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Abstract

Pretrained vision-language models (VLMs), especially CLIP,
excel at adapting to downstream tasks through fine-tuning
with sufficient high-quality labeled data. However, real-world
training data often contains noisy labels, leading to significant
performance degradation when models are naively fine-tuned
on them. Existing noisy label learning methods for VLMs
typically leverage the model’s own pretrained knowledge, ei-
ther via zero-shot predictions or vanilla self-training based
on them, to identify and handle noisy samples. Crucially,
these approaches blindly trust the VLM’s pretrained knowl-
edge, which can introduce endogenous confirmation bias: er-
roneous pretrained priors lead to incorrect noise detection,
further amplifying the bias and corrupting the model. To over-
come this limitation, we propose the Debiased Knowledge
Adaptation Framework (DKAF), which empowers the model
to challenge and correct potentially flawed zero-shot predic-
tions. DKAF operates in three progressive phases: (1) Clean
Sample Selection. We introduce a cross-modal collaborative
pseudo-labeling to train a robust noisy label detector, explic-
itly mitigating confirmation bias by aggregating diverse sig-
nals beyond the model’s initial zero-shot view. (2) Noisy La-
bel Refinement. For samples identified as noisy, we apply a
dual-modal consistency strategy to selectively correct their
labels, leveraging alignment between dominant and fused
modalities to guide refinement while minimizing reliance on
potentially biased internal knowledge. (3) Model Adapta-
tion. The model is progressively fine-tuned using the jointly
curated dataset of selected clean samples and corrected noisy
samples, promoting robust adaptation to the target task. Ex-
tensive experiments on nine benchmark datasets (both syn-
thetic and real-world noise) demonstrate that DKAF con-
sistently outperforms state-of-the-art multimodal noisy la-
bel learning methods. Notably, under high-noise conditions,
DKAF achieves average accuracy improvements of 3.08%.

Code — https://github.com/Feiyang-Ning/DKAF

1 Introduction
Vision-language models (VLMs), such as CLIP (Radford
et al. 2021), demonstrate strong generalization capabilities
through large-scale multimodal pre-training. To optimize
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Figure 1: Recognition issues on hard classes. Hard classes
tend to cause misalignment in zero-shot features, whereas
DKAF effectively selects higher-quality clean samples.

Method Precision (%) Recall (%) F1-score (%)
Bombay (Dataset: OxfordPets, Noise Rate: 40%)

Zero-shot 0.00 0.00 0.00
DEFT 100.00 8.26 15.87
DKAF (Ours) 98.31 100.00 99.15
Whip-poor-will (Dataset: CUB-200-2011, Noise Rate: 40%)
Zero-shot 0.00 0.00 0.00
DEFT 100.00 5.26 9.99
DKAF (Ours) 100.00 100.00 100.00

Table 1: Recognition results on representative hard classes.

performance on downstream tasks, fine-tuning with task-
specific data remains essential (Zhou et al. 2022b; Gao et al.
2024). However, the effectiveness of fine-tuning heavily re-
lies on high-quality labeled data for the target task. In prac-
tice, the training data often contains label noise due to hu-
man annotation errors and weakly supervised labeling mech-
anisms (Zhou 2018). Directly fine-tuning pre-trained models
on noisy datasets may lead to performance degradation.

Predominant learning with noisy labels (LNL) approaches
comprise three categories: sample selection, robust loss, and
label correction. Among these, sample selection is the most
widely adopted approach. It focuses on identifying clean
samples based on specific criteria and fine-tuning pre-trained
models with them. Most of such methods rely on the small-
loss strategy, which assumes that samples with smaller train-
ing losses are more likely to be clean (Jiang et al. 2018; Han
et al. 2018; Shen and Sanghavi 2019). However, this strat-
egy is inherently sensitive to the type and distribution of la-
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bel noise (Song et al. 2022). In particular, it may mistakenly
select noisy samples with small losses and exclude hard but
clean samples with large losses, thereby reducing the effec-
tiveness of clean sample selection.

Benefiting from the advancements of VLMs, especially
CLIP, a few noisy label learning methods based on VLMs
have been proposed to perform clean sample selection by
leveraging their strong cross-modal semantic understanding
capacity. Specifically, CLIPCleaner (Feng, Tzimiropoulos,
and Patras 2024) and GSM (Liang et al. 2025) construct a
CLIP-based zero-shot classifier for clean sample selection.
DEFT (Wei et al. 2024) adopts vanilla self-training by learn-
ing dual textual prompts to detect noisy labels.

Compared to visual approaches, these multimodal meth-
ods better exploit image-text semantic correlations to en-
hance sample selection. However, they suffer from endoge-
nous confirmation bias due to over-reliance on CLIP’s pre-
trained knowledge. As shown in Tab.1, even state-of-the-art
methods, DEFT (Wei et al. 2024), fail to rectify samples
with erroneous CLIP zero-shot predictions. This bias mani-
fests as preferential treatment toward overestimated classes
(Huang, Chu, and Wei 2022; Alabdulmohsin et al. 2024),
causing repeated selection of such samples while neglecting
hard classes, ultimately degrading clean sample quality.

To advance noisy label learning with CLIP, we propose
the Debiased Knowledge Adaptation Framework (DKAF),
which empowers the model to challenge and correct po-
tentially flawed zero-shot predictions. Fig.1 illustrates why
zero-shot and DEFT perform poorly in recognizing hard
classes: CLIP lacks sufficient learning of these classes dur-
ing the pretraining phase, which limits its semantic align-
ment capability and prevents it from accurately representing
the visual concepts of the target classes, ultimately resulting
in ineffective predictions. In contrast, DKAF mitigates over-
reliance on pretrained knowledge through three phases: (1)
Clean Sample Selection: Cross-modal collaborative pseudo-
labeling trains textual prompts by aggregating visual-textual
predictions for robust noise detection; (2) Noisy Label Re-
finement: A dual-modal consistency strategy selectively cor-
rects labels using inter-modal alignment, reducing depen-
dence on biased priors; (3) Model Adaptation: Downstream
adaptation leverages curated clean and refined samples. By
addressing endogenous confirmation bias, DKAF achieves
precise visual-concept alignment. Tab.1 demonstrates signif-
icant performance gains on hard-class recognition.

We conducted extensive experiments on six synthetic and
three real-world datasets, demonstrating that DKAF outper-
forms existing multimodal methods in noisy label learning.
Our main contributions can be summarized as follows:

• We critically reveal that excessive reliance on CLIP’s
zero-shot capability in existing methods propagates un-
corrected errors, inducing endogenous confirmation bias.

• To mitigate confirmation bias, we propose cross-modal
collaborative pseudo-labeling to train textual prompts for
noise detection. This method aggregates predictions from
both textual and visual views to produce reliable pseudo-
labels. A dual-modal consistency strategy is then em-
ployed to selectively refine noisy labels, reducing depen-

dence on potentially biased inherent priors.
• We conduct experiments on nine benchmark datasets and

achieve an average accuracy improvement of 3.08% un-
der high-noise conditions over the SOTA methods.

2 Related Work
Prompt Tuning In recent years, vision-language models
(VLMs) such as CLIP, ALIGN (Jia et al. 2021), and BLIP
(Li et al. 2022) have demonstrated strong multimodal rep-
resentation capabilities. Prompt tuning leverages learnable
prompts to adapt VLMs to downstream tasks, instead of
modifying backbone weights (Bordes et al. 2024). Most ex-
isting methods focus exclusively on the textual branch by
introducing learnable prompt vectors, such as CoOp (Zhou
et al. 2022b), CoCoOp (Zhou et al. 2022a) and PLOT (Chen
et al. 2022). Some methods, like VPT (Jia et al. 2022), in-
stead insert a few trainable parameters into the visual en-
coder’s input space. Others, such as MaPLe (Khattak et al.
2023), apply learnable prompts to both the textual and visual
branches. Our method draws on the idea of prompt learning
to select clean samples, and leverages prompt tuning to en-
hance CLIP’s performance on downstream tasks.

Learning with Noisy Labels Abundant methods have
been proposed to address noisy label learning, which can
be categorized into three types: (1) Sample selection meth-
ods focus on identifying clean samples from noisy-labeled
datasets. Representative methods include Co-teaching (Han
et al. 2018), JoCoR (Wei et al. 2020) and GMM (Li, Socher,
and Hoi 2020). (2) Robust loss methods aim to design
noise-tolerant loss functions. Representative methods in-
clude GCE (Zhang and Sabuncu 2018), SCE (Wang et al.
2019) and ELR (Liu et al. 2020). (3) Label correction meth-
ods aim to assign accurate pseudo-labels to noisy samples.
Representative methods include Bootstrapping (Reed et al.
2014) and PENCIL (Yi and Wu 2019). Additionally, sev-
eral methods have recently applied VLMs such as CLIP for
learning with noisy labels: CLIPCleaner (Feng, Tzimiropou-
los, and Patras 2024), GSM (Liang et al. 2025) and DEFT
(Wei et al. 2024). Unlike prior multimodal methods that use
only zero-shot prediction or vanilla self-training, our method
focuses on enhancing CLIP’s sample selection capability by
mitigating its endogenous confirmation bias, and selectively
corrects noisy labels through a dual-modal consistency strat-
egy, thereby improving performance in noisy label learning.

3 Methodology
This paper addresses the challenge of robustly adapting
CLIP for learning with noisy labels. Formally, consider a
noisy-labeled training dataset D = (X ,Y) = {(xi, yi)}Ni=1,
where xi ∈ X denotes an image and yi ∈ Y is its poten-
tially misannotated label over C classes (Y = {1, . . . , C}).
Critically, the underlying true labels remain unobserved.

Existing CLIP-based noisy label learning methods typ-
ically exploit the model’s zero-shot capability to identify
label errors: CLIPCleaner (Feng, Tzimiropoulos, and Pa-
tras 2024) and GSM (Liang et al. 2025) directly utilize
zero-shot predictions for noise detection, while DEFT (Wei
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Figure 2: The architecture of the proposed framework for noisy label learning with CLIP, consisting of three progressive phases.

et al. 2024) advances this via vanilla self-training with dual
prompts initialized from zero-shot outputs. However, these
approaches exhibit a key limitation: they uncritically trust
CLIP’s pretrained knowledge, inducing confirmation bias.
When this knowledge is flawed, errors in sample selection
self-reinforce, amplifying bias and misleading the model.

3.1 Overview
To mitigate confirmation bias, we propose the Debiased
Knowledge Adaptation Framework (DKAF), designed to
empower CLIP to critically evaluate and rectify poten-
tially erroneous zero-shot predictions for robust adaptation
to noisy label downstream tasks. As illustrated in Fig.2,
DKAF operates in three progressive phases. The first phase
is Clean Sample Selection: We identify clean samples via
self-training with multi-prompt learning. Pseudo-labels are
generated by aggregating visual and textual signals beyond
the initial zero-shot view, followed by logit adjustment loss
to address imbalanced pretrained prediction distributions.
The second phase is Noisy Label Refinement: To leverage
information from noisy samples, we select correctable sam-
ples through dual-modal prediction consistency and adaptive
confidence margin filtering, then assign fused soft labels to
these samples. The third phase is Model Adaptation: The
pre-trained deep neural network is progressively fine-tuned
using both clean and corrected samples to enhance perfor-
mance on downstream image classification tasks.

3.2 Phase 1: Clean Sample Selection

Accurate clean sample selection is pivotal for noisy label
learning. CLIP inherently exhibits strong zero-shot capabil-
ity, allowing direct label inference for unseen images with-
out additional training, which facilitates efficient noisy sam-
ple detection. Advanced methods like DEFT (Wei et al.
2024) further enhance CLIP’s selection ability through self-
training with dual textual prompts. Specifically, for each
class k ∈ Y , a pair of text prompts consisting of a positive
prompt t+k and a negative prompt t−k is constructed. The pos-
itive prompt serves as an anchor for the representation of the
target class k, while the negative prompt acts as a learnable
semantic threshold to distinguish clean and noisy samples.
For each sample (xi, yi) ∈ D, use CLIP’s visual encoder
ϕθ to extract its image feature Ii. If the similarity between
Ii and the positive prompt feature T+

yi
exceeds that with the

negative prompt feature T−
yi

, the sample is considered clean.
However, its pseudo-labeling strategy remains identical

to vanilla self-training: it relies solely on image-text sim-
ilarity scores. Crucially, since dual-prompt training is ini-
tialized from zero-shot similarity scores without additional
guidance, this approach inherits and amplifies confirmation
bias. To address the above limitation in sample selection, we
propose a novel cross-modal collaborative pseudo-labeling
strategy to mitigate confirmation bias. Subsequently, we
first present how to use textual prompt learning for clean
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sample identification, followed by cross-modal collaborative
pseudo-labeling designed to address confirmation bias.

Textual Prompt Learning The learning of dual textual
prompts relies on a single negative prompt to identify clean
samples, making the discrimination results easily affected
by individual outlier samples and incidental prompt bias. In-
spired by the idea of multi-view learning (Xu, Tao, and Xu
2013), we construct a set of negative prompts {t−(j)

k }Nneg
j=1

for each class k ∈ Y to capture multifaceted distributions of
noisy-labeled samples. Formally, given a sample (xi, yi) ∈
D, the clean sample subset DCL is defined as:

DCL =
{
(xi, yi)

∣∣ sim(Ii,T
+
yi
) > sim(Ii,T

−
yi
)
}
, (1)

where sim(Ii,T
−
yi
) = 1

Nneg

∑Nneg
j=1 sim(Ii,T

−(j)
yi

).
To further enable end-to-end differentiable optimization,

the binary hard discrimination criterion for identifying clean
samples can be transformed into a soft formulation through
continuous probability modeling:

pclean
i,k =

esim(Ii,T
+
k )/τ

esim(Ii,T
+
k )/τ + esim(Ii,T

−
k )/τ

, (2)

where pclean
i,k represents the probability of i-th sample be-

longing to the class k as a clean sample. Obviously, when
pclean
i,yi

> 1
2 , the i-th sample can be considered clean.

Since the negative prompts {t−(j)
k }Nneg

j=1 for each class k
are randomly initialized, we employ a regularization term
Lreg to ensure their diversity. This promotes comprehensive
modeling of multifaceted distributions in noisy-labeled sam-
ples. The regularization loss is defined as:

Lreg =
1

C
· 1(

Nneg
2

) C∑
k=1

∑
1≤i<j≤Nneg

sim(T
−(i)
k ,T

−(j)
k ), (3)

where
(
Nneg
2

)
denotes the number of unique prompt pairs.

Cross-modal Collaborative Pseudo-labeling Following
Eq.(2), clean and noisy samples are constructed for opti-
mization with respect to the positive and negative prompts
using vanilla self-training. Specifically, the positive prompt
loss Lpos and negative prompt loss Lneg are defined as:

Lpos =
1

|D|
∑

(xi,yi)∈D

− log(pclean
i,ŷi

), (4)

Lneg =
1

|D|
∑

(xi,yi)∈D

− log(1− pclean
i,ȳi

), (5)

where ŷi is the pseudo-label of the i-th sample (if the sample
is considered clean in this epoch, then ŷi = yi; otherwise,
ŷi is the label predicted by the current CLIP), and ȳi is the
negative label (randomly selected from Y such that ȳi ̸= yi).

The core limitation of the above vanilla pseudo-labeling
strategies stems from their reliance on a single generation
method: pseudo-labels are determined exclusively by image-
text similarity in the feature space. This approach is prob-
lematic due to the inherent semantic gap between visual

and textual modalities in CLIP, which compromises pseudo-
label accuracy (Xing et al. 2023). When a domain gap exists
between CLIP’s pretraining dataset and the target dataset,
this semantic misalignment intensifies, degrading zero-shot
prediction quality in downstream tasks.

To overcome this constraint, we incorporate visual proto-
type to calibrate pseudo-label generation. Concretely, after
each training epoch, construct the visual prototype V k for
each class k using the detected DCL from this epoch:

V k =
1

|Dk|
∑

(xi,yi)∈Dk

Ii, (6)

where Dk = {(xi, yi) ∈ DCL | yi = k}.
Then, for each noisy sample (xi, yi) ∈ DNL, we compute

its similarity-based probability distributions with respect to
all positive textual prompt features and visual prototypes:

P L
i = {pL

i (c)}Cc=1, pL
i (c) =

esim(Ii,T
+
c )/τ∑C

k=1 e
sim(Ii,T

+
k )/τ

; (7)

P V
i = {pV

i (c)}Cc=1, pV
i (c) =

esim(Ii,V c)/τ∑C
k=1 e

sim(Ii,V k)/τ
. (8)

Finally, by integrating P L
i and P V

i , the fused probability
distribution PM

i of the pseudo-label is obtained:

PM
i = {pM

i (c)}Cc=1, pM
i (c) = α·pL

i (c)+(1−α)·pV
i (c), (9)

where the pseudo-label is assigned as ŷi = argmax
c

(pM
i (c)).

α denotes an adaptive weight quantifying the reliability of
both textual class centers and visual prototypes. Specially, α
is updated after each epoch based on samples in DCL:

α =
Ntext

Ntext +Nvision
, (10)

where Ntext and Nvision are the numbers of correct predic-
tions by the textual and visual modalities, respectively.

Visual Encoder Adaptation The proposed Cross-modal
Collaborative Pseudo-labeling strategy depends critically on
the quality of visual prototypes. However, significant do-
main gaps persist between the CLIP and target downstream
tasks, necessitating adaptation of the visual encoder.

To facilitate efficient adaptation of CLIP’s visual encoder
to downstream tasks, Visual Prompt Tuning (VPT) is com-
monly employed (Jia et al. 2022). However, the study (Wang
et al. 2022) has found that CLIP exhibits a preference for
certain categories during prediction, demonstrating an en-
dogenous confirmation bias. This bias propagates into the
computations of Eq.(7) and Eq.(9), affecting the quality
of the generated pseudo-labels. Furthermore, low-quality
pseudo-labels interfere with the calculation of Lpos, thereby
reducing the effectiveness of clean sample selection. In-
spired by the idea of logit adjustment (Menon et al. 2020),
we propose a debiased cross-entropy loss designed to miti-
gate the impact of CLIP’s endogenous confirmation bias.

First, during each epoch, calculate the number of samples
from DNL and DCL assigned to class c by the model:

nc =

|DNL|∑
i=1

I
(
ŷi = c, pM

i (c) ≥ τ∗
)
+

|DCL|∑
i=1

I (yi = c) , (11)
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where τ∗ is a pre-defined confidence threshold.
Then, calculate the model’s preference degree for class c:

dc =
nc

max
k

nk
. (12)

Additionally, since CLIP tends to confuse categories with
high similarity (Li et al. 2025), it is necessary to take this
bias into account. The inter-class similarity is defined as:

ρi,j = α · sim(T+
i ,T

+
j ) + (1− α) · sim(V i,V j), (13)

where the α shares the same meaning and value as in Eq.(9).
Therefore, the logit adjustment term is defined as:

bi,j = (1− dj) · ρi,j · I(i ̸= j). (14)

Finally, the debiased cross-entropy loss Lcls is defined as:

Lcls =
1

|DCL|
∑

(xi,yi)∈DCL

− log
ez

yi
i∑C

j=1 e
zj
i+γbyi,j

, (15)

where zji denotes the logit output for class j given input xi,
and γ controls the strength of the logit adjustment term.

Training Objective The overall loss used in Phase 1 is
formulated as follows:

L1 = Lpos + Lneg + λ1Lreg + Lcls, (16)

where λ1 balances the strength of diversity regularization.

3.3 Phase 2: Noisy Label Refinement
After Phase 1, CLIP develops robust representation capabili-
ties that demonstrate strong noise resilience. However, when
confronting significant noise rates, leveraging the informa-
tional value of noisy-labeled samples becomes essential for
performance enhancement. To maximize utilization of DNL,
we implement a dedicated label refinement strategy in Phase
2. This generates additional high-quality supervision signals
for final model adaptation in Phase 3.

Dual-modal Prediction Consistency The study (Mengh-
ini, Delworth, and Bach 2023) indicates that pseudo-labeling
schemes with a confidence threshold (p(y|x) > τ ) to select
samples to pseudo-label are ineffective for CLIP. Instead of
relying on these, we propose a novel noisy label refinement
strategy based on dual-modal prediction consistency.

Specifically, for each sample (xi, yi) ∈ DNL, we compute
the category probability distributions from visual and textual
modalities, P V

i and P L
i , and obtain the predicted categories

and their corresponding highest confidences:

ŷVi = argmax
c

(pVi (c)), pVi = max
c

pVi (c);

ŷLi = argmax
c

(pLi (c)), pLi = max
c

pLi (c).
(17)

To quantify the reliability of predictions, we calculate the
confidence margin for both modalities:

∆V
i = pVi − max

k ̸=ŷV
i

pVi (k), ∆L
i = pLi − max

k ̸=ŷL
i

pLi (k). (18)

Similar to Eq.(17) and (18), the associated values of the
fused probability distribution PM

i in Eq.(9) can be obtained:

ŷMi , pMi , and ∆M
i . Given the significant disparity in recogni-

tion capabilities between the two modalities, we cannot treat
them as equally important. Therefore, the textual modality
is considered dominant when α > 0.5; otherwise, the visual
modality takes precedence. For simplicity in the following
discussion, the associated values of the dominant modality
are denoted as ŷDi , pDi , and ∆D

i .
To improve the flexibility of sample filtering based on

confidence margin, inspired by the idea of class-specific
adaptive thresholds (Zhang et al. 2021), we assign an adap-
tive confidence margin threshold τk for each class, deter-
mined based on the class frequency within DCL. Let fmax

be the highest class frequency and fk be the frequency of
class k, then the adaptive threshold is defined as:

τk = max

(
τbase − β ·

(
1− fk

fmax

)
, τmin

)
, (19)

where τbase is the base threshold, β controls the adjustment
scale, τmin is the lower bound of the confidence margin.

Therefore, a sample is selected as a refined sample only if
it satisfies ŷDi = ŷMi , and both ∆D

i ≥ τŷD
i

and ∆M
i ≥ τŷM

i
.

Calibrated Dual-Modal Refinement For the refined sam-
ples selected through the above criteria, we treat the fused
probability distribution PM

i as soft label for the pseudo-
label, instead of directly using hard label ŷMi . Therefore, we
can combine them to form the corrected sample subset DPL,
which will be used with DCL for fine-tuning in Phase 3.

3.4 Phase 3: Model Adaptation
Previous research (Wei et al. 2024) has shown that full fine-
tuning (FFT) generally outperforms parameter-efficient fine-
tuning (PEFT) on clean datasets. Based on this, in Phase 3,
we use DCL and DPL to learn a linear classifier and perform
FFT on a pre-trained vision model (e.g., ViT or ResNet).

To fully leverage the reliable supervision from clean sam-
ples, we train on DCL using standard cross-entropy loss Lce.

Since the label accuracy in DPL is generally lower than
in DCL, to reduce the potential misguidance from incorrect
pseudo-labels, we train only on DCL during the warm-up
stage. Once the model gains sufficient recognition ability on
downstream tasks, DPL is introduced for further adaptation.

To provide more stable guidance during model adaptation,
we apply bidirectional KL-divergence loss Lkl on DPL :

Lkl =
1

|DPL|

|DPL|∑
i=1

KL(PM
i ∥ Qi) + KL(Qi ∥ PM

i )

2
, (20)

where PM
i denotes the soft label, Qi is the model’s current

predictive distribution, and KL(·∥·) is the KL-divergence.
Finally, the overall loss in Phase 3 is formulated as:

L2 = Lce + λ2Lkl, (21)
where λ2 balances the strength of pseudo-label supervision.

4 Experiments
4.1 Experimental Settings
Datasets We first evaluate methods with synthetic datasets
containing two types of controlled label noise: (1) Sym-
metric noise (Tanaka et al. 2018) randomly flips true label
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Method Sym. 0.2 Sym. 0.4 Sym. 0.6 Ins. 0.2 Ins. 0.3 Ins. 0.4 Sym. 0.2 Sym. 0.4 Sym. 0.6 Ins. 0.2 Ins. 0.3 Ins. 0.4
CUB-200-2011 Tiny-ImageNet

CE 80.76 73.09 55.42 80.36 75.80 69.62 81.77 76.53 73.17 80.75 78.83 74.80
SCE 82.81 78.12 63.31 81.91 78.31 71.25 79.23 76.24 71.76 78.96 77.80 74.47
ELR 77.70 68.26 50.17 78.32 73.16 63.57 79.40 77.13 73.74 79.98 77.13 73.74
GMM 75.79 64.39 42.84 75.73 69.95 56.13 81.91 80.37 43.47 81.84 81.26 79.01
CLIPCleaner 77.53 75.11 68.95 78.96 77.06 74.80 80.13 78.80 76.07 81.61 80.14 79.38
GSM 79.55 77.63 71.55 80.56 79.15 77.47 81.95 79.84 76.30 81.79 81.49 79.67
DEFT 83.05 79.24 73.08 82.53 81.39 79.34 82.91 82.48 80.60 83.37 82.69 80.52
DKAF (Ours) 83.33±0.14 81.87±0.22 78.22±0.38 83.59±0.13 82.98±0.35 81.58±0.32 83.17±0.09 82.86±0.23 81.88±0.39 83.49±0.06 82.98±0.20 81.93±0.26

Caltech-101 CIFAR-100
CE 96.43 92.82 85.76 94.77 89.95 81.14 86.71 84.06 81.05 87.30 84.60 78.41
SCE 96.69 93.03 82.66 95.27 90.10 79.43 86.82 83.84 78.90 86.61 83.99 80.06
ELR 95.94 92.77 89.99 95.11 94.96 93.52 86.53 83.66 78.34 86.61 85.89 85.78
GMM 97.13 95.38 84.34 94.70 94.54 91.52 88.49 87.21 85.22 88.44 87.95 82.14
CLIPCleaner 94.04 93.93 93.36 94.23 93.97 93.59 87.93 85.51 82.97 88.43 86.99 84.98
GSM 97.85 96.88 94.81 97.36 96.33 95.11 88.21 86.67 83.27 88.81 87.51 85.08
DEFT 98.12 97.31 96.29 98.03 96.89 94.76 89.38 88.17 85.81 89.38 88.68 85.75
DKAF (Ours) 98.58±0.12 98.43±0.14 98.34±0.24 98.55±0.22 98.30±0.28 97.52±0.49 89.54±0.05 88.82±0.09 87.85±0.26 89.56±0.08 89.13±0.24 87.71±0.35

OxfordPets Stanford-Cars
CE 90.11 84.34 74.01 89.36 83.73 76.13 89.75 85.10 71.70 89.13 85.94 80.59
SCE 88.92 82.10 68.04 87.80 80.99 70.73 91.11 87.73 79.09 90.34 87.35 83.50
ELR 89.86 83.02 78.34 88.83 86.89 80.63 86.61 76.98 61.58 84.40 83.11 75.97
GMM 93.08 92.28 86.71 92.95 91.36 86.26 90.10 83.14 56.90 88.15 85.39 78.76
CLIPCleaner 90.93 89.85 87.12 91.13 90.86 87.98 90.44 87.84 84.63 90.06 89.37 88.13
GSM 91.99 91.15 88.21 91.97 90.87 89.82 91.22 89.76 86.35 91.57 90.71 89.88
DEFT 93.38 92.37 88.67 93.22 91.48 88.83 92.13 90.75 85.72 92.19 90.77 89.74
DKAF (Ours) 94.01±0.13 93.54±0.20 92.72±0.21 94.25±0.06 93.71±0.04 92.90±0.45 92.48±0.12 91.59±0.15 89.61±0.28 92.38±0.11 91.93±0.23 91.49±0.36

Table 2: Comparison of image classification accuracy (%) of different noisy label learning methods under various noise settings.

Method CIFAR-100N Clothing-1M WebVision Avg.
CE 72.41 69.75 84.64 75.60
SCE 72.52 70.49 82.88 75.30
ELR 72.83 72.14 79.32 74.76
GMM 76.06 70.03 84.88 76.99
CLIPCleaner 77.29 71.22 84.90 77.80
GSM 77.55 70.22 85.24 77.67
DEFT 79.04 72.44 85.12 78.87
DKAF (Ours) 81.91 73.36 85.35 80.21

Table 3: Comparison of classification accuracy (%) of dif-
ferent noisy label learning methods on real-world datasets.

to a different class with a fixed probability; (2) Instance-
dependent noise (Xia et al. 2020) simulates a more real-
istic scenario, where the corruption probability depends on
both the true label and the image content. These two types of
noise are introduced into six widely-used image classifica-
tion datasets, including CUB-200-2011 (Wah et al. 2011),
Tiny-ImageNet (Le and Yang 2015), Caltech-101 (Fei-
Fei, Fergus, and Perona 2004), CIFAR-100 (Krizhevsky,
Hinton et al. 2009), OxfordPets (Parkhi et al. 2012), and
Stanford-Cars (Krause et al. 2013). The noise rate is set
to r ∈ {0.2, 0.4, 0.6} for symmetric noise, and to r ∈
{0.2, 0.3, 0.4} for instance-dependent noise. Following the
settings of DEFT (Wei et al. 2024), we further evaluate
DKAF on three real-world datasets: CIFAR-100N (Wei
et al. 2021), Clothing-1M (Xiao et al. 2015), and WebVi-
sion (Li et al. 2017), which contain real-world noise.

Implementation Details We aim to improve CLIP’s abil-
ity in clean sample selection and noisy label refinement. We
use ViT-B/16 as the visual encoder and a jointly trained
Transformer as the text encoder, fine-tuned via VPT and
CoOp, respectively. We employ mini-batch SGD with a mo-
mentum of 0.9, a weight decay of 5 × 10−4, and adopt the
learning rate from DEFT (Wei et al. 2024). During train-
ing, random cropping and horizontal flipping are applied.
For Phase 1, CLIP is fine-tuned for 10 epochs. During the
warm-up stage, all pseudo-labels ŷi used for computing Lpos
are set to the labels yi. Meanwhile, the SCE (Wang et al.
2019) is applied to all samples for computing Lcls. Phase 3
is trained for 10 epochs on ViT-B/16 and includes a warm-up
stage. All experiments were conducted on a single NVIDIA
L20, with results averaged over three independent runs. Due
to the large number of out-of-distribution (OOD) samples in
WebVision and Clothing-1M, Phase 2 is not applied to both.

4.2 Main Results
Evaluation Metric Following the settings of prior related
works (Wei et al. 2024), we report the best Top-1 test ac-
curacy (%) achieved across all training iterations on down-
stream image classification tasks as the evaluation metric.

Baselines We compare our method against seven repre-
sentative baselines under various noise types and levels on
synthetic datasets. These include four classical approaches:
CE (Cross-Entropy), SCE (Wang et al. 2019), ELR (Liu
et al. 2020), and GMM (Li, Socher, and Hoi 2020); and
three recent multimodal approaches: CLIPCleaner (Feng,
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Figure 3: Comparison of F1-scores (%) achieved by different clean sample selection strategies under various noise settings.

Tzimiropoulos, and Patras 2024), GSM (Liang et al. 2025),
and DEFT (Wei et al. 2024). In addition, we conduct com-
parisons on real-world datasets to further validate the gen-
eralization ability of our method. All methods leverage full
fine-tuning to enhance the adaptation of the pre-trained vi-
sion model on downstream image classfication tasks.

Results Analysis As shown in Tab.2, our method con-
sistently achieves the best results across all six datasets
and various noise settings, with particularly strong perfor-
mance under high-noise conditions. For instance, under the
challenging 60% symmetric noise setting, our method sur-
passes the second-best method by 3.26%, 4.05%, and 5.14%
on Stanford-Cars, OxfordPets, and CUB-200-2011, respec-
tively. Moreover, our method also achieves superior results
on real-world datasets (Tab.3), outperforming all baselines
and demonstrating strong robustness in practical scenarios.

4.3 Performance for Clean Sample Selection
Evaluation Metrics We use precision, recall, and F1-
score to assess the performance of clean sample selection.
Precision measures the ratio of truly clean samples within
DCL, while recall reflects the ratio of all clean samples in
D that are successfully identified. F1-score is the harmonic
mean of precision and recall, offering a balanced assess-
ment. Therefore, we report it as the main evaluation metric.

Baselines We compare our method with three common
strategies for identifying clean samples under noisy label
settings: (1) Small-loss strategy (Jiang et al. 2018) identi-
fies clean samples based on their low training loss, which is
also employed by the classic method GMM (Li, Socher, and
Hoi 2020). (2) Zero-shot strategy (Radford et al. 2021) lever-
ages CLIP’s zero-shot predictions to detect noisy labels,
with two main implementations: label consistency (Feng,
Tzimiropoulos, and Patras 2024) and confidence threshold-
ing (Liang et al. 2025). We report the best result among these
two approaches. (3) DEFT (Wei et al. 2024) is a vanilla self-
training method based on CLIP and achieves strong perfor-
mance in clean sample selection.

Results Analysis As shown in Fig.3, the compared meth-
ods behave differently under various noise settings: the
small-loss strategy is highly sensitive to noise levels, with
performance dropping sharply as the noise rate increases;

the zero-shot strategy remains relatively stable across vari-
ous noise rates, but its overall effectiveness is limited due to
the lack of adaptation to specific downstream tasks; DEFT
generally performs more robustly, but shows limited perfor-
mance under high-noise conditions on certain datasets. In
contrast, our method consistently outperforms all baselines,
achieving the highest F1-scores across different noise sce-
narios, and demonstrating strong adaptability. Notably, un-
der the 40% noise rate setting on Caltech-101, both DEFT
and the small-loss strategy yield lower F1-scores than the
zero-shot strategy, indicating limited robustness in high-
noise conditions. In contrast, our method still maintains the
leading position, showing its strong noise resistance.

4.4 Ablation Study
To evaluate the effectiveness of each phase in DKAF, we
conducted an ablation study by progressively removing each
phase and assessing the model’s image classification accu-
racy. As shown in Tab.4, incorporating Phase 1, Phase 2, and
Phase 3 together yields the highest classification accuracy
across all datasets, indicating that each phase makes a sig-
nificant contribution to improving the overall performance.

Method P1 P2 P3 CIFAR-100 Cars CUB Avg.

DKAF (Ours)

✓ ✓ ✓ 87.85 89.61 78.22 85.23
✓ - ✓ 86.41 86.94 74.35 82.57
✓ - - 85.20 77.04 63.91 75.38
- - - 81.05 71.70 55.42 69.39

Table 4: Ablation results on three datasets under Sym. 0.6.

5 Conclusion
In this paper, we addressed the challenge of endogenous
confirmation bias in noisy label learning for vision-language
models. To tackle this issue, we proposed the Debiased
Knowledge Adaptation Framework (DKAF), a multi-phase
approach that integrates clean sample selection, noisy label
refinement, and model adaptation. By explicitly mitigating
the over-reliance on pretrained knowledge, DKAF facilitates
more effective noisy label detection and refinement. Exten-
sive experiments on nine benchmark datasets demonstrate
the effectiveness and robustness of our method, underscor-
ing its potential for real-world noisy label learning tasks.
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