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Abstract. Prompt learning has gained significant attention as a parameter-
efficient approach for adapting large pre-trained vision-language models
to downstream tasks. However, when only partial labels are available, its
performance is often limited by label ambiguity and insufficient supervi-
sory information. To address this issue, we propose Holistic Optimal La-
bel Selection (HopS), leveraging the generalization ability of pre-trained
feature encoders through two complementary strategies. First, we design
a local density-based filter that selects the top frequent labels from the
nearest neighbors’ candidate sets and uses the softmax scores to identify
the most plausible label, capturing structural regularities in the feature
space. Second, we introduce a global selection objective based on optimal
transport that maps the uniform sampling distribution to the candidate
label distributions across a batch. By minimizing the expected trans-
port cost, it can determine the most likely label assignments. These two
strategies work together to provide robust label selection from both lo-
cal and global perspectives. Extensive experiments on eight benchmark
datasets show that HopS consistently improves performance under par-
tial supervision and outperforms all baselines. Those results highlight
the merit of holistic label selection and offer a practical solution for
prompt learning in weakly supervised settings. The code is available at
https://github.com/Qizhoay/HopS.
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1 Introduction

Large pre-trained vision-language models (VLMs), such as CLIP [29], have demon-
strated remarkable capabilities across a wide range of downstream tasks [9, 21,
30, 32]. Among various fine-tuning paradigms [20], prompt tuning has emerged
as an efficient alternative to full model fine-tuning, offering the advantage of
adapting large models with minimal additional parameters [54]. By optimizing
a small set of learnable prompts while keeping the backbone frozen, prompt
learning preserves the generalization strength of the pre-trained model and re-
duces training costs—making it particularly attractive in resource-constrained
or few-shot learning scenarios [51].
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The effectiveness of prompt learning can be significantly compromised in
weakly supervised settings [52], particularly those involving partial labels [22],
where only a subset of candidate labels is provided per instance without explicit
ground-truth annotations. This setting is common in real-world applications such
as webly supervised learning [28], human-in-the-loop labeling [42], and open-
world recognition [41]. The main challenge in such scenarios lies in the label
ambiguity, which hampers supervision and often degenerate the generalization
performance of learning algorithms, especially for prompt learning with few-shot
instances [55].

To address the challenges of partial label learning (PLL), state-of-the-art
methods typically select a plausible label from the candidate set using repre-
sentations learned through contrastive learning (e.g., PICO [36]). However, such
approaches are not directly applicable to pre-trained models, as fine-tuning their
vision encoders may compromise their zero-shot capabilities [17]. This presents
a fundamental challenge in filling the gap between reliable label selection with
frozen vision encoders and effective prompt learning with label disambiguation.

To overcome this limitation, we propose a holistic label selection strategy
that fully leverages the representational generalization of pre-trained encoders
for robust prompt learning. Specifically, HopS includes two complementary se-
lection mechanisms. The first is a Local Density-based Filter (LDF), which
estimates label frequency within a k-nearest neighbor (k-NN) structure in the
image feature space and selects the most frequent labels in the neighborhood
for a subset, capturing local semantic regularities in a non-parametric manner.
LDF effectively exploits the zero-shot capabilities of the encoder and avoids
overfitting to noisy labels during the early training stages. Among the subset,
the most plausible label is then identified based on the softmax scores. The
second is a Global Optimal Transport Planner (GOP). It maps a uniform
global prior—representing the overall underlying distribution—to the candidate
label distributions across a mini-batch. By minimizing the expected transport
cost, GOP encourages globally optimal label assignments. The resulting trans-
port plan explicitly characterizes how each instance contributes to the class-wise
probability mass in the label distribution, thereby providing a principled and
interpretable foundation for identifying and selecting the most relevant label.

By integrating both local and global perspectives, our framework enables
more accurate and stable label selection, mitigating the impact of label ambi-
guity. We evaluate our method across a variety of vision-language benchmarks
under partial supervision and demonstrate consistent improvements over strong
baselines. Our key contributions are as follows:

– We provide a comprehensive investigation into leveraging the representa-
tional generalization of pre-trained VLMs for prompt learning in the partial
supervision setting.

– We propose a novel holistic label selection framework that combines a local
density-based filter with a global optimal transport planner.

– We empirically validate the effectiveness of our approach, achieving state-of-
the-art performance on multiple benchmarks.
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2 Related Work

2.1 Partial Label Learning

PLL [2, 4, 15, 50] assumes that each training instance is associated with a can-
didate label set, within which only one label is correct but not explicitly spec-
ified. To address the ambiguity introduced by these noisy candidates, subse-
quent research has proposed various strategies, including consistency regulariza-
tion [8,23,44] and contrastive learning [36]. These methods aim to leverage partial
supervision to learn more discriminative representations and improve generaliza-
tion. Expanding on this direction, [14] introduced a dissimilarity propagation-
guided label shrinkage method to refine candidate label sets by eliminating ir-
relevant labels, thereby enhancing supervision quality. Meanwhile, works such
as [48, 49] have begun to explore the more challenging instance-dependent PLL
setting, where candidate label sets are generated based on the characteristics
of each instance. More recently, [46] and [34] have continued to leverage can-
didate labels to learn robust representations. Additionally, [22] highlighted the
critical role of feature representations and label denoising in effective PLL. A
related work, SoLar [37], addresses partial label learning under class imbalance
by employing OT to align the estimated long-tailed class prior with a uniform
distribution. In contrast, our method leverages OT to align the overall underly-
ing label distribution with the candidate label distributions. Furthermore, unlike
conventional PLL approaches, our work explores prompt learning for pre-trained
VLMs, which leverage powerful vision encoders with strong zero-shot capabili-
ties, rather than training encoders from scratch.

2.2 Prompt Learning

Prompt learning has emerged as a parameter-efficient paradigm for adapting
large-scale pre-trained models to downstream tasks [10]. Rather than fine-tuning
the entire model, it introduces auxiliary input prompts—either manually crafted
templates or learnable continuous embeddings—to guide model predictions. In
the vision-language domain, CoOp [54] first demonstrated that learnable con-
text vectors could serve as effective prompts for adapting CLIP-like models,
highlighting their strong transferability. Since then, several studies have en-
hanced the robustness of prompt learning through strategies such as aligning
sample representations in multimodal contexts [1, 35, 45], employing mixture-
of-expert prompts [38], and utilizing unsupervised prompt distillation [16, 19].
In addition, prompt learning has achieved significant improvements on various
downstream tasks, including text-to-image generation [33] and open-vocabulary
semantic segmentation [18]. While these advances have shown promise in fully
supervised settings, their effectiveness under partial supervision remains unex-
plored. To address this gap, we extend robust prompt tuning [11, 26, 43] to the
PLL scenario, aiming to bridge weak supervision with prompt-based adaptation
in pre-trained VLMs.
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3 Preliminary

3.1 Candidate Label Sets in PLL

We define the training dataset as D = {(xi, Si)}ni=1, where xi ∈ X is an input
instance and Si ⊆ {1, 2, . . . , C} is the candidate label set for a C-category clas-
sification task. Here, all elements {si1, . . . , sil . . . , siL} in Si contain one ground-
truth label and the rest L − 1 elements are the confused labels, involving false
positive labels for the current instance. Different levels of label confusion is cor-
responding to the number of confused labels in each candidate set.

3.2 Prompt Optimization with The Candidate Set

Prompt optimization (PO) in CLIP replaces manual prompt engineering by
learning continuous context vectors in an end-to-end manner, while keeping
the pre-trained model parameters frozen to fully leverage the knowledge en-
coded within them. Let V , T and t denote the vision encoder, text encoder, and
learnable prompt parameters, respectively. p(sij | xi; t) denotes the predicted
probability of the j-th label within the candidate set Si, computed via the cosine
similarity between the visual and textual embeddings. These embeddings are
derived from the visual encoder V, and the text encoder T with the input of the
prompt vector t and the class name embedding vj . For PO under partial-label
supervision, the standard cross-entropy loss is computed over the candidate label
set Si as follows:

LCE(xi, Si; t) =

C∑
j=1

−si,j log (p(sij | xi; t))

s.t.
∑
j∈Si

si,j = 1, and si,j = 0 for j /∈ Si.

(1)

The prediction probability of the input xi is given by:

p(sij | xi; t) =
exp (cos (V (xi), T (t,vj)))∑C
q=1 exp (cos (V (xi), T (t,vq)))

. (2)

Despite the expressive power of PO, the inherent label ambiguity within
each candidate set Si creates a fundamental gap between partial label learning
and fully supervised learning. This introduces two core challenges: (1) effectively
disambiguating the candidate labels, and (2) accurately identifying the ground-
truth label for each instance.

4 Methodology

To identify the ground-truth label and guide the model in learning effective
prompt vectors, we propose a holistic optimal label selection strategy for prompt
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learning in VLMs. HopS integrates both local and global perspectives through
two elaborated components: a local density-based filter, which selects the “local-
consensus” candidate, and a global optimal transport planner, which identifies
the “global-harmony” candidate. These components work in concert to robust
and complementary label guidance for effective prompt optimization under par-
tial supervision.

4.1 Local Density-Based Filter

The local density of an instance in the image feature space reflects the intrinsic
semantic regularities associated with its candidate labels. To leverage this den-
sity information for label selection, we identify the k-nearest neighbors of each
instance (xi, Si) in the image feature space, denoted as {(xj , Ŝj)}kj=1. Specifi-
cally, we build an affinity matrix A by computing the cosine similarity between
image features of all instances, where the features are extracted using the frozen
vision encoder of CLIP. Based on A, we retrieve the top-k most similar examples
for each instance, thereby capturing local semantic structure. Once the k-nearest
neighbors are selected, we then construct a multiset-union candidate set for each
instance as:

Ni =

 k⊎
j=1

Ŝj

⊎
Si, (3)

where ⊎ denotes multiset union, preserving label multiplicities. It is worth noting
that, since the affinity matrix is pre-computed prior to training, the retrieval step
for each instance reduces to a neighbor search with time complexity O(n · log k).
Given the small number n of training samples in prompt learning, the retrieval
cost is negligible.

Next, we compute the frequency of each category c in Ni. Let f(c) denote
the relative frequency of element c in the multiset Ni, defined as:

f(c) =
|{l | sjl = c}|
|Ni|

, (4)

where |{l | sjl = c}| counts the number of times element c appears in Ni, and
|Ni| is the total number of elements in the multiset, including duplicates.

To enforce label consistency and suppress unreliable candidates, we retain
categories whose frequency exceeds a predefined threshold τ ∈ [0, 1], thereby
forming a consensus-aware mask set for each instance as:

Mi = {c ∈ Ni | f(c) ≥ τ}. (5)

The refined candidate set is then obtained by intersecting the mask setMi with
the original candidate set Si, i.e., Mi ∩ Si, ensuring that only labels supported
by both the instance and its neighbors are retained. To prevent degenerate cases
where all candidate labels are eliminated, we revert to the original candidate set
Si if the refined set becomes empty.
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Fig. 1: Illustration of the transport cost matrix and the resulting transport plan be-
tween the uniform source instance distribution (Source) and the target candi-
date label distribution (Target).

Finally, the most plausible candidate label ylocal is selected as the one with
the highest prediction probability in the refined candidate set, as determined by
Eq. (2).

4.2 Global Optimal Transport Planner

To complement the local selection, we introduce a globally consistent label selec-
tion mechanism via optimal transport (OT). This formulation matches instances
with their candidate labels in a way that aligns with both a uniform prior over
instances and the empirical label distribution within the batch, selecting for each
instance the label that receives the highest transport mass. As shown in Fig. 1,
the matrix on the left illustrates the candidate label sets for four instances in a
seven-class classification task, with lighter colors indicating lower transport costs
and, consequently, higher label credibility. The right matrix shows the resulting
optimal transport plan under the given cost constraints. Here, darker colors in-
dicate greater transported mass, reflecting the planner’s preference for allocating
probability mass to more credible classes. The transport process strictly adheres
to the marginal constraints, ensuring the consistency of source and target dis-
tributions before and after transport.
Discrete Transport Formulation. Given a batch of B samples, we define a
uniform source distribution over instences, where r ∈ ∆B is a B-dimensional
probability simplex. A candidate-aware marginal distribution is estimated based
on candidate frequencies, denoting as c ∈ ∆C . The element in r and c are
computed as:

ri =
1

B
, cl =

1

B

B∑
i=1

sil
|Si|

. (6)

The transport cost matrix Mcost ∈ RB×C in OT is constructed from the
similarity between visual and textual representations. This cost formulation en-
courages semantic alignment between image-label pairs, while discouraging as-
signments to non-candidate classes by assigning them infinite cost. Specifically,
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given an instance xi, the cost of assigning it to class j is defined as:

Mcost[i, j] =

{
1− exp(cos(V (xi),T (t,vj)))∑C

q=1 exp(cos(V (xi),T (t,vq)))
, if j ∈ Si

∞, otherwise.
(7)

The optimal transport plan P aims to move probability mass from a uni-
form distribution over instances to a candidate-aware label distribution with
minimal total cost. To ensure differentiability and enable efficient computation,
we incorporate an entropy regularization term H(P) = −

∑B
i=1

∑C
j=1 Pij logPij

following [5]. The resulting optimal transport objective is formulated as:

min
P∈RB×C

+

⟨P,Mcost⟩ − εH(P)

s.t. P1C = r, P⊤1B = c, Pij = 0 if sij = 0.

(8)

Here, ε is a hyper-parameter controlling the strength of the entropy regulariza-
tion, and 1C and 1B denote all-one vectors of length C and B, respectively.
Approximation Scheme. To efficiently solve the entropy-regularized optimal
transport problem described in Eq. (8) and compute the transport plan, we
adopt the well-known Sinkhorn-Knopp algorithm, an efficient iterative method.

Pot = diag(α) · exp
(
−Mcost

ε

)
· diag(β), (9)

The iterative steps are given as follows:

α← r⊘ (Mβ), β ← c⊘ (M⊤α). (10)

where α and β are scaling vectors, ⊘ denotes element-wise division, r and c are
the source and target marginal distributions defined above, and M is the Gibbs
kernel [5] derived from the cost matrix.

After computing the optimal transport plan Pot ∈ RB×C , which encodes the
soft assignment between instances and candidate labels, we select yglobal as the
label with the largest transport mass. Unlike ylocal, this global selection considers
not only the candidate constraint but also the semantic alignment captured by
the transport plan, thereby improving consistency across training instances.

4.3 Learning Objective and Procedure

The Objective Function. After select the two most plausible labels ylocal and
yglobal, we conduct prompt optimization and jointly optimize the cross-entropy
loss. Given an input image x, the overall loss is defined as:

argmin
t
LCE(p(y | x; t), ylocal) + λLCE(p(y | x; t), yglobal), (11)

where λ is the weighting coefficient for the two loss components, the prediction
probability p(y | x; t) for each category is computed by Eq. (2).
Training Procedure. As illustrated in Algorithm 1, the HopS performs both
LDF and GOP selection to iteratively refine predictions under partial supervi-
sion, resulting in a more robust and discriminative prompt. The computational
overhead is negligible (see Tab. 4).
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Algorithm 1 The Holistic Optimal Selection
Input: Training dataset D = {(xi, Si)}ni=1, pre-trained encoders V and T
Parameter: k, τ, ε, λ
Output: The prompt vector t

1: Extract and store all image features Rvis ← V (X).
2: Calculate A between Rvis by cosine similarity.
3: for batch = 1, 2, . . . do
4: // LDF
5: Choose k neighbors to compute Ni corresponding to each instance by Eq. (3).
6: Calculate the frequency f(·) by Eq. (4).
7: Construct the consensus-aware mask set and refined candidate set by Eq. (5).
8: Identify Y local with the highest prediction probability in the refined candidate

set.
9: // GOP

10: Initialize the distribution of r and c by Eq. (6).
11: Calculate the cost matrix Mcost with T (t, vj) and Rvis[instance indexes] by Eq.

(7).
12: for iter = 1, 2, . . . do
13: // Sinkhorn-Knopp Algorithm
14: Approximate transport plan by Eq. (9).
15: end for
16: Gain the Y global with the largest transport mass.
17: Update t with Eq. (11).
18: end for

5 Experiments

We conduct experiments on eight datasets, comparing our approach with eight
representative loss functions, zero-shot learning, and 16-shot fully supervised
prompt tuning using CoOp. All methods are evaluated under varying degrees of
label ambiguity. Our method consistently outperforms all baselines, highlighting
its effectiveness in prompt learning with partial labels. Extensive experiments
and analyses further demonstrate the complementarity of the two label selection
strategies.

5.1 Experimental Settings

Basic settings are outlined. Additional details (e.g., hyperparameters) are in the
Appendix Sec. A.
Dataset. We adopt eight datasets: Caltech [6], DTD [3], EuroSAT [13], FGV-
CAircraft [24], Food [25], Flowers [25], OxfordPets [27], and UCF [31]. These
datasets encompass a wide spectrum of visual recognition tasks, especially for
challenging fine-grained classification.
Confusion Types. We manually corrupt the datasets into partially labeled
versions using two strategies: random-uniform (rand) and instance-dependent
(insd). (1) In the rand setting, confusing labels are randomly selected into the
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candidate set with equal probability for each instance. (2) The insd setting de-
pends on instance-level information. Following [48], we adopt a prototype-based
label confusion strategy, which uses pre-trained image encoders to identify the
top-(L−1) most similar classes—excluding the ground-truth label—as candidate
labels. We employ three visual backbones (i.e., ResNet-18/50 [12] trained on Im-
ageNet and CLIP-ResNet50 [29]) to simulate annotators with varying levels of
domain expertise.
Confusion Levels. The confusion rate, defined as the ratio of the number
of confused labels to L, serves as an indicator of the difficulty in identifying
the ground-truth label within the candidate set. The insd -confusion and rand -
confusion levels of the candidate labels are controlled by the size of the candidate
label set L, selected from {2, 3, 4, 5, 8, 9, 10}, with the corresponding confusion
rates γc being {0.50, 0.67, 0.75, 0.80, 0.88, 0.89, 0.90}.
Prompt Types. The design of prompts can be categorized into two forms,
consistent with CoOp: unified prompt (uni) and classified prompts (cls). The
uni prompt shares a common set of context vectors across all classes, making it
suitable for general classification tasks. In contrast, cls assigns an independent
set of context vectors to each class.
Baselines. We compare HopS with five state-of-the-art partial label learning
losses: CC [8], RC [8], LWC [40], MSE [7], and EXP [7]. Furthermore, we include
three well-known robust learning losses, MAE [39], SCE [39], and GCE [53],
as well as three recent partial label learning methods, Papi [46], CroSel [34],
and SoLar [37], representing recent advances in the field. All hyperparameters
for these methods are carefully tuned following the settings reported in their
original publications. The detailed configurations of all compared methods are
provided in Appendix Tab. 6.
The Learning Framework. To ensure a fair comparison, we adopt the most
influential context optimization method, CoOp, and conduct experiments in both
uni and cls prompts types. All results are reported as the average over three runs
using three different random seeds.

5.2 Comparison Results

Rand-Confusion Type. We evaluate all methods under two prompt settings:
uni -prompt and cls-prompts. As shown in Fig. 2, HopS achieves SOTA per-
formance across datasets under varying levels of label confusion. It is worth
highlighting that, on Caltech, Flowers, and UCF, HopS achieves performance
comparable to fully supervised 16-shot CoOp and significantly outperforms the
zero-shot capability of CLIP across all datasets. Moreover, HopS maintains con-
sistently high performance even under a severe label confusion rate of 0.9. This
highlights the effectiveness of our holistic label selection strategy in reducing la-
bel ambiguity and providing reliable supervision. The detailed numerical results
can be found in Appendix Tabs. 7 and 8.
Insd-Confusion Type. Since partial-label losses perform well under the rand
confusion setting, we further compare HopS against them under instance-dependent
partial labels, which more closely resemble real-world scenarios where label noise
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Fig. 2: HopS achieves the best testing accuracy under uni-prompt (top) and cls-
prompts (bottom) across five rand confusion rates.

Fig. 3: HopS achieves the best averaged testing accuracy across three confusion rates
(left). The guiding effect of LDF on GOP (right).

depends on feature-level similarities. As shown in Fig. 3 (left), HopS consistently
outperforms other methods under the uni -prompt setting when averaging results
over ResNet-18, ResNet-50, and CLIP-ResNet50 simulating backbones. Notably,
our method retains a substantial advantage even as the confusion rate rises to
0.8. This demonstrates the robustness of HopS in more challenging and realistic
conditions.

In particular, this performance gain holds across settings where candidate
labels are derived from annotators with varying levels of domain expertise (i.e.,
simulated through different backbone encoders that reflect distinct data condi-
tions), indicating that HopS is resilient to the type and quality of label noise.
This robustness stems from the complementary nature of LDF and GOP compo-
nents in HopS. These results indicate that HopS is effective not only in synthetic
settings but also in real-world scenarios with instance-dependent ambiguity, such
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Fig. 4: Overlap of labels identified by LDF
and GOP in HopS with the GT T on the
Food (γc = 0.67).

Fig. 5: The performance remains stable
across a wide range of λ on eight datasets
(directions), and λ=1 works well.

as crowd-sourced labels or low-resource domains. The detailed per-configuration
results are reported in Appendix Tabs 11 and 10.

5.3 Further Analysis

Complement Effect of LDF and GOP. To assess the interaction between
the LDF and GOP modules, we compare their individual performance and that
of the holistic model, HopS, in identifying the ground-truth (GT) label.
The training accuracy of LDF, GOP, and HopS over 200 epochs, evaluated un-
der the uni -prompt on the Food dataset at confusion rates of 0.67 and 0.80,
is illustrated in Fig. 3 (right), emphasizing LDF’s role in accelerating early op-
timization by guiding the global module. The four curves compare LDF and
GOP used stand-alone versus used as components within HopS. The symbol ∩
denotes the proportion of predicted labels from the LDF or GOP that are consis-
tent with the GT label, where T denotes the GT label. Using modules as HopS
components yields faster convergence and a higher, more stable plateau, and
this advantage becomes increasingly pronounced as the γc intensifies. Additional
results are provided in Appendix Figs. 9-16.

Furthermore, Fig. 4 shows that the proportion of correct labels jointly iden-
tified by both modules (i.e., the brown region) steadily increases, indicating a
strong complementary effect. We also examine the relative contributions of the
two pseudo-label sources by varying the loss weighting coefficient λ ∈ {0.5, 1.0, 2.0}.
As shown in Fig. 5, achieving a balanced combination of local and global sig-
nals leads to consistent improvements in performance across different confu-
sions. In contrast, placing excessive weight on either signal—whether local or
global—results in performance degradation. This finding underscores the criti-
cal importance of maintaining an effective synergy between the two sources of
information. The specific results are provided in Tab. 12 in the Appendix.
Effect of Batch Size. We investigate the effect of varying batch sizes, B, within
the set {16, 32, 64, 128, 256} for GOP, on the performance of HopS, focusing on
the testing accuracy under varying levels of label confusion: 0.50, 0.75, 0.80,
0.88, and 0.90. As illustrated in Fig. 6, the results compare the performance of
uni -prompt and cls-prompts across different confusion rates. For the 47-class
small-scale dataset DTD and the 100-class large-scale dataset Caltech, the accu-
racy trends with respect to B remain consistent across different confusion levels.
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Fig. 6: B close to C is recommended.

Table 1: Testing Accuracy (%) of Various
Candidate-Searching Strategies for label re-
finement in LDF.

γc CoOp Nei (Hard) Con Gra Soft

0.50 84.70 86.71 86.20 83.40 86.70
0.67 80.00 85.60 84.30 83.10 86.00
0.80 74.60 84.10 83.80 78.40 84.80

Moreover, the most significant fluctuations in accuracy are observed when the
batch size is approximately equal to the number of classes. Based on this ob-
servation, we recommend choosing a batch size close to the number of classes.
Results for other datasets are provided in the Appendix Fig. 17 and Tab. 13.
Effect of LDF. We compare three candidate-searching strategies for label re-
finement in partial label learning: (1) Neighbor-based refinement (Nei), which se-
lects pseudo-labels based on feature similarity to nearest neighbors; (2) Confidence-
based refinement (Con), which chooses the most confident prediction; and (3)
Graph-based propagation (Gra), which propagates labels through a constructed
similarity graph, enabling global label consistency by considering relationships
between all samples in the dataset and effectively transferring labels across con-
nected nodes. As shown in Tab. 1, the simplest strategy—neighbor-based refine-
ment—yields the best performance, suggesting that in weakly supervised few-
shot settings, leveraging local structural similarity can outperform more complex
propagation methods. One possible reason for this observation is that neighbor-
based methods are inherently more robust to noisy predictions. By grounding
pseudo-label selection in local feature consistency, these methods can better cap-
ture semantic regularities in the data. In contrast, graph-based methods might
cause noise accumulation, especially in low-data regimes, where the constructed
graph may not accurately reflect the underlying label manifold.

Additionally, we evaluate two label update strategies: Hard-KNN, which uses
majority voting, and Soft-KNN, which uses similarity-weighted voting. Although
Soft-KNN slightly outperforms Hard-KNN in some cases, the gains are marginal,
indicating that the simple hard voting mechanism is sufficient and more compu-
tationally efficient.
Effect of GOP. The GOP module assumes that the candidate label distribution
closely resembles the ground-truth label distribution. To assess this consistency,
we use cosine similarity, which captures the directional alignment between two
distributions and reflects their structural similarity regardless of scale. This met-
ric provides a reliable measure of how well the candidate labels approximate the
true semantic distribution. As shown in Fig. 7, the cosine similarity approaches 1
on EuroSAT under four different confusion rates, indicating a strong alignment
between the distributions. We opt not to use Kullback–Leibler (KL) divergence
due to the prevalence of zero values in the ground-truth distributions, which
makes KL computation unstable and ill-defined. In contrast, cosine similarity is
robust to sparsity.
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Fig. 7: High cosine similarity between can-
didate and ground-truth label distribu-
tions across batches.

Fig. 8: Testing accuracy under the uni-
prompt across two noisy conditions with
different confusion rates.

Table 2: HopS achieves the best testing accuracy (%) under two confusion types.

γc

Caltech Flowers

HopS CroSel Papi HopS CroSel Papi HopS CroSel Papi HopS CroSel Papi

0.67 89.0 84.0 55.9 50.3 39.0 42.0 92.9 92.1 78.7 82.0 78.0 67.0
0.75 89.0 82.7 51.8 45.3 25.2 23.5 92.9 90.5 70.4 74.0 62.0 58.7
0.80 89.5 73.9 52.2 38.9 11.8 13.4 93.2 89.0 57.8 65.0 50.2 49.8

Comparison with Full-Data PLL Methods. We conducted a systematic
comparison with two recently proposed partial label learning methods, Papi [46]
and CroSel [34]. Unlike the 16-shot setting used in previous experiments, Papi
and CroSel were trained on the entire datasets to fully exploit their optimal per-
formance, while HopS was still trained under the 16-shot few-shot setting. The
experiments were conducted on two challenging datasets, Caltech and Flowers,
both characterized by a large number of categories, with Flowers being more
fine-grained and exhibiting higher intra-class similarity. As shown in Tab. 2, the
left and right sub-columns for each dataset correspond to rand and insd, re-
spectively. HopS’s strong performance across both datasets and three confusion
rates, demonstrating its robustness in handling both diverse and fine-grained cat-
egories. Due to space limitations, we report only the results with the ResNet-50
backbone; results for other backbones are provided in Appendix Tab. 14.
Settings with Missing Ground-Truth. To gain deeper insights into the ro-
bustness of HopS, we evaluate it under more challenging settings where the
ground-truth label may be absent from the candidate set, i.e., the noisy partial
label learning scenario [47]. We conduct 16-shot experiments on two types of
label confusion, rand and insd, as previously described, with each candidate set
S containing three labels. The missing rates of ground-truth labels are 12.5% (2
out of 16 shots) for rand and 25% (4 out of 16 shots) for insd.

As shown in Fig. 8, under the insd setting, HopS consistently uncovers mean-
ingful correlations within the candidate label sets, leading to significantly better
performance than other methods. This suggests that HopS is particularly well-
suited for real-world scenarios where label noise in SS is instance-dependent. In
contrast, under the rand setting where such dependencies are absent, HopS per-
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Table 3: Testing accuracy (%) under under long-tailed partial-
label settings with different confusion types.

Dataset Method γc = 0.67 γc = 0.75

insde insds rande rands insde insds rande rands

Caltech
SoLar 9.2 7.9 16.1 22.6 6.4 4.4 18.5 19.4
HopSu 46.4 50.7 71.7 71.2 35.6 42.0 67.6 67.4
HopSc 50.9 52.8 74.6 71.4 42.4 45.9 72.6 70.7

Flowers
SoLar 11.1 14.0 18.1 20.8 9.1 10.6 17.3 20.7
HopSu 48.3 51.4 65.4 61.1 39.8 43.8 61.9 53.9
HopSc 54.4 53.1 69.9 66.1 46.8 47.5 69.9 59.7

Table 4: Compari-
son of epoch time.

Method Time (s)

EXP 0.12
MSE 0.11
GCE 0.11
LWC 0.11
MAE 0.12
SCE 0.11

HopS 0.12

forms slightly worse than the SOTA robust loss. Nevertheless, its performance
can be improved by integrating robust loss functions (e.g., the SCE loss). Fig-
ure 8 (left) illustrates that HopS, when combined with the SCE loss, achieves
the best performance under the rand setting, highlighting its flexibility and com-
patibility with other robust learning techniques. Detailed values corresponding
to Fig. 8 can be found in Appendix Tabs. 15 and 16.
Challenging Settings with Long-tail Distribution. To further evaluate
robustness under distribution shift, we compare HopS with SoLar [37] on two
representative datasets under two long-tailed patterns: exponentially decayed
class-frequency distribution (e) and two-level distribution (s). As summarized in
Table 3, SoLar suffers a significant performance drop in the data-limited few-shot
setting, as it relies on learning sufficiently strong representations. In contrast,
HopS consistently outperforms SoLar across all long-tailed configurations, re-
gardless of whether uni-prompts (HopSu) or cls-prompts (HopSc) are used.
Running Time of Methods. We measured the training time computational
cost of each method, reported as the average time per epoch (in seconds), as
shown in Tab. 4. Notably, although HopS introduces both a local module and
a global module to enhance label identification, the additional computational
overhead remains negligible due to the relatively small dataset size. As a result,
HopS achieves superior performance without incurring a significant increase in
training cost. Additional results are provided in Tab. 17 of Appendix.

6 Conclusion

In this work, we propose a holistic label selection framework for prompt learning
under partial-label supervision, which improves robustness by combining a local
density-based filter with a global optimal transport planner. By leveraging the
generalization ability of frozen pre-trained vision-language encoders, HopS en-
ables effective label disambiguation. Extensive experiments on eight benchmark
datasets demonstrate consistent and significant improvements over strong base-
lines, highlighting its practicality and generalizability under weak supervision.
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