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Abstract

Real-world datasets often suffer from both noisy labels and long-tailed distributions, where
rare classes are more prone to annotation errors. Existing methods typically ad- dress these
issues separately or rely on unreliable noise pre-screening, leading to biased learning and un-
stable optimization. We propose Soft-label Refurbishment with Ensemble Learning (SoREL),
a two-stage framework that jointly handles label noise and class imbalance. In the first stage,
SoREL performs robust soft-label refurbishment via contrastive learning for unbiased rep-
resentation learning and a Balanced Noise-tolerant Cross-entropy (BANC) loss for stable
pre-screening. In the second stage, refurbished soft labels guide multi-expert ensemble learn-
ing, where experts specialize in many-, medium-, and few-shot classes. Soft- label-based class
statistics further refine loss weighting to better match the true data distribution. Experiments
on simulated and real-world noisy long-tailed datasets demonstrate that SoREL achieves
91.80%/67.59% on CIFAR-10/100-LT and 77.74% / 81.40% on Food-101N and Animal-10N,
significantly outperforming prior methods.
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Abstract

Real-world datasets often suffer from both noisy labels
and long-tailed distributions, where rare classes are more
prone to annotation errors. Existing methods typically ad-
dress these issues separately or rely on unreliable noise
pre-screening, leading to biased learning and unstable opti-
mization. We propose Soft-label Refurbishment with Ensem-
ble Learning (SoREL), a two-stage framework that jointly
handles label noise and class imbalance. In the first stage,
SoREL performs robust soft-label refurbishment via con-
trastive learning for unbiased representation learning and
a Balanced Noise-tolerant Cross-entropy (BANC) loss for
stable pre-screening. In the second stage, refurbished soft
labels guide multi-expert ensemble learning, where experts
specialize in many-, medium-, and few-shot classes. Soft-
label-based class statistics further refine loss weighting to
better match the true data distribution. Experiments on simu-
lated and real-world noisy long-tailed datasets demonstrate
that SOREL achieves 91.80%/67.59% on CIFAR-10/100-LT
and 77.74% / 81.40% on Food-10IN and Animal-10N, sig-
nificantly outperforming prior methods.

Keywords: Long-Tail Learning; Noisy Label; Label Re-
furbishment; Defect Detection

1. Introduction

Deep learning has achieved remarkable success across vision
and language tasks, largely enabled by large-scale datasets
with clean, balanced annotations [30]. In practice, however,
real-world data rarely meets these conditions. Annotation
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errors and heterogeneous sources introduce noisy labels [43],
while natural category frequencies often follow a long-tailed
distribution [49], in which a few classes dominate and many
classes have only a handful of samples. These two chal-
lenges frequently co-occur, making robust model training
particularly difficult.

Most prior work addresses noisy labels or long-tailed
data individually, but their effectiveness drops when both
problems are present. Methods for noisy labels typically
assume balanced data, ignoring rare classes and becoming
more vulnerable to noise [33]. Similar learning patterns
between clean tail-class samples and mislabeled data can
also lead to incorrect corrections, further exacerbating imbal-
ance [2]. Conversely, long-tailed learning approaches often
rely on re-sampling or re-weighting to balance class distribu-
tions [29]. When labels are noisy, however, these strategies
may amplify errors and mislead the model, particularly for
underrepresented classes.

Existing approaches struggle to maintain robustness when
noisy labels and long-tailed distributions coexist. Many
methods attempt to separate noisy from clean samples within
tail classes for further processing [24, 40, 46], but pre-
screening networks trained on long-tailed data are prone
to misclassification. For example, noisy labels from head
classes can resemble clean samples from tail classes, causing
confusion. Other approaches [20] rely on feature distribu-
tions to identify noisy samples, yet this becomes unreliable
for minority classes, where even a few mislabeled samples
can dominate learning.

To overcome these limitations, we propose Soft-label
Refurbishment with Ensemble Learning (SoREL), a two-
stage framework that jointly addresses label noise and class



imbalance. Instead of making hard decisions, SOREL per-
forms soft-label refurbishment to integrate class distribution
information, original annotations, and model predictions to
refine all labels across the dataset. Motivated by the robust-
ness of ensemble learning in long-tailed settings [8], these
refined labels are leveraged to guide multi-expert ensemble
training, providing a holistic and reliable framework for
learning from data that is both noisy and imbalanced. The
overall architecture is illustrated in Fig. 1.

The first stage of SOREL performs unsupervised con-
trastive learning to produce robust feature representations
for all samples. This approach is naturally resistant to both
class imbalance and label noise, producing unbiased em-
beddings [9, 23]. Based on these features, we introduce a
BAlanced Noise-tolerant Cross-entropy (BANC) loss to
train a balanced and noise-resilient classifier for data pre-
screening. The classifier outputs are then combined with
original annotations, weighted by prediction confidence and
class rarity, to generate refined soft labels. Unlike prior ap-
proaches that discard or overwrite labels based solely on
predictions, our method adaptively blends predictions and
annotations, producing soft labels that capture both reliabil-
ity and class distribution information.

The second stage of SOREL tackles residual class imbal-
ance through ensemble learning. The robust representations
from the first stage are used to train three expert classifiers,
each specializing in many-shot, medium-shot, and few-shot
categories. Soft labels are further refined during this pro-
cess, enhancing both robustness to long-tailed distributions
and overall generalization. For the medium- and few-shot
experts, loss weighting is guided by soft-label-based class
distribution statistics. Unlike conventional hard-label-based
weighting [13, 29], this strategy aligns optimization with the
effective data distribution, improving expert calibration and
overall model performance.

We evaluate SOREL on both the simulated and real-
world noisy long-tailed datasets, including CIFAR-10/100-
LT, Food-101N, and Animal-10N. SoREL consistently out-
performs the state-of-the-art (SOTA) methods, reaching
91.80%/67.59% on CIFAR-10/100-LT and 77.74%/81.40%
on Food-101N and Animal-10N, respectively, substantially
beating prior long-tail (LT), noisy label (NL), and combined
NL-LT approaches. The improvements are especially pro-
nounced under high imbalance ratios and challenging noise
conditions, with the gains up to 30% on CIFAR-100 with
asymmetric noise. The ablation studies confirm the critical
contributions of soft-label refurbishment, the BANC loss,
and multi-expert ensemble learning, showing consistent per-
formance improvements across many-, medium-, and few-
shot classes, and demonstrating robustness, noise tolerance,
and effective handling of imbalanced data distributions.

Our main contributions are summarized as follows:

* We propose the Soft-label Refurbishment with Ensemble

Learning (SoREL) to address the challenging scenario
where datasets exhibit both label noise and long-tailed
distributions, which jointly compromise the performance.
Soft-Label Refurbishment: We propose an advanced train-
ing strategy that combines contrastive learning-based pre-
screening with balanced and noise-tolerant predictions.
By integrating original labels with prediction confidence
and class distribution information, we generate robust soft
labels that mitigate the effect of noisy annotations.

* Multi-Expert Ensemble for Long-Tailed Learning: Using
the soft labels from the first stage, we train an ensemble
of three experts specialized in many-shot, medium-shot,
and few-shot categories. This strategy leverages soft-label-
based class statistics to counter class imbalance, improving
model robustness and generalization.

Beating the SOTA methods: Our extensive experiments on
the synthetic and real-world noisy long-tailed datasets
show that SoREL consistently outperforms the SOTA
methods, reaching 91.80%/67.59% on CIFAR-10/100-LT
and 77.74%/81.40% on Food-101N and Animal-10N.

2. Related works

2.1. Label-noise learning

A common strategy for handling noisy data is to separate
clean samples from noisy ones, reducing the impact of cor-
rupted labels during training. The methods such as Co-
Teaching [10] and DivideMix [21] achieve this via small-
loss selection, while Jo-SRC [45] and UNICON [17] use
Jensen-Shannon divergence to identify noisy samples.

Another approach focuses on correcting labels to prevent
overfitting to incorrect annotations. SELFIE [32] identi-
fies samples with consistently accurate predictions as refur-
bishable, and only these labels are corrected to minimize
erroneous modifications. SEAL [4] computes the average
softmax outputs of a deep neural network across training and
retrains the network using these averaged soft labels.

Additional methods adjust the loss function [28, 31] or
use regularization constraints [4 1] to mitigate the effect of
noisy data. More recently, Robust Label Refurbishment [3]
combines pseudo-labeling and confidence estimation to re-
furbish noisy labels, while Dynamic and Uniform Label
Correction [44] employs a normalized Jensen-Shannon diver-
gence to ensure both sample-wise adaptivity and class-wise
uniformity in label correction.

2.2. Long-tail learning

Methods addressing long-tail data primarily focus on sev-
eral strategies: (1) Re-balancing data distributions through
resampling [25] or data augmentation [47, 51]; (2) Redesign-
ing loss functions to improve robustness and generaliza-
tion under long-tail distributions [1, 7, 29]; (3) Decoupling
representation and classifier learning to reduce feature ex-
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Figure 1. Our two-stage method, Soft-label Refurbishment with Ensemble Learning (SoOREL), tackles long-tail noisy-label learning.
Stage 1 makes initial predictions via contrastive learning with a new BAlanced Noise-tolerant Cross-entropy (BANC) loss. Stage 2
refurbishes labels and ensembles three expert modules for long-tail classification.

tractor bias caused by class imbalance [16, 51]; (4) Lever-
aging transfer learning, transferring knowledge from head
classes to tail classes [12, 37]; (5) Incorporating multi-expert
models that integrate knowledge from different depths, en-
abling adaptive learning and mitigating negative effects on
tail classes [15, 42].

Recent advances include Local and Global Logit Adjust-
ment [36], which trains expert models on the full dataset
while enhancing inter-expert differentiation via logit adjust-
ments. Additionally, [22] proposes a re-labeling method
leveraging class prototypes and distribution matching for
noisy long-tailed classification.

3. Our Proposed Method — SOREL

To address the joint challenges of label noise and long-tailed
distributions, we propose Soft-label Refurbishment with
Ensemble Learning (SoREL), a unified framework that
progressively enhances label quality and model robustness,
effectively mitigating both noise and imbalance in real-world
datasets. SOREL consists of two complementary stages.

The first stage of SOREL focuses on learning robust repre-
sentations and producing reliable initial predictions. In § 3.1,
contrastive feature learning generates embeddings resilient
to label noise and class imbalance. § 3.2 introduces the novel
BAlanced Noise-tolerant Cross-entropy (BANC) loss to re-
duce residual label noise and encourage balanced learning.
These components are then combined in § 3.3 to generate
dependable initial predictions, forming a strong foundation
for subsequent label refinement.

Building on these initial predictions, the second stage of
SoREL performs soft-label refurbishment and multi-expert
ensemble learning to produce the final classifications. In
§ 3.4, predictions are adaptively refined using both confi-
dence and class rarity, correcting noisy labels while preserv-
ing rare classes. In § 3.5, a three-expert ensemble is trained,

with each expert specialized for many-, medium-, and few-
shot categories. Soft-label-based class statistics are used to
refine loss weighting, aligning training with the true data
distribution and improving generalization across imbalanced
and noisy datasets.

Notations: Scalars are denoted by lowercase letters, and
vectors by lowercase boldface letters. We consider an
imbalanced and noisily labeled training dataset D =
(x;,9i),i=1,..., N, where x; is the i-th instance and
¥; € [K] is its observed label, which may be incorrect.
K is the number of classes. The corresponding true label, y;,
is unobservable. Let n; be the number of training samples in
class k. Without loss of generality, we assume the classes are
sorted in descending order of size, i.e.,n1 > ng > -+ - > ni.
The goal is to train a robust classifier using only the imbal-
anced, noisy dataset D to accurately predict the labels of
unseen instances.

3.1. Contrastive feature learning

To generate robust representations for data with noisy labels
and long-tailed distributions, we employ self-supervised con-
trastive learning, which does not rely on original labels and
thus avoids bias from incorrect annotations [9]. Prior work
has shown that contrastive learning also mitigates the effects
of class imbalance [23].

We adopt the MoCo [6] framework, which uses two net-
works with identical architectures: a query network and a
key network, each consisting of a CNN encoder followed by
a two-layer MLP. For each input x;, two random augmenta-
tions produce views ! and =¥, which are fed into the query
and key networks to obtain embeddings z] and zF. Alarge
feature queue () stores additional samples, helping to learn
well-structured representations.

Unlike the original MoCo, we freeze the query encoder
and update only the key encoder, which has been shown to



improve robustness [5]. Let A(¢) denote the set of all repre-
sentations in the queue and batch except x;. The contrastive
loss is defined as:

exp(z{ - 2f/7)
z; €A(d) exp(z{ - 2;/7)’

Econ(mi) = 710g Z (1)

where 7 > 0 is a temperature parameter. Minimizing this
loss encourages the model to produce embeddings invariant
to augmentations and robust to noise and imbalance.

3.2. The BANC loss

After learning robust features via self-supervised contrastive
learning, we train a classifier to correct potential label er-
rors in imbalanced datasets. Residual noisy labels may still
persist, and existing contrastive learning methods often in-
troduce additional losses to enhance noise resilience [48].
To address this, we propose the BAlanced Noise-tolerant
Cross-entropy (BANC) loss, which improves robustness
to label noise while promoting class balance. Unlike prior
approaches that rely on data distribution statistics or separate
feature guidance, BANC leverages non-target class scores to
counteract biases caused by noisy labels and class imbalance.

BANC is inspired by Symmetric Cross Entropy
(SCE) [38], which introduces a symmetric term to improve
performance under noisy labels. Let v; = f,(x;) be the fea-
ture extracted from the query encoder f,, §; = [J7, . . ., JX]
the one-hot label, and g(-) the classifier output logits g(v;) =

L ..., pK]. SCE is defined as:

K
Lscr(zi) = Zyz logpf — Y log(y)pf, ()
k=1

where pF is the softmax-normalized probability. To avoid
the undefined log(0) in SCE, we replace — log(y¥) with a
linear term ¢(1 — §¥), where ¢ > 0 is a scaling coefficient.
The resulting BANC loss is:

K
ACBANC’ wz - Z fogpz +Z 1_yz)pz' (3)
k=1

The BANC loss explicitly introduces label error toler-
ance and class-balancing effects. When ¢ > 0 and §* = 0,
the term ¢(1 — 4%) imposes a small penalty for mispredic-
tions, effectively mitigating the adverse effects of label noise.
Similarly, for class-imbalanced scenarios, this penalty en-
courages the model to prioritize minority classes, fostering
balanced learning across categories. Additional experiments
in the supplement validate these effects. For initial predic-
tion, the BANC loss is combined with the contrastive loss
Leon [9, 23] to train a classifier that is both noise-resilient
and balanced across classes.

3.3. Combined loss for initial prediction

The goal of the first stage of the SOREL framework is to
produce robust embeddings and reliable initial predictions.
To this end, we leverage contrastive learning to obtain noise-
resistant feature representations and use the BANC loss to
train a classifier resilient to label noise and class imbalance.
These objectives are combined into a single loss for the first
stage, denoted as £S51:

Ls1=(1—a)leon +aLpanc, 4

where « is a hyperparameter controlling the relative contribu-
tion of the two terms, with a default value of 0.2. The effect
of a on model performance is analyzed in the supplement.
The resulting initial predictions form a strong foundation for
subsequent soft-label refinement.

3.4. Soft-label refurbishment

We propose a label refurbishment strategy to handle noisy
labels and long-tailed data distributions, which is later incor-
porated into a multi-expert ensemble. This process refines
initial predictions by generating new soft labels whenever
the predicted class differs from the original label. The new
soft labels are formed by combining the predicted logits with
a weighted version of the original label, where the weight
reflects both prediction confidence and class rarity. This
ensures reliable relabeling while preserving rare-class infor-
mation, producing soft labels that balance noise correction
with minority-class preservation. An example of this process
is illustrated in Fig. 2.

Formally, let [; = arg maxy, p¥ denote the predicted class
for sample x;, and let y; be its original one-hot label. The
refurbished soft label y; is defined as:

{81, lf lz % yh
Yi=19 _ .
Y;, otherwise,

i(k)

and s;(k) = KS
> si(k)
k=1

o

where s;(k) = p¥ + w;y¥ and w; is the weight assigned to
the original label of x;, as explained next.

Weighting original labels: We assign a weight w; to the
original label based on two principles: (1) Lower confidence
in the predicted class implies a higher chance of labeling
error, so the original label receives a smaller weight. (2) If
the original label belongs to a rare class, it is more valuable
despite possible prediction errors, so the weight is increased.
Formally, the weight is computed as the product of a confi-
dence score and a rarity score:

Wi = Pi X Vi, (6)

where p; = p?* is the predicted confidence for the original
label, and ~; reﬂects class rarity. The rarity score is inversely
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Figure 2. Label refurbishment involves the use of soft labels determined by the confidence of the original labels. In this example, the

prediction score of C3 is updated after normalization.

related to the class frequency: for class ¥;, let ng, be the
number of samples and h; = ny, /N, the proportion in the
dataset. When h; is close to 0, -y; approaches the maximum
value of 1, and when h; is greater than 0.5, ; quickly decays
to 0. We model v; using a zero-mean Gaussian-like function:

2
Vi = exp (—U;> . @)

where the variance o (default 0.2) controls the decay rate.
This design ensures rare classes retain higher weights while
common classes are down-weighted, enabling soft-label re-
furbishment to respect long-tailed distributions. Further de-
tails are in the supplement.

Unlike existing methods that rely solely on prediction
confidence, SOREL combines a sample’s predicted confi-
dence and inherent class rarity to generate new soft labels.
This strategy adapts to classes with varying sample sizes
and ensures that each sample’s label remains close to its
true class, improving model robustness and accuracy across
diverse distributions while enhancing resistance to long-tail
effects and label noise.

Soft labels are generated only for samples whose pre-
dicted class differs from the original label, rather than dis-
carding or directly overwriting them. By combining predic-
tion confidence and class rarity, SOREL corrects mismatches
while avoiding worsening long-tail imbalances. Although
label noise can distort the rarity scores in Eq. (7), integrating
both factors produces soft labels that better reflect the true
class distribution. Unlike conventional methods [13, 29, 40]
that rely solely on observed distributions, this strategy aligns
samples more closely with their true classes. Samples with
severe deviations between noisy and clean rarity distributions
are considered unreliable and excluded.

3.5. Three-expert ensemble learning

After generating the refined soft labels, we move to the
next stage of training, focusing on ensemble learning to
better handle long-tail distributions. While the first stage
improves label quality using contrastive learning and the
BANC loss, the dataset remains imbalanced. To address
this, we adopt a three-expert model that leverages a shared
backbone and specialized classifiers to mitigate long-tail
effects. Specifically, the model consists of: (1) a shared

backbone fy and (2) three expert classifiers £y, E5, and Fs,
as illustrated in Fig. 1. The backbone is initialized from the
query encoder f, trained in the first stage, ensuring robust
and unbiased feature representations.

The backbone fjy is frozen during expert training to pre-
serve the learned representations. Each expert is special-
ized for different subsets of classes: E; targets many-shot
classes, F» balances medium-shot classes for overall accu-
racy, and F'5 focuses on few-shot classes to compensate for
underrepresented categories. Each expert is trained with a
shot-adaptive loss specifically designed for its target class
group, as detailed in the following paragraphs.

Many-shot expert F/;: F; is trained using standard softmax
cross-entropy loss. Since many-shot classes dominate the
dataset, gradients naturally bias predictions toward these
classes. Let g, (v;) denote the logits predicted by E; for
feature v; = fy(x;). Let gf; (v;) be the k-th entry of
gp, (v;). Similarly, §¥ is the k-th entry of the soft label
¥;. Let ®(-) denote the softmax normalization. The loss is:

K

Lp, (xi) ==Y i log® (g5, (vs)). (8)
k=1

Medium-shot expert E5: Ej is trained using a loss similar
to the balanced softmax [29], where the loss is weighted ac-
cording to class frequency to promote balanced performance
across all classes. Let ng denote the sample size for class k.
Incorporating log ny, adjusts the gradients for medium-shot
classes, improving overall accuracy as shown in Table 6. The
loss is:

K
Lp,(x:) =~ i log® (gf, (vi) +logng). (9)
k=1

Few-shot expert F'3: 5 specializes in rare classes. Inspired
by the diversity loss [50], we amplify the class weighting
with log 3 to prioritize few-shot classes, improving recall
for underrepresented classes as in Table 6. Its loss is:

K

Lp,(x:) == i log® (g, (v;) +logni).  (10)
k=1

Training hard samples with soft labels: We use the refined
soft labels ¢; as ground truth for hard samples, including



minority-class samples and those with noisy labels. This
approach improves learning efficiency, prevents early satura-
tion, and enhances model robustness and generalization.

Sample size calculation: For experts F; and E'3, we weigh
classes based on effective sample sizes estimated from soft
labels. Let §; = [y}, v2,...,yF, ..., yX] be the soft label
for sample 7. The sample size for class % is computed as:

N
ne =Yy an
=1

This method leverages the probabilistic information in soft
labels, providing a more accurate estimate of class member-
ship distributions.

Multi-expert inference: During inference, each expert pro-
duces a score for the input, and the final class is determined
by averaging the three expert outputs. The complete SOREL
pseudo code is presented in Algorithm 1 in the supplement.

4. Experiments

4.1. Experimental setup

Datasets: To rigorously evaluate the effectiveness of SOREL,
we conducted experiments under both the simulated and real-
world conditions characterized by long-tail distributions and
label noise. In such settings, class imbalance arises when
certain categories have far fewer samples than others, posing
significant challenges for model learning. To create realistic
long-tail scenarios, we followed established experimental
protocols from prior long-tailed learning studies [1, 7], ad-
justing the degree of imbalance to control the ratio between
the most and least represented classes.

For real-world evaluation, we used benchmark datasets
that naturally exhibit noisy labels and long-tail characteris-
tics, including Animal-10N [32] and Food-101N [19]. We
focused on Animal-10N and Food-101IN to highlight the
robustness of SOREL in challenging real-world settings. To
analyze performance under controlled imbalance, we applied
synthetic long-tail adjustments to these datasets following
prior protocols.

We further evaluated SOREL on the simulated noisy and
long-tailed datasets derived from CIFAR-10 [18] and CIFAR-
100 [18]. After constructing a long-tail distribution, we intro-
duced controlled label noise under the two commonly used
settings: symmetric and asymmetric noise [28, 35]. In the
symmetric setting, a portion of training labels was randomly
replaced with any other class label, simulating uniform noise.
In contrast, asymmetric noise was generated through label
flipping between semantically similar categories, for exam-
ple replacing truck with automobile, bird with airplane, deer
with horse, and cat with dog in CIFAR-10, while similar
flips occurred within super-classes in CIFAR-100. The noise

ratio indicates the proportion of mislabeled samples relative
to the total dataset size.

Baselines: We compare SoREL against three categories
of representative approaches: (1) Long-tail learning (LT)
methods: LA [26], LDAM [1], BBN [52], LWS [16], and
IB [27]. (2) Label-noise learning methods (NL) methods:
DivideMix [21], Co-learning [34], JoCoR [39], and UNI-
CON [17]. (3) Joint noisy-label and long-tail (NL-LT)
methods: HAR [2], RoLT [40], ULC [14], MW-Net [31],
H2E [46], and TABASCO [24]. Additional comparisons
with RCAL [48] are provided in the supplement.
Implementation details: For fair comparison, we adopt the
same backbone architectures as used in prior studies. Follow-
ing [24], we use ResNet18 [11] as the backbone for CIFAR
and Animal-10N, and following [46], we use ResNet50 for
Food-101N. The initial learning rate is set to 0.02 for all
datasets except Animal-10N, where it is 0.001. We employ
a cosine annealing schedule for learning rate decay and train
all models from scratch using SGD with momentum 0.9 and
weight decay 5 x 10~%. The batch size is 128 in Stage 1 and
512 in Stage 2, with each stage trained for 200 epochs.

All experiments are conducted using the same parameter
configuration: ¢ = 6, « = 0.2, and 7 = 0.2. The compar-
ative results are reported based on the values provided by
TABASCO [24] and H2E [46]. The effect of the scaling
coefficient c is analyzed in the supplement.

4.2. Evaluation results

Results on simulated CIFAR-10/100: Table | compares
classification accuracy under different symmetric noise rates
on CIFAR-10 and CIFAR-100. Our SoREL consistently
outperforms all baselines under an imbalance ratio of 10
across all noise levels. On the more challenging CIFAR-100
dataset, SOREL surpasses TABASCO by over 10%.

Table 2 reports results under asymmetric noise rates of
0.2 and 0.4, also with imbalance ratio 10. SOREL achieves
the best performance in all cases, maintaining a 20% to
40% margin over competing methods. As noise severity
increases, SOREL shows notably smaller accuracy drops,
showing strong robustness to noise in long-tailed settings.
These results suggest that the methods relying solely on
noisy sample identification may degrade as imbalance grows,
while SOREL remains stable through joint label refinement
and rarity modeling.

Results on Food-101N and Animal-10N: Table 3 presents
the evaluation results on the real-world noisy and imbalanced
datasets, Food-101N and Animal-10N. The evaluation sets
for these datasets are clean and do not exhibit class imbal-
ance. In all scenarios, SOREL consistently outperforms the
SOTA approaches. Notably, on the larger-scale Food-101N
dataset with higher noise levels, SOREL achieves the most
robust performance, maintaining strong accuracy even as
the imbalance ratio increases. These results demonstrate the



Table 1. The testing accuracy (%) on simulated CIFAR-10 and CIFAR-100 with symmetric noise. The highest scores are marked in bold.

Imbalance Ratio 10 100
Dataset CIFAR-10 CIFAR-100 CIFAR-10 CIFAR-100
Noise Rate (Symmetric) 0.4 0.6 0.4 0.6 0.4 0.6 0.4 0.6
Baseline | CE 71.67 61.16 3453 23.63 | 47.81 28.04 2199 1551
LA 70.56 5492 29.07 23.21 | 42.63 3637 21.54 13.14
LT LDAM 70.53 6197 3130 23.13 | 45.52 3529 18.81 12.65
1B 73.24  62.62 3240 25.84 | 49.07 3254 20.34 12.10
NL DivideMix 82.67 80.17 5471 4498 | 3242 3473 36.20 26.29
UNICON 84.25 8229 5234 4587 | 6123 54.69 32.09 24.82
HAR 7744 6375 38.17 26.09 | 51.54 3828 20.21 14.89
RoLT 81.62 76.58 4295 3259 | 60.11 4423 2351 16.61
NL-LT ULC 84.46 8325 5491 44.66 | 4522 50.56 33.41 25.69
MW-Net 70.90 59.85 32.03 21.71 | 46.62 3933 19.65 13.72
TABASCO 85.53 84.83 56.52 4598 | 62.34 5576 3691 26.25
OT [22] 86.38 83.86 56.71 48.07 - - - -
Ours SoREL 8945 86.34 64.55 57.63 | 78.32 69.85 45.03 36.34

Table 2. The testing accuracy (%) on simulated CIFAR-10 and CIFAR-100 with asymmetric noise. The highest scores are marked in bold.

Imbalance Ratio 10 100
Dataset CIFAR-10 CIFAR-100 CIFAR-10 CIFAR-100
Noise Rate (Asymmetric) 0.2 04 0.2 04 0.2 04 0.2 0.4
Baseline | CE 79.90 62.88 44.45 32.05 | 56.56 44.64 2535 17.89
LA 7149 59.88 39.34 28.49 | 58.78 59.88 39.34 28.49
LT LDAM 74.58 62.29 40.06 33.26 | 61.25 40.85 29.22 18.65
1B 73.49 5836 45.02 3525 | 5628 4296 31.15 23.40
NL DivideMix 80.92 69.35 58.09 41.99 | 41.12 42779 3846 29.69
UNICON 72.81 69.04 5599 4470 | 53.53 34.05 34.14 30.72
HAR 82.85 69.19 48.50 33.20 | 6242 5197 2790 20.03
RoLT 73.30 58.29 48.19 39.32 | 54.81 50.26 32.96 -
NL-LT ULC 74.07 73.19 5445 4320 | 41.14 22.73 34.07 25.04
MW-Net 79.34 6549 4252 3042 | 62.19 4521 27.56 20.04
TABASCO 82.10 80.57 59.39 50.51 | 6298 54.04 40.35 33.15
OT [22] 85.49 - 60.45 52.08 - - - -
Ours SoREL 91.80 88.17 67.59 52.78 | 85.60 78.17 49.20 35.69

effectiveness of SOREL in handling real-world noisy and
long-tailed distributions.

4.3. Ablation study and discussions

On simulated CIFAR-100: We conducted a comprehensive
ablation study on the simulated CIFAR-100 dataset with an
asymmetric noise rate of 0.4, evaluating each component
of SoREL under the imbalance ratios of 10 and 100 (see
Table 4). The study yields the following insights:

1. Contrastive learning baseline: Even under noisy labels
and long-tailed distributions, self-supervised contrastive
learning demonstrates strong robustness.

2. BANC loss: Incorporating BANC on top of contrastive
learning improves performance by roughly 3%, enhanc-
ing the reliability of initial predictions.

3. Label refurbishment and multi-expert ensemble: Ap-
plying these components further boosts performance by
about 4%. Even when cross-entropy is used in the first
stage, label refurbishment and ensemble learning still pro-
vide a 1% gain, highlighting their efficacy and stability.

4. Impact of label refurbishment: Label refurbishment
alone is critical. Without it, ensemble learning perfor-
mance drops substantially—by 7% and 2% under imbal-
ance ratios of 10 and 100, respectively. This underscores
the importance of correcting initial labels, which other-
wise can distort class sample statistics and negatively
affect the weighted loss during expert training.

The following ablation studies further evaluate the indi-
vidual contributions of label refurbishment and multi-expert
ensemble learning.

Effectiveness of label refurbishment: We performed ad-
ditional experiments on the simulated CIFAR-100 with an
imbalance ratio of 100 to assess the impact of label refur-
bishment. Comparisons were made among first-stage predic-
tions, second-stage predictions with label refurbishment, and
second-stage predictions without it. Since omitting label re-
furbishment can negatively affect the loss weighted by class
sample size, the second-stage classifier was trained using
only cross-entropy for a fair assessment. Table 5 shows that
incorporating label refurbishment improves second-stage
performance by approximately 2%, confirming the effective-



Table 3. The testing accuracy (%) on Food-101N and Animal-10N with varying imbalance ratios. The highest scores are marked in bold.

Dataset Food-10IN Animal-10N
Imbalance Ratio 20 50 100 20 50 100
Baseline | CE 5721 4994 4471 | 66.10 59.94 53.02
LA 62.81 5542 5230 | 69.08 67.78 61.89
LT LDAM 61.35 59.29 48.61 | 7540 72.82 68.21
BBN 63.44 57.89 53.16 | 72.14 70.26 60.08
LWS 61.29 5442 51.10 | 71.16 69.35 62.40
DivideMix 69.46 57.15 42.80 | 72.43 65.77 47.60
NL Co-learning 5376 4592 35.10 | 61.70 52.76 43.23
JoCoR 49.07 3298 3349 | 51.29 44.02 37.19
HAR 5995 5245 46.12 | 71.92 6843 62.19
NL-LT CL+LA 50.16 42.18 39.13 | 54.14 4623 41.92
Co-teaching-WBL | 58.04 52.12 5397 | 7243 71.06 66.60
H2E 70.35 63.69 58.66 | 77.04 7494 66.58
Ours SoREL 7774 73.14 70.60 | 81.40 78.88 75.48

Table 4. The ablation study of testing accuracy (%) on the simulated
CIFAR-100. CL: self-supervised contrastive learning; Re-Label:
label refurbishment; Multi-Exp: multi-expert ensemble Learning.
Symbol X in CL denotes training with standard supervised learn-
ing. Symbol X in BANC indicates that cross-entropy loss is used.

Component Imbalance Ratio
CL BANC Re-Label Multi-Expert 10 100
X X X X 32.05 17.89
v X X X 4386 3443
v X v v 4494 3540
v v X X 4737  34.64
v v v v 51.70  35.69

Table 5. The ablation study of testing accuracy (%) on the simulated
CIFAR-100 with imbalance ratio 100. Noise rates are asymmetric
at 0.4 and symmetric at 0.6. Re-Label: label refurbishment.

Stage Asymmetric: 0.4 Symmetric: 0.6
Stage 1 34.63 33.79
Stage 2 w/o Re-Label 3341 23.68
Stage 2 35.69 36.34

Table 6. Ablation study of test accuracy(%) of many / medium /
few classes on the simulated CIFAR-100 with an symmetric noise
0.6 and imbalance ratio 100.

Model Many Medium  Few All
Expert E;  85.00 64.80 1547 34.13
Expert E5 7250 6145 2033 35.76
Expert E5  36.00 49.26  23.82 3296
Ensemble  75.55 62.17  20.74 36.34

ness of this strategy.

Effectiveness of multi-expert ensemble learning: We fur-
ther evaluated our three-expert ensemble on the simulated
CIFAR-100 with an imbalance ratio of 100, focusing on
three class subgroups: (1) many-shot classes with more than
100 training images, (2) medium-shot classes with 20-100
images, and (3) few-shot classes with fewer than 20 images.
Table 6 shows that Expert F/; excels in many-shot classes,
Expert E5 specializes in few-shot classes, and Expert Eo

provides balanced performance across all subgroups. The
ensemble of the three experts enhances overall performance,
with notable improvements observed in each class subgroup.

5. Conclusions

We propose Soft-label Refurbishment with Ensemble Learn-
ing (SoREL), a two-stage framework to address the chal-
lenges of long-tailed classification with noisy labels. SOREL
integrates a soft label refurbishment strategy with multi-
expert ensemble learning. Soft-label refurbishment mitigates
the impact of noisy annotations using a noise-tolerant mecha-
nism, while the three expert classifiers, specializing in many-
shot, medium-shot, and few-shot classes, effectively handle
class imbalance. Each expert is trained with adaptive loss
functions tailored to the frequency of its target classes. Com-
pared to prior methods based on bi-dimensional sample se-
lection and representation calibration, SOREL demonstrates
superior robustness, accuracy, and generalization across di-
verse datasets. Our extensive experiments confirm the effec-
tiveness and stability of SOREL.

Limitations: Despite strong performance, SOREL has some
limits: The two-stage training can be time consuming on very
large datasets; heuristic rarity estimation and class grouping
may limit its generalization to complex or dynamic distribu-
tions; it assumes known class frequencies, often unavailable
in evolving datasets; and it still needs broader testing on
diverse real-world domains to fully assess robustness.
Future work will focus on jointly optimizing the two stages
of SoREL in an end-to-end manner to improve training ef-
ficiency and reduce computational cost. We also plan to
explore automated strategies for determining class grouping
and adaptive weighting to better handle dynamic or unknown
distributions. Extending SoREL to additional real-world
noisy datasets and other modalities, such as video or multi-
label data, will further validate its robustness and practical
applicability. In addition, integrating more complex uncer-
tainty estimation or self-supervised learning techniques may
enhance resilience to extreme noise and imbalance.
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