and
224 %224 on MIML and NUS-WIDE-SCENE datasets. As shown in Fig. 2(a) and Fig. 2(b), MORE
consistently improves performance across both resolutions and with both BCE and ASL losses,
demonstrating robustness to different resolutions.
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Figure 3: (a,b) mAP (%) (1) using KL divergence and ¢, distance (MORE) as the discrepancy
measure, with and without CLIP, respectively. (c,d) mAP (%) (1) of the baseline model, MORE w/o
Lyvore, compared to MORE, on Pascal-VOC and MS-COCO, respectively.
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Table 6: Loss landscape metrics across different methods on MIML. We report four class-wise
imbalance indicators: Imb.A i, (1), Imb. Apax (), Imb. Tr (), and Imb.~ ({), computed as the ratio
between the largest and smallest absolute values of each Hessian-based metric across classes. Lower

values indicate a more balanced curvature across classes. Ai}jzn (1) and v () represent \,,;,, and
~ for the class with the fewest samples (class 0), where higher \,,;, and lower ~ suggest a flatter

landscape and a reduced tendency to converge to saddle points.

Method CLIP  Imb\ni, ImbAy. ImbTr  Imby A Yo

BCE v 6.837 5348 1822 2467  -2181  0.1896
BCEw/MORE v 5193 8303 1133 1612  -5973  0.0137
BCE / 1330 2190 2351 23832  -3168  0.1257
BCEw/MORE  / 2175 1671 1436 1461  -1.932  0.0200

Flat minima of loss landscape. In imbalanced learning, minority classes tend to converge to saddle
points in the loss landscape, which often leads to poor generalization [Dauphin et al., 2014, Zhou
et al., 2023a]. Following [Rangwani et al., 2022], we focus on four metrics derived from the Hessian
matrix: the minimum eigenvalue \.,;,,, the maximum eigenvalue A, ., the eigenvalue ratio v, and the
trace of the Hessian Tr. These four metrics could indicate the sharpest directions of curvature and the
overall sharpness of the landscape for each class. A low value of A\,;, and a large value of -y indicate
a non-convex region and empirically suggest convergence to a saddle point, where optimization is less
stable and generalization is typically weaker. To measure the degree of imbalance in the curvature
across different classes, we use four class-wise imbalance indicators: Imb.\,,,;,,, Imb.\,,, 42, Imb.Tr,
and Imb.~, where each is computed as the ratio between the largest and smallest absolute values of
the respective metric across all classes. Table 6 demonstrates that our method substantially mitigates
curvature imbalances across metrics. When combined with the MORE method, all four imbalance
factors show significant reductions. Additionally, for the class with the fewest samples (class 0), the
combination with MORE leads to noticeable optimizations in both A.,;;, and . These results indicate
that our method not only smoothens the loss landscapes but also effectively balances the per-class
curvature, particularly for underrepresented classes, thereby enhancing generalization performance.
For more ablation studies, please refer to Appendix C.2.

5 Conclusion

In this work, we have introduced MOdel REbalancing (MORE), a novel method for addressing
class imbalance by rebalancing the model space. By decomposing model parameters into main
and low-rank components, MORE explicitly enhances the representation of underrepresented tail
classes through a tailored loss formulation and sinusoidal reweighting approach. This approach
ensures efficient and balanced learning dynamics without increasing model complexity or inference
overhead. Extensive experiments across diverse long-tailed benchmarks, including both multi-class
and multi-label tasks, demonstrate that MORE consistently improves performance, particularly for
tail classes, and effectively integrates with existing imbalance mitigation techniques. Future work
will extend MORE to other imbalanced learning scenarios, such as few-shot learning and domain
adaptation, to further enhance its applicability and robustness. Further refinements can focus on
mitigating representational trade-offs for semantically disparate tail classes via semantic grouping.
Moreover, a stricter decoupling of general and tail-specific parameters, such as through orthogonality
constraints, also offers a promising direction to enhance model modularity and reduce redundancy.
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paper’s contributions and scope?
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Justification: All statements in the abstract and introduction are aligned with the main
contribution of the paper. All claims are supported either by rigorous theoretical results or
extensive experimental results.
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* The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: See Section F.
Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

 The authors are encouraged to create a separate "Limitations" section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
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Answer: [Yes]
Justification: See Section 3.3 and Section B.
Guidelines:

» The answer NA means that the paper does not include theoretical results.

 All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]
Justification: See Section 4.1 and Section 4.2.
Guidelines:

* The answer NA means that the paper does not include experiments.

* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
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Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: The datasets used in this work are publicly accessible. The code of this paper
will be released after anonymized review.

Guidelines:

* The answer NA means that paper does not include experiments requiring code.

¢ Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

 The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.
6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]
Justification: See Section 4.1 and Section 4.2.
Guidelines:

» The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]
Justification: See Table 10.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

19


https://nips.cc/public/guides/CodeSubmissionPolicy
https://nips.cc/public/guides/CodeSubmissionPolicy
https://nips.cc/public/guides/CodeSubmissionPolicy
https://nips.cc/public/guides/CodeSubmissionPolicy

8.

10.

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

* It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

e It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

» For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer:[Yes]
Justification: See Section 4.1 and Section 4.2.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?
Answer: [Yes]
Justification: This paper is conducted with the NeurIPS Code of Ethics.
Guidelines:
» The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

o If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).
Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]
Justification: See Section E.
Guidelines:
» The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.
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» The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
Justification: This paper poses no such risks.
Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: All code, data, and models used are properly cited. The license, copyright, and
terms of use are carefully followed.

Guidelines:

* The answer NA means that the paper does not use existing assets.

* The authors should cite the original paper that produced the code package or dataset.

 The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

 If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.
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13.

14.

15.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]

Justification: Thorough documentation, including instructions, detailed comments, and
examples will be provied when the code is public.

Guidelines:

* The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification: This paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with

human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justification: This paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.
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16. Declaration of LLLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [NA]

Justification: The core method development in this research does not involve LLMs as any
important, original, or non-standard components.

Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

¢ Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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A Algorithm

We summarize the pseudo-code of MORE to demonstrate the procedure of implementing our method
in detail, as shown in Algorithm 1.

Algorithm 1 Algorithm of MORE

Initialize: 09 = {W{ W4, ... , Wy, }and 6" = {W{ Wi, ... Wi}
forr=1to 7T do
Sample mini batch B < S
Calculate Lyase via f(x;09 @ 6') and y, (z,y) € B
Calculate Lyjorg via Eq. (3)
Calculate (1) via Eq. (5)
Take gradient descent on Vo gt (Lbase + &(7)LMORE )
Optional: anneal the learning rate with 7
end for

B Theoretical Supplement

In this section, we present a formal proof for Theorem 1. In imbalanced learning, the effectiveness of
a model is typically evaluated based on its ability to minimize the balanced risk, which averages the
risk across all classes to mitigate the impact of class imbalances. For any f € F, the balanced risk is
defined as:

C
RE) = & D Ean [£((2), ) ™
y=1

where C denotes the number of classes, D, represents the data distribution for class y, £ is a
loss function. Let Gy = {L o fy : fo € Fo} denote the hypothesis space of baseline model, and
G ={Lo f: f € F} denote the hypothesis space of our proposed model.

Lemma 1. Following Wang et al. [2023], for any f € F, the balanced risk can be bounded by the
following inequality:

1. 1
Ria(f) < G DBy (N+ 5 Rs, (@) +6 ®)
y=1 y=1

where RE(f) denotes the empirical risk, 7%5@/ (G) denotes class-specific Rademacher complexity, and
€ is a confidence term. The class-specific Rademacher complexity is defined as:

1
Rs,(G) =Eo [sup— > oig(xi) |, ©

9€G Y iyi=y
where o; € {+1, —1} are independent random variables.

To prove Theorem 1, we introduce the following necessary assumptions that are formally required in
the proof:

Assumption 1. The hypothesis space G is sufficient to fit the data distribution D on dataset S.
Formally, there exist gopr = {91, 92, . .- },9:; € G and g; that are optimal to fit D, so that there exists
a subspace Gy, C G sufficient to fit D. This is a common assumption, ensuring that G has adequate
expressive power.

Assumption 2. Through parameter decomposition, the hypothesis space is partitioned as G =
Qmaj U Gyes, Where G, is constrained by a low-rank parameter r, as shown in Fig. 4(a). For an
appropriate choice of , Gup € Gngj € G is sufficient to fit the majority class distribution D,y,q.

Remark 2. The decomposition in Assumption 2 implies that the empirical risk is approximately

preserved, i.e., RE(f) ~ RE(fo), where f € F and fy € Fo, which is generally satisfied by a proper
r. The empirical verification presented in Fig. 4(b) supports this point inherent in Assumption 2.
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Figure 4: (a) Decomposition of hypothesis space G. (b) Empirical risk comparison between baseline
and MORE. Experiments are conducted on MIML using BCE as base loss.

Proof. The class-specific Rademacher complexity in Eq. (9) quantifies the capacity of G to fit random
noise in the samples of each class. In our approach, we decompose G based on class roles; for majority
classes (y € Yng), the effective hypothesis space is Gnaj € G; for minority classes (y € Yiin), the
effective hypothesis space is G, = G. The risk of decomposed Rademacher complexity terms is
defined as:

c
Ry = Z R, (Gmsj), Ra = Z R, (Gmin)» Zﬁsy(g) =Ry + Ry. (10)
y=1

Y€ Yinaj YE Yin

We now demonstrate that the decomposed hypothesis space effectively reduces the overall risk of
Rademacher complexity. For minority classes, G, = G, which maintains identical to the baseline
hypothesis space Gy in expressive power. Thus for any y € Yj,;,, we have:

Rs, (Gmin) = Rs,(G) = Rs, (Go)- (11)
Summing over all minority classes, we obtain the following:

Ry= Y Rs,(Gmin) = Y_ Rs,(Go). (12)

Y€ Yonin YE Yin

For majority classes, Gmaj € G. For any y € Yi,j, since the supremum is taken over a smaller set, we
have:

R 1 1 R
RSy (gmaj) = IEo’ sSup — Z o—ig(xi) S ]Ea sup F Z JiQO(xi) - RSy (g0)
9€Gmi VY 4oy go€Go0 Ny ;.
(13)
Summing over all majority classes, we obtain the following:
Ry= Y Rs, (Gmij) < > Rs,(G) (14)

YE Yinaj YE Yingj

By combining Eq. (10), Eq. (12) and Eq. (14), we obtain the reduced risk of Rademacher complexity:
1y 1 s
5 2_Rs,(9) < 5> Rs,(Go). (15)
y=1 y=1

Finally, by combining Eq. (15) and Eq. (8), we derive the tighter bound for the balanced risk under
Assumption 1 and Assumption 2, for any f € F and fy € Fo:

RE,(f) < RE\(fo)- (16)
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C Experimental Supplement

C.1 Statistics of Datasets

To assess the effectiveness of the proposed approach, we perform an extensive set of experiments
across four benchmark multi-label datasets, each with distinct characteristics, as outlined in Table 7.
These datasets span a broad range of complexities, including variations in scale, domain, and class
distribution, providing a comprehensive evaluation of the robustness and generalizability of our
method. This allows us to examine the performance of our approach in multi-label recognition
tasks, particularly in the presence of varying degrees of class imbalance—a challenge commonly
encountered in real-world applications.

Table 7: Statistics of multi-label datasets used in our experiments. The datasets exhibit varying levels
of complexity in terms of class count, training sample size, and class imbalance. The imbalance
factor is calculated as the ratio between the maximum and minimum number of samples per class,
with higher values indicating more severe class imbalance.

Dataset Classes Samples Min Sam- Max Sam- Avg. La- Imbalance
ples/Class ples/Class bels/Sample Factor
MIML 5 3,000 289 441 1.24 1.53
Pascal-VOC 2007 20 5,000 96 2,008 2.5 20.92
NUS-WIDE-SCENE 33 17,500 75 11,995 34 159.93
MS-COCO 80 82,800 128 45,174 35 352.92

C.2 More Comparison Results

Single-label recognition. Our approach may be conceptually analogous to Mixture-of-Experts (MoE)
methods like RIDE [Wang et al., 2021b] and BalPoE [Aimar et al., 2023], as both paradigms augment
model capacity for Few classes, albeit through fundamentally different optimization schemes. We
performed a comparative analysis as shown in Table 8. The results show that integrating MORE
with a strong baseline (ProCo) consistently outperforms MoE methods. Crucially, while MoE
methods increase model size and computational cost with expert branches, MORE achieves these
improvements with no additional inference-time parameters, highlighting its efficiency. To further
verify the scalability of MORE, we evaluated our method on the large-scale ImageNet-LT dataset
with a ResNet-50 backbone. As shown in Table 9, MORE provides stable improvements across all
partitions, with the most significant gains on Few classes while maintaining performance on many and
medium classes. These findings are consistent with our results on other datasets (e.g., CIFAR-100-LT,
Places-LT), confirming that our method scales effectively to larger and more diverse data. Notably, the
overall gains in certain settings may appear relatively modest. This may be attributed to performance
saturation on well-represented classes, which restricts large improvements in the overall metric and
concentrates our method’s substantial gains on the more challenging Few classes.

Table 8: Top-1 accuracy (%) (1) for more comparison results on CIFAR-100-LT. Results are catego-
rized by imbalance factors (IF).

Method Backbone Params IF=10 IF=100
CE Resnet32 0.57M 61.4 44.1
CB Resnet32 0.57M 62.1 447
RIDE (4 experts)  Resnet32 1.04 M 62.5 514
BalPoE Resnet32 1.37M 65.2 51.9
ProCo Resnet32 0.57M 65.0 51.9
+MORE Resnet32 0.57M 65.9 52.9

Multi-label recognition. Due to space limitations, the standard deviations for the results presented in
Table 2 are not included in the main text. Results with standard deviations are provided in Table 10.

More ablation studies. To further analyze our method’s contributions, we ablate it against two
low-rank baselines on the VOC dataset: 1) BCE (69 + 6%), which pairs our decomposition with
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Table 9: Top-1 accuracy (%) (1) results for Many, Medium, Few and overall classes on ImageNet-LT
datasets.

Method Many Medium Few All

CE 69.6 422 145 49.0
CB 69.7 427 16.7 49.6
LA 63.7 51.9 347 54.1

+MORE 65.0 52.6 36.1 55.1

ProCo 66.2 53.9 37.3 563
+MORE 66.9 54.8 380 572

Table 10: mAP (%) performance metrics (1) for overall classes. Experimental evaluations conducted
across MIML, PASCAL-VOC, NUS-WIDE-SCENE, and MS-COCO benchmarks for multi-label
image recognition.

BCE Focal ASL
Dataset / MORE / MORE / MORE
MIML 80.8+0.6 84.6+0.3 809+05 85.0+0.4 81.8+04 85.0+0.4
PASCAL-VOC 58.840.4  60.7+0.3 59.0+0.4 60.9+0.3 599+06 61.0+0.3
NUS-WIDE-SCENE 54.3+t0.2 55.4401 54.4+02 55.6+0.1 55.1+0.3 56.1+o0.2
MS-COCO 579+0.7 59.1+0.3 58.6+0.3 59.3+0.3 58.8+0.4 59.6+0.2

BCE loss, and 2) BCE (LoRA), which fine-tunes with LoRA under BCE. As shown in Table 11,
our method substantially outperforms both. This demonstrates that the gains stem from our overall
design rather than the low-rank formulation itself. While LoRA only alters update dynamics in a
fixed-capacity model, our approach rebalances model capacity to specifically counter class imbalance.

Table 11: mAP (%) performance (1) comparison with low-rank variants.
Method BCE BCE (89 + 6% BCE (LoRA) BCE (MORE)
Performance (%) 58.8 59.0 58.4 60.7

D Further Discussions

Beyond a unified tail space. Our framework represents all Few classes within a unified low-rank
space, which may introduce representational trade-offs when certain classes are semantically disparate.
While our parameter decomposition already isolates tail-specific features from the influence of Head
classes, future work could further mitigate this intra-tail competition. One promising direction is to
partition Few classes into semantically coherent groups (e.g., via clustering) and learn a dedicated set
of low-rank parameters for each group. A simpler alternative is to increase the rank of the shared tail
space to enhance its expressive capacity.

Decoupling general and tail-specific parameters. The interplay between the general parameters
69, and the tail-specific parameters 6, presents another promising direction for future investigation.
Although guided by different objectives, their joint optimization may still result in representational
overlap. Enforcing a stricter decoupling, for instance via an orthogonality constraint between
69 and 6%, could yield a more modular model by minimizing this redundancy. Although certain
constraints can introduce optimization challenges like impeded convergence [Vorontsov et al., 2017],
exploring appropriate regularization approaches remains a valuable direction that could further
improve performance on Few classes.
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E Social Impact

Our research for long-tailed recognition has significant societal implications beyond its technical
contributions. By addressing the fundamental challenge of class imbalance in machine learning,
our work contributes to more equitable Al systems that can better serve diverse populations and
use cases. Long-tailed distributions are ubiquitous in real-world scenarios, particularly in critical
domains such as medical diagnosis [Dai et al., 2024, Holste et al., 2024], where rare conditions often
receive inadequate representation in training data. By improving model performance on minority
classes without sacrificing accuracy on majority classes, our approach helps create more reliable and
fair Al systems that can recognize and respond appropriately to less common but equally important
cases. The parameter space manipulation technique enables more effective learning from imbalanced
datasets without requiring additional computational resources during inference. This efficiency
is particularly valuable for resource-constrained environments and applications where equitable
performance across all classes is essential for ethical deployment. By advancing the theoretical
understanding of model space allocation in imbalanced learning scenarios and providing a practical,
efficient implementation, our work contributes to the development of more inclusive Al technologies
that can better serve the full spectrum of human needs, including those of underrepresented groups
whose data may naturally fall into the "long tail" of many real-world distributions.

F Limitations, Discussions, and Future Work

Our work introduces MORE as a novel approach to long-tailed recognition through model space
manipulation, demonstrating strong empirical results across diverse datasets. While effective, we ac-
knowledge several limitations and future directions. First, our current static parameter decomposition
applies uniformly across layers, whereas a dynamic decomposition strategy could adaptively allocate
capacity based on layer importance for minority classes. Second, given limited training resources,
we have primarily validated MORE on visual recognition tasks; extending our approach to other
modalities (text, audio, video) could reveal broader applications of our parameter space manipulation
principles. As foundation models continue to grow in importance, adapting MORE for extremely
large-scale pre-trained models while maintaining parameter efficiency remains an exciting avenue for
future exploration.
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