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Abstract

Pre-trained Vision-Language Models (VLMs) have been widely adopted across vari-
ous applications through few-shot prompt tuning. However, their potential to effectively
address label noise, a common challenge in real-world data, remains largely unexplored.
While recent prompt tuning methods exhibit robustness under low to moderate noise,
they struggle in handling higher noise ratios or more complex noise patterns. To bridge
this gap, we introduce “DP-SEP”, a novel framework designed to enhance the adapta-
tion of VLMs under challenging label noise. DP-SEP consists of two key components:
(1) Dual Polarity (DP) Prompts, which dynamically adjust text-image alignments by
bringing the correct description closer, while pushing away incorrect ones. DP includes
a novel class reordering function to generate negative prompts and a Polarity Alignment
Reweighting (PAR) factor to effectively balance the dual prompts. (2) Stochastic En-
tropy Perturbation (SEP), which injects controlled randomness to reduce the VLM’s
overconfidence in noisy labels. Extensive experiments on 7 synthetic datasets and two
real-world noisy benchmarks demonstrate that DP-SEP significantly outperforms exist-
ing methods. In particular, we achieve an impressive average gain of 11.17% and 16.98%
under 65% and 80% sym. noise. Significant improvements of DP-SEP establishes as a
new direction for handling label noise in adopting VLMs.

1 Introduction

Rapid advancement of large-scale model architectures [24, 45] and web-scale data [12, 33]
has led to the development of powerful general-purpose models [29, 31] capable of excelling
across diverse downstream tasks. In particular, large-scale Vision-Language Models (VLMs)
such as CLIP (Contrastive Language-Image Pretraining) [28] and its variants [5, 35, 36, 37]
leverage contrastive learning to align vision and language modalities within a shared em-
bedding space, enabling a richer semantic understanding. These models have demonstrated
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exceptional performance in image classification tasks, achieving strong zero-shot general-
ization [21, 27, 50]. However, effectively adapting CLIP to specific downstream tasks re-
mains a significant challenge [1]. Prompt Learning (or Prompt Tuning) [18, 43] is an
efficient alternative to fine-tuning models like CLIP. Instead of relying on manually crafted
text prompts, prompt tuning optimizes a set of few learnable differentiable context vectors
to better adapt models to specific tasks, using task-specific objectives such as cross-entropy
for classification [49]. Prompt tuning helps to refine the understanding of models preserv-
ing its generalization capabilities [14], thus enabling effective task adaptation without the
computational cost of full model fine-tuning.

Optimizing prompts, especially in VLMs such as CLIP, without overfitting to task-
specific data remains an open challenge [20]. Several methods like CoCoOp [48], MaPLe
[10] and PromptSRC [11], are proposed to enhance prompt optimization and improve adapt-
ability. However, a critical and yet less-explored challenge in prompt tuning is its susceptibil-
ity to label noise in downstream datasets, which can significantly degrade performance and
hinder adaptation. PTNL [41] show that prompt tuning can exhibit extraordinary robustness
to noisy labels, largely due to the constraints imposed by language priors on visual represen-
tations and the inherent properties of the prompt mechanism itself. Despite its contributions,
PTNL primarily focuses on stabilizing prompt tuning, leaving key challenges unaddressed.
This includes handling more complex label errors, mitigating the model’s overconfidence in
incorrect labels, and improving robustness under extreme noise conditions. Recently, DeFT
[40] used static detectors along with positive and negative prompts in a two stage process of
first detecting wrong labels and then learning with noisy labels.

In this work, we introduce DP-SEP, a novel prompt-tuning framework designed to im-
prove both robustness and adaptability in noisy label scenarios. Our approach is built upon
two key components: (1) Dynamic Dual Polarity (DP) prompts, which introduce opposing
prompt representations to reinforce the learning of correct semantic alignments while miti-
gating the influence of incorrect labels. By introducing DP - positive and uniquely generated
negative prompts - we strengthen the alignment with correct descriptions while simultane-
ously pushing away incorrect ones. DP further includes a novel class reordering function
to create negative prompts and uses Polarity Alignment Reweighting (PAR) Factor to ef-
fectively balance the dual prompts. (2) Stochastic Entropy Perturbation (SEP), which
dynamically regulates model confidence to prevent memorizing and overfitting to wrong
labels during downstream fine-tuning.

Our main contributions are summarized as follows:

1. We introduce a novel Dual Polarity prompting strategy along with prompt balancing
functions, that enhances image-text alignment of VLMs by simultaneously maximiz-
ing similarity with correct descriptions and minimizing similarity with incorrect ones,
leading to robust discrimination in high and complex noise environments.

2. We propose Stochastic Entropy Perturbation loss which mitigates overconfidence in
noisy labels by introducing stochastic perturbations, effectively reducing the model’s
memorization of noisy samples.

3. We perform an extensive validation of our method on seven synthetic benchmarks
with symmetric and instance-dependent noise and two real-world noise benchmarks,
covering a wide range of noise distributions, demonstrating the superior noise-robustness
of our prompt-tuning method.
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2 Related Works

Recent advances in VLMs, exemplified by CLIP [28], ALIGN [8], CoCa [44] and DeepSeek-
VL[19] — pre-trained on massive web-scale datasets [2, 33] of image-text pairs — en-
able learning of a broad range of concepts and relationships, and consequently, demonstrate
strong zero-shot performance. However, significant efforts have been dedicated to effectively
fine-tune these large models [16, 32, 39] for improved performance on specific downstream
tasks. Prompt learning, particularly for models like CLIP, offers an efficient alternative.

Prompt Tuning for VLMs: CLIP [28] mainly use manually constructed text templates
(like “a photo of a {class}”), but subsequent study [49] shows slight changes in prompts sig-
nificantly affect downstream performances. CoOp [49] proposed automatically optimizing
learnable vectors thereby replacing manually engineered templates and significantly improv-
ing the model’s adaptation efficiency to downstream categories. CoCoOp [48] introduced a
lightweight network to extract key information from image features and integrate it into the
prompt. MaPLe [10] explored the simultaneous maintenance of hierarchical prompt struc-
tures in both language and vision branches. KAPT [9] proposed integrating external knowl-
edge descriptions in prompt learning. ProMetaR [25] optimized prompts through meta-
regularization strategy, emphasizing the simultaneous constraints at different levels. Prompt-
SRC [11] optimized prompts for tasks-specific and task-agnostic representations. DePT [47]
decoupled base specific knowledge from feature channels during prompt tuning.

Noisy Labels in Prompt Tuning: Prompt tuning for VLMs has shown excellent adapt-
ability and inherent robustness to label noise. However, optimizing prompts in the presence
of label noise, is less explored. PTNL [41] explored why prompt tuning tolerates mild to
moderate label noise compared to fine-tuning or linear probing, however, does not address
high-noise ratios or complex noise patterns. JOAPR [7] introduced joint adaptive thresholds
and label correction mechanisms to enhance prompts under label noise. DeFT [40] em-
ployed positive and negative prompts as static detectors and adopted a two stage method of
first detecting and then learning to train with noisy labels. In this work, we introduce DP-
SEP, explicitly designed for high-noise, complex and diverse annotation error scenarios. In
contrast to other methods, we introduce novel dual polarity prompts construction and prompt
balancing functions, along with stochastic perturbation, and propose an end-to-end learnable
prompt tuning framework directly optimizing on noisy labels to mitigate its impact and to
significantly improve downstream classification performances.

3 Our Method

The proposed DP-SEP method is a prompt-tuning framework that efficiently adapts large
pre-trained vision-language models, such as CLIP, to downstream tasks with noisy labels.
DP-SEP (see Figure 1) features two novel components. First, to enhance the discrimina-
tive capabilities of text prompts, we introduce Dual Polarity prompts: positive and negative
prompts. Positive prompts are constructed following general CoOp [49], whereas Negative
prompts are constructed by systematically reordering the class labels ensuring positional dis-
parity. Second, to address label noise in downstream tasks, we propose a new loss function
combining Stochastic Entropy Perturabation, derived from image-positive similarities,
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Figure 1: Overview of DP-SEP: Dual polarity prompts learn contrasting information and use various
balancing functions to better focus the model adaptability in noisy label environments. Stochastic
perturbations mitigate the memorization of label noise, commonly found in losses such as CE loss.

and Polarity Alignment Reweighting Factor leveraging both positive and negative similar-
ities. The combined loss enables robust, noise-resistant prompt-tuning representations.

3.1 Dual Polarity Prompts

The core idea of DP prompts is that, in the presence of label noise, the similarity between
an image and its correct class description will be significantly higher than that between the
image and a noisy description within the learning space. We define two polar prompts,
positive and negative, each learning the context vectors in a distinct manner. Both prompts
are designed as unified context vectors [49], where the same context vector ctx is shared with
all classes. We define positive prompt as a learnable context vector (czxP°®), following CoOp
[49], of size N and concatenate it with each class, ¢;, fori =1,2,...,C. We define our unique
negative prompt by learning a separate context vector (ctx"®) of size M, which, instead of
concatenating with the same class, ¢;, introduces a class reordering function 7(i) to ensure
no class position is maintained as in the positive prompt. Thus, dual prompts yield:

PP = [ @cp, P = o™ @y M
where @ represents sequential concatenation and 7 (i) # i for all i. For simplicity, we con-
sider equal sized context vectors ctxP° and ctx"€, i.e., M = N. Given an image X, we extract
visual features v = V(x) from the vision encoder, V. We obtain text features zP°* and z"°¢
from the text encoder, T, for the positive prompts, PP, and negative prompts, P"°¢, respec-
tively. DP prompts are designed to increase the similarity between the image and its correct
textual features, while decreasing the similarity between the image and noisy features. The
key benefits of DP prompts are:
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* Enhancement of contrast signal: Simultaneous existence of positive and negative
prompts provides two opposing text embedding (zP** vs. z"°¢) for an image x, cre-
ating effective contrast learning structure to pull the positive prompts closer and the
negative prompts farther away.

* Noise resistance: Even when the label y; is incorrect, randomly assigned negative
prompts still tend to help to learn clear decision boundaries, reducing the dependence
on individual labels.

* Richness: The dynamic DP extends beyond single images, single class scenarios, by
randomly associating an incorrect class with each class. This ensures that the model
is constantly exposed to contrast examples of “incorrect descriptions”, reinforcing its
ability to distinguish between incorrect semantic associations.

3.1.1 Polarity Alignment Reweighting Factor

To effectively balance the DP prompts in the feature space, we introduce Polarity Alignment
Reweighting (PAR) factor. We define three alignment objectives, each focusing on the dis-
tance or distributional relationship between the image-positive prompt and image-negative
prompt in the feature space. These objectives enforce specific alignment constraints by either
narrowing or widening the similarity between different feature.

(1) Positive Alignment (AP°) focuses on aligning image features v and positive prompt
features zP?°, ensuring that the model effectively captures the shared semantics between the
image and its correct category or accurate textual description. We define AP as:

N S pos
AP = ) max (0, 1P — s (. 1)), 2)

n=1

P (x,, ¢y) = softmax (v, - z4”), uP: threshold ensuring if sP%(x,,c,) falls below P,
the model is encouraged to increase similarity between image and correct class embeddings.
(2) Negative Alignment (A™°®) focuses on ensuring the image features remain distinct from
negative prompt features, preventing the model from mistakenly aligning images with incor-
rect class descriptions. A" provides a distinction between correct and incorrect pairs and
measures the gap between positive and negative features. We define the A" as:

1 Y ,
ATE = N Y max (0, 5" (xs, cr(n)) — P (X, ) + "), 3)
n=1

"8 (X, C(n)) = softmax (o, -z °), 1"€: threshold (set 0.5 empirically) ensuring sufficient
gap between positive and negative similarities forcing model to push negative descriptions
further away.

(3) Modality Coupling (MC) introduces an additional coupling constraint between image
and text features (both positive and negative prompts), ensuring that the model considers the
overall structural differences between the prompts. We define the MC as:

N
Me = 7 X max(0.87 5, 0) — (5 ) @

MC ensures positive prompt consistently maintains higher similarity than negative prompt.
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3.2 Stochastic Entropy Perturbation

When fine-tuning models like CLIP, shared embedding space of image and text features is
adapted to minimize task-specific loss, such as cross-entropy (CE). The predicted probability,
p, of alabel, y, is derived from the similarity between image features, v and text features,
z. This essentially shifts the learning objective from original contrastive learning of CLIP
to a more discriminative one. One of the prominent problems of learning with noisy labels
is the tendency of models to almost perfectly memorize all samples (including those with
wrong labels) resulting in poor generalization [46]. To tackle this problem, we introduce a
stochastic entropy perturbation term: —% nyzl (pn + On)ly, designed to prevent the model
from being too confident about certain class predictions. N is the number of data samples,
I, = log(p,) and 8, ~ N(0,0?) is the actual stochastic perturbation introducing controlled
noise to the entropy term during each forward pass, discouraging the model from converging
to an overly sharp loss distribution. Finally, our proposed SEP Loss over the similarity
between image-positive prompts is defined as follows:

1

N
»CSEP:_AN (Pn+5)l - 1_ Zyn ns (5)

M=

f%):ﬁv:l Yuln: Standard CE that supervises labeled samples, A controls the influence of
SEP on the overall loss. By introducing stochastic entropy intervention, we penalize overly
concentrated prediction distributions, preventing the model from treating noisy labels as real
learning signals. By maintaining higher entropy for potentially mislabeled samples, we
reduce the gap between the empirical and target risks. This encourages the model to be less
confident on suspected noise and can result in a better approximation to the true distribution.

3.3 Overall Training

The overall DP-SEP loss, Lpp_sep, is formulated as:
Lpp_sep = Lsep+AP” + aA™ + BMc, (6)

where o is the weight of A™¢, dynamically adjusted during training epochs e = {1,2,...,E}
so that: & = Qin + (1 — Omin) (¢/E). B is the weight of objective Mc.

4 Experiments

We perform extensive experiments across 7 synthetic benchmarks, ImageNet [30], Cal-
tech101 [6], Oxford-IIIT Pets [26], Flowers102 [23], Food101 [3], DTD [4], UCF101 [34],
alongside 2 large real-world benchmarks, WebVision [17] and Food101N [15]. We com-
pare the performance of DP-SEP with PTNL [41], our baseline method. Comprehensive
experimental settings are detailed in Supplement Section A.

4.1 Performance Comparison

Performance under Synthetic Noise: We present the performance comparisons under
synthetic noise in Table 1. As a general tendency, models show a decline in performance as
noise ratio increases. DP-SEP outperforms PTNL across a wide range of symmetric (sym.)
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Symmetric Instance

Dataset Method | 1) 50, 250, 50%  65%  S0% | 20%  40%  60%  80%
imaseNet  PTNL | 6552 6474 6233 59.14 5518 | 6483 6283 60.09 5373
mageie DP-SEP | 65.63 6538 64.59 6393 63.02 | 6530 6458 6399 6295
Caltechio]  PTNL | 9429 9284 9122 90.13 8329 | 9299 9142 8895 8263
altec DP-SEP | 9490 9457 9439 93.10 9276 | 94.62 9459 94.15 92.54
Oxfordpers PTNL | 83.60  81.86 7470 5693 50.43 | 8160 7920 7005 29.27
S DP-SEP | 8638 8513 85.08 84.94 8354 | 8615 8534 84.04 82.46
Flowersioy  PTNL | 8575 7654 7311 5622 3682 | 8458 7744 60.94 3617
owers DP-SEP | 84.47 8293 7888 7586 7020 | 81.90 8130 7696 69.73
Food101 PINL | 77.88 7749 7415 6939 61.83 | 7736 7567 7258 61.73
00 DP-SEP | 7846 7843 7801 7775 77.28 | 7834 7812 7797 77.52
DTD PINL | 6148 5770 5061 4346 3580 | 57.78 5327 44.15 30.15
DP-SEP | 5927 5654 52773 4952 43.14 | 58.87 5580 5072 41.90

UCFI01 PINL | 7311 7029 64.63 5975 5231 | 71.58 66.66 60.78 49.58
DP-SEP | 72.97 7225 70.61 6812 6457 | 7318 7181 6953 65.82

Table 1: Performance Comparison under Synthetic Noise.

and instance-dependent (inst.) noise settings, achieving higher accuracy at most configura-
tions. Notably, DP-SEP demonstrates significant improvements over PTNL in high-noise (in
particular, achieves 33.11% accuracy gain under 80% sym. noise of OxfordPets and +16.24%
under 80% inst. of UCF101), reaching an impressive average gain of 11.17% and 16.98%
under 65% and 80% sym. noise, respectively. In lower noise (12.5% and 25%), perfor-
mance gap between the two methods narrows, yet DP-SEP consistently outperforms PTNL
across noise conditions, highlighting the robustness and stability of it. DP-SEP consistently
maintains a significant advantage, particularly in challenging environments, demonstrating
its effectiveness in mitigating the impact of incorrect annotations on complex visual features.

Performance under Real Noise: Performance on real noise benchmarks is shown in Ta-
ble 2. Following standard practices in noisy label literature, we evaluate our models on the
test sets of WebVision and ILSVRC12 [13] and report Top-1 and Top-5 accuracy. We use the
test set of Food101 [3] for Food10IN and report Top-1 accuracy. Consistent with synthetic
noise, DP-SEP achieves superior Top-1 accuracy across all test settings. Notably, our method
achieves 75.88% Top-1 accuracy on WebVision (2.03% improvement) and a 2.9% gain on
Food101N. Given real-world noise distributions are often more complex and irregular than
synthetic ones, these results provide a strong evidence of the effectiveness of DP-SEP.

4.2 Analysis
4.2.1 Robustness and Generalization.

We evaluate cross-dataset generalization performance of DP-SEP and PTNL in Table 3
by training on ImageNet under various noise settings and validating on other datasets. DP-
SEP consistently shows greater stability and adaptability, especially in high-noise settings.
Notably, on UCF101, PTNL shows slight advantage in low-noise settings, however, the dif-
ference is minimal. This could be attributed to the unique nature of UCF101 as an action
recognition dataset, which may respond differently compared to other classification datasets.
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WebVision ILSVRCI12
Method ‘ Top-1  Top-5 ‘ Top-1  Top-5 ‘ Foodl101IN
PTNL 73.55 9595 | 73.29  96.32 61.61
DP-SEP | 75.58 96.17 | 75.23 96.24 64.51

Table 2: Performance Comparison under Real Noise.

o Symmetric Instance
Dataset Method | 1) 5o 950, s0%  65%  80% | 20%  40%  60%  80%
Oxfordpets PINL | 7978 7939 79.10 77.92 7473 | 7937 (7701 7822 71.93
XIordEelS  Dp_SEP | 80.24 8029 79.75 7991 81.06 | 79.64 7648 80.40 81.25
Foodio]  PTNL | 7480 7382 71.82 7052 6875 | 7345 7416 7190 6680
00 DP-SEP | 7545 75.07 7518 7571 76.71 | 7420 7444 7613 76.59
DTD PTNL | 34.84 3101 34.15 3207 29.79 | 34.57 3543 3479 3027
DP-SEP | 3649 3670 3830 3691 40.11 | 38.56 36.86 3628 39.95
Ucklop  PTNL | 5895 5852 'S831 5437 5091 [ 6053 57.94 5517 52.26
DP-SEP | 57.63 58.68 57.78 59.93 60.19 | 5847 57.57 59.82 60.06

Table 3: Cross-Dataset Generalization - Training on ImageNet and Testing on different datasets.

4.8

45
46
4 44
42
1] 35 172}
3 3.8
2.5 Fupus Mr‘f' 3.6
2 ~PTNL 34« pTNL
- DP-SEP 3.2 = DP-SEP
15
0 5 10 15 20 25 30 35 40 45 50 0 5 10 15 20 25 30 35 40 45 50
Epoch Epoch
(a) OxfordPets (b) UCF101

Figure 2: Loss Dynamics of PTNL and DP-SEP using OxfordPets and UCF101 (Sym. 80% noise).

We further validate DP-SEP on different context lengths, severe noise settings, varying
few-shots and different backbones (Detailed validation results in Supplement Section B).
DP-SEP demonstrates robust adaptability and resilience across experiments and prove highly
effective even under extreme noise and low-shot settings.

4.2.2 Model Behaviour

Loss Dynamics: We depict training loss of PTNL (blue) and DP-SEP (red) on Sym. 80%
noise of OxfordPets and UCF101 in Figure 2. PTNL exhibits extreme fluctuations, especially
in later stages of training, likely due to strong repetition of confidence in incorrect labels. In
contrast, DP-SEP maintains a much steadier loss, indicating robustness in high-noise envi-
ronments. DP prompts semantically strengthen the perception of difference between correct
and incorrect descriptions, reducing oscillations caused by noisy labels. Additionally, SEP
prevents overconfidence in unreliable labels, further promoting more robust convergence.
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(a) OxfordPets-PTNL  (b) OxfordPets-DP-SEP (c) UCF101-PTNL (d) UCF101-DE-SEP
Figure 3: Visualizing confusions of PTNL and DP-SEP on Inst. 60% noise.
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Figure 4: Feature visualization of PTNL and DP-SEP using UMAP (Inst. 60% noise).
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Visualizing Confusions: We visualize confusion matrices of PTNL and DP-SEP on Inst.
60% noise of OxfordPets and UCF101 in Figure 3 (More visualizations in Supplement Sec-
tion C). PTNL exhibits darker off-diagonal blocks, indicating higher misclassification rate
and weaker class discrimination. In contrast, DP-SEP shows a more concentrated diagonal,
signifying stronger accuracy and stability. Higher color intensity along the diagonal further
confirms that DP-SEP consistently makes correct predictions across most categories, effec-
tively mitigating the impact of label noise.

Feature Visualizations: We present UMAP [22] visualizations (only text encoders as im-
age encoders are frozen) on Inst. 60% noise of OxfordPets and UCF101 in Figure 4 (and
Supplement Section D). DP-SEP exhibits a well-separated and dispersed distribution, indi-
cating a more distinct and structured feature space. In contrast, PTNL shows overlapping
and entangled features, suggesting weaker class separability. These visualizations highlight
the ability of DP-SEP to learn more discriminative representations, even under high-noise
conditions.

4.2.3 Ablation Study

We analyze the contribution of each component of DP-SEP in Table 4. The most significant
improvement comes from DP prompts (PAR Factor used directly with CE loss), particularly
in high-noise, which leads to a 20% and 30% increase in accuracy under 65% and 80%
noise, respectively. DP prompts effectively mitigate the confusion caused by incorrect labels.
When SEP (with perturbation) is applied, the model shows +2-3% over PTNL under 50%,
65% and 80% noise, indicating its effectiveness in suppressing overconfidence in unreliable
labels. When both components are combined, performance is further enhanced across all
noise ratios, reflecting the synergistic effect of DP and SEP. DP prompts reduce the semantic
impact of noisy labels, while SEP prevent overly trusting erroneous labels. This combination
counteracts the bias caused by incorrect labels from multiple aspects. Ablations on PAR
Objectives and Hyperparameter Sensitivity can be found in Supplement Section E.
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Method ‘ 12.5% 25%  50%  65% 80%
PTNL (Baseline) 83.60 81.86 74770 64.81 50.43
DP 8572 8433 8397 84.06 8291
SEP w/o perturbation | 83.32 81.20 7446 6659 51.92
SEP 8436 8193 76.81 68.06 53.26
DP-SEP 86.38 85.13 85.08 84.94 83.54

Table 4: Ablation Study using OxfordPets on Sym. noise settings.

4.2.4 Limitations

DP-SEP exhibits certain limitations: (1) Despite significant improvements, DP-SEP could
further benefit from integrating noise correction strategies to enhance noise mitigation. (2)
Negative prompts though effective, currently operates at a global level. Investigating context-
aware, adaptive strategies could unlock new capabilities.

5 Conclusions

As VLMs are increasingly becoming central to several applications, their sensitivity to la-
bel noise poses a significant barrier. In this regard, we focus on addressing the degradation
of VLMs under high and complex noise conditions. We propose DP-SEP, a framework
revolving around two core components: (1) Dual Polarity Prompt constructs the discrimina-
tive relationship between correct description and wrong description in the semantic space,
limiting the model’s over-reliance on labels (possibly wrong); (2) Stochastic Entropy Pertur-
bation uses randomness to break the network’s possibility of absolute confidence in incor-
rect samples. We conduct extensive experiments on multiple synthetic and real-world noise
environments, and the results show that DP-SEP maintains robust discrimination capabili-
ties under different noise configurations, far exceeding existing baselines. Based on these
systematic experiments and in-depth analysis, we believe that DP-SEP not only expands
the applicability of prompt tuning in noisy scenarios, but also brings new breakthroughs to
VLMs in high-noise and complex environments. Developing prompting schedules based on
input semantics and model behaviour and gaining deeper understanding of the optimization
landscape are potential future directions.
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