Vision-Language Models are Strong Noisy Label
Detectors

Tong Wei'>3  Hao-Tian Li*> Chun-Shu Li’>  Jiang-Xin Shi**
Yu-Feng Li*>*  Min-Ling Zhang'-2
1School of Computer Science and Engineering, Southeast University, Nanjing, China
2Key Laboratory of Computer Network and Information Integration (Southeast University),

Ministry of Education, China

3National Key Laboratory for Novel Software Technology, Nanjing University, China

4School of Artificial Intelligence, Nanjing University, China

{weit,liht}@seu.edu.cn

Abstract

Recent research on fine-tuning vision-language models has demonstrated impres-
sive performance in various downstream tasks. However, the challenge of obtain-
ing accurately labeled data in real-world applications poses a significant obstacle
during the fine-tuning process. To address this challenge, this paper presents a
Denoising Fine-Tuning framework, called DEFT, for adapting vision-language
models. DEFT utilizes the robust alignment of textual and visual features pre-
trained on millions of auxiliary image-text pairs to sieve out noisy labels. The pro-
posed framework establishes a noisy label detector by learning positive and negative
textual prompts for each class. The positive prompt seeks to reveal distinctive fea-
tures of the class, while the negative prompt serves as a learnable threshold for sep-
arating clean and noisy samples. We employ parameter-efficient fine-tuning for the
adaptation of a pre-trained visual encoder to promote its alignment with the learned
textual prompts. As a general framework, DEFT can seamlessly fine-tune many
pre-trained models to downstream tasks by utilizing carefully selected clean sam-
ples. Experimental results on seven synthetic and real-world noisy datasets validate
the effectiveness of DEFT in both noisy label detection and image classification
tasks. Our source code is available at https://github.com/HotanLee/DeFT.

1 Introduction

Vision-language models pre-trained on large-scale image-text pairs, such as Contrastive Language-
Image Pretraining (CLIP) [29], have gained widespread adoption in various machine learning tasks
including few-shot learning [53, 52/, multi-label learning [33} [14], and long-tail recognition [7 30].
Recently, CLIP has shown impressive generalization performance to many downstream tasks without
the need for adaptation [36}31]. Zero-shot CLIP leverages the strong alignment of learned visual and
textual features and classifies unseen images by comparing the similarity of image embedding with
textual class prompts. Despite the good zero-shot performance, fine-tuning becomes necessary when
the data distribution of downstream tasks significantly deviates from the CLIP training source. Two
popular fine-tuning paradigms are commonly employed for adaptation, i.e., full fine-tuning (FFT),
which modifies all model parameters, and parameter-efficient fine-tuning (PEFT), which fixes the
pre-trained parameters while adding a few learnable parameters for adaptation. While promising,
fine-tuning CLIP necessitates perfectly labeled datasets which may not be readily available in many
real-world tasks, thereby hindering their broader applicability.

To tackle this issue, this paper investigates the fine-tuning of CLIP utilizing imperfectly labeled
datasets, i.e., datasets with noisy labels. Intuitively, direct adaptation using noisy labels can signifi-
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cantly degrade the performance. To mitigate the negative impact of noisy labels, researchers have
proposed various approaches for learning with noisy labels, including sample selection techniques
[L0, i44] 43]] and noise-robust learning methods [37, 27]. However, the exploration of this problem
in the context of CLIP adaptation remains limited. This paper aims to fill this research gap by
demonstrating that CLIP can be leveraged as effective noisy label detectors, capitalizing on their
strong alignment between visual and textual features. To ensure the generality, we follow the basic
idea in mainstream studies of learning with noisy labels. Firstly, we identify potentially mislabeled
samples, and subsequently, we adapt the model parameters using carefully selected clean samples.

In the first phase, we propose to construct a noisy label detector by learning positive and negative
textual prompts for each class. The positive prompt aims to uncover distinguishable features specific
to the class, while the negative prompt functions as a learnable “threshold” for identifying noisy
labels. Our noisy label detector can be derived from the similarity between embeddings of a training
image and positive/negative prompts associated with its assigned class. If the image exhibits a higher
similarity score with the positive prompt than the negative prompt, it is considered a correctly labeled
sample, i.e., a clean sample. This design draws inspiration from previous studies that have shown the
robustness of prompt tuning to noisy labels, particularly in the presence of high noise ratios [41]]. To
optimize the positive prompt, we align its representation with image features from the corresponding
class during training. For the negative prompts, we introduce a novel negative learning objective. It is
important to note that calculating similarities between images and textual prompts requires a strong
alignment between these two modalities in the downstream task. To achieve this, we utilize PEFT,
such as Visual Prompt Tuning (VPT) [18]], for the adaptation of the visual encoder. This decision is
based on a key finding that FFT can distort pre-trained feature representations when noisy labels are
present, which is discussed in Section[3.2]

In the second phase, we can adapt the pre-trained model after acquiring carefully selected clean
samples. It is worth noting that not only can we employ pre-trained CLIP for adaptation, but we
can also utilize other pre-trained visual backbones such as ResNet [12] and MAE [[11]. While the
model adaptation phase may seem unnecessary since we can leverage the learned textual prompts
for zero-shot classification without further fine-tuning, we emphasize its necessity by the improved
performance on curated downstream datasets, particularly in fine-grained classification tasks. In this
step, we learn a linear classifier and fully fine-tune the visual encoders using only selected clean
samples. The rationale behind this approach is twofold: 1) the linear classifier tends to generalize
better than textual class prompts, and 2) full fine-tuning can effectively adapt model parameters to
address significant domain shifts, surpassing the capabilities of PEFT. In our implementation, the
training is conducted for only 10 epochs, resulting in a minimal increase in computation cost.

Our main contributions can be summarized as follows:

* We propose DEFT, a simple yet effective framework for learning with noisy labels. DEFT
offers several compelling advantages over existing methods: instance-dependent (no in-
formation required from entire training data), robust to various types of noisy labels, and
generalizable to many pre-trained models.

* We conduct extensive experiments and show that DEFT achieves superior performance in
both noisy label detection and image classification tasks on a wide range of synthetic and
real-world datasets.

* We provide in-depth empirical analysis, providing insights to understand the effectiveness
of DEFT. We hope that this work will serve as a springboard for future works on noisy label
detection with multi-modal features.

2 Related Work

Learning with Noisy Labels A diverse variety of approaches have been proposed for addressing
learning with noisy labels and can be broadly divided into twofold: robust learning and clean sample
selection [9,132]]. Due to the susceptibility of traditional cross-entropy loss to noisy labels, several
methods adopt noise-robust loss functions [18, 151} 37, 6] and regularization techniques [27} 38, 16 to
enhance model robustness. For example, symmetric cross-entropy loss [37] introduces a noise-robust
objective function for fast convergence and better performance. Early-learning regularization [27]
counteracts the influence of the noisy labels by introducing a regularization term that integrates
estimated target probabilities. However, empirical findings suggest that robust model learning faces
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the problem of maintaining a balance between robustness and accuracy [51}135]]. Conversely, sample
selection approaches strive to select clean samples from noisy datasets using specific criteria. Based
on the memorization effect identified in deep neural networks [2], Numerous methods adopt the
small-loss strategy that treats samples with small loss as clean ones [[10} 1525, [19]]. Co-teaching [10]]
selects a fraction of training data in each mini-batch based on the noise ratio, whereas DivideMix
[25] fits a Gaussian mixture model to dynamically divide the training samples. Although these
methods demonstrate strong performance, they inevitably overlook the significance of clean hard
samples with a large loss. Besides, all the aforementioned approaches concentrate exclusively on
learning from scratch with label noise. Our proposed approach leverages the pre-trained multi-modal
information from visual-language models to construct a noisy label detector, resulting in improved
sample selection performance.

Fine-Tuning Vision-Language Models Recent years have witnessed incredible progress in pre-
trained visual-language models [29} 17, 49]. As a representative method, CLIP [29]] employs con-
trastive pre-training to acquire informative representations from extensive image-text pairs. Despite
the remarkable zero-shot performance of CLIP, its sensitivity to hand-crafted textual prompts is
significant. Prompt-tuning aims to learn the optimal prompts from target data by replacing the textual
templates with adaptable soft prompts, which demonstrates superior performance in the context of
few-show learning 53,152} 20] and multi-label learning [33}114]. However, further enhancements can
be achieved by adapting the visual encoder to accommodate larger datasets in downstream tasks. A
standard approach to obtain task-specific representations is fine-tuning all model parameters. While
FFT yields significant performance on curated datasets, recent work [[1]] empirically finds that FFT
can result in feature distortion in the presence of massive noisy labels. In contrast, PEFT [48]] has
been verified to improve generalization capabilities for mitigation of overfitting issues [30], which
fix the pre-trained model and introduce a few number of learnable parameters for adaptation, such
as VPT [18], LoRA [13], and AdaptFormer [3]. Considering the distinct property of fine-tuning
methods, this paper aims to delineate the most effective paradigm for model adaptation on noisy
downstream datasets, which remains under-explored yet holds significant promise.

3 Preliminary and Initial Findings

3.1 Zero-Shot CLIP

This paper focuses on a K-class image classification task, where the objective is to categorize
an image x € R< and assign it a label y € [K] = {1,2,..., K}. Benefiting from large-scale
datasets and high-capacity models, CLIP [29] has demonstrated remarkable performance in zero-shot
classification by computing the similarity between visual and textual representations. Specifically,
with hand-crafted textual prompts such as “a photo of a [CLS]”, where the class token is replaced
by a specific class name, the prediction probability is computed as:

exp(sim(I, T)/7)
25:1 eXp(sim(I,Tk)/T)’

where sim(-, -) denotes the cosine similarity between the extracted image features I and text features
T, and 7 is the softmax temperature.

ply==Fk|x)= (1)

While zero-shot classification with CLIP is promising, its performance can be further enhanced by
adapting CLIP on downstream labeled datasets D = {(x;,y;)_; } to incorporate more task-specific
representations. In this paper, we investigate the presence of noisy labels in the training dataset D,
which is prevalent in real-world applications. We use 7 € [0, 1] to denote the noise ratio of a training
set, meaning that N X r training samples are incorrectly labeled, i.e., the assigned label y differs
from the ground-truth label y*. Since y* is not accessible, our goal is to fine-tune the CLIP model
using training labels y by eliminating the negative influence of noisy labels. Considering the feature
distortion induced by noisy labels [2], the key challenge lies in obtaining distinguishable yet robust
representations when adapting CLIP on noisy datasets.

3.2 Fine-tuning CLIP on Downstream Datasets

To discern the most effective method for CLIP adaptation, we conduct empirical studies on various
datasets as shown in Figure |1} Specifically, we utilize three fine-tuning approaches to adapt the
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pre-trained CLIP model and compare their performance on both noisy and clean datasets, including
1) FFT which updates the entire model parameters, 2) VPT which fixes pre-trained model parameters
and prepends a small subset of extra learnable parameters to the visual encoder during fine-tuning,
and 3) VLPT (Vision-Language Prompt Tuning) which integrates both visual and textual learnable
prompts into the fixed pre-trained model for fine-tuning. For FFT and VPT, we learn an additional
linear classifier, while VLPT directly utilizes the learned textual prompts for classification. We
present our three primary findings in the following.

VPT benefits representation learning in the
presence of massive noisy labels. Intuitively, i -
utilizing FFT for CLIP adaptation yields im- _« A w0 / \
proved performance by leveraging its substan- 5 SN E \ .
tial capacity to incorporate task-specific repre-
sentations. However, the efficacy of FFT dimin-
ishes notably when applied to datasets contain- "
ing noisy 1abe]s’ as shown in Figure @ This 0.0 02 04 06 08  CIFAR-100 T-ImageNet Stanford-Cars ~ CUB
decline is attributed to the pronounced distortion  (a) Noisy Tiny-ImageNet (b) Clean Datasets

of representations with an escalating noise ra-

tio [[1]]. In contrast, VPT benefits representation Figure 1: Comparison of different fine-tuning
learning when adapting CLIP on noisy data, par- methods under (a) various ratios of noisy labels
ticularly under high levels of noise. As only a and (b) clean datasets.

small set of parameters is introduced, VPT effi-

ciently retains the generalization ability from image-text pre-training while enhancing classification
performance on downstream tasks, making it a robust and effective fine-tuning approach for handling
noisy downstream datasets.
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Textual classifier is robust to noisy labels. Classification with learnable textual prompts (e.g.,
CoOp [53])) leverages the multi-modal information in pre-trained vision-language models and en-
hances the alignment of visual and textual representations on downstream tasks. Recent literature
has substantiated its robustness with a frozen visual encoder in the context of few-shot learning [41].
From Figure[Ta] we observe that VLPT with a textual classifier (green line) consistently surpasses
VPT with a traditional linear classifier for classification (orange line), especially under severe noise.
The improvement in performance across diverse noise ratios further affirms the robustness of learnable
textual prompts in mitigating the impact of label noise for model adaptation.

FFT enhances visual recognition on clean datasets. Although previous findings show that FFT is
more susceptible to noisy labels compared to VPT and VLPT, Figure|l1b|demonstrates its enhanced
discriminative ability when training data is clean. This superiority is particularly significant on
fine-grained datasets such as Stanford-Cars and CUB-200-2011, with an average improvement of
2.81% against VPT. It is important to note that VLPT exhibits the worst performance on clean
datasets. This is primarily due to the implicit regularization of pre-trained textual information when
tuning the context of textual prompts, as explained in the recent study [41]].

4 The Denoising Fine-tuning Framework

Based on the findings in Section[3.2] we now present a novel denoising fine-tuning framework, DEFT,
which comprises two pivotal phases. In the first phase, DEFT learns dual textual prompts to separate
clean and noisy samples while adapting the visual encoder utilizing PEFT methods. In the second
phase, DEFT re-adapts the pre-trained model using FFT, leveraging the curated clean samples to
further boost visual recognition performance. Figure [2]illustrates our proposed framework.

4.1 Identifying Noisy Labels with Dual Prompts

Given the empirically demonstrated robustness of textual prompts to label noise, we intend to harness
this property to identify corrupted samples in noisy downstream datasets. The initial strategy is to
select a subset of samples with pronounced similarity between their visual and textual representations
and designate them as clean. However, this method relies on either prior knowledge of the noise ratio
or the manual setting of thresholds, which restricts its practical applicability. Inspired by recent works
[33,114}136], we utilize dual textual prompts instead of a single prompt to overcome these limitations.
Concretely, we design a class-specific pair of positive and negative prompts for the textual encoder,
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Figure 2: Illustration of the proposed DEFT framework. Left: We identify noisy labels with learnable
dual textual prompts and improve image-text alignment by optimizing PEFT modules. Right: Adapt
pre-trained models using FFT on selected clean samples.

denoted as prompt$ and prompt,_, respectively:
promptf = [V} [VI§ VI3 ...[V]3[CLS]; @

prompt,” = [V [V]5 [V]5...[V]3, [CLS]x (€)

Here, [V],, is the word vector of context (with dimension 512 in CLIP), M is the length of context,
and [CLS]y, is the k-th provided category name. The positive prompt aims to uncover distinguishable
features by maximizing the similarity between the image features and their corresponding text
features, while the negative prompt serves as a learnable sample-dependent similarity threshold to
select clean data. Specifically, the learnable threshold ¢; for the i-th training sample with label
y; = k is formulated as:

¢i = sim(L;, T;) “

which represents the cosine similarity between the extracted image features and negative text features.
Based on this threshold, the clean subset of dataset D can be constructed as follows:

Dclean — {(w“yl) | Sj_m(Ii’T;:) > ¢z and Yi = k} 5)

The proposed selection strategy surpasses the conventional loss-based approaches in two aspects:
1) It is more practical by utilizing data-driven thresholds thus eliminating the requirement for prior
knowledge like noise ratio, and 2) the integration of text modality enhances its robustness to label
noise, making it capable of identifying challenging hard noise. Nevertheless, the primary dilemma
lies in the optimization of positive and negative prompts using noisy downstream datasets.

4.2 Optimization for Noisy Label Detector

It can be an intricate task to optimize the threshold ¢; in an end-to-end manner since it is indirectly
involved in the forward propagation. However, we can still optimize the associated parameters by
formulating the clean probability of the i-th image with y; = k as:

pqlean _ exp(Sim(Ii7 T;:)/T) (6)
ik exp(sim(I;, TZ_)/T) + exp(sim(I;, T, )/T)

Obviously, selecting samples with the clean probability pf}f‘“‘ > (.5 is equivalent to the specified
criteria in Eq. (5). In this way, the original threshold-based selection approach can be transformed
into K binary classification tasks to determine whether a sample is clean or not. Concretely, given
a sample (x;, y;) from noisy datasets D, we can employ the dual prompts of class y; as a binary
classifier to identify label noise. If the classifier outputs a positive prediction of x;, it is categorized
as a clean sample.

To optimize the noisy label detector, we need to construct positive and negative training samples for
binary classification, i.e., images with correctly and wrongly assigned labels. Inspired by the prior
work on negative learning [21], we designate each image with a randomly picked complementary
label ¢ to form negative samples. For positive samples, we initiate with the original supervision in
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D and refine it with pseudo labels § generated by Eq. (I)). The training loss is then formulated as
follows:

Lap = N Zﬁnu e 5) + Loy (1 — p§, ) @)

where pglean = {pclean} K s the clean probability and £, (-, -) is the negative log-likelihood loss
where Cyu(p;, y) = —log piy.

Additionally, to enhance task-specific representations of the noisy label detector, we harness PEFT for
the adaptation of the visual encoder, considering its robustness under massive noisy labels compared
with FFT, as per our previous finding (see Figure[Ia). This is achieved by maximizing the alignment
between image embeddings and their corresponding positive textual features:

exp(sim(I;, T})/7)
szm = a7 (8)
zzl Zk yexp(sin(Z;, T)/7)

Note that L, is exclusively computed on D" after the warm-up stage to further eliminate the
impact of label noise on representations. With the objective £ = Lgy, + Lim, DEFT effectively sieves
out noisy samples with learned thresholds while uncovering distinguishable visual representations on
downstream tasks.

4.3 Model Adaptation using Clean Data

Although the learned positive textual prompt can be readily employed for classification, its per-
formance may be suboptimal on curated clean datasets, as demonstrated in our previous finding
(see Figure [Ib). To mltlgate this problem, we introduce the model adaptation phase which learns
a linear classifier using selected clean samples, i.e., D™, Moreover, our findings also indicate
that FFT outperforms PEFT on clean datasets, so we remove the PEFT modules and fully fine-tune
the pre-trained model parameters for model adaptation. We minimize the classic cross-entropy loss

lee(z,y) = —log %, where z = {21 }4_, represents the logits predicted by the linear

classifier. It is noteworthy that with the clean subset of training data constructed by Eq. (), the
second phase can be applied universally to a wide range of pre-trained models, regardless of their
backbones. The versatility of our approach is demonstrated in the experiments.

S Experiment

We now proceed to the experiments, demonstrating the advantages of our approach in noisy label
detection and image classification on both synthetic and real-world datasets.

5.1 Experimental Settings

Synthetic Datasets We first evaluate the performance of DEFT on four image classification
benchmarks by synthesizing noisy labels with varying noise types and ratios. Specifically, we conduct
experimental analyses on widely-used CIFAR-100 [23] and Tiny-ImageNet [42], as well as two
fine-grained datasets Stanford-Cars [22] and CUB-200-2011 [34]]. Given the noise transition matrix
T € [0, 1]5*X with T;; denoting the probability of the ground-truth y* = i being flipped into a
corrupted label y = j, we introduce two types of label noise: 1) T;; = p(y = j | y* = ¢), where the
corruption probability is assumed to be only dependent on the true label, e.g., the symmetric noise
generated by replacing y* with a random label for a given proportion of training samples [10} 25]],
and 2) T;; = p(y = j | y* = ¢, ), which is a more realistic assumption considering the impact of
instance x in the label corruption process, e.g., the instance-dependent noise proposed in [45]. We
conduct extensive experiments on each dataset with noise ratio r € {0.2,0.4,0.6} for symmetric
noise and r € {0.2,0.3,0.4} for instance-dependent noise.

Real-World Datasets We further examine the performance of DEFT on three real-world noisy
label datasets: 1) CIFAR-100N [39] (r ~ 0.4) is a variant of CIFAR-100 with real-world human
annotations from Amazon’s Mechanical Turk, 2) Clothing1M [47] (r ~ 0.4) is a large-scale dataset
consisting of 1 million clothing images of 14 classes collected from online shopping websites, and
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Sym. 0.2 Sym. 0.4 Sym. 0.6 ‘ Ins. 0.2 Ins. 0.3 Ins. 0.4
Prec. Rec. Prec. Rec. Prec. Rec. \ Prec. Rec. Prec. Rec. Prec. Rec.
CIFAR-100

Label-match  99.83  63.62 99.61 6385 9931 6352 9993 63.65 9985 63.72 99.81 63.69

Small-loss  97.24  96.79 9568 9449 9293  90.68 9520 9546 94.00 9253 90.33 89.85

DEFT (ours) 99.51 97.77 98.75 9791 97.04 97.27 9847 97.88 9632 97.63 94.08 95.28

A 1227 1098 1307 1342 1411 41659 1327 1242 4232 1510 13.75 71543
Tiny-ImageNet

Label-match  99.92  60.81 99.83 60.79 9950 60.66 99.91 60.58 99.84 60.53 99.76  60.47
Small-loss 9725 9693 9533 9448 9263 90.89 9474 9517 93.66 9235 9041 89.71
DEFT (ours) 99.50 96.00 98.78 9597 9721 9544 9921 9621 97.80 9580 9545 9577
A 1225 1093 1345 1149 1458 1455 1447 1104 1414 1345 1504 16.06

Stanford-Cars

Label-match  99.97 6034 99.86 6027 99.70 6071 99.85 6034 99.82 6032 99.80 60.25

Small-loss 9692  96.56 9371 9321 89.46 8779 9694 97.78 9672 9596 9525 94.48

DEFT (ours) 9872 99.56 98.98 98.56 9858 9562 99.02 99.09 9896 9815 9875 97.71

A T1.80 13.00 1527 1535 1912 17.83 1208 1131 1224 1219 1350 13.23
CUB-200-2011

Label-match  99.92 5326 99.74 53.13 9946 53.02 99.96 53.39 99.96 5332 99.74 53.69

Small-loss  96.74 9632 93.69 92.84 84.10 8201 9691 9733 9649 9559 9398 93.96

DEFT (ours) 99.04 97.01 96.76 95.60 9388 9643 99.15 9745 9793 9685 96.03 97.11
A 1230 10.69 1307 127 1978 11442 1224 71012 71144 1126 1205 13.15

Method

Table 1: On each dataset, we compare the Precision (%) and Recall (%) of DEFT with CLIP label-
match and small-loss to evaluate the clean sample selection performance. A is the difference between
the performance of DEFT and small-loss.

3) WebVision [26]] (r == 0.2) contains 2.4 million images crawled from Flickr and Google using the
1,000 concepts in ImageNet ILSVRC12. Following previous works [25} 19} [24], we experiment on
the first 50 classes of the Google image subset.

Evaluation Metrics We use precision and recall metrics to evaluate the selection of clean samples.
A higher precision indicates a greater proportion of actual clean samples in D**", while a higher
recall means that more clean samples are identified from the noisy dataset. For image classification,
We report the “best” test accuracy across all training iterations and the “last” test accuracy at the end
of training.

Implementation Details We adopt the pre-trained CLIP [29] with the Transformer as the text
encoder and the ViT-B/16 as the image encoder. We use the SGD optimizer with a momentum of 0.9,
a weight decay of 5x10~*, and a batch size of 64. We run 10 epochs for both the noisy label detection
phase and the model adaptation phase with learning rates 3x10~2 and 5x 104, respectively. In the
noisy label detection phase, we employ VPT [18]] and CoOp [53]] to adapt visual encoder and textual
encoder respectively, and perform model warm-up for 1 epoch on all datasets. When identifying noisy
labels on real-world datasets, we augment the condition in Eq. (3)) with a constraint that the training
label should be consistent with its predicted label. This is due to the existence of more complex noise
patterns in real-world tasks. All experiments are conducted on a single NVIDIA GeForce RTX 3090.

5.2 Performance for Noisy Label Detection

We conduct a thorough evaluation of DEFT to justify its effectiveness in detecting noisy labels. For
this purpose, we simulate various types and ratios of label noise on four benchmark datasets. We
compare our approach with two other sample selection strategies: 1) Label-match strategy, where
a training sample is deemed clean if its given label matches that assigned by the CLIP zero-shot
classifier, and 2) Small-loss strategy, which selects a proportion (noise ratio) of confident samples
in each mini-batch, as commonly used in previous studies [10, 25, [19]. The precision and recall of
sample selection are reported in Table[I] The results show that our proposed noisy label detector
outperforms the compared strategies, with significant improvements observed in all dataset settings.
The trivial label-match strategy tends to be conservative, leading to low selection recall of clean
samples. In contrast, the small-loss strategy and DEFT achieve a better trade-off between precision
and recall, making better use of training samples. Moreover, leveraging the informative multi-
model information in the pre-trained vision-language model, DEFT surpasses the small-loss strategy
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Method |  Sym. 0.2 Sym. 0.4 Sym. 0.6 |  Ins. 0.2 Ins. 0.3 Ins. 0.4
CIFAR-100

CE 86.71/86.70  84.06/82.60 81.05/77.45 | 87.30/87.18 84.60/83.64 78.41/75.66
ELR 86.53/86.53 83.66/83.66 78.34/78.34 | 86.61/86.61 85.89/85.89 85.78/85.78

FFT SCE 86.82/86.82 83.84/83.84 7890/77.71 | 86.61/86.61 83.99/83.20 80.06/73.45

GMM | 88.49/88.49 87.21/87.21 8522/85.20 | 88.44/88.44 87.95/87.95 82.14/82.11

DEFT Ours | 89.38/89.35 88.17/88.11 85.81/85.72 | 89.38/89.35 88.68/88.68 85.75/85.74
Tiny-ImageNet

CE 81.77/81.08 76.53/76.52 73.17/71.46 | 80.75/80.71 78.83/78.57 74.80/74.08

FFT ELR 79.40/79.40 77.13/77.13  73.74/73.74 | 79.98/79.98 77.13/77.13 73.74/73.74

SCE 79.23/79.23  76.24/76.18 71.76/70.62 | 78.96/78.90 77.80/77.54 74.47/73.25

GMM | 81.91/81.88 80.37/80.37 43.47/43.47 | 81.84/81.79 81.26/81.26 79.01/79.01

DEFT Ours | 82.91/8291 82.48/82.37 80.60/80.59 | 83.37/83.33 82.69/82.65 80.52/80.49
Stanford-Cars

CE 89.75/89.74 85.10/84.89 71.70/71.55 | 89.13/89.06 85.94/85.92 80.59/80.59

FFT ELR 86.61/86.61 76.98/7698 61.58/61.58 | 84.40/84.40 83.11/83.11 75.97/75.84

SCE 91.11/91.11  87.73/87.45 79.09/79.09 | 90.34/90.34 87.35/86.23  83.50/80.69

GMM | 90.10/90.08 83.14/83.10 56.90/56.90 | 88.15/88.10 85.39/85.33 78.76/78.72

DEFT Ours | 92.13/92.12 90.75/90.75 85.72/85.45 | 92.19/92.15 90.77/90.77  89.74/89.68
CUB-200-2011

CE 80.76/80.76  73.09/72.87 55.42/55.21 | 80.36/80.25 75.80/75.53 69.62/69.62

FFT ELR 77.70/77.70  68.26/68.26 50.17/49.88 | 78.32/78.32 73.16/73.08 63.57/63.34

SCE 82.81/82.74 78.12/77.87 63.31/63.31 | 81.91/81.91 78.31/78.03 71.25/70.95
GMM | 75.79/75.73 64.39/64.38 42.84/42.84 | 75.73/75.65 69.95/69.95 56.13/55.80

DEFT Ours | 83.05/83.03 79.24/79.13 73.08/73.08 | 82.53/82.50 81.39/81.39 79.34/79.24

Table 2: Test accuracy (%) on synthetic datasets with symmetric and instance-dependent label noise.

Dataset \ CE ELR SCE GMM RoLT UNICON LongReMix ProMix \ DEFT (Ours)
CIFAR-100N | 72.41 72.83 7252 76.06 7591 77.68 73.94 75.97 79.04
Clothing1M 69.75 72.14 7049 70.03 70.46 70.38 70.62 70.71 72.44
WebVision 84.64 79.32 82.88 84.88 84.12 84.56 84.96 84.44 85.12

Table 3: Test accuracy (%) on datasets with real-world label noise.

in detecting noisy labels, particularly under severe noise settings and fine-grained classification
tasks. For instance, in Tiny-ImageNet with 60% symmetric noise, DEFT demonstrates significant
enhancements of 4.58% and 4.55% in precision and recall, respectively, as well as an improvement
of 9.78% and 14.42% in CUB-200-2011. Additionally, DEFT reduces the need for prior knowledge
of noise ratios, making it a practical and effective approach to detect label noise in real-world tasks.

5.3 Performance for Image Classification

We evaluate the performance of DEFT in image classification tasks against four baselines, including
CE (Cross-Entropy loss), SCE [37], ELR [27], and GMM [235]. To further verify the effectiveness of
our method on real-world datasets, we also make comparisons with some recent sample selection-
based works including RoLT[40]], UNICON[19], LongReMix[4], and ProMix[46]. We utilize FFT for
adapting the pre-trained CLIP model for all approaches. More details can be found in the Appendix.

Results on Synthetic Datasets Table 2] presents the results on four synthetic noisy datasets. Com-
pared with CE, the adoption of noise-robust loss functions such as ELR and SCE improves the
classification performance on CIFAR-100 and Tiny-ImageNet under certain noisy label settings, e.g.,
ELR achieves the best performance on CIFAR-100 with 40% instance-dependent noise. However,
these methods are not always effective and may even worsen the performance under varying types and
ratios of noise, compared to the sample selection paradigm like GMM and DEFT. While GMM out-
performs ELR and SCE in most cases, its performance degrades dreadfully on fine-grained datasets.
Nevertheless, DEFT retains the most robust performance and generally advances all compared meth-
ods, especially on Stanford-Cars and CUB-200-2011. For example, DEFT boosts the test accuracy
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Figure 3: Ablation studies. We report the test accuracy across varying noise ratios for the following
variants: 1) w/o adap.: DEFT without the model adaptation phase, 2) PEFT: use PEFT for model
adaptation phase, and 3) FFT: use FFT for model adaptation phase.

Architecture \ CE GCE ELR TURN \ DEFT (Ours)
ResNet-50 [12] 66.02 66.19 66.19 66.31 70.82
MAE-ViT-B 61.31 60.80 61.51 61.96 65.23
ViT-B/16 [55] 68.98 69.74 68.73 70.28 69.84
ConvNeXt-T 28] | 68.80 68.92 68.52 69.53 71.68

Table 4: Test accuracy (%) using various pre-trained models on Clothing1 M. Partial results are
sourced from [[1]]. The best results across all methods are highlighted in bold, with the second-best
results indicated by underscores.

by an average of 4.34% on Stanford-Cars compared to the best results of comparison methods.
The results demonstrate the effectiveness of our proposed approach in tackling both symmetric and
instance-dependent label noise.

Results on Real-world Datasets The results reported in Table [3] demonstrate the superiority of
our method on real-world datasets, as DEFT surpasses other methods by a significant margin on all
datasets. Notably, while most compared methods show little improvement on Clothing1M due to
its fine-grained nature, both ELR and DEFT demonstrate substantial improvement. However, ELR
exhibits a performance decrease on WebVision. Moreover, directly fine-tuning pre-trained CLIP
models with cross-entropy (CE) achieves competitive results on WebVision, yet DEFT elevates this
performance further, showcasing its ability to combat label noise in practical situations.

5.4 Further Analyses

Necessity of Model Adaptation In this experiment, we emphasize the necessity of the model
adaptation phase in DEFT. Figure [3] demonstrates the test accuracy of DEFT without the model
adaptation phase (w/o adap.), adaptation utilizing PEFT and FFT. Results show that fully fine-tuning
the model on selected clean samples yields the best classification performance, especially on fine-
grained datasets, such as Stanford-Cars and CUB-200-2011. The results unveil two primary insights:
1) the noisy label detector in DEFT exhibits strong capabilities in detecting label noise, yielding a
nearly clean subset from noisy downstream datasets, and 2) employing FFT for model adaptation is
more effective in mitigating significant domain shifts between downstream data and pre-training data,
particularly evident in fine-grained datasets.

DEFT for Various Pre-trained Models It is noteworthy that DEFT can seamlessly integrate with
various pre-trained visual backbones during the model adaptation phase. To demonstrate the versatility
of our proposed denoising fine-tuning framework, we conduct experiments on Clothing1M and apply
FFT to a range of pre-trained models, including ViT-B/16 [3]], ResNet-50 [12], ConvNeXt-T [28]],
and MAE-VIT-B [11]]. The results are presented in Table ] where GCE employs a noise-robust
loss function akin to SCE. As a recent work, TURN is an improved version of GMM, which
applies linear probing to initialize the classifier and then uses FFT for adaptation. Compared with
previous methods, DEFT exhibits the best performance on average. In particular, DEFT outperforms
TURN by 4.51% and 3.27% when adopting ResNet-50 and MAE-ViT-B as the target pre-trained
models, respectively.
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6 Conclusion

In this work, we delve into a new landscape for learning with noisy labels, departing from the classic
single-modal toward a multi-modal regime. By learning dual textual prompts, we construct a new
noisy label detection approach, which offers several compelling advantages: robust to various types of
label noise, generalizable to many pre-trained models, and does not require the dynamics of training
samples. We investigate the effectiveness of DEFT on a wide range of synthetic and real-world
datasets, showing its superior performance in both noisy label detection and image classification
tasks. Lastly, we demonstrate the advantage of parameter-efficient fine-tuning over full fine-tuning
over noisy label detection. We hope our work will inspire future research toward multi-modal noisy
label detection.
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A Appendix

A.1 Additional Results on Noisy Label Detection

Impact of CLIP Backbones Table[T|has demonstrated the superiority of DEFT in detecting noisy
labels based on CLIP ViT-B/16. To evaluate the impact of different visual backbones on noise
detection, we re-implement all methods using CLIP ViT-B/32 as the backbone and report the results
in Table 5] Notably, while the small-loss strategy demonstrates comparable performance on noisy
CIFAR-100 and Tiny-ImageNet, its efficacy significantly diminishes on fine-grained datasets such as
Stanford-Cars and CUB-200-2011, which exhibits its sensitivity to visual backbones. In contrast,
DEFT maintains consistently superior performance on both ViT-B/16 and ViT-B/32, underscoring its
resilience across different pre-trained visual backbones.

Results under Severe Noise We conduct experiments on synthetic noisy datasets with significant
label noise to further validate the robustness of the proposed noisy label detector. It is noteworthy
that two adjustments are implemented in order to train a more effective model: 1) the learning rate is
adjusted from 3x 1072 to 1x 1072, and 2) For DEFT, a small weight (specifically, 0.25) is introduced
to the positive loss component in Eq. (7) to mitigate the impact of noisy pseudo labels in high levels
of noise. Table @reports the precision, recall, and their harmonic mean (F1-score) for noise detection,
where DEFT exhibits a robust capability in identifying severe noise. For example, a remarkable
improvement in the F1-score is achieved on CUB-200-2011. These results strongly reaffirm the
superior performance of DEFT across various noise ratios.

GMM for Noisy Label Detection DivideMix [25]] introduces the use of a Gaussian Mixture Model
(GMM) for the dynamic separation of clean and noisy samples with an adjustable threshold. Table
summarizes the performance of GMM and DEFT in detecting label noise across diverse datasets and
noise settings. To fine-tune the pre-trained model for GMM, we independently apply PEFT and FFT.
The results reveal that DEFT consistently exhibits superior noise detection capability, particularly
evident in fine-grained datasets with high noise ratios, such as Stanford-Cars with 60% symmetric
noise and CUB-200-2011 with 40% instance-dependent noise. Intriguingly, implementing GMM
with PEFT yields better noise detection when compared to utilizing FFT. This difference can be
attributed to the potentially unstable training process of FFT, where the loss value may undergo
significant fluctuations due to an abundance of tunable parameters.

Noisy Label Detection on CIFAR-100N The CIFAR-100N dataset [39], which serves as a real-
world benchmark by providing CIFAR-100 with human-annotated noisy labels, allows us to evaluate

Method Sym. 0.2 Sym. 0.4 Sym. 0.6 ‘ Sym. 0.2 Sym. 0.3 Sym. 0.4
Prec. Rec. Prec. Rec. Prec. Rec. ‘ Prec. Rec. Prec. Rec. Prec. Rec.
CIFAR-100

Label-match 99.82 57.91 9951  58.13  99.10 5803 99.87 5790 99.82 5786 9972  57.84
Small-loss ~ 97.32 9686 9543 9423 9278 9046 9478 9500 9333  91.83  89.61  89.12
DEFT (ours) 99.41 97.88 9851  97.80 9610 97.74 98.89 97.89 97.00 97.82 9327 9776
A 1209 11.02 1308 1357 1332 1728 1411 1289 1367 1599 1366 1864

Tiny-ImageNet

Label-match  99.88  58.02  99.80 58.11 99.47 5826  99.89 58.00  99.82 58.04 99.74 57.93

Small-loss 9720 96.88 95.44 94.56 92.73 90.89 9472 95.14  93.36 92.05 89.83 89.16

DEFT (ours) 99.45 95.31 98.52 95.79 96.08 95.88  99.04 9571 98.08 95.88 96.16 95.76

A 1225 | 157 13.08 1123 13.35 1499 1432 1057 1472 1383 1633 16.60
Stanford-Cars

Label-match  99.88  50.14  99.51 50.14 99.65 51.28  99.81 49.84  99.72 49.79 99.55 49.90
Small-loss 96.98 96.60  86.51 85.43 41.23 3992 95.02 9575 7825 77.31 63.71 62.67
DEFT (ours) 99.17 99.23  97.40 99.31 94.66 97.68  98.68 9895  97.75 98.96 95.62 99.33
A 1219 1263 11089 11388 15343 15776 13.66 1320 11950 7121.65 713191 1 36.66
CUB-200-2011
Label-match  99.83  49.24  99.67 49.72 99.75 4938 99.79 50.07  99.71 50.13 99.61 50.36
Small-loss 96.12  95.68  87.41 86.35 58.65 56.99 9442 9485 86.66 85.74 77.08 76.717

DEFT (ours) 98.62 97.56 9515 9818 9432 9585 9818 97.00 9357 93.05 9535 9741
A 1250 11.88 17.74 111.83 13567 13886 13.76 1215 1691 1731 11827 120.64

Table 5: Precision and recall of noisy label detection with CLIP ViT-B/32 as the visual backbone.
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Sym. 0.8 Ins. 0.5 Method Symmetric Instance-dependent

Prec.  Rec. Fl. Prec.  Rec. Fl. 0.2 0.4 0.6 0.2 0.3 0.4
CIFAR-100 CIFAR-100

Label-match 9794 63.68 77.18 99.69 63.86 77.85 GMM w/FFT 9744 9756 97.19 97.08 96.99 87.98
Small-loss  90.31 83.69 86.87 8537 86.45 8591 GMM w/ PEFT 97.82 97.74 96.94 97.08 9586 91.37
DEFT (ours) 9525 91.60 93.39 92.83 93.08 92.95 DEFT (ours) 98.63 9833 97.15 98.17 9697 94.68

Tiny-ImageNet Tiny-ImageNet
Label-match  98.74 61.04 7544 99.68 60.61 7538 GMM w/FFT 9480 95.03 6527 9436 9442 91.66

Small-loss  89.12 84.52 86.76 84.92 85.04 84.98 GMM w/ PEFT 96.56 96.64 9624 96.01 95.02 92.04
DEFT (ours) 9597 89.68 92.72 96.19 90.86 93.45 DEFT (ours) 97.72 9735 96.32 97.69 96.79 95.61

Stanford-Cars Stanford-Cars

Label-match  98.62 60.52 75.01 99.63 59.49 7450 GMM w/FFT ~ 97.81 95.02 77.00 96.60 9527 91.05
Small-loss  81.97 77.39 79.61 89.18 88.77 88.97 GMM w/ PEFT  99.10 9831 9322 9834 96.58 92.46
DEFT (ours) 92.78 9531 94.03 9580 99.02 97.38 DEFT (ours) 99.14 98.77 97.08 99.05 98.55 98.23

CUB-200-2011 CUB-200-2011

Label-match  98.20 5322 69.03 99.44 5350 69.57 GMM w/FFT 9192 86.56 67.52 91.86 88.58 76.34
Small-loss  71.23 6641 68.74 83.81 84.65 84.23 GMM w/PEFT  97.06 96.57 9139 97.27 9445 89.20
DEFT (ours) 90.12 89.94 90.03 95.02 9647 95.74 DEFT (ours) 98.01 96.18 95.14 9829 97.39 96.57

Method

Table 6: Precision, recall, and F1-score of noisy ~ Table 7: Fl-score (%) of noisy label detection.
label detection under 80% symmetric noise and ~ For GMM, we utilize both PEFT and FFT to adapt
50% instance-dependent noise. the pre-trained model.

| Label-match ~ Small-loss GMM RoLT UNICON LongReMix ProMix | DEFT (Ours)

Precision 91.48 89.37 80.03 75.23 87.05 69.37 75.92 88.43
Recall 73.88 89.14 97.05 95.82 85.44 98.67 94.90 92.84
F1-score 81.74 89.25 87.72 84.29 86.24 81.47 84.36 90.58

Table 8: Noise detection results on CIFAR-100N.

Hyperpara | visual prompt length | textual prompt length | training epoch
‘ 10 15 20 30 ‘ 4 8 16 32 ‘ 5 10 15 20
F1-score ‘ 98.08 98.17 98.33 98.30 ‘ 93.29 97.14 97.15 97.31 ‘ 96.65 97.15 97.34 97.38

Table 9: Sensitivity analysis of promt length and training epoch.

the efficacy of DEFT for noise detection in practical scenarios. The results presented in Table[§]
reveal the distinctive performance characteristics of various sample selection strategies. For example,
the label-match strategy demonstrates a propensity for being greedy and yields the highest precision,
whereas the GMM and recent sample selection-based works tends to be conservative and thus achieve
a higher recall. Nevertheless, DEFT stands out with the highest F1-score across all strategies, striking
a judicious balance between precision and recall in the identification of real-world noisy labels.

Sensitivity of Hyperparameters We explore the sensitivity of our noise label detector to various
hyperparameter settings, specifically the length of the visual/textual prompt and the number of
training epochs. Table 9 presents the F1-score on CIFAR-100 with 40% symmetric noise. The results
indicate that the length of the visual prompt has a marginal impact on the noisy label detection. For
the textual prompt length, once the context length exceeds 8, the performance is enhanced slightly as
the length increases. Additionally, variations in the number of training epochs have minimal impact
on performance. In order to strike a balance between effectiveness and efficiency, we set the visual
prompt length to 20, the textual prompt length to 16, and the training epoch to 10 in all experiments.

A.2 Additional Results on Image Classification

Robustness of Various PEFT techniques To further substantiate the advantages of PEFT over FFT
for adapting visual backbones in the presence of massive noisy labels, we conduct a comprehensive
evaluation of various PEFT techniques for image classification, including 1) Visual Prompt Tuning
(VPT) [18] which prepends learnable prompts to the input at each layer, 2) Low-Rank Adapter
(LoRA) [13]] which injects trainable rank decomposition matrices into each layer, 3) AdaptFormer [3|]
which replaces the original Multi-Layer Perceptron (MLP) block with AdaptMLP that incorporates
a trainable bottleneck module, and 4) Bias-terms Fine-tuning (BitFit) [S0] which is a sparse fine-
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Method |  Sym. 0.2 Sym. 0.4 Sym. 0.6 |  Ins. 0.2 Ins. 0.3 Ins. 0.4
CIFAR-100

CE 84.80/84.86 82.70/82.42 79.32/75.49 | 81.35/81.29 75.64/75.57 68.13/68.13

PEFT ELR 87.17/87.16 85.95/85.89 84.29/84.29 | 87.05/87.01 86.93/86.91 86.58/86.57

SCE 86.94 /8690 85.24/85.17 82.40/81.66 | 83.98/83.81 81.16/79.40 77.43/72.30

GMM 86.99/86.95 85.53/85.51 84.16/84.16 | 86.64/86.64 85.06/85.06 80.02/80.02

DEFT w/ PEFT | 87.50/87.50 86.69/86.69 84.00/83.88 | 87.58/87.58 85.68/85.64 83.73/83.71

w/ FFT | 89.38/89.35 88.17/88.11 85.81/85.72 | 89.38/89.35 88.68/88.68 85.75/85.74
Tiny-ImageNet

CE 80.73/80.71 77.99/7799 74.44/7391 | 79.58/79.58 7593/75.89 71.08/71.08

PEFT ELR 83.01/83.01 81.81/81.81 79.34/79.34 | 82.93/82.93 82.28/82.28 81.74/81.71

SCE 82.84/82.84 81.25/81.27 78.09/78.09 | 80.96/80.96 79.02/78.96 75.73/74.57

GMM 82.89/82.87 81.74/81.72 80.35/80.35 | 81.53/81.53 81.79/81.79 78.61/78.61

DEFT w/ PEFT | 83.42/83.42 82.12/82.12 80.43/80.43 | 82.76/82.74 82.63/82.57 81.31/81.24

w/ FFT 82.91/8291 82.48/82.37 80.60/80.59 | 83.37/83.33 82.69/82.65 80.52/80.49
Stanford-Cars

CE 75.79/72.30 66.29/54.62 49.09/33.86 | 74.23/72.72 66.50/64.13 58.85/54.31

PEFT ELR 87.18/87.18 81.04/81.00 70.44/70.44 | 86.53/86.53 84.42/84.33 80.09/79.93

SCE 77.95/71.84 70.14/55.11 53.84/35.74 | 77.74/70.20 71.02/61.03 65.38/51.18

GMM 88.97/88.97 8591/85.60 75.82/75.82 | 88.05/88.04 85.51/85.39 78.61/78.61

DEFT w/ PEFT | 89.80/89.77 86.82/86.77 81.43/80.54 | 89.72/89.65 88.01/87.80 86.58/86.36

w/ FFT | 92.13/92.12 90.75/90.75 85.72/85.45 | 92.19/92.15 90.77/90.77 89.74/ 89.68
CUB-200-2011

CE 69.35/65.22 54.42/4691 43.98/30.77 | 66.43/66.12 59.65/56.35 52.33/47.26

PEFT ELR 79.20/79.01 72.04/71.99 60.34/60.24 | 78.32/7829 75.73/75.73 70.78/70.25

SCE 70.12/65.55 61.84/4531 49.55/29.25 | 69.97/62.82 63.55/54.28 56.68/45.01

GMM 78.75/78.51 77.72/7691 64.83/64.69 | 80.10/80.10 76.06/76.06 67.97/67.97

DEFT w/ PEFT | 80.55/80.41 76.63/76.63 69.71/69.28 | 80.57/80.50 77.25/77.11 74.42/74.20

w/ FFT | 83.05/83.03 79.24/79.13 73.08/73.08 | 82.53/82.50 81.39/81.39 79.34/79.24

Table 10: Test accuracy (%) on synthetic datasets with symmetric and instance-dependent label noise.
For all approaches, we utilize PEFT to adapt the pre-trained CLIP model. The results of DEFT when
applying FFT for adaptation are also reported.
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Figure 4: Comparison of different parameter-efficient fine-tuning techniques on Tiny-ImageNet with
various ratios of noisy labels

tuning method where only the bias-terms of the model are being modified. The results are shown
in Figure [ Notably, nearly all PEFT methods outperform FFT when the noise ratio exceeds 0.4,
and the performance gap becomes more pronounced with the increase in the noise ratio. These
results comprehensively underscore the efficacy of PEFT over FFT in mitigating the distortion of
representations when adapting visual backbones under severe noise.

Applying PEFT for Model Adaptation Table[I0] presents the test accuracy obtained by applying
PEFT to adapt the pre-trained CLIP model. There are three noteworthy observations in comparison
to the results in Table 2] Firstly, previous label-noise learning methods consistently demonstrate
their efficacy in handling noisy datasets compared to the vanilla methods (CE), showcasing a clear
improvement in performance across various datasets and noise settings. Secondly, despite the bad
performance of GMM on fine-grained datasets in Table[2] it achieves the best performance among
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Algorithm 1: The Proposed DEFT Framework

1 Input: training dataset D = {(z;, y;)¥, }, PEFT parameters w, pre-trained parameters 6,
warm-up epoch 7y, PEFT epoch T} and FFT epoch T5.

// Phasel: Learning Noisy Label Detector with PEFT

fort=1,2,..., Ty do
| Warm-up the pre-trained model on noisy dataset D = {(x;, y;)/, }

end

fort =Ty +1,...,71 do

Construct the clean subset D**" by Eq. (4) and Eq.

Compute the total loss £ = Lgy, + Lsim by Eq. (7) and Eq.

Update current model parameters w; = SGD (D £ w; 1)

o e N A N R W N

end

/ Phase2: Adapting Model on Clean Data with FFT
10 fort=1,2,....,T> do

11 Compute the CE loss /. for samples in the clean subset D¢lean
12 Update current model parameters ; = SGD(D* /... 6; 1)
13 end

~

‘ViT—B/16 ResNet-50  ConvNeXt-T MAE-ViT-B

Optimizer SGD AdamW AdamW AdamW
Learning Rate | 1x107%  1x107? 1x1074 1x107*
Weight Decay | 1x107°  1x107° 1x10™* 1x1073

Table 11: Configurations of different pre-trained models.

baselines when utilizing PEFT to adapt the pre-trained model, possibly due to the more stable
training process with fewer learnable parameters. Lastly, DEFT continues to outperform all compared
methods in almost all cases when applying PEFT during the model adaptation phase (DEFT w/
PEFT), and its performance can be further enhanced by replacing PEFT with FFT (DEFT w/ FFT),
confirming the validity of the proposed framework.

A.3 Additional Implementation Details

Pseudo-code for the Proposed Framework DEFT is a two-phase framework consisting of a noisy
label detection phase and a model adaptation phase. The pseudo-code is presented in Algorithm [T}

Implementation of the State-of-the-arts Approaches To verify the effectiveness of DEFT on
real-world datasets, we compare our methods with several sample selection-based state-of-the-art
approaches including RoLT[40], UNICON[19], LongReMix[4], and ProMix[46]. Notably, these
methods utilize CNN-like network backbones in their original implementations. To ensure a fair
comparison, we implement a two-phase evaluation approach: we first run the source code to obtain
the clean subset, then fully fine-tune the pre-trained CLIP model using these selected clean samples.
We opt not to directly replace the model backbone because these methods incorporate various training
techniques such as co-training, mixup, and contrastive learning. Removing the influence of these
techniques is crucial to ensure a valid comparison.

Hyperparameter Settings for PEFT Modules In the noisy label detection phase, we employ VPT
[18] to adapt the visual encoder by default. In all experiments, we consistently set the length of the
visual prompt to 20. For LoRA and AdaptFormer, we establish the bottleneck dimension as 8.

Configurations of Pre-trained Models In the model adaptation phase, we apply FFT to a range of
models that are pre-trained on ImageNet-1K. For a fair comparison, we follow the optimizer settings
outlined in [1]] and initialize each model with the corresponding pre-trained weights obtained from
HuggingFace|'| The specific configurations are described in Table

"https://huggingface.co/
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A.4 Limitations and Broader Impacts

Limitations Despite DEFT’s superior performance compared to the existing methods, it exhibits
certain limitations and there are several unexplored research avenues. For example, the current
algorithm only deals with noisy image-label pairs in single-label multi-class classification tasks. A
promising avenue for future research would be to generalize DEFT to handle noisy image-text pairs
or multi-label classification settings.

Broader Impacts This study falls within the domain of weakly supervised learning, a learning
paradigm that aims to achieve superior performance while reducing labeling costs. Consequently, as
this technique gains efficacy and wider adoption, the necessity for extensive data annotation may get
diminished, potentially contributing to a rise in unemployment among data annotation professionals.

https://doi.org/10.52202/079017-1854 58171



NeurlIPS Paper Checklist

1.

Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
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