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 A B S T R A C T

Training deep learning models requires manual labelling of a large volume of diverse data that is a tedious 
and time-consuming process. As humans are prone to errors, large-scale data labelling often introduces label 
noise, leading to degradation in the performance of deep neural networks. Recently, pre-trained models on 
extensive multi-modal data have shown remarkable performance in computer vision tasks. However, their 
use to tackle the problem of learning with noisy labels is still in its infancy, due to high computational 
complexity and training costs. In this work, we propose a novel approach, AVL-Prompter, to effectively 
leverage vision-language-pre-trained models for learning with noisy labels. The key idea of our method is 
the use of shared deep learnable prompts between visual and textual encoders, allowing us to effectively 
adapt large V-L models to the downstream task of learning with noisy labels. Our technique exhibits superior 
performance, particularly in high-noise settings, outperforming state-of-the-art methods in several datasets with 
synthetic and real label noise. Our contribution comes from a novel, simple, but highly efficient methodological 
path to learning with noisy labels while remaining straightforward to implement. The code is available at 
https://github.com/bhalajin/AVL-Prompter.
1. Introduction

Deep learning has exhibited remarkable performance on a wide 
range of complex and challenging computer vision tasks, including 
classification [1,2], object detection [3,4], and segmentation [5]. This 
success can be attributed to the powerful model architectures and the 
ability to learn from large-scale datasets. The performance of a deep 
learning model is largely influenced by the quality and quantity of 
training data it leverages [6]. However, the process of data collection 
and labelling data in real-world scenarios is prone to various uncertain-
ties [7], which can result in the inclusion of incorrect labels (label noise)
in the training data, thereby significantly impacting the performance 
of the model [8]. Effectively training models in the presence of label 
noise [9–12] has become an issue of great concern in the realm of deep 
learning. Noisy labels affect the generalization of the models [13,14].

Learning with Noisy Labels (LNL) has been long focussed in 
the machine learning community [15]. The primary objective is to 
develop models that are robust towards label noise. Recent LNL al-
gorithms employ various strategies [16], including modifying the loss 
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function [17,18], re-weighting samples [19], and using robust loss func-
tions [20,21]. Sample selection methods, which leverage the idea of 
selecting clean samples for training models, are a promising approach 
that operates under the intuition that less noisy data contribute to more 
robust models [8]. However, recent models have shown a trend towards 
increased complexity, resulting in a substantial increase in training 
time [22]. Owing to this complexity, most recent methods opt for 
smaller models to mitigate computational overhead. In addition, recent 
studies reveal that the increase in algorithm complexity is not directly 
related to the increased performance improvements [23]. Additionally, 
a common approach in LNL algorithms is to initialize models with 
weights pretrained on ImageNet, which, however, limits the semantic 
information contained in the category labels [24].

The latest breakthroughs in self-supervised learning have facilitated 
the pre-training of large and powerful models on general large-scale 
corpora. These models exhibit increased generalization capabilities, 
allowing for fine-tuning on diverse downstream tasks. Pre-trained lan-
guage models such as BERT [25] and GPT-3 [26] have inspired the 
development of potent computer vision models such as the vision 
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transformers [27] and ConvNext [28]. Large-scale V-L pretraining mod-
els, such as CLIP [29] and ALIGN [30], learn a shared embedding 
space by aligning vision and language modalities [31]. Contrastive 
Language-Image Pretraining (CLIP) [29], for instance, uses contrastive 
learning to extract representations from noisy vision-language pairs 
on the web. CLIP models excel in zero-shot recognition, leveraging 
the rich supervision provided by natural language.  For an image 
classification downstream task, the prediction for an image is com-
puted as the output with the highest similarity score between language 
and text representations.  In V-L models, two separate encoders — 
one for each modality — are used to transform the high-dimensional 
data into low-dimensional embedding space.  V-L models provide a 
joint embedding space between the text and image modalities and 
offer an improved classification space, where classes have well-defined 
boundary space [32]. This is particularly helpful in noisy labels, as the 
improved space can better handle data through modality alignment, 
compared to having only one single modality. This reducing overfitting 
due to label noise. 

One of the important issues that arises with the advent of large 
V-L models is to investigate effective ways to adapt these models 
for various downstream tasks. Prompt learning [33] is a recent al-
ternative to fine-tuning models, where learnable prompt vectors are 
optimized using a task-specific objective to tailor large CLIP-like models 
for downstream tasks [34]. Initial implementation of prompt learning 
in V-L models used prompts only on the text encoder [34]. Context 
Optimization [34] involves modelling the context words of the prompts 
using learnable vectors, while keeping the entire pre-trained parame-
ters fixed. Conversely, Conditional Context Optimization [35] utilizes 
a neural network to generate an input-conditional token for each 
image. Recent prompt learning methods such as MaPLe [36] use shared 
prompts for both the vision and language encoders.  Prompt learning 
research has shown rapid progress due to their wide applicability and 
data-efficiency [32]. However, very few works have been devoted to 
their label noise robustness [37,38], especially in downstream image 
classification tasks. 

Our proposal. With recent advancements in multi-modal pre-training 
models and prompt learning techniques for adapting their representa-
tions, a myriad of potential solutions emerge for addressing the issue 
of label noise and overcoming the bottlenecks inherent in the existing 
LNL algorithms. There has been very limited research in leveraging 
pre-trained models for noisy label datasets in downstream classifica-
tion tasks. With this regard, we propose, Adaptive Vision-Language 
Prompt Learners, in short, AVL-Prompter to address the problem 
of label noise. AVL-Prompter uses a vision-language prompt learning 
model with shared deep learnable prompts between the visual and 
textual encoders.  These shared deep learnable prompts ensure both 
the vision and language encoders mutually interact to learn the context 
prompts simultaneously. This interaction is not present in V-L models in 
general, as both modalities work separately towards context optimiza-
tion [36].  This V-L model is embedded in a pipeline comprising of 
semi-supervised learning methodology to enable models to learn in the 
presence of label noise. To the best of our knowledge, AVL-Prompter 
is the first work to utilize multi-modal prompt learning to tackle LNL 
problems and, as shown by our results, leads to a very significant 
improvement compared to the SoTA. Although highly innovative in 
the sense that it proposes a new methodological approach to LNL, 
our method is relatively simple to implement. On this front, our main 
contributions to this work can be outlined as follows:

• We propose AVL-Prompter, a novel vision-language prompt lea-
rning model for learning with noisy labels with shared deep 
learnable prompts between the vision and text encoders. We fine-
tune the vision and text encoders along with  learnable shared 
prompts suitable for handling label noise.
2 
• We use a simple and efficient semi-supervised learning technique 
encompassing our AVL-Prompter to achieve a highly effective 
small-loss-based sample-selection LNL framework.

• We evaluate the efficacy of AVL-Prompter using different syn-
thetic and real-noise benchmarks across various noise ratios. We 
obtain performance gains across various benchmark datasets, 
particularly in challenging high noise settings and in real-noise 
benchmarks. We perform an extensive analysis of the results and 
compare them to several state-of-the-art methods.

2. Related works

In this section, we provide an overview of the latest literature that 
is highly relevant to our work.

2.1. Learning with noisy labels

In recent years, LNL has been a focal point of research interest, 
leading to several deep-learning algorithms aimed at addressing the 
problem of label noise [16]. LNL algorithms can be categorized into 
various families of methods based on their operational models.  An 
overview of different families of methods are detailed in [16]. 

2.1.1. Taxonomy of LNL methods
Sample selection methods aim to identify clean samples through 

various strategies, such as utilizing small loss [39]. Loss correction 
involves adjusting the loss weights to prevent overfitting on noisy 
samples, thereby reducing errors caused by incorrectly labelled sam-
ples [17,40]. The transition matrix is a common technique used in loss 
correction methods [40]. In terms of sample reweighting, the samples 
that are noisiest are identified and weighted differently compared 
to the clean samples [41]. Regularization-based methods are widely 
utilized due to their ability to mitigate the memorization of labels and 
enhance the robustness of the algorithms [42–45]. Meta-learning [46] 
strategies are used in identifying and correcting potential noisy labels. 
Noise-robust loss functions such as Mean Absolute Error [47], Symmet-
ric cross-entropy learning [20], Active Passive Loss [21] increase the 
robustness of LNL algorithms.

2.1.2. Sample selection methods
Sample selection techniques have gained significant popularity 

within the LNL community. These methods select a possible clean 
subset of data and provide different training strategies for the clean and 
noisy subsets. Identifying the criteria used in selecting the samples is a 
challenging task. Two-component beta-mixture model [48] and Gaus-
sian mixture model [49] are used in selecting clean and noisy samples. 
Sample selection-based methods often suffer from error accumulation.

2.1.3. Multi-network methods
Multi-network learning frameworks [39,49–51] used two coop-

erative ‘peer’ networks to reduce the flow of error introduced by the 
noisy labels. DivideMix [49], one of the most popular LNL bench-
mark methods, used two homogeneous networks to train each other 
by employing GMMs to split the training data into clean and noisy 
samples. Contrast2Divide [52] studied the importance of warm-up in 
LNL algorithms and proposed the use of self-supervised pre-training to 
create better feature extractors. AugDesc [53] explored different data 
augmentation techniques in LNL algorithms and used two different 
augmentations — one for analysing the loss and the other for backprop-
agation. DISC [54] used a dynamic threshold strategy to select clean 
and noisy samples along with selecting hard samples. RankMatch [55] 
employs confidence and consistency to combat label noise. Bayesian 
DivideMix++ [56] uses a combination of techniques to address the 
challenge of memorization and label uncertainty. CCLM [57] used a 
per-class-based local distribution of samples to address the challenges 
in Global Noise modelling in other DivideMix-inspired works. Manifold 
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DivideMix [58] used a filtering procedure to remove out-of-distribution 
samples before the semi-supervised learning phase. Probabilistic Noise 
Perception [59], ProMix [60], ULC [61], and SplitNet [62] are recent 
sample selection methods that achieved state-or-the-art performance.

2.2. Vision-language models

V-L models have been able to encode multi-modal representations 
learned in a shared embedding space. CLIP [29], ALIGN [30], and 
Florence [63] have been effective in a wide spectrum of downstream 
tasks. With large V-L pre-trained models available, several research 
focuses on the effective adaptation of these models to the downstream 
tasks. ‘‘Prompting’’ [33] is an alternative to fine-tuning the pre-trained 
models, where prompts are used to tailor the models for downstream 
tasks.

2.2.1. Prompt tuning
Prompt Tuning [32] is a technique where the model uses a small 

target dataset to learn the prompts using back-propagation. Prompt 
Aligned Gradient [64] used selective gradient updates to prevent pro-
mpt tuning from forgetting the knowledge learned from the V-L models. 
Read-only Prompt Optimization [65] used masked attention to prevent 
internal representation shift in the pre-trained model.

2.2.2. Prompt learning
Prompt Learning is another class of algorithms, where the prompts 

are learned automatically during the fine-tuning stage. CoOp [34] mod-
els the context works of the prompts, keeping the pre-trained parame-
ters fixed. CoCoOp [35] uses an additional network to generate input-
conditional tokens for each image. MaPLe [36] utilizes shared learnable 
prompts across vision and language encoders. PromptSRC [31] op-
timizes the prompts for both task-specific and task-agnostic general 
representations.

2.2.3. Prompt learning in LNL
Although several strategies exist to adapt the pre-trained models 

for downstream tasks, there has been very little work on utilizing 
them for LNL methods. NLIP [66] used noise-harmonization and noise-
completion to mitigate the impact of noise (wrong or irrelevant con-
tent). Prompt Tuning [32] for CLIP has been found robust to label noise. 
TURN [22] is based on fine-tuning of pre-trained models to learn target 
datasets in the presence of label noise. EPL [23] used linear probing 
strategies to improve the robustness of LNL methods. The above LNL 
methods have instigated a paradigm shift in using large pre-trained 
models through different adaptations. In this work, we present, AVL-
Prompter, a simple and novel approach to learning with noisy labels, 
using prompt learning techniques to adapt vision-language pre-trained 
models for LNL problems.

3. AVL-prompter for learning with noisy labels

In this section, we introduce our proposal, AVL-Prompter for learn-
ing with noisy labels. The comprehensive overview of AVL-Prompter 
is illustrated in Fig.  1. We follow the widely adapted multi-network 
learning framework for sample-selection-based LNL problems [49,52,
56] and simultaneously train two homogeneous models. In contrast 
to the state-of-the-art methodologies, which typically rely on convo-
lutional neural networks, we use a CLIP-like vision-language prompt 
learning model as the model architecture [36]. This choice enables us 
to leverage the rich supervision offered by natural language, enhancing 
the model’s performance. The proposed AVL-Prompter falls into the 
category of small-loss-based sample-selection methods. During each 
epoch, we model the sample loss of the models to select the clean 
and noisy samples. At each mini-batch, the models use both the clean 
(labelled) and noisy (unlabelled) data identified by the other model 
to perform semi-supervised learning. We detail each component in the 
subsequent sections.
3 
3.1. Vision-language prompt learning architecture

3.1.1. Vision-language model
CLIP-like [29] models consists of an image encoder () and a text 

encoder () of 𝑣 and 𝑙 transformer layers, respectively. The image 
encoder,  , maps high-dimensional image representations into a low-
dimensional embedding space, whereas the text encoder, , outputs 
text embeddings from natural language. An overview of the V-L prompt 
learning architecture can be seen in Fig.  2.
Image encoder. Each image  is divided into  fixed-size patches, 
followed by projection to produce patch tokens {𝑒1, 𝑒2,… , 𝑒}, 𝑒𝑖 ∈
R×𝑑𝑣 , 𝑑𝑣 is the dimension of the output of the last transformer 
layer. A learnable class token, 𝑐𝑙𝑠, is appended with the patch tokens 
constituting the input tokens ̂ = {𝑐𝑙𝑠, 𝑒1, 𝑒2,… , 𝑒}. The tokens in 
̂ are sequentially processed through the 𝑣 transformer blocks of 
the image encoder  to produce a latent visual feature representation, 
𝑥 ∈ R𝑑𝑣𝑙 , projected from a common  −  latent space.
Text encoder. The text encoder, , generates latent text feature rep-
resentations, 𝑧, from the text descriptions. The text descriptions are 
produced from the class label, 𝑦 ∈ {1, 2,… , 𝐶} enclosed within a text 
template ‘‘a photo of a {class label}’’. The text descriptions are tokenized 
and projected into word embeddings, ̂ = {𝑤𝑖} ∈ R𝑒×𝑑𝑙 , 𝑒 being the 
number of embeddings and 𝑑𝑙 being the dimension of the output of the 
last transformer layer. The 𝑙 transformer blocks of the text encoder , 
in their turn, output the latent textual feature representation 𝑧 ∈ R𝑑𝑣𝑙 , 
from the common  −  latent space.
Prediction probability. For the image classification task, the prediction 
𝑦̂ for image  is computed as the output with the highest similarity 
score. The prediction probability is computed as: 

𝑝(𝑦̂|𝑥) =
exp(sim(𝑥, 𝑧𝑦̂)∕𝐶𝐿𝐼𝑃 )

∑𝐶
𝑐=1 exp(sim(𝑥, 𝑧𝑐 )∕𝐶𝐿𝐼𝑃 )

, (1)

where 𝑥 is the latent visual feature representation of  generated by 
the image encoder  , 𝑧𝑐 is the latent text feature representation of the 
caption ‘‘a photo of a {class label 𝑐}’’, generated by the text encoder , 
𝐶𝐿𝐼𝑃  is the temperature parameter learned by CLIP and sim(⋅) is the 
cosine similarity score.

3.1.2. Prompt learning
Prompt Learning [67] is an alternate technique for fine-tuning the 

large V-L models. Prompt learning approaches can be uni-modal [34,
35], where learnable prompt tokens are appended to the text encoders 
or multi-model [31,36], where the prompts are appended to both image 
and text encoders. We use a branch-aware multi-modal deep prompting
technique, where the vision and language branches are fine-tuned 
together using shared prompts. The deep prompting [36] allows the 
models to learn separate sets of prompts at every transformer block, 
rather than introducing the prompts only at the first transformer block 
as in the case of shallow prompts [34,35], thereby offering increased 
flexibility in aligning the representations of vision and language.
Learnable prompts. To learn context prompts, we append learnable 
prompts in the language branch and the vision branch of the V-L 
model. At each transformer block of the language model, a set of 
learnable tokens  (𝑘) = {𝑃 (𝑘)

𝑖 }𝑖=1 is introduced up to a specific depth 
𝐷𝑇 , with 𝑘 being the index of the transformer linear layer. After each 
𝐷𝑡ℎ

𝑇  transformer layer, the subsequent layers process previous block 
prompts. The text encoder  processes the modified word embeddings:
̂ (𝑘)

𝑃 = {𝑃 (𝑘)
1 , 𝑃 (𝑘)

2 ,… , 𝑃 (𝑘)
 , 𝑤1, 𝑤2,… , 𝑤 }

to generate the prompt-enhanced latent textual feature representation, 
𝑧𝑃 . To learn the prompts in a shared embedding space, we use the 
 −  coupling function,  (⋅), where ̃ (𝑘) =  ( (𝑘)) [36]. The coupling 
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Fig. 1. Overview of our AVL-Prompter. Loss from two homogeneous peer networks (Model-1 and Model-2) are modelled using a GMM to split the training data into clean and 
noisy subsets. The subsets identified by the models are used to perform semi-supervised learning, treating the clean set as labelled and the noisy set as unlabelled.
Fig. 2. Vision-Language Prompt Learner Architecture. The model comprises a text encoder and an image encoder that uses the class labels and images to create text and image 
features. Additionally, the model uses shared learnable context tokens realized using the coupling function  (⋅), which enhances the latent features of both encoders.
function  (⋅) is a linear layer that maps 𝑑𝑙 dimensional inputs into 𝑑𝑣. 
The image encoder  employs the modified input token,

̂𝑃 = {𝑃 (𝑘)
1 , 𝑃 (𝑘)

2 ,… , 𝑃 (𝑘)
 , 𝑐𝑙𝑠, 𝑒1, 𝑒2,… , 𝑒},

resulting from applying the  −  coupling function to the learnable 
prompts  (𝑘), to generate the prompt-enhanced latent visual feature 
representation, 𝑥𝑃 . The prediction probability is computed as in Eq. (1) 
using the latent representations from the modified input tokens. Shared 
prompts allow the V-L model to learn more correlated features to suc-
cessive transformer blocks. In contrast to the existing prompt learning 
technique [34,36], where the learned parameters of the V-L models are 
kept intact, we fine-tune the  −  encoders along with learning the 
context prompts. This is done to allow the V-L model to better adapt 
to the downstream task of learning with noisy labels.

3.2. Training pipeline

Next, we provide a concise overview of the key components of 
the training pipeline: the loss modelling step and the semi-supervised 
learning step. Our proposed AVL-Prompter framework is based on the 
hypothesis that clean samples are faster to learn compared to noisy 
4 
samples [8]. This hypothesis is supported by several LNL sample-
selection methods [49,52,56], where clean samples are selected based 
on small losses. One critical design consideration revolves around using 
the model to make predictions (and selection of samples) on the same 
noisy data that it was trained on, which could lead to confirmation 
bias [68]. To mitigate this bias, following several benchmark LNL 
methods [49,52,55,56,69], we adopt training two homogeneous models 
simultaneously. The fundamental concept underlying this approach is 
to leverage the prediction (sample selections) of one model to derive 
the decisions of the other model, thereby promoting more robust 
learning.

3.2.1. Loss modelling step
For a dataset  containing   samples with possible label noise, 

 = {(𝑥𝑖, 𝑦̃𝑖)}𝑖=1, where 𝑥𝑖 is the 𝑖th sample and 𝑦̃𝑖 is the one-hot label 
over 𝐶 classes. We initialize two homogeneous V-L models with image 
and text encoder parameters, 𝜃  and 𝜃, respectively. The primary 
objective at this step is to fit the loss (𝜃 , 𝜃), to distinguish between 
clean and noisy samples. To achieve this, we employ a two-component 
Gaussian Mixture Model (GMM), 𝑔, to fit the loss distribution using the 
Expectation-Maximization algorithm. The resulting probability density 
function, 𝑝(⋅) gives the posterior probability of 𝑥  being clean given its 
𝑖
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loss, 𝑙𝑖(𝜃 , 𝜃). Using a threshold 𝜏 over 𝑝(⋅), we partition the samples 
in the training set into clean and noisy subsets. Next, we employ the 
co-divide step [49,52,56], where one model divides the dataset into 
clean and noisy samples, which are to be used by the other model. 
The clean split is treated as the labelled set,  , whereas the noisy 
samples are treated as unlabelled set,  . Pseudo-labels are assigned 
to the unlabelled data. Formally this step is represented as below: 
⋃

𝑖∈
 =

{

(𝑥𝑖, 𝑦𝑖) | 𝑝(𝑔|𝑙𝑖) ≥ 𝜏
}

(𝑥𝑖 ,𝑦𝑖)∈

⋃

𝑖∈
 =

{

(𝑥𝑖, 𝑦𝑖) | 𝑝(𝑔|𝑙𝑖) < 𝜏
}

(𝑥𝑖 ,𝑦𝑖)∈

(2)

3.2.2. Semi-supervised learning step
The next phase involves using the labelled () and unlabelled ( ) 

subsets to foster the learning of the models. At each training epoch, we 
train the two V-L models one at a time, keeping the other one fixed. We 
follow the FixMatch [70] semi-supervised learning method to obtain 
pseudo-labels for the unlabelled data.
Pseudo-labelling and consistency regularization. FixMatch works on the 
premise that model’s predictions should remain consistent when pre-
sented with perturbed versions of the same image [71–73]. To achieve 
pseudo-labels, FixMatch leverages two kinds of augmentations: ‘‘weak’’ 
and ‘‘strong’’. Pseudo-labels are derived from the ‘‘weak’’ augmentation 
samples of the unlabelled set. The largest class probability is assigned 
as the pseudo-labels for each sample in the unlabelled set. Subse-
quently, these pseudo-labels are used as the targets for the ‘‘strong’’ 
augmentation of the unlabelled set, which is incorporated into the loss 
computation. In AVL-Prompter, we adopt a similar pseudo-labelling 
strategy. For the ‘‘weak’’ augmentations, we use standard flip-and-shift 
augmentations [70]. For the ‘‘strong’’ augmentations, we additionally 
integrate RandAugment [74]. RandAugment randomly selects trans-
formations for each sample in the mini-batch, further enhancing the 
diversity of the augmentations applied. We use the same set of image 
transformations as those used in RandAugment [74].

3.2.3. Loss function
The overall loss function of AVL-Prompter is similar to the loss 

function of DivideMix [49], however with significant differences in the 
usage of clean and noisy subsets. The loss function is composed of (i) 
the loss associated with the labelled set 𝑥, (ii) the loss corresponding 
to the unlabelled set 𝑢, and, (iii) a regularization term 𝑟: 

(𝜃 , 𝜃) = 𝑥 + 𝜆𝑢𝑢 + 𝜆𝑟𝑟. (3)

𝐿𝑥 corresponds to the standard cross-entropy loss. In contrast to Di-
videMix, we use only ‘‘weak’’ augmentations on the samples of the 
labelled set (). Weak augmentations preserve the image-label align-
ment, making it easier for the model to learn accurate class boundaries. 
𝐿𝑢 also corresponds to the standard cross-entropy loss. However, in this 
case, using ‘‘strong’’ augmentations on the samples of the unlabelled set 
(), where the targets are derived from the ‘‘weak’’ augmentations of 
the samples in the unlabelled set ( ). This introduces the consistency 
regularization in our framework, which is based on the assumption 
that the model outputs similar predictions for perturbed versions of the 
same image [71]. 𝜆𝑢 corresponds to a fixed scalar hyper-parameter to 
denote the weight of the unlabelled loss. Cross-entropy loss of both 𝐿𝑥
and 𝐿𝑢 is computed using the prediction probability of the V-L model 
(Eq. (1)). 𝐿𝑟 is the regularization term (same as in DivideMix [49]), 
used to regularize the model’s average output across all samples in 
the mini-batch and 𝜆𝑟 corresponds to the weight of the regularization 
term. 𝐿𝑟 follows a uniform prior distribution to regularize the model’s 
average output across all samples of the mini-batch, preventing the 
model from assigning all samples to a single class, particularly in 
high-noise settings.
5 
4. Experiments

First, we detail the experimental setup to validate our proposed 
AVL-Prompter method. We evaluate the performance of different syn-
thetic and real noise datasets and compare them against various state-
of-the-art methods to highlight the effectiveness of our approach. Fi-
nally, we provide a detailed analysis of the results to show the signifi-
cance of our method, followed by the different design decisions used in 
establishing AVL-Prompter. The ablations show the importance of each 
component of our proposed method.

4.1. Experimental setup

Datasets. We evaluate the performance of AVL-Prompter across differ-
ent datasets of varying characteristics: CIFAR-10 and CIFAR-100 [75], 
EuroSAT [76], Tiny-ImageNet [77], Oxford-IIIT Pets [78], CIFAR-10N 
and CIFAR-100N [79], and WebVision [80]. CIFAR-10/100 and CIFAR-
10N/100N comprise 50k training samples and 10k testing samples, 
each of size 32 × 32. EuroSAT is a satellite image dataset comprising 
27000 labelled samples distributed across 10 classes. Tiny-ImageNet 
is a reduced version of the ILSVRC12 ImageNet [81], featuring 200 
classes, each with 500 images of size 64 × 64. Oxford-IIIT Pets has 37 
categories, each class with around 200 images. WebVision 1.0 (mini 
WebVision) contains 2.4 million images sourced from 1000 ILSVRC12 
ImageNet [81] classes. Of the datasets used for validation, CIFAR-
10N/100N and WebVision are real noise datasets, while the rest are 
synthetic noise datasets.
Noise settings. For the synthetic noise datasets, we simulate two forms 
of label noise - symmetric and asymmetric. Symmetric noise is introduced 
by randomly substituting the labels of a certain percentage of samples 
with arbitrary labels drawn from all possible classes. Asymmetric noise 
involves selectively replacing labels of similar classes. For CIFAR-10, 
the labels are flipped as Truck → Automobile, Bird → Airplace, Deer 
→ Horse, Dog ↔ Cat. For CIFAR-100, the classes are grouped into 20 
super-classes of five (e.g. Aquatic Mammals contain Beaver, Dolphin, 
Otter, Seal and Whale), and the noise flips each class into the next 
circularly. For the other synthetic datasets (Tiny ImageNet, EuroSAT, 
Oxford-IIIT Pets), we use pair flip noise introduced by UNICON [69]. 
Following the established experiment settings for CIFAR datasets in 
LNL problems [49,52,56], we evaluate AVL-Prompter against varying 
noise ratios: 20%, 50%, 80%, and 90% symmetric noise, as well as 40% 
asymmetric noise. For Tiny-ImageNet, we validate on Symmetric 20% 
and 50% noise settings following UNICON [69], whereas for EuroSAT 
and Oxford-IIIT Pets, we use Symmetric 60% and Asymmetric 40% 
following EPL [23]. All the real noise datasets provide standard clean 
evaluation sets. CIFAR-10N/100N use the same training data as the 
corresponding CIFAR datasets, however, are provided with human-
annotated real-world noisy labels. CIFAR-10N has five noisy label 
sets — Aggregate, Random1, Random2, Random3 and Worst, whereas 
CIFAR-100N has fine and coarse labels. WebVision is the largest real 
noise dataset and the label noise of WebVision is estimated to be around 
20% [16].
Implementation details. To establish the Vision Language model in AVL-
Prompter, we use ViT-B/32-CLIP [29] for all datasets except Web-
Vision, for which we use ViT-L/14-CLIP [29]. We use a stochastic 
gradient descent (SGD) optimizer for all datasets except EuroSAT and 
Oxford-IIIT Pets, for which we use a Resilient Backpropagation (Rprop) 
optimizer. We parameterize SGD with an initial learning rate of 0.02, 
a momentum of 0.9, and a weight decay of 5e-4. For CIFAR, EuroSAT 
and Oxford-IIIT Pets, we set a batch size of 64 and train the model for a 
total of 60 epochs. For Tiny-ImageNet, we set the batch size as 128 and 
train the model for 25 epochs, whereas for WebVision, we use a batch 
size of 8 and train the model for 10 epochs. For the synthetic noise 
experiments, we set the clean probability threshold (𝜏) as 0.5, except 
for symmetric 90% noise, where 𝜏 is set to 0.6. For WebVision, we set 
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Table 1
Comparison with SoTA methods on CIFAR-10 dataset under symmetric and asymmetric noise. †-Results 
updated from UNICON [69]. ‡-Results updated from RankMatch [55].
Noise Type Sym. Asym.
Method / Noise Ratio 20% 50% 80% 90% 40%

DivideMix [49] Best 96.1 94.6 93.2 76.0 93.4
Last 95.7 94.4 92.9 75.4 92.1

C2D [52] Best 96.43±0.07 95.32±0.12 94.40±0.04 93.57±0.09 93.45±0.07
Last 96.23±0.09 95.15±0.16 94.30±0.12 93.42±0.09 90.75±0.16

MOIT† [11] Best 94.1 91.1 75.8 70.1 93.2
RRL‡ [82] Best 96.4 95.3 93.3 77.4 93.3
UNICON [69] Best 96.0 95.6 93.9 90.8 94.1

ULC [61] Best 96.1 95.2 94.0 86.4 -
Last 95.9 94.7 93.2 85.8 -

Rank Best 96.5 95.6 94.5 92.6 94.7
Match [55] Last 96.4 95.4 94.2 92.1 94.4
Bayesian Best 96.39±0.06 95.68±0.09 95.25±0.08 94.46±0.15 -
DivideMix++ [56] Last 96.13±0.07 95.40±0.11 94.97±0.02 94.20±0.12 -

SplitNet [62] Best 96.5 96.3 95.2 94.0 95.4
Last 96.3 96.0 95.0 93.9 95.3

Best 98.1 97.5 96.3 92.9 96.9
AVL-Prompter Last 98.0 97.4 96.2 92.9 96.6
Table 2
Comparison with SoTA methods on CIFAR-100 dataset under symmetric and asymmetric noise. †-Results 
updated from UNICON [69]. ‡-Results updated from RankMatch [55]. ⋆-Results updated from C2D [52].
Noise Type Sym. Asym.
Method / Noise Ratio 20% 50% 80% 90% 40%

DivideMix [49] Best 77.3 74.6 60.2 31.5 72.2⋆
Last 76.9 74.2 59.6 31.0 72.4⋆

C2D [52] Best 78.69±0.17 76.43±0.25 67.78±0.30 58.70±0.31 75.48±0.16
Last 78.32±0.35 76.07±0.41 67.43±0.30 58.45±0.30 75.06±0.16

MOIT † [11] Best 75.9 70.1 51.4 24.5 74.0
RRL ‡ [82] Best 80.3 76.0 61.1 33.1 -
UNICON [69] Best 77.6 63.9 44.8 74.8 -

ULC [61] Best 77.3 74.9 61.2 34.5 -
Last 77.1 74.3 60.8 34.1 -

Rank Best 79.5 77.9 67.6 50.6 -
Match [55] Last 79.3 77.6 67.2 49.9 -
Bayesian Best 80.02±0.03 78.31±0.14 70.01±0.23 61.15±0.34 76.52±0.12
DivideMix++ [56] Last 79.56±0.13 77.71±0.13 69.55±0.22 60.70±0.42 76.06±0.13

SplitNet [62] Best 80.6 77.8 70.3 50.7 -
Last 80.3 77.5 70.2 50.4 -

Best 87.3 86.3 83.0 78.6 85.8
AVL-Prompter Last 87.3 86.2 82.8 78.1 85.7
the value of 𝜏 as 0.5. We set 𝜆𝑢 and 𝜆𝑟 as used in DivideMix [49]. For 
the V-L Prompt Learner, following [36], we set the number of context 
vectors to 2 and prompt depth to 9. We initialize the learnable prompts 
with the phrase ‘‘a photo of a {class}’’. To measure the similarity scores 
between the text features and image features, we use a logit scale of 100 
for the image features. For the ‘‘Text only prompt learner’’ model (used 
in ablations), we set the number of context vectors to 16 and we use 
the ‘END’ token position. We do not use any initialization words. We 
use the default CLIP logit scale. For the ‘‘Zero-shot CLIP’’ model (used 
in ablations), we use the text prompt template as ‘‘a photo of a {}.’’. All 
experiments in this work are implemented using Pytorch, on an NVIDIA 
RTX 3090 GPU. However, experiments related to smaller datasets like 
CIFAR can also be run on less powerful GPUs, such as NVIDIA RTX 
2080Ti.

Comparison methods. We benchmark the performance of the proposed 
AVL-Prompter against several state-of-the-art LNL models, particularly 
focusing on sample-selection methods that leverage multi-network 
learning and include semi-supervised learning techniques. DivideMix
[49] utilizes a semi-supervised learning framework, that employs per-
sample loss distribution using GMMs. Contrast to Divide [52] addresses 
6 
warm-up obstacles using self-supervised pre-training. MOIT [11] adopts 
joint training via supervised contrastive learning and semi-supervised 
classification. RRL [82] uses low-dimensional subspace to mitigate label 
noise. UNICON [69] performs sample selection using Jensen–Shannon 
diverge. ULC [61] leverages uncertainty measurements for label correc-
tion. LongReMix [83] uses oversampling of high-confidence clean set. 
RankMatch [55] utilizes confidence representation voting for sample 
selection. Bayesian DivideMix++ [56] enhances DivideMix through 
self-supervised pre-training, tailored augmentations and uncertainty-
aware sample selection. CCLM [57] uses local noise modelling instead 
of Global noise modelling. PES [45] proposes a progressive early stop-
ping method to alleviate the memorization effect of DNN. SplitNet [62] 
used a learnable module for clean-noise label splitting. EPL [23] utilizes 
pre-trained models to correct noisy samples. The comparisons enable 
us to ascertain the effectiveness of AVL-Prompter and its efficiency 
in handling label noise. It is important to note that there is a lack of 
literature on using large vision-language models for LNL, underscoring the 
novelty of our approach. We provide comparisons with vision-language 
models wherever applicable.
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Fig. 3. Categorizing clean and noisy samples. Each axis is normalized (0–1) for better visualization.
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4.2. Results

We brief the performance metrics used to validate AVL-Prompter 
against state-of-the-art methods. Later, we highlight the performance 
of our method across multiple datasets, providing detailed insights and 
discussing notable improvements.

Performance metrics. We follow the established experimental settings 
consistent with the different comparison methods. For all synthetic 
noise experiments (CIFAR10/100, EuroSAT, Oxford-IIIT Pets and Tiny-
ImageNet), we report the ‘‘best’’ and the ‘‘last’’ accuracy concerning the 
test set. The ‘‘best’’ corresponds to the best test accuracy over all the 
epochs. The ‘‘last’’ accuracy corresponds to the average of the last ten 
epochs and is used as a measure of robustness [56,84,85]. Larger gaps 
between the ‘‘best’’ and ‘‘last’’ accuracy indicate potential overfitting 
to the noise model. For CIFAR10N/100N, we show the test accuracy 
of the given clean test set. For WebVision, we report the top-1 and 
top-5 validation accuracy of both WebVision and ILSVRC12 validation 
sets [49,52,56].
 l

7 
Table 3
Comparison on Tiny-ImageNet (showing Best/Last Test accuracy) [86]. †-Results 
updated from UNICON [69].
Noise Ratio Std. CE † NCT [86] UNICON [69] AVL-Prompter

Sym. 20% 35.8/35.6 58.0/57.2 59.2/58.4 77.3 / 76.9
Sym. 50% 19.8/19.6 47.8/47.4 52.7/52.4 69.0 / 67.5

erformance on synthetic noise. We report the performance of our ap-
roach on CIFAR-10 and CIFAR-100 datasets across various noise ratios 
n Tables  1 and 2, respectively. AVL-Prompter consistently outperforms 
xisting state-of-the-art methods by a significant margin in all noise 
ettings on both CIFAR-10 and CIFAR-100. It is noteworthy that the 
roposed AVL-Prompter employs a simple LNL strategy compared to 
he complex methodologies presented by the comparison methods, yet 
chieves superior results. The high performance can be attributed to 
tarting at a better state by utilizing multi-modal pre-trained models 
ith deep learnable prompts. The efficacy of AVL-Prompter is particu-

arly pronounced in high-noise settings (symmetric 80% and 90% noise 
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Table 4
Comparison on EuroSAT and Oxford-IIIT Pets (showing Best/Last Test accuracy). †-Results 
updated from EPL [23].
Noise Ratio Sym. 60% Asym. 40% Sym. 60% Asym. 40%
Std. CE† 70.8/70.0 75.9/71.4 52.3/47.1 59.5/58.5
EPL [23] 93.6/92.0 92.0/91.4 82.0/81.7 80.7/80.4

AVL-Prompter 98.5 / 98.4 95.2 / 93.3 87.2 / 86.8 91.6 / 90.7
Table 5
Comparison with SoTA methods on (mini) WebVision Dataset. Results are reported 
for both WebVision and ILSVRC12 (ImageNet) Validation sets. †-Results updated from 
UNICON [69]. ‡-Results updated from RankMatch [55]. ⋆-Results obtained using ViT-
L/14-CLIP.
Dataset WebVision
Validation WebVision ILSVRC12
Performance Top-1 Top-5 Top-1 Top-5

DivideMix [49] 77.32 91.64 75.20 90.84
RRL‡ [82] 77.80 91.30 74.40 90.90
C2D [52] 78.57±0.37 93.04±0.10 79.42±0.34 92.32±0.33
UNICON [69] 77.60 93.44 75.29 93.72
LongReMix [83] 78.92 92.32 - -
RankMatch [55] 79.91 93.61 77.39 94.26
Bayesian 80.12±0.28 92.40±0.30 78.51±0.28 92.67±0.42DivideMix++ [56]
SplitNet [62] 81.34 93.82 76.11 94.24
EPL⋆ (DM) [23] 77.53 92.89 75.47 91.74
EPL⋆ (ELR+) [23] 77.94 92.92 73.11 90.21
EPL⋆ (UNICON) [23] 77.75 93.74 75.93 93.79

AVL-Prompter 83.00 95.92 82.72 97.40

settings). Notably, in CIFAR-100 experiments, AVL-Prompter demon-
strates substantial improvements, with a 28% increase in performance 
in symmetric 90% settings and a 16% increase in symmetric 80% set-
tings. Furthermore, AVL-Prompter exhibits notable performance gains 
in asymmetric noise settings, where sample selection poses significant 
challenges, highlighting its remarkable capability.

We further compare the performance of the proposed AVL-Prompter 
using Tiny-ImageNet (Table  3), EuroSAT and Oxford-IIIT Pets (Table  4). 
Across all three datasets, AVL-Prompter consistently outperforms state-
of-the-art methods. Particularly in the case of EuroSAT and Oxford-IIIT 
Pets, AVL-Prompter achieves higher performance compared to EPL 
which uses a much larger ViT-L/14-CLIP, whereas in AVL-Prompter, 
we use ViT-B/32-CLIP, further underscoring the effectiveness of our 
proposed method.
Performance on real noise. We show the results of AVL-Prompter for 
WebVision in Table  5. We achieve 1.7% improvement over SoTA on 
the Top-1 WebVision validation accuracy and 2.1% improvement on 
the Top-5 validation accuracy. Note that these are notable performance 
gains as they improve the SoTA by a much larger margin than previous 
approaches. Similarly, AVL-Prompter achieves a Top-1 performance 
gain of 3% and 5% Top-5 performance improvement in ILSVRC12 
validation set. These results underscore the efficiency of AVL-Prompter, 
particularly in handling large noisy datasets, thereby demonstrating its 
scalability.

We demonstrate the performance of AVL-Prompter on CIFAR-10N/
100N datasets in Table  6. The results show considerable improvements 
in all considered noise settings on both datasets. The gains are particu-
larly evident in the Noisy Fine setting of CIFAR-100N (a comparatively 
more complex dataset than CIFAR-10N), where AVL-Prompter shows 
an improvement of ≈6.5%.
Summary of results. Overall, our proposed AVL-Prompter consistently 
outperforms other state-of-art methods across both synthetic and real 
noise benchmarks. The performance gains are especially pronounced 
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under complex noise settings such as high-noise conditions (28% gain 
at 90% symmetric noise and 16% at 80% symmetric noise on CIFAR-
100), highlighting the method’s robustness, scalability, and effective-
ness in challenging label noise scenarios. Remarkably, our proposed 
method uses simple LNL strategy and manages to outperfom more com-
plex methods, including using smaller backbone (ViT-B/32) compared 
to EPL which uses a ViT-L/14 backbone. 

4.3. Analysis

In this section, we provide in-depth insights into the results delin-
eated within the manuscript, elucidating their significance and impli-
cations.

Memorization of noisy labels. Deep neural networks often learn the un-
derlying patterns first and subsequently memorize all the samples [8]. 
When confronted with noisy labels, there is a tendency of the models 
to learn the clean samples first and later memorize the label noise, 
leading to overfitting of the models to label noise [56]. Accessing the 
effectiveness of LNL algorithms against memorization of noisy samples 
thus becomes pivotal. We analyse the performance of the best and the 
final AVL-Prompter models against other alternative models (used in 
ablation study) in this regard and report the categorization in Tables  7
and 8. We also visually show the percentage of samples categorized in 
Fig.  3. We categorize the number of clean samples correctly classified 
and clean samples misclassified. We also determine the number of noisy 
samples that are correctly classified after noise correction, the number 
of noisy samples that are still misclassified after noise correction (not 
the same as noisy labels) and the number of noisy samples retaining 
the noisy labels (i.e. memorized). 

In the ‘best’ models case (Table  7), Zero-shot CLIP and Text Only 
Prompt Learner exhibit comparative categorization correctness to that 
of the AVL-Prompter models. However, they notably fall behind in the 
‘final’ model case (Table  8), indicating a decline in their generalization 
ability. Indeed, the performance of the ‘final’ models reveals significant 
overfitting for Zero-shot CLIP and Text Only Prompt Learner models, 
as shown by the large amount of memorized samples. In contrast, 
the ‘best’ AVL-Prompter model demonstrates a lower number of clean 
samples that are wrongly classified, while correctly detecting a higher 
number of clean samples. Despite observing a small number of samples 
that are memorized, it remains consistent with the best and final 
models, highlighting the absence of overfitting in the proposed method. 
These findings underscore the robustness of AVL-Prompter against 
noise memorization.
UMAP-visualizations. Fig.  4 depicts the visual-language features and 
image features of our proposed model using UMAP [87]. We extract the 
image features from the image encoder, whereas the V-L features repre-
sent the combined features of both text and image encoders. Although 
the pre-trained initialization serves as a zero-shot classification model, 
it lacks discriminative features, leading to a loosely connected set of 
coarse groups (Fig.  4(a)). In contrast, our proposed method exhibits 
distinctly superior features, evident from the separation between the 
coarse groups (Fig.  4(b)). By comparing the features derived solely from 
the image encoder (left) with those derived from both encoders (right), 
it is evident that the combined features result in enhanced classification 
ability.
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Table 6
Comparison on CIFAR-N datasets showing Best Test accuracy. †-Results updated from CCLM [57]. 
‡-Results updated from SplitNet [62] .
Method CIFAR-10N CIFAR-100N

Agg. Ran. 1 Ran. 2 Ran. 3 Worst Noisy Fine
DivideMix† [49] 95.3 95.6 95.6 95.6 93.2 69.4
C2D† [52] 95.7 95.9 95.8 93.8 92.8 70.8
CCLM(DM) [57] 95.6 95.6 95.4 95.6 93.0 70.7
CCLM(C2D) [57] 95.8 95.7 95.7 95.9 92.4 70.6
PES(Semi)‡ [45] 94.66 95.06 95.19 95.22 92.68 70.36
SplitNet [62] 96.50 96.47 96.42 96.27 94.22 72.61

AVL-Prompter 97.62 97.56 97.22 97.42 95.14 79.04
Table 7
Categorizing clean and noisy samples identified by the best model in CIFAR-100 Sym. 80% 
noise setting. Numbers in brackets indicate total samples based on ground truth labels.
Method Clean (10389) Noisy (39611)

Correct Wrong Correct Wrong Memorized

Zero-shot CLIP 8849 1540 30436 8988 187
Text Only Prompt Learner 9082 1307 30887 8484 240
V-L Prompt Learner 8930 1459 31942 7540 129

AVL-Prompter 9577 812 32564 6802 245
Table 8
Categorizing clean and noisy samples identified by the final model (last epoch) in CIFAR-
100 Sym. 80% noise setting. Numbers in brackets indicate total samples based on ground truth 
labels.

Method Clean (10389) Noisy (39611)
Correct Wrong Correct Wrong Memorized

Zero-shot CLIP 10307 82 121 444 39046
Text Only Prompt Learner 10293 96 60 244 39307
V-L Prompt Learner 9327 1062 31488 7905 218

AVL-Prompter 9582 807 32582 6783 246
Fig. 4. UMAP visualization of our proposed AVL-Prompter Method. (We use the coarse labels of CIFAR-100 for better visualizations.
9 
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Fig. 5. Attention Map Visualizations of AVL-Prompter in Oxford-IIIT Pets dataset (60% Sym. noise). From the left: first column shows original images, second and third shows the 
attention maps and images overlayed during model initialization, fourth and fifth shows the attention maps and images overlayed after training.
 
 

 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 

 
 

Fig. 6. Training Progression of DivideMix against AVL-Prompter in CIFAR-100 Sym. 
80% noise setting. y-axis represents the model accuracy. Lower 𝑥-axis shows the training 
epochs of DivideMix, while the upper 𝑥-axis shows that of AVL-Prompter.

Attention maps. We show the attention maps of AVL-Prompter during 
model initialization and after adaptive training on the Oxford-IIIT Pets 
dataset (60% Sym. noise) in Fig.  5. During initialization, the model 
activates both the pet body and the background noise, reflecting the 
lack of discrimination for high-noise data. After training, attention is 
significantly focused on the semantic core such as the pet’s head, eyes 
and ears, and the background noise response is suppressed, highlighting 
strong robustness in high-noise scenarios. Over training, AVL-Prompter 
readjusts the prompt embedding space to better equip for handling 
noisy embeddings.
Training progression. We present a comparative analysis of the training 
progression between our proposed AVL-Prompter and DivideMix [49] 
in Fig.  6. Leveraging a pre-trained visual language model affords AVL-
Prompter a more robust initialization and notably, eliminates the neces-
sity for a warmup phase, contrasting with DivideMix. This mitigates the 
risk of learning noisy samples during the warmup phase, as highlighted 
in [52].

4.4. Ablation study

In this section, we provide insights into the design decisions under-
lying our proposed AVL-Prompter method. To illustrate these decisions, 
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Table 9
Design decisions of AVL-Prompter. Results shown for CIFAR-100 Sym. 60%.
Experiment Description Test Accuracy

Selection of
Prompting Technique

LP 82.7

 FT 85.6

Fine-Tuning
Encoders

Only text encoder 83.3
Only image encoder 85.1

 Both text and image encoders 85.6

we utilize CIFAR-100 symmetric 60% noise settings. Following this, we
show a comprehensive analysis of each component of AVL-Prompter,
conducted using CIFAR-100 symmetric 80% noise settings. 
Selection of prompting technique. Prompt Learning introduces learn-
able prompts to adapt models for downstream tasks. While conven-
tional prompt learning methods maintain frozen pre-trained model
weights, learnable prompts can lead to overfitting task-specific data
distributions [31]. In this analysis, we investigate the behaviour of
prompt learning across different model settings. Linear Probing (LP)
involves updating only the parameters of the last fully connected
layer, along with the learnable prompts, while keeping the feature
extractors frozen. Fine-tuning (FT) entails updating all parameters of
both encoders during the learning process. We report the performance
of AVL-Prompter across different prompting techniques in Table  9.
Notably, fine-tuning the encoders with learnable prompts demonstrates
superiority compared to linear probing. This advantage could stem from
the model’s ability to adapt and learn noise patterns when coupled with
the semi-supervised learning component of AVL-Prompter.
Effect of fine-tuning encoders. AVL-Prompter comprises two encoders -
a text encoder and an image encoder, both sharing learnable prompts.
In this analysis (Table  9), we examine the behaviour of these encoders
when fine-tuning them. Note that, when only one encoder is fine-tuned,
the other is kept frozen. The results indicate that fine-tuning both
encoders yields better performance compared to fine-tuning only one
of them. This observation underscores the effectiveness of aligning both
encoders, enhancing the overall model’s capability. Furthermore, it can
be noted that fine-tuning only the text encoder results in lower per-
formance compared to fine-tuning the image encoder. This difference
can be attributed to the model adapting to the label noise without the
corrective information from the image encoder.
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Table 10
Ablation study of AVL-Promptercomponents. Results shown for CIFAR-100 Sym. 80% 
noise. Models without Semi-supervised Learning (×) are trained with standard Cross Entropy 
Loss.

S.No Model Prompt Semi-supervised Test
Learning Learning Accuracy

1 (Pre-trained) ResNet-50 × × 67.1
2 Zero-shot CLIP × × 77.1
3 Text Only Prompt Learner ✓ × 78.3
4 V-L Prompt Learner ✓ × 80.9

5 V-L Prompt Learner ✓ ✓ 83.0

Effect of the proposed components. We investigate the roles of prompt 
learning and semi-supervised learning components within the AVL-
Prompter (Table  10). Firstly, we assess the significance of prompt 
learning. To do so, we substitute the proposed V-L prompt learn-
ing model with ImageNet pre-trained ResNet-50 [2] and Zero-shot 
CLIP model [29] (#1 and #2 in Table  10, respectively), and compare 
their results to that of the V-L prompt training model without semi-
supervised learning (#4 in Table  10). The V-L prompt learning model 
outperforms by substantial margins. Subsequently, we emphasize the 
importance of learnable prompts (#3 and #4) over static prompts in 
LNL settings (#2). We can notice that Zero-shot CLIP uses a static 
prompt of the format ‘‘a photo of a class’’. The observed performance 
improvements across all models utilizing prompt learning underscore 
the importance of the learnable prompts. Furthermore, we compare the 
impact of employing prompt learning solely on the text encoder [35] 
(#3) with using shared learnable prompts (#4). This comparison shows 
substantial improvements achieved through the utilization of shared 
prompts across both encoders.

Lastly, we study the role of semi-supervised learning within AVL-
Prompter by removing the semi-supervised learning component (#4 
and #5 in Table  10). The results validate the effectiveness of the pro-
posed components, underlying their significance in enhancing model 
performance.

4.5. Limitations

The proposed AVL-Prompter for LNL has shown promising results. 
However, during our research, we identified certain limitations in our 
approach that can pave the way for future research directions:

• Fine-Tuning Transformers: The core component of AVL-Prom-
pter lies in fine-tuning of V-L models. Fine-tuning transformer 
architectures, particularly large models such as ViT-L, present a 
complex challenge [88]. ViT-B/32 has 151M params, while, ViT-
L/14 has 428M params.  Selecting appropriate  hyperparameters, 
batch sizes, and learning schedules becomes difficult due to the 
multitude of potential configurations [89].

• Computational Complexity: Fine-tuning yields significant per-
formance enhancements to linear probing. However, the com-
putational cost associated with fine-tuning models poses a no-
table challenge, which is particularly pronounced in places of 
fixed computing budget. Additionally, selecting the right archi-
tecture for a given dataset is challenging, often requiring costly 
trial-and-error procedures.

• Noise Level Estimation: The efficacy of AVL-Prompter hinges 
on accurately estimating the noise level in the dataset. However, 
in real-world datasets, noise distributions are often unknown 
and heterogeneous.  Inaccurate noise estimation could result 
in improper sample selection, consequently affecting the model 
performance.

• Pre-trained Data Dependence: Pre-trained V-L models are tra-
ined on large-scale web-curated data. The quality and diversity 
of this pre-training data significantly influence downstream per-
formance. Inherent biases or lack of domain-relevant information 
affect the learned representations. 
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5. Conclusions

In this paper, we propose a novel, simple, but highly efficient 
approach, AVL-Prompter, to the learning with noisy labels problem. 
By resorting to shared deep learnable prompts, we adapt large vision-
language models to the challenging task of learning with noisy labels, 
hence fully benefiting from their superior capabilities. Our results 
confirm that vision-language models can be effectively trained in noisy 
label settings, bringing significant improvements over SoTA, even in the 
most challenging cases. We believe that our approach sets a new stan-
dard in learning with noisy labels, and opens a new research avenue 
in this domain. Future work could aim at reducing the computational 
cost of the training step by developing an efficient strategy where only 
the crucial part of the model is trained.
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