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Abstract

Real-world data often exhibit long-tailed distribu-
tions with numerous noisy labels, substantially degrad-
ing the performance of deep models. While prior
research has made progress in addressing this com-
bined challenge, it overlooks the severe label-image
mismatch inherent to high-noise settings, thereby lim-
iting their effectiveness. Given that observed labels,
though mismatched with images, still retain category
information, we propose employing auxiliary text in-
formation from labels to address label-image inconsis-
tencies in long-tailed noisy data. Specifically, we lever-
age the intrinsic cross-modal alignment in pre-trained
visual-language models to correct the label-image in-
consistencies. This supervisory signal, referred to as
Weak Teacher Supervision (WTS), is unaffected by la-
bel noise and data distribution biases, albeit exhibits
limited accuracy. Therefore, the activation of WTS is
determined by evaluating the discrepancy between text-
predicted labels and observed labels. Extensive exper-
iments demonstrate the superior performance of WTS
across synthetic and real-world datasets, particularly
under high-noise conditions. The source code is avail-
able at https://anonymous.4open.science/r/WTS-0F3C.

Keywords: Noisy label learning, Long-tail learning,
Pre-trained Model, CLIP

1. Introduction

With the availability of large-scale public datasets [49,
54, 46], significant progress has been made in the field
of computer vision [29, 42] and large models [46, 11].
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(a) Clean label (b) Noisy label (NR=0.1)

(c) Noisy label (NR=0.5) (d) Noisy label (NR=0.6)

Figure 1: T-SNE visualization of the feature distributions
on the test set, obtained by models trained on label-noisy
datasets with varying noise rates1. (a) Classes 3 and 5 ex-
hibit overlap. (b) Classes 3 and 5 remain partially overlap-
ping. (c) Classes 3, 4, and 5 are not entirely separated. (d)
Classes 3, 4, 5 and 6 are not fully separated.

However, real-world visual datasets typically exhibit two
critical limitations: (1) severe class imbalance, where a
small number of head classes dominate the sample distri-
bution while tail classes remain substantially underrepre-
sented [67], and (2) pervasive label noise caused by er-
roneous annotations [53, 61]. Creating balanced datasets
with correctly labeled classes to address these challenges is
expensive and unsustainable. To address these issues, the
practical problem of long-tailed noisy label (LTNL) learn-
ing [40, 65] has been introduced.
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Recently, the challenging task of LTNL learning has gar-
nered significant attention. Broadly, the approaches can be
divided into the following categories: (1) emphasizing the
importance of different samples by reweighting or regular-
ization [48, 52, 3, 56, 18]; (2) selecting clean samples based
on carefully designed criteria [57, 60, 40, 25]; (3) develop-
ing improved representation learning methods [70, 64, 65,
34]. The aforementioned methods can effectively enhance
the robustness of models on long-tailed noisy labeled data.
However, they overlook the impact of different noise ratios
on model training, resulting in suboptimal performance in
high-noise scenarios. Notably, low levels of label noise
exert a relatively minimal impact on model performance.
To illustrate this phenomenon, we visualize test set features
from models trained on LTNL datasets with varying noise
ratios (NRs), as shown in Figure 1. The feature distribu-
tions under low NR closely resemble those of clean labels,
as shown in Figures 1a and 1b. Consequently, long-tailed
approaches are less affected in the low noise scenario, as the
labels are relatively reliable. In contrast, when comparing
Figures 1c and 1d, we can observe that the feature distribu-
tions under high noise ratios differ significantly from those
of clean labels. Therefore, targeted processing is necessary
for high noise ratio scenarios, where unreliable labels con-
stitute one of the primary issues in noisy label learning with
long-tailed data. In such circumstances, noisy labels intro-
duce substantial misleading supervisory signals, making it
challenging to effectively distinguish noisy samples from
clean ones or improve feature representation. This results in
accumulated feature learning biases and amplifies the com-
bined challenges of label noise and class imbalance. To this
end, we propose integrating auxiliary linguistic information
into supervisory signal calibration, as textual information
inherently captures the semantics of the labels themselves
and is inherently robust to label noise and data distribution
biases in the training set.

Considering that in long-tailed noisy labeled data, the
observed labels contain category information but may be
inconsistent with the corresponding images, we propose us-
ing auxiliary text information from the observed labels to
correct these inconsistencies, thereby fully utilizing the la-
bel information. Specifically, we leverage the text encoder
from pre-trained visual-language models (VLMs) [21, 46]
to obtain text-based predictions, utilizing this text-image
alignment prior to correct label-image inconsistencies. This
text-image alignment prior, serving as a supervisory signal,
is not always accurate. Therefore, we evaluate the discrep-
ancy between the text-predicted labels from the text encoder
and observed labels to decide whether to activate this su-

1The training set is CIFAR-10-LTN with asymmetric noise and
an imbalance factor of 10. The model is Adaptformer [5], fine-
tuning on CLIP [46]. The loss function employed is logit adjust-
ment [41].

pervision. If the predicted labels from the pre-trained text
encoder deviate significantly from the observed labels, we
consider these text-based predictions to be more informa-
tive and incorporate them to guide model training. This
approach enables the effective application of existing long-
tailed learning methods. Since text-predicted labels gener-
ally have lower accuracy than direct fine-tuning of the im-
age encoder, we regard the text encoder as a “weak teacher”
and refer to our approach as Weak Teacher Supervision
(WTS). Experiments on benchmarks with multiple types
of noisy labels and intrinsically long-tailed distributions
demonstrate that the proposed WTS improves the perfor-
mance of the strong student, particularly in scenarios with
a high noise ratio. The main contributions of this paper are
summarized as follows:

• We empirically demonstrate that even a text encoder
from a pre-trained VLM with suboptimal performance
can contribute to performance improvements in LTNL
learning, and provide an in-depth analysis of the under-
lying rationale.

• We devise a simple yet effective WTS strategy that in-
tegrates seamlessly with various existing methods. It
leverages text information to predict image labels and by
evaluating the consistency between text-predicted and
observed labels, selectively applies supervision to im-
prove label reliability.

• Extensive experiments on both simulated and real-world
datasets demonstrate the effectiveness of WTS, showing
significant performance gains in LTNL learning, espe-
cially in challenging high-noise conditions.

2. Related Work

2.1. Long-Tail Learning

Long-tail learning methods typically assume correct la-
beling within datasets [10]. These methods then apply
class-wise operation, generally falling into three main cat-
egories [29, 51]. (1) Input level. Data manipulation tech-
niques, such as re-weighting/sampling [10] and data aug-
mentation [7, 8], are implemented to enhance classification
performance. (2) Representation level. Modifications are
made to the model structure to better capture the under-
lying characteristics of the data. Decoupling representa-
tion [19, 68] and BBN-based methods, where BBN denotes
Bilateral-Branch Network [69, 66], separate representation
learning from classifier training. They first extract repre-
sentations from the original long-tailed dataset, and then
retrain the classifier using either class-balanced sampling
data [19] or reverse sampling data [69]. Ensembling learn-
ing includes redundant ensembling [55, 24, 27, 2], which
aggregates outputs from separate classifiers or networks



within a multi-expert framework, and complementary en-
sembling [69, 9], which involves the statistical selection of
different data partitions. (3) Output level. Existing meth-
ods enhance model representation and refine the classifier
by calibrating model logits based on specific criteria. For
example, logit adjustment methods [41, 47] calibrate the
predicted output distribution to achieve a balanced distri-
bution. Re-margining methods [4, 30, 41, 31] introduce
class size-based constants that assign larger margins to tail
classes compared to head classes.

2.2. Noisy Label Learning

Noisy label supervision with high-noise datasets crit-
ically compromises model recognition performance. A
straightforward and effective approach is to distinguish be-
tween clean and noisy samples, with methods such as Men-
torNet [39], Co-teaching [12] and DivideMix [26] treating
samples with small training losses as clean samples. Fed-
Fixer [16] introduces the personalized model that collabo-
rates with the global model to effectively select clean and
client-specific samples, and NPN [50] directly corrects la-
bels by accumulating model predictions. Divergence-based
approaches rely on margin metrics, such as AUM [45]
which measures the logit differences between a specified
class and the top non-specified class, or distribution sim-
ilarity employed by methods like Jo-SRC [63] and UNI-
CON [20] via Jensen-Shannon divergence. In addition, sev-
eral methods design noise-robust loss functions to mitigate
the impact on noisy data, such as backward and forward loss
correction [44], gold loss correction [13], MW-Net [52] and
Dual-T [62]. Other effective methods focus on evaluating
the noise transfer matrix [62, 6, 35] or reweighting exam-
ples for noisy label learning [48, 37].

2.3. Noisy Label Learning on Long-Tailed Data

Numerous studies have emerged to address the chal-
lenges posed by the task of joining noisy labels and
unbalanced/long-tailed data. A common strategy is to dis-
tinguish between clean and noisy samples. For example,
CNLCU [60] improves upon the small loss method [12]
by identifying a subset of high-loss samples as clean.
TABASCO [40] addresses a complex scenario where noisy
labels can cause an intrinsic tail class to be misrepresented
as a head class. To solve this issue, it proposes a bi-
dimensional separation metric that effectively adapts to dif-
ferent cases. Another promising path is to emphasize the
importance of different samples by reweighting or regu-
larization [48, 52, 3, 56, 18]. Concurrently, improving
representation learning [70, 64, 65, 34] leverages intrin-
sic feature-space structures to mitigate noise propagation.
However, in high-noise environments, the aforementioned
methods fall short because noisy labels undermine sample
reliability and obscure distinctions between noisy and tail-

class samples. Moreover, label noise distorts feature space,
complicating the utilization of feature-based strategies to
address both noise and class imbalance.

3. Proposed Method: WTS - a Weak yet Effec-
tive Teacher

Noisy labels weaken the reliability of the supervision
signal from observed labels, especially at high noise ratios,
leading to accumulated biases in feature learning and exac-
erbating the challenges of label noise and class imbalance.
Fortunately, observed labels still provide category names
and counts, making external label support valuable. Recent
advancements in visual-language models (VLMs) [21, 46]
provide a powerful tool for incorporating label information.
To achieve this process, we introduce prediction probabil-
ities from the text encoder of VLM as auxiliary text su-
pervision during model training, referred to as WTS. Since
WTS may introduce additional errors, we use a switch to
determine whether to activate it based on the overlap ra-
tio between observed and text-predicted labels. The overall
structure of the WTS is illustrated in Figure 2.

3.1. Preliminaries

Problem Definition. Consider a training set D =
{(xi, ŷi)}Ni=1, where each (xi, ŷi) pair represents an input
and its observed label, and N is the total number of sam-
ples in D. Suppose D includes C classes, with class c hav-
ing nc training samples. Then, the total number of samples
is given by N =

∑C
c=1 nc. The training set D exhibits the

following properties: 1) Noisy labels. The observed label
ŷi ∈ Ŷ may be different from the ground truth yi ∈ Y .
Y is unavailable. 2) Long-tailed distribution. Without loss
of generality, we arrange the classes in descending order
by training sample count, so that n1 > n2 > . . . > nC

with n1 ≫ nC . This learning task is defined as long-tailed
noisy label (LTNL) learning [40, 65]. Property 1 results in
a distribution derived from Ŷ that is inconsistent with Y .
Existing long-tailed learning methods typically rely on pre-
cise sample counts for each class to effectively adjust logits
and/or select suitable structures. As a result, these methods
are inadequate for addressing Property 2, as inaccuracies
in category counts can cause over-regularization in certain
classes.
Basic Notation. In the following sections, scalars are rep-
resented by lowercase letters, while vectors are denoted by
lowercase boldface letters. Sets or distributions are repre-
sented by uppercase script letters. The superscripts I2, t
and o are used to differentiate the outputs obtained from the
fine-tuned image encoder, the pre-trained text encoder, and
the observed labels, respectively.

2To avoid confusion with the index (subscript i), the output of the fine-
tuned image encoder is represented by the capital letter I .



Logit Adjustment (LA). LA [41] is a statistically grounded
approach that addresses class imbalance by modifying clas-
sifier logits based on label frequencies. Formally, given the
original logit zi and the estimated class prior πi, the ad-
justed logit is computed as z̃i = zi+log πi. This adjustment
acts as a relative margin that effectively penalizes majority
classes during optimization, thereby enforcing consistency
with the balanced error rate and improving recognition on
tail categories.

3.2. Weak Teacher Supervision

Supervision from Linguistic Information. The text and
image encoders in a pre-trained VLM can provide text em-
beddings (tc) of labels for class c and image embeddings
(fi) for input images xi. By comparing the similarity be-
tween tc and fi, we can derive the predicted label from the
label-based text prompt:

si,c =
tTc fi

∥tc∥∥fi∥
, yti = argmax

c∈[C]

{si,c}Cc=1, (1)

where yti is the text-predicted label for input image xi.
Subsequently, a straightforward solution is to integrate the
VLM text-predicted label (TL) with the observed label (OL)
into the training to provide auxiliary supervision:

L = aLO (xi, ŷi)︸ ︷︷ ︸
OL supervision

+(1− a)LT

(
xi, y

t
i

)︸ ︷︷ ︸
TL supervision

, (2)

where a is a hyper-parameter. LO represents the loss cal-
culated on observed labels, and can employ cross-entropy
(CE) loss or existing logit adjustment methods, such as
LDAM [4], LA [41], and LADE [14], for long-tailed learn-
ing. Meanwhile, LT is the loss based on text-predicted la-
bels. Equation (2) can be utilized to fine-tune a VLM. How-
ever, the text-predicted labels Yt = {yti}Ni=1 also imprecise,
for instance, its accuracy on the test set of CIFAR-100 is
only 64.4% (additional results can be found in Section 4.3),
indicating that LT (xi, yT,i) introduces another form of la-
bel noise. To address this dilemma, we propose leveraging
feature similarity between text and image to provide addi-
tional supervision. Since it can provide not only discrete
one-hot optimization objectives but also insights into inter-
class relationships. In detail, we utilize softmax to convert
the similarity between the label text features and the input
images (as shown in Equation (1)) into probabilities:

pt(xi|y = c) =
exp(si,c)∑C
j=1 exp(si,j)

. (3)

For convenience and without loss of generality, for the in-
put xi, we abbreviate this as ptc. Similarly, the probabil-
ity pIc for the input image can be derived from the similar-
ity between the fine-tuned image features and the classifier

weights. Following, we can incorporate the text supervision
information from the pre-trained VLM into the training pro-
cess by minimizing the divergence between image and text
prediction probability distributions. Kullback-Leibler Di-
vergence (KL) is employed in this paper:

LT = KL(Pt∥PI), (4)

where Pt = {ptc}Cc=1 and PI = {pIc}Cc=1 are the prob-
ability distributions of text-prediction and fine-tuned im-
age encoder prediction, respectively. Since the fine-tuned
model has fewer training parameters and has the ability to
quickly adapt to new datasets, we treat the image encoder
that fine-tuned on LTNL data as a strong student, while the
pre-trained VLM serves as a weak teacher and provides
weak teacher supervision (WTS). Regarding the tempera-
ture scale used in the KL divergence, we implemented it as
a learnable parameter rather than a fixed scalar. This allows
the model to adaptively adjust the sharpness of the proba-
bility distribution during training.
Supervision Switch Control. Since the weak teacher is
not always accurate, and as discussed in Section 1, ob-
served labels can be used directly in low-noise scenarios
without additional processing. The challenge, however, lies
in the fact that the proportion of noisy labels cannot be
determined in advance. Therefore, an indicator is needed
to assess when the teacher provides effective supervision.
For a mini-batch of size B, the overlap ratio is defined
as OR = 1

B

∑B
i=1 1 (y

t
i = ŷi), where yti and ŷi denote

the text-predicted label and the observed label of the i-th
sample in the batch, respectively, and 1(·) is the indicator
function. The overlap ratio OR measures the batch-wise
agreement between text-predicted and observed labels and
serves as an indicator for activating weak teacher supervi-
sion. When the overlap ratio OR is high, it indicates that
the two types of labels are largely consistent, and the in-
formation provided by WTS is limited. Therefore, we opt
to deactivate it. In contrast, when OR is low, the observed
labels and the visual-language alignment prior are signifi-
cantly different, indicating a need for auxiliary supervision.
Then, the supervision switch based on OR can be calculated
as:

a =

{
1 if OR ≥ τ

a ∼ Beta(α, β) if OR < τ
, (5)

where τ is the overlap ratio control threshold, which we
will empirically analyze in detail in Section 4.3. We used
α = 2.0 and β = 2.0 for the Beta distribution. We estimate
this value in an online manner by calculating the overlap
rate between the two types of labels in each batch. When
WTS needs to be turned off, a = 1, and only LO is in-
cluded in Equation (2). Conversely, when the switch control
of WTS is turned on, we set a to a random number sampled
from the beta distribution. In this paper, we choose Adapter-
former [5] for VLM fine-tuning.
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Figure 2: Overview of WTS. We leverage the text encoder in pre-trained visual-language models to obtain text-based predic-
tions, using text-image alignment to correct label-image inconsistencies. Since this supervisory signal is not always accurate,
we evaluate the discrepancy between the text-predicted and observed labels to determine when to activate it.

Algorithm 1 Training Algorithm of WTS

Require: Training set D, pre-trained model M;
Ensure: Fine-tuned model;

1: Initialize the fine-tuning module ϕ;
2: for k = 1 to K do
3: Sample batches data Be ∼ D;
4: Compute text-predicted labels Ŷt

Be
by Equation (1);

5: Compute OR between Ŷt
Be

and Ŷo
Be

;
6: if OR < τ then
7: Compute the TL supervision: LT = KL(Pt∥PI);

8: Sample a by a ∼ Beta(α, β) and compute the final
loss by L = aLO + (1− a)LT ;

9: else
10: Compute the final loss by L = LO;
11: end if
12: Update ϕ by ϕk+1 = ϕk − ηk · ∇L
13: end for

The algorithm of WTS is summarized in Algorithm 1.

Remark 1. The advantages of WTS can be summarized in
three main aspects: (1) Label noise-robust feature calibra-
tion. The pre-trained text encoder in VLM, which is un-
affected by noisy labels, exclusively focuses on the seman-
tics of the labels and is inherently aligned with visual fea-
tures, serves as the teacher model to rectify biases in the
features obtained by the student model. Notably, we ob-
serve that fine-tuning with LO can sometimes outperform
text-prediction, which often has lower accuracy. Never-
theless, WTS still provides valuable guidance in correct-
ing misalignments introduced by noisy labels. (2) Sam-
ple distribution resilient bias corrector. WTS predictions
are distribution-agnostic, enabling them to effectively miti-

gate long-tail bias in samples by propagating distribution-
independent reference gradients. This approach helps mit-
igate potential classification errors that severely affect tail
classes and improves the performance of all classes, includ-
ing both head and tail. (3) Highly efficient training. WTS
introduces minimal computational overhead, with the pri-
mary cost arising from the fine-tuning of the image encoder.

3.3. Effectiveness Analysis of WTS

Although the proposed WTS may seem intuitive and
straightforward at first glance, it is built on a solid theoret-
ical foundation. In this section, we explore the underlying
theoretical rationale behind WTS. The efficacy of the pro-
posed method is analyzed from the perspectives of noisy
label learning and long-tail learning.

Effectiveness on Noisy Label Learning. We investigate
the impact of WTS on noisy label learning by analyzing
how LT revise incorrectly observed labels, leading to the
following proposition.

Proposition 1. WTS corrects observed labels based on the
predicted probabilities provided by the pre-trained VLM
with the ratio a.

Proof. Another form to write Equation (4) is:

KL(Pt∥PI) = −
∑

ptc log p
I
c −

(
−
∑

ptc log p
t
c

)
= −

∑
ptc log p

I
c +H(Pt), (6)

where H(·) represents cross entropy. Pt is provided by the
pre-trained VLM. Since the VLM parameters are not up-
dated during training, H(Pt) can be considered a constant
throughout the training process. Therefore, this term can be
ignored when optimizing the loss function. Without loss of



generality, in Equation (2), by substituting LT with Equa-
tion (6) and replacing LO with the expanded form of the
CE-based loss, we can obtain:

L = a

(
−

C∑
c=1

poc log p
I
c

)
+ (1− a)

(
−

C∑
c=1

ptc log p
I
c

)
,

= −
C∑

c=1

(
a · poc + (1− a) · ptc

)
· log pIc , (7)

where poc is the one-hot-form probability obtained based on
the observed labels.

Proposition 1 illustrates that WTS has the following two
impacts on noisy labels:

• For ŷi = yi, WTS modifies the observed labels through
label smoothing, enabling the preservation of all inter-
class relationships, in contrast to relying solely on Yt;

• For ŷi ̸= yi, WTS prevents over-confidence arising from
prediction errors [26] by decreasing the probability as-
signed to the incorrect target class.

Effectiveness on Long-Tail Learning. We investigate the
influence of WTS on long-tail learning from a gradient-
based perspective. Before proceeding, we introduce a theo-
rem, a used symbol, and a remark in our analysis.

Theorem 1. Let p be the base probability and q be the prob-
ability obtained from the softmax function applied to logits

Z = {zi}Ci=1 that qi =
ezi∑C
j=1 e

zi
. The cross-entropy loss

is ℓ = −
∑C

i=1 pi log qi. Then, the derivative of the loss
function with respect to the logits zi is:

∂ℓ

∂zi
= qi − pi, (8)

where pi denotes the target probability of class i.

Proof. For a specific class, we assume, without loss of gen-
erality, that class c is considered. Then, the derivative on zc
is given by:

∂ℓ

∂zc
=−

pc

∑
j e

zj

ezc
·
ezc
∑

j e
zj − ezcezc(∑
j e

zj

)2 (9)

+
∑
i̸=c

pi

∑
j e

zi

ezc
· −eziezc(∑

j e
zj

)2


=−

pc

∑
j e

zj − ezc∑
j e

zj
−
∑
i̸=c

pi
ezc∑
j e

zj


=qc

∑
i̸=c

pi − pc(1− qc). (10)

According to the property that the sum of a probability dis-
tribution is 1, we have

∑
i̸=c pi = 1− pc. Substituting this

into Equation (10), we get:

∂ℓ

∂zc
= qc(1− pc)− pc(1− qc)

= qc − pc. (11)

By substituting c for i, we obtain Equation (8).

Remark 2. The gradient of logit adjustment methods re-
duces the positive signal contributions from head classes
while amplifying those from tail classes.

Proof. We compare the gradient difference dg for the target
class between the LA loss (LLA) and the CE loss (LCE)
to analyze how LA adjusts the gradient during model train-
ing6. According to Theorem 1, the gradient differences is:

dg =
(
qLA
y − 1

)
−
(
qCE
y − 1

)
=

ezy−my∑
j e

zj−mj
− ezy∑

j e
zj

=

∑
j e

zj · ezy−my −
∑

j e
zj−mj · ezy∑

ezj−mj
∑

ezj

=
ezy
(∑

j e
zj−my − ezj−mj

)
∑

ezj−mj
∑

ezj
. (12)

The denominator of Equation (12) is always positive, thus
the sign of dg is determined entirely by the numerator. If y
belongs to the tail class, in the extreme case where y is the
smallest class, my exceeds that of the other classes. There-
fore, dg < 0, and then ∂LLA

∂zy
< ∂LCE

∂zy
. Gradient descent

updates the parameters by subtracting the gradient to mini-
mize the objective function. As a result, the positive signal
(1 − qy ≥ 0) for the target class in tail classes is amplified
compared to the base loss (CE loss). For head classes, the
opposite holds, that is, the positive signal corresponding to
the target class is reduced in tail classes.

For the notation, we define the modified probability pmc for
class c as follows:

pmc = a · poc + (1− a) · ptc. (13)

Theorem 1 gives that the derivatives of LO and L (Equa-
tion (7)) with respect to the logit of the target class are:

∂LO

∂zy
= pIy − 1,

∂L
∂zy

= pIy − pmy . (14)

On the one hand, during optimization, the gradient is up-
dated by descending in the opposite direction of the gradi-

ent. Therefore, compared to
∂LO

∂zy
,
∂L
∂zy

decreases the posi-

tive signal for the target class. The extent of this reduction



is determined by the text encoder, specifically pmy , and is
independent of the training set distribution. On the other
hand, if LO employs the existing logit adjustment method
for long-tail learning, according to Remark 2, it facilitates
automatic gradient balancing. However, there are errors in
the labels. Gradients that are incorrectly labeled tail classes
will be erroneously amplified, leading to misleading model
gradient descent. WTS introduces text-encoder-derived se-
mantic constraints to attenuate class-specific positive cor-
relations, thereby counteracting error signal amplification
while preserving discriminative feature learning.

4. Experiment

4.1. Basic Settings

Datasets and Implementation Details. We evaluate the
proposed WTS on both simulated and real-world noisy
long-tailed datasets, following TABASCO [40] and RCAL
[65]. Specifically, synthetic scenarios are created based
on CIFAR-10/100 [22], real-world noise is introduced in
mini-ImageNet [17] (referred to as red Mini-ImageNet, ab-
breviated as Img-LTNr), and WebVision-50 [33] is used
with its inherent noisy labels. For all constructed datasets,
we first subsample a long-tailed version from the original
dataset following the exponential decay pattern from prior
works [67], and then introduce label noise. The imbal-
ance factor is defined as the ratio of the largest class size
to the smallest. Three types of noise—joint, symmetric,
and asymmetric—are applied to CIFAR datasets. To dis-
tinguish it from the original data, we appended ”-LTN” to
the constructed long-tailed noisy label dataset. For model
training, we use CLIP [46] ViT-B/16 as the backbone and
Adaptformer [5] as the fine-tuning strategy. The optimizer
is SGD with an initial learning rate of 0.01, a momentum of
0.9, and a weight decay of 5×10−4. The batch size is set to
128, and WTS is trained for 10 epochs across all datasets.
Definition of Noise Types. For joint noise, each element
T JN
ij in the transfer matrix T JN is defined as:

T JN
ij = P JN (ŷ = j | y = i) =

{
1− γ if i = j

nj

N−ni
γ if i ̸= j

,

(15)

where ŷ denotes the observed label, and y is the ground-
truth label. γ denotes the noise ratio. N is the total number
of training samples, and ni is the number of training sam-
ples in class i.

For symmetric noise, the element TSN
ij in the transfer

matrix is expressed as:

TSN
ij =

{
γ · 1

C + (1− γ), if i = j

γ · 1
C , if i ̸= j

, (16)

where C represents the total number of classes.

For asymmetric noise, the element TAN
ij in its transfer

matrix is given by:

TAN
ij =

{
1− γ, if i = j

γ · P (i → j), if i ̸= j
, (17)

where P (i → j) is the probability of a sample with true la-
bel i being mislabeled as j and satisfies

∑C
j=1 P (i → j) =

1. Similar to previous work [52, 40], we adopt P (i → j),
where only one element is 1 while all others are 0 in our
experiments.

4.2. Comparison Results

Comparison Methods. We compare our method with the
following three types of approaches: (1) Long-tail (LT)
learning methods: LDAM [4], NCM [19], MiSLAS [38],
logit adjustment (LA) [41], and influence-balanced loss
(IB) [43]. (2) Label-noise (LN) learning methods : Co-
teaching (CT) [12], CDR [59], Sel-CL [32] DivideMix [26],
and UNICON [20]. (3) Long-tailed noisy label (LTNL)
learning: MW-Net [52], ROLT [57], HAR [64], ULC [15],
TABASCO [40], RCAL [65] and ECBS [34].
Results on CIFAR-10/100-LTN. Tables 1 and 2 compare
joint versus symmetric/asymmetric noise results on CIFAR-
10/100-LTN. We observe that directly applying the LT
learning method can achieve improvement to a certain ex-
tent. The logit adjustment-based method performs slightly
better. NCM requires resampling the data distribution based
on class labels, but the presence of noisy labels leads to un-
reasonable resampling, limiting its performance improve-
ment. Under joint noise, LN learning methods, such as Sel-
CL+ [32], outperform LT learning methods. For symmet-
ric and asymmetric noise, recently proposed noise learning
techniques can achieve satisfactory performance. However,
these two kinds of methods are less effective when the noise
ratio is high. For example, under joint noise, when the im-
balance factor (IF) of CIFAR-100-LTN is 100 and the noise
ratio (NR) is 0.5, MiSLAS and Sel-CL+ achieve accuracies
of 21.8% and 28.6%, respectively. While these are signifi-
cantly higher than CE (14.2%), they still fall short of meet-
ing practical requirements for usage.

Table 3 presents the performance comparison of vari-
ous methods on CIFAR-10/100-LTN under an NR of 0.6,
representing an extremely high-noise regime. In this chal-
lenging setting, observed labels are highly unreliable, lead-
ing to poor performance from all methods under asym-
metric noise conditions. The experimental results demon-
strate that incorporating WTS can significantly enhance the
performance of all methods, especially under asymmetric
and symmetric noise. For example, WTS improves the
CLIP+LA method by more than 10%, achieving 74.7%
compared to 63.1% on the CIFAR-10-LTN dataset with an
imbalance factor of 100.



Table 1: Top-1 acc. (%) on CIFAR-10/100-LTN with joint noise. Res32 and Res18 are abbreviations for ResNet-32 and
PreAct ResNet18, respectively. The best and the second-best results are shown in underline bold and bold, respectively.

Dataset CIFAR-10-LTN CIFAR-100-LTN
Imbalance Factor 10 100 10 100
Noise Ratio 0.3 0.4 0.5 0.3 0.4 0.5 0.3 0.4 0.5 0.3 0.4 0.5
CE 72.4 70.3 65.2 52.9 48.1 38.7 37.4 32.9 26.2 21.8 17.9 14.2
LDAM-DRW[4] 80.2 74.9 67.9 66.7 57.5 43.2 45.1 39.4 32.2 27.6 21.2 15.2
NCM [19] 74.8 68.4 64.8 60.9 55.5 42.6 41.3 35.4 29.3 24.7 21.8 16.8
MiSLAS[38] 83.4 76.2 72.5 67.9 62.0 54.5 50.0 46.1 40.6 32.8 27.0 21.8
Co-teaching [12] 68.7 57.1 46.8 38.0 30.8 22.9 36.1 32.1 25.3 22.0 16.2 13.5
CDR [59] 73.9 68.1 62.2 46.3 42.5 32.4 35.4 30.9 24.9 22.0 17.3 13.6
Sel-CL+[32] 84.4 80.4 77.3 65.7 61.4 56.2 50.9 47.6 44.9 35.1 32.0 28.6
RoLT [57] 83.5 80.9 79.0 66.5 57.9 49.0 47.4 44.6 38.6 27.6 24.7 20.1
RoLT-DRW[57] 83.6 81.4 77.1 71.1 63.6 55.1 49.3 46.3 40.9 30.2 26.6 21.1
HAR-DRW[64] 80.4 77.4 67.4 48.6 54.2 42.8 41.2 37.4 31.3 22.6 19.0 14.8
RCAL [65] 84.6 83.4 80.8 72.8 69.8 65.1 51.7 48.9 44.4 36.6 33.4 30.3
ECBS-Res32 [34] 87.4 85.9 84.8 76.8 75.2 73.6 53.8 52.8 51.2 38.5 37.1 35.5
ECBS-Res18 [34] 89.1 87.7 85.6 78.0 76.5 72.9 60.1 58.2 55.3 43.0 39.9 39.1
CLIP (zero-shot) 87.2 87.2 87.2 87.2 87.2 87.2 64.4 64.4 64.4 64.4 64.4 64.4
CLIP+CE 95.1 94.8 93.9 89.9 88.2 83.5 79.7 78.6 77.5 66.4 64.8 62.1
CLIP+CE+WTS (ours) 95.2 95.1 94.5 90.1 88.9 87.8 80.8 78.7 77.8 67.7 66.1 64.9
CLIP+LA 96.3 96.0 95.3 95.2 94.0 90.5 82.0 80.8 79.7 77.5 76.6 75.4
CLIP+LA+WTS (ours) 96.5 96.2 95.6 95.6 95.2 91.9 83.2 81.2 80.4 77.8 77.1 76.9

Table 2: Top-1 acc. (%) on CIFAR-10/100-LTN with an im-
balance factor of 10 under symmetric and asymmetric noise.

Dataset CIFAR-10-LTN CIFAR-100-LTN CIFAR-100-LTN
Noise Type Symmetric Asymmetric
Noise Ratio 0.4 0.6 0.4 0.6 0.2 0.4
CE 71.7 61.2 34.5 23.6 44.5 32.1
LDAM [4] 70.5 62.0 31.3 23.1 40.1 33.3
LA [41] 70.6 54.9 29.1 23.2 39.3 28.5
IB [43] 73.2 62.6 32.4 25.8 45.0 35.3
DivdeMix [26] 82.7 80.2 54.7 45.0 58.1 42.0
UNICON [20] 84.3 82.3 52.3 45.9 56.0 44.7
MW-Net [52] 70.9 59.9 32.0 21.7 42.5 30.4
RoLT [57] 81.6 76.6 42.0 32.6 48.2 39.3
HAR [64] 77.4 63.8 38.2 26.1 48.5 33.2
ULC [15] 84.5 83.3 54.9 44.7 54.5 43.2
TABASCO [40] 85.5 84.8 56.5 46.0 59.4 50.5
ECBS [34] 86.4 83.9 56.7 48.1 60.5 52.1
CLIP (zero-shot) 87.2 87.2 64.4 64.4 64.4 64.4
CLIP+CE 94.9 94.4 78.4 74.7 78.7 62.5
CLIP+CE+WTS (ours) 95.2 95.0 78.9 75.9 79.1 67.4
CLIP+LA 95.8 95.2 80.2 76.8 79.3 67.2
CLIP+LA+WTS (ours) 96.1 95.3 80.7 78.0 79.8 69.5

Recent proposed LTNL learning methods, including
RCAL [65], TABASCO [40] and ECBS [34], have shown
enhanced robustness across various noise ratios. However,
there remains room for further improvement, particularly
on more challenging datasets. For example, on CIFAR-100
with an IF of 10 and NR of 0.4, ECBS achieves accura-
cies of 58.2%, 56.7%, and 52.1% under three types of la-
bel noise, respectively. In comparison, the proposed WTS
achieves 81.2%, 80.7%, and 69.5%, highlighting the effec-
tiveness of the CLIP-introduced prior and the text-based
knowledge in WTS. These results demonstrate the gener-
alization capability of WTS across different noise types and
its robustness under high-noise conditions.
Results on Real-World Datasets. Table 4 reports the per-

Table 4: Top-1 acc. (%) on
Img-LTNr with NR of 0.4.

Imbalance Factor 10 100
CE 31.5 31.5
LDAM [4] 23.5 15.6
LA [41] 25.9 9.6
IB [43] 22.1 16.3
DivdeMix [26] 49.0 34.7
UNICON [20] 41.6 31.1
MW-Net [52] 40.3 31.1
RoLT [57] 24.2 16.9
HAR [64] 38.7 31.3
ULC [15] 47.1 34.8
TABASCO [40] 49.7 37.1
ECBS [34] 50.8 36.9
CLIP (zero shot) 77.1 77.1
CLIP+CE 82.9 80.5
CLIP+CE+WTS 83.3 81.3
CLIP+LA 81.9 79.5
CLIP+LA+WTS 83.1 80.9

Table 5: Top-1 acc. (%) on
WebVision-50.

Train WebVision-50
Test WV503 IMG123

CE 62.5 58.5
CT [12] 63.6 61.5
MentorNet [39] 63.0 57.8
ELR+ [36] 77.8 70.3
MoPro [28] 77.6 76.3
NGC [58] 79.2 74.4
Sel-CL+ [32] 80.0 76.8
RCAL+ [65] 79.6 76.3
ECBS [34] 80.0 76.1
CLIP (zero-shot) 74.5 78.0
CLIP+CE 83.4 83.8
CLIP+CE+WTS 83.5 83.6
CLIP+LA 85.2 84.1
CLIP+LA+WTS 85.2 84.2

formance on the test set of Img-LTNr. It can be observed
that with the noise ratio reaching 0.4, directly applying LT
learning methods can lead to adverse effects. Similar to the
results on the CIFAR-10/100-LTN datasets, the LN learn-
ing method shows effectiveness on Img-LTNr with a low
imbalance ratio. In contrast, the LTNL learning method
demonstrates a more significant improvement. For instance,
when IF is 100, TABASCO [40] achieves a top-1 classifica-
tion accuracy of 37.1%, compared to 34.7% achieved by
DivideMix [26]. In comparison, WTS exceeds 80%. Under
real-world noisy label conditions, LA also negatively im-
pacts the CLIP fine-tuned model, with CLIP+LA reducing
CE from 82.9% to 81.9% at an imbalance ratio of 10 for
example. In contrast, WTS enables the effective use of LA,



Table 3: Acc. (%) on CIFAR-10/100-LTN. NR is 0.6. JN, AN, and SN stand for joint, asymmetric, and symmetric noise, respectively.

Dataset CIFAR-10-LTN CIFAR-100-LTN
Imbalance Factor 10 100 10 100
Noise Type JN AN SN JN AN SN JN AN SN JN AN SN
CLIP+CE 91.2 19.6 94.4 71.4 22.4 87.1 74.6 21.6 74.7 58.4 23.5 62.0
CLIP+CE+WTS 94.1 (↑ 2.9) 38.8 95.0 (↑ 0.6) 83.7 (↑ 12.3) 52.5 (↑ 30.1) 91.5 (↑ 4.4) 75.7 (↑ 1.1) 23.4 75.9 (↑ 1.2) 61.6 (↑ 3.2) 29.0 65.1 (↑ 3.1)
CLIP+LDAM 93.0 1.9 94.8 75.8 11.4 87.5 74.8 7.2 74.7 58.5 16.5 60.0
CLIP+LDAM+WTS 94.5 (↑ 1.5) 5.1 95.0 (↑ 0.2) 83.4 (↑ 7.6) 26.5 90.3 (↑ 2.8) 75.2 (↑ 0.4) 9.9 75.7 (↑ 1.0) 60.3 (↑ 1.8) 20.3 62.6 (↑ 2.6)
CLIP+LA 93.9 56.7 95.2 85.9 63.1 91.7 78.4 47.1 76.8 73.7 45.7 66.8
CLIP+LA+WTS 94.2 (↑ 0.3) 63.8 (↑ 7.1) 95.7 (↑ 0.4) 88.2 (↑ 2.3) 74.7 (↑ 11.6) 94.2 (↑ 2.5) 79.0 (↑ 0.6) 48.8 (↑ 1.7) 78.0 (↑ 1.2) 74.3 (↑ 0.6) 49.5 (↑ 3.8) 70.5 (↑ 3.7)

Table 6: Top-1 accuracy (%) on Red mini-ImageNet dataset with real-world noise.

Imbalance Factor 10 100
Noise Ratio 0.1 0.2 0.3 0.4 0.5 0.6 0.1 0.2 0.3 0.4 0.5 0.6
CLIP (zero-shot) 77.1 77.1 77.1 77.1 77.1 77.1 77.1 77.1 77.1 77.1 77.1 77.1
CLIP+CE 85.7 84.4 84.1 82.9 80.9 79.6 84.0 82.6 81.3 80.5 79.7 78.4
CLIP+CE+WTS 86.1 (↑ 0.4) 85.3 (↑ 0.9) 85.1 (↑ 1.0) 83.3 (↑ 0.4) 82.8 (↑ 1.9) 82.8 (↑ 3.2) 84.2 (↑ 0.2) 82.7 (↑ 0.1) 82.6 (↑ 1.3) 81.3 (↑ 0.8) 81.0 (↑ 1.3) 80.6 (↑ 2.2)
CLIP+LDAM 84.8 83.4 82.7 81.2 79.8 77.9 80.2 78.3 77.8 77.3 75.5 74.2
CLIP+LDAM+WTS 84.8 (0.0) 84.1 (↑ 1.7) 82.8 (↑ 0.1) 82.4 (↑ 1.2) 81.5 (↑ 1.7) 80.4 (↑ 2.5) 80.2 (0.0) 78.9 (↑ 0.6) 78.3 (↑ 0.5) 77.6 (↑ 0.3) 77.8 (↑ 2.3) 76.1 (↑ 1.9)
CLIP+LADE 84.4 83.6 83.1 81.9 81.1 79.7 79.9 80.5 79.1 78.9 78.4 77.8
CLIP+LADE+WTS 84.8 (↑ 0.4) 84.2 (↑ 0.6) 83.4 (↑ 0.3) 83.0 (↑ 1.1) 83.5 (↑ 2.4) 82.2 (↑ 2.5) 80.4 (↑ 0.5) 81.5 (↑ 1.0) 79.6 (↑ 0.5) 79.7 (↑ 0.8) 80.3 (↑ 1.9) 79.3 (↑ 1.5)
CLIP+LA 85.1 84.5 83.1 81.9 81.1 79.0 81.3 81.0 79.9 79.5 78.9 77.6
CLIP+LA+WTS 86.0 (↑ 0.9) 85.9 (↑ 1.4) 85.7 (↑ 2.6) 83.1 (↑ 1.2) 83.6 (↑ 2.5) 82.5 (↑ 3.5) 83.4 (↑ 2.1) 82.6 (↑ 1.6) 81.5 (↑ 1.6) 80.9 (↑ 1.4) 81.4 (↑ 2.5) 80.6 (↑ 3.0)

further boosting performance to 83.1%.
WebVision-50 is derived from real-world datasets with

NR of 0.05, out-of-distribution ratio 0.24 [1] and IF of 6.78.
Since the NR is low, LA can be applied directly, and the
correction effect of WTS is less evident. However, WTS
does lead to a slight improvement in cross-dataset test re-
sults, demonstrating an enhancement in the generalization
ability of the models.

4.3. Further Analysis

Impact of WTS on Different Classes. We conduct exper-
iments to demonstrate that WTS can enhance the perfor-
mance of all classes. Figure 3 shows the top-1 classifica-
tion accuracy across different class types. As shown in the
figures, compared to the basic CE loss, LA improves tail-
class performance at noise ratios of 0.4 and 0.5, with a slight
trade-off in head-class performance. Building on LA, WTS
further improves the performance of all classes.
The Influence of Overlap Ratio Control Threshold τ .
The supervision switch control in Section 3.2 relies on a
hyper-parameter τ . We conduct an ablation study on the
parameter τ to examine its impact on model training. Fig-
ure 4 shows the results. When the noise ratio is low (e.g.,
0.3 or 0.4), the choice of parameter τ influences model per-
formance. In such cases, the reliability of observed labels
is relatively higher It is crucial to assess whether super-
vision from the weak teacher may teacher introduce un-
certainty, potentially impacting training. Therefore, deter-
mining whether to trust the label Yt, which depends on

3WV50 and IMG12 are abbreviated for WebVision-50 and
ILSVRC12 [23], respectively.

Table 7: Acc. (%) of CLIP (zero-shot) on the training set of
CIFAR-100-NLT.

Imbalance Factor Head Med. Tail All
10 66.5 64.1 66.1 65.5

100 66.8 64.0 60.6 64.0

τ , becomes essential. Figure 4 shows minimal fluctuation,
demonstrating that WTS remains stable and informative
across different values of τ . When NR is high, the reliability
of observed labels decreases, making the supervision signal
from the weak teacher more critical. The observed label set
Yo deviates significantly from Yt, further emphasizing the
necessity of guidance from the weak teacher Consequently,
during training, the control switch remains active, ensuring
that model performance is largely unaffected by τ .
CLIP performance on training set. Table 7 presents
the performance of CLIP on the training set of CIFAR-100-
LTN. Since the predictions obtained by CLIP are indepen-
dent of class labels, they remain unaffected by label noise
and class distribution biases. However, the predicted labels
generated by the text encoder of CLIP are not sufficiently
accurate. We therefore characterize the textual supervision
from CLIP as a weak supervisory signal that, while imper-
fect, provides valuable guidance for model training under
noisy conditions.

5. Concluding Remarks

In this work, we proposed a label calibration method,
WTS, to tackle the compounded challenges of noisy la-
bels and long-tailed distributions in real-world data. WTS
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Figure 3: Accuracy of different class types. (CIFAR100-LTN with IR of 100 and asymmetric noise)
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Figure 4: Ablation of τ in supervision switch. The dataset
is CIFAR-100-LTN with IR=100 and symmetric noise.

leverages auxiliary language information from pre-trained
visual-language models to correct label misalignment. By
calibrating the supervisory signal, WTS enables effective
feature learning and ensures that valuable category infor-
mation is preserved, even in high-noise scenarios. This
approach shows significant improvements in model perfor-
mance across various benchmarks, particularly under chal-
lenging noise conditions. Despite WTS being effective in
most scenarios, its supervision activation relies on an em-
pirically chosen hyperparameter. In simple noise environ-
ments, this dependency may occasionally lead WTS to pro-
vide misleading signals, potentially impacting model per-
formance. Our future work will focus on developing a more
reasonable parameter selection to overcome this limitation.
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