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Abstract

Vision-Language Models (VLMs), with their powerful con-
tent generation capabilities, have been successfully applied
to data annotation processes. However, the VLM-generated
labels exhibit dual limitations: low quality (i.e., label noise)
and absence of error correction mechanisms. To enhance la-
bel quality, we propose Human-Corrected Labels (HCLs),
a novel setting that efficient human correction for VLM-
generated noisy labels. As shown in Figure 1(b), HCL strate-
gically deploys human correction only for instances with
VLM discrepancies, achieving both higher-quality annota-
tions and reduced labor costs. Specifically, we theoreti-
cally derive a risk-consistent estimator that incorporates both
human-corrected labels and VLM predictions to train classi-
fiers. Besides, we further propose a conditional probability
method to estimate the label distribution using a combina-
tion of VLM outputs and model predictions. Extensive exper-
iments demonstrate that our approach achieves superior clas-
sification performance and is robust to label noise, validating
the effectiveness of HCL in practical weak supervision sce-
narios.

Code — https://github.com/Lilianach24/HCL
Extended version — http://arxiv.org/abs/2511.09063

Introduction

Recently, pre-trained VLMs (Radford et al. 2021; Li et al.
2022; Liu et al. 2023) have demonstrated remarkable zero-
shot and few-shot recognition capabilities, making them in-
creasingly popular for data annotation tasks. By aligning im-
ages and textual labels in a shared embedding space, VLMs
can assign labels to images without task-specific training or
human correction. This method offers a scalable and cost-
effective alternative to traditional annotation procedures,
which typically require large amounts of labor and domain
expertise. Compared to classical weakly supervised learning
techniques (Yan and Guo 2023; Chen, Yao, and Tang 2023;
Chen et al. 2022), such as semi-supervised learning (Van En-
gelen and Hoos 2020; Cao, Brbic, and Leskovec 2021; Wei
et al. 2024), partial-label learning (Feng et al. 2020b; Xia
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et al. 2023; Li et al. 2024), and noisy-label learning (Menon
et al. 2015; Ghosh, Kumar, and Sastry 2017; Han et al.
2020), VLM-based annotation eliminates the need for ini-
tial labeled data, significantly reducing annotation cost and
effort (Menghini, Delworth, and Bach 2023; Li et al. 2025),
and enabling rapid dataset construction in new domains.

However, the VLM-generated labels exhibit dual limita-
tions: low quality (i.e., label noise) and absence of error
correction mechanisms. Most notably, existing approaches
typically rely on a single VLM to generate labels (Kabra
et al. 2024), which can lead to biased or incorrect predic-
tions. As illustrated in Figure 1(a), the VLM may predict
“Crocodile head” as the label with the highest confidence,
while the ground-truth label is “Gramophone” (Wang et al.
2022; Menghini, Delworth, and Bach 2023). Moreover, cur-
rent methods lack mechanisms to correct such errors, mak-
ing it difficult to ensure label reliability. These limitations
highlight the need for new labels strategies that combine the
efficiency of VLMs with mechanisms for error detection and
correction.

To address these issues, we propose a setting called
Human-Corrected Labels (HCLs). HCLs strategically de-
ploys human correction only for instances with VLMs dis-
crepancies, thereby achieving both higher-quality annota-
tions and reduced labor costs. Specifically, during annota-
tion, our HCL method automatically accepts labels when
multiple VLMs yield consistent predictions, invokes human
correction solely for samples where their predictions are in-
consistent. As illustrated in Figure 1 (b), when annotating
an image of a “Gramophone”, correction is only required if
there exists a discrepancy among the VLMs. This targeted
human correction drastically reduces annotation costs while
ensuring high annotation quality. To the best of our knowl-
edge, HCL is the first setting that leverages VLMs discrep-
ancies to correct labels.

In this paper, we develop a risk-consistent learning
method that unifies VLM predictions and human-corrected
labels in a principled way. Specifically, we derive a risk-
consistent estimator that incorporates both human corrected
labels and VLMs predictions, enabling effective learning
under label uncertainty. Furthermore, we introduce a con-
ditional probability formulation to estimate the label dis-
tribution using a combination of VLM outputs and model
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Figure 1: A comparison between traditional VLM annotation and Human-Corrected Labels (HCLs). The zero-shot results
depicted are obtained using CLIP with ViT-L/14. The example images and categories are taken from the Caltech-101 dataset.
HCL deploys human correction only for instances with VLMs discrepancies, achieving both higher-quality annotations and

reduced labor costs.

predictions, enhancing label robustness under weak super-
vision. Extensive experiments on various datasets clearly
demonstrate the effectiveness of the proposed HCL learning
method.

Our main contributions are summarized as follows:

* We propose a novel weakly supervised annotation set-
ting, i.e., Human-Corrected Labels, which combines
multiple VLMs with selective human correction. This
setting enables high-quality, scalable annotation with
minimal human effort.

* We propose a risk-consistent method that models the
conditional label distribution under the HCLs setting,
leveraging both VLM predictions and human corrections.

Extensive experiments on standard benchmarks demon-
strate that our method significantly improves classifica-
tion performance and robustness compared to existing
weakly supervised baselines.

Related Work
Weakly Supervised Learning

Weakly supervised learning aims to train predictive mod-
els using data with limited or imperfect annotations, and
encompasses three main methods: semi-supervised learning
(Chen et al. 2023), partial-label learning (Chapel, Alaya, and
Gasso 2020; Wang et al. 2023), and noisy label learning
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(Xia et al. 2022; Gong et al. 2022). Semi-supervised learn-
ing leverages a small amount of labeled data and abundant
unlabeled data to improve performance. Key strategies in-
clude entropy minimization (Grandvalet and Bengio 2004;
Lee et al. 2013), consistency regularization (Sajjadi, Javan-
mardi, and Tasdizen 2016; Tarvainen and Valpola 2017;
Miyato et al. 2018), and holistic training methods (Berth-
elot et al. 2019; Sohn et al. 2020; Sosea and Caragea 2023).
Partial-label learning assumes each instance is associated
with a set of candidate labels, only one of which is correct.
Two main strategies are commonly used: average-based dis-
ambiguation (Zhang and Yu 2015), and identification-based
approaches that treat the ground-truth as a latent variable
(Wang, Li, and Zhang 2019; Feng and An 2019). Noisy la-
bel learning addresses the challenge of corrupted supervi-
sion. Techniques include sample selection (Patel and Sastry
2023), label correction (Albert et al. 2023), and noise-aware
regularization (Liu et al. 2020; Sun et al. 2021; Li, Xiong,
and Hoi 2021).

While prior work has advanced weakly supervised learn-
ing, it typically assumes fixed supervision and overlooks the
potential of combining VLMs with human correction. In
contrast, we propose the Human-Corrected Label method,
which can achieve the collaboration between VLMs and hu-
mans.



Dataset Train Samples Classes CLIP Qwen VLM-CR CCP HCLs
CIFAR100 50,000 100 75.66  45.82 44.02 92.97  96.90
Tiny-ImageNet 100,000 200 72.95 38.72 35.88 94.59  98.06
Caltech-101 6,074 102 87.64 65.38 64.36 98.54  99.06
Food-101 75,750 101 89.77 48.87 49.26 96.48 98.27
EuroSAT 18,900 10 43.21 3942 26.43 81.82 95.20
DTD 2,800 47 52.27 56.65 48.04 81.33 91.03

Table 1: Annotation accuracy and consistency analysis under the HCLs setting across six benchmarks. Columns show number
of training samples and classes, accuracy of CLIP and Qwen labels, VLMs Consistency Rate (VLM CR), Correctness in
Consistent Predictions (CCP), and final annotation accuracy after discrepancy-based human correction.

Model Discrepancies

The model discrepancy, defined as the divergence between
predictions of different models, has been widely used in
weakly supervised learning to estimate label uncertainty
and guide pseudo-label handling. Early disagreement-based
methods such as co-training (Wang and Zhou 2017) and
tri-training (Huang, He, and Huang 2021) leverage multi-
ple classifiers (i.e., often on different feature views or model
initializations) to label unlabeled data based on inter-model
agreement. More recent methods, such as Co-Teaching+ (Yu
et al. 2019), combine model discrepancies with small-loss
selection to filter noisy supervision. Dynamic Mutual Train-
ing (Feng et al. 2022) further exploits discrepancy for dy-
namic loss re-weighting, reducing the impact of erroneous
VLM-generated labels. In semi-supervised object detection,
CrossRectify (Ma et al. 2023) uses discrepancies across two
detectors to cross-correct VLM-generated labels and im-
prove detection quality.

However, these methods primarily leverage model dis-
crepancy to improve training robustness, rather than to guide
data annotation. Consequently, we utilize discrepancies be-
tween multiple pre-trained VLMs (e.g., CLIP (Radford et al.
2021), Qwen (Wang et al. 2024)) to identify inconsistent
predictions and selectively invoke human correction.

Methods

In this section, we introduce a detailed description of
Human-Corrected Labels. In addition, we propose a risk-
consistent estimator to explore and leverage the underlying
correlations between the probability distribution of VLM-
generated labels and HCLs.

Human-Corrected Labels

The predictions produced by VLMs exhibit dual limitations:
low quality (i.e., label noise) and the absence of error correc-
tion mechanisms. Specifically, VLM predictions may con-
tain incorrect or ambiguous labels, leading to noisy super-
vision that can degrade the performance of models trained
under weak supervision. As shown in Figure 1(a), VLMs
may annotate the instance as “crocodile head” with the high-
est confidence under a zero-shot setting, which can result in
noisy labels.

In this paper, we propose a new setting: Human-Corrected
Labels (HCLs), where labels are generated by VLMs, and
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annotators only correct instances with inconsistent VLM
predictions. For example, as illustrated in Figure 1(b), when
the candidate label set includes {“accordion”, “barrel”,
“camera”, “cannon”, “emu”, “faces”, “gerenuk”, ... “watch”,
“wheelchair”, ...}, for an image of a “gramophone”, the an-
notator only needs to provide the correct label if the VLMs
produce inconsistent predictions; otherwise, the predictions
are accepted directly. Compared to traditional manual an-
notation, HCL leverages VLM knowledge for high-quality
labels while cutting annotation costs.

Effectiveness of HCLs. To evaluate the effectiveness of
HCLs in improving label quality, we annotate six standard
classification benchmarks using CLIP (ViT-L/14) (Radford
et al. 2021) and Qwen2.5-VL (7B-Instruct) (Wang et al.
2024), and report results in Table 1. We compute the consis-
tency rate between VLMs and the correctness rate within the
consistent predictions. The results indicate that although the
agreement between the two VLMs varies across datasets, the
labels on which they agree are highly reliable, demonstrat-
ing that model consensus is a strong indicator of correctness.
Based on this, HCLs performs human correction only on
samples with VLM discrepancies. As shown in the “HCLs”
column, the resulting labels achieve consistently high ac-
curacy, validating that targeted human correction guided by
model discrepancy yields reliable supervision with minimal
human effort.

Problem Formalization

Ordinary Labels. In multi-class classification, let X €
R? denote the feature space and ) = {1,...,k} denote
label space, where d is the feature dimension and & > 2
is the number of classes. We assume that {(z;, )}, are
sampled independently from an unknown distribution with
density p(z,y). The goal of ordinary multi-class classifica-
tion is to learn a classifier f(z) : X — ) that minimizes the
classification risk under a multi-class loss L(f(z),y) :

k

i=1

(D

where z denotes an input image, p(x) denotes the density of
x, y denotes its ground truth label, and P(y = i | =) denotes
the probability that the true label of x is class 7.



HCLs. To address the limitations of traditional VLM-
generated labels, we propose using multiple VLMs to col-
laboratively annotate data, leveraging their complementary
strengths while detecting potential label noise through dis-
crepancy signals. Given a training set with HCL annotations,
denoted as Dycr = {(z;,Y;, sj)}évzl, where z; is the in-
put, and s; € {0, 1} indicates whether the VLM predictions
are consistent (i.e., s; = 0) or inconsistent (i.e., s; = 1).
The HCL label Y; is defined as:
:l)j org}j, sz:gj aIlde:O

Y, = 7
J {yj, yj;éyjandsjzl ’

where §j; and 7; represent the predicted labels from two dif-
ferent VLMs, respectively.

Our goal is to develop a classifier f(x) that effectively uti-
lizes the complementary pseudo-label signals from multiple
VLMs while leveraging the discrepancy indicator to mitigate
the impact of noisy labels, thus enhancing the reliability and
scalability of VLM-based supervision for multi-class image
classification.

@

Risk-Consistent Estimator

Based on the proposed HCL setup, we present a risk-
consistent learning method (Feng et al. 2020b,a; Xu et al.
2022). To rigorously connect the ground-truth label and
HCL labels, we introduce the following definition.

Definition 1. (HCL Condition.) Given a sample
(z,Y,s) € DucL, Vi,j € Y, we define the conditional
probability of HCLs to satisfy:

Ply=i,Y=j#i,s=1z)=0. 3)

This definition implies that for samples with VLM discrep-
ancies (9; # ¥i, i.e., s; = 1), the ground-truth label y must
be different from the label predicted by at least one VLM (
i.e., y or y). For these instances, we rely on human correction
to provide the true label y as a trustworthy supervision label.
Although the true conditional distribution P(y = ¢ | x) in
Eq. 1 is unknown, we approximate it under the HCL proba-
bilities on consistent predictions (i.e., s = 0) as:

{Ply=1iY,s=0]|z)}_,, 4)

Lemma 2. Under the HCL Definition 1, the conditional
probabilities P(y = i | z) can be expressed as:

Ply=il|lz)=PY =i,s=1|x)

m=1,...,k.

k
+Z [P(y=i|Y:m,s:0,1:) 5)
m=1

PY=m,s=0]x)|.

This decomposition expresses the total probability of class ¢
given instance x as the sum of two components: the proba-
bility of human correction, and a weighted conditional prob-
ability by the marginal probability. This formulation enables
the model to express the unknown true label distribution us-
ing a combination of corrected labels from inconsistent sam-
ples and soft VLM-generated labels from consistent sam-
ples. The proof is provided in the Appendix A.1.
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Theorem 3. To address the HCL learning problem, accord-
ing to the Definition 1 and Lemma 2, the classification risk
R(f)in Eq. 1 can be reformulated as:

Rucr(f) = Ew,y,e=1) LIS (2), 4]+
k

E(m,Y,s:O) Zp(y =1 | )/35 = O,I)E[f(z)ﬂ,],

i=1

(6)
where P(y =i | Y, s = 0, ) denotes the conditional prob-
ability derived from consistent VLM predictions, enabling
the classifier f to learn from a conditional label distribution.
In contrast, for samples with discrepancies (i.e., s = 1), the
classifier is trained using human-corrected labels to ensure
reliable supervision. The proof is provided in the Appendix
A2.

Practical Implementation

Loss Function. To effectively leverage VLM-generated
labels while mitigating noise under weak supervision, we
design a tailored loss function aligned with our VLM-
consistency filtering setting. Specifically, we adopt a mod-
ified MSE-like loss, formulated explicitly to enhance dis-
criminability and training stability. Let the classifier output
be f(x) € R¥. We use the loss as:

[:(f(ﬂ;‘), Z) =

x| =

k
PSS AGIC RS N C

where f;(x) denotes the j-th classifier, and 6;; is the Kro-
necker delta (i.e., §;; = 1if i = j, and §;; = 0, otherwise).
Specifically, the correct class (where ¢ = j) is assigned 1
to emphasize its importance, while incorrect classes (where
1 # 7) are assigned —1 to suppress their activation. The use
of squared error penalizes both under-activation for the cor-
rect class and over-activation for incorrect classes, encour-
aging sharper class separation.

Empirical Approximation. We arrange the HCLs dataset
as D, = Dy U Dy, where Dy and Dy denote the set
of VLM-inconsistent data and VLM-consistent data respec-
tively. Then, the empirical approximation of the classifica-
tion risk in Eq. 6 is given by:

Rucu(f) = 5 30 LU(a))m)

z;€EDy
1 k
+ —— Z Z{P(y]:MYJ,sJ:O,x])
|Dv|x €Dy i=1
v 1=

®)
where P(y; = i | Yj,s; = 0,x;) is the estimated condi-
tional label distribution for sample x;.

This empirical approximation enables effective learning
under weak supervision while controlling VLM-generated
label noise, thereby supporting scalable training on large-
scale unlabeled datasets with minimal human correction.



CIFAR100 Tiny-ImageNet Caltech-101 Food-101 EuroSAT DTD
Supervised Labels Learning

FSL-C (Radford et al. 2021) 83.12 81.13 95.77 93.14 95.96 76.02

Weakly Supervised Learning Methods
Zero-shot CLIP (Radford et al. 2021) 73.90 72.29 88.45 88.21 47.35 51.98
HL-C (Radford et al. 2021) 74.04 72.50 57.54 73.90 95.48 60.90
VL-C (Radford et al. 2021) 66.25 - 42.02 73.66 - 45.54
Only-C (Radford et al. 2021) 77.11 - 50.44 92.48 - 52.22
Only-Q (Wang et al. 2024) 49.77 - 35.53 54.90 11.64 55.35
DIRK (Wu, Wang, and Zhang 2024) 77.26 52.91 63.66 90.12 44.67 67.46
PaPi (Xia et al. 2023) 79.67 25.33 57.66 90.73 29.01 63.62
HCL (Ours) 82.48 79.87 94.68 93.07 95.53 70.76

Table 2: Accuracy (%) of all compared methods on six datasets. The highest value for each dataset is highlighted in bold.

Results below 10% are omitted.

Conditional Probability Estimation. Minimizing the
empirical risk R HCL, as introduced in Theorem 3, requires
estimating the conditional probability distribution P(y =
i | Y,s = 0,z) for VLM-consistent samples. To leverage
both the prior knowledge from VLMs and the model predic-
tions, we estimate this distribution via a weighted distribu-
tion of two sources. The model-based conditional distribu-
tion P,,04e; 18 Obtained by applying the softmax function to
the classifier output logits f(z) € R:

Ef: | ehi(@) '

The external distribution Poy;p is derived from the CLIP
model via image-text alignment. Specifically, for an im-
age x, we compute its image embedding g;(x) and com-
pare it with a set of pre-encoded text embeddings Qr =
[q1, - - -, qx], where each g; corresponds to class 4. The result-
ing probability distribution is computed using cosine simi-
larity followed by temperature-scaled softmax:

Pmodel(y =1 | Sﬂ) = (9)

e7cos(g1(x),4q:)

Zle ercos(gr(z),q)

Peuw(y =i | z) = (10)
where cos(+, ) denotes cosine similarity and 7 > 0 is a tem-
perature parameter used to adjust confidence sharpness. Em-
pirically, we set 7 = 100 to produce confident yet stable
predictions.

_To form the final estimated conditional distribution
Py =1 ]Y,s = 0,z), we compute a convex combina-
tion of Poprp and P,,04e1, Weighted by a mixing coefficient
A€0,1]:

Ply=1i|Y,s=0,2) = APcrrp + (1 = X) Poder- (11)
This interpolation enables dynamic balancing between ex-
ternal VLM-generated labels and the evolving predictions
of the model, which is particularly beneficial under weak
supervision.

Model. We employ the CLIP model with ViT-L/14 (Rad-
ford et al. 2021) as the vision backbone for feature ex-
traction, followed by a trainable linear classification head.
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Specifically, we utilize the open-sourced CLIP implementa-
tion in FP32 precision, where the image encoder is frozen to
act as a feature extractor during the entire training process.
The extracted visual features are of dimension 768, which
are then fed into a learnable linear layer for classification.
This design allows us to leverage the strong representation
capabilities of pre-trained VLMs while maintaining compu-
tational efficiency.

Experiments
Experimental Setup

Datasets. To comprehensively evaluate the effectiveness
of our proposed method, we conduct experiments on six
diverse multi-class image classification datasets, spanning
both coarse-grained (i.e., CIFAR-100 (Krizhevsky, Hin-
ton et al. 2009), Tiny-ImageNet (Le and Yang 2015), and
Caltech-101 (Fei-Fei, Fergus, and Perona 2004)) and fine-
grained (i.e., Food-101 (Bossard, Guillaumin, and Van Gool
2014), EuroSAT (Helber et al. 2019), and DTD (Cimpoi
et al. 2014)) classification tasks across different domains.
All images are resized to 224 x 224 before being fed into the
models. Detailed descriptions of the datasets are provided in
the Appendix A.3.

Compared Methods. We evaluate the proposed HCL
method against representative baselines, including state-of-
the-art weakly supervised methods and VLM-based linear
probing under varying supervision settings:

* DIRK (Wu, Wang, and Zhang 2024) and PaPi (Xia et al.
2023): Partial-label learning methods using VLM pre-
dictions to construct candidate label sets. For consistent
samples (i.e., s; = 0), only the CLIP label is used; for in-
consistent ones (i.e., s; = 1), the set includes predictions
from CLIP, Qwen, and the human-corrected label.

FSL-C (Radford et al. 2021): Fully supervised method
trained on all labeled training data using ground-truth.

HL-C (Radford et al. 2021): Training only on samples
with VLM discrepancies (i.e., s; = 1), using human-
corrected labels; consistent samples are discarded.



—s—HL VL CLIP
00 | Qwen —=—DIRK -+ PaPi
—=—HCL
=
7 I S it [ pesipulis-nlipinguniy -y -t |
=]
g /
[#)
< 60 |
45 ‘ : - : : - :
1 5 10 15 20 25 30
Epoch
(a) CIFAR100
95 |
:__L_ T et S .
—_ ‘t“‘——n——fk——.-———n———l
=
< 80 |
=)
& -
é /
(=)
< 65 |
50
1 s 10 15 20 25 30
Epoch
(¢) Food101

95
< 70 r
)
; J/Q———.-———I———l———l
< 45
20 -
1 5 10 15 20 25 30
Epoch
(b) Caltech-101
80
- -—— e B — = e — = — —
= | ) i s e Apensnnninaae -
\;60
4]
E
3
153
<< 40
20
15 20 25 30
Epoch
(d)DTD

Figure 2: Classification accuracy over training epochs (1-30) for each method on (a) CIFAR100, (b) Caltech-101, (c) Food-101,

and (d) DTD.

¢ VL-C (Radford et al. 2021): Weak supervision method
using VLM predictions on consistent samples only (i.e.,
S5 = 0)

* Only-C (Radford et al. 2021) and Only-Q (Wang et al.
2024): Training solely with CLIP or Qwen predictions,
without considering consistency.

These baselines enable a thorough comparison under uni-
fied settings, highlighting the effectiveness of our hybrid su-
pervision approach guided by VLM discrepancies.

Implementation Details. All experiments are imple-
mented in PyTorch and conducted on a single NVIDIA RTX
4090 GPU. We fix the random seed to 42 to ensure repro-
ducibility. All models are trained for 30 epochs with a batch
size of 64 using the AdamW optimizer (Loshchilov and Hut-
ter 2019) with a learning rate of 5 x 10~* and a weight decay
of 1 x 10~*. To ensure stable convergence, we adopt a step-
wise learning rate scheduler that decays the learning rate by
a factor of 0.1 every 5 epochs. This lightweight and consis-
tent training setup ensures scalability and efficiency across
all datasets and methods. Unless otherwise specified, the hy-
perparameter A is typically set to 1.0 by default.

Comparison with State-of-the-Art

To evaluate the effectiveness of the proposed HCL method,
we conduct experiments on six benchmark datasets under
weakly supervised methods. Label distributions are gener-
ated by CLIP with ViT-L/14 and used within HCL to train
a linear classifier with minimal human correction. All ex-
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periments are trained with identical configurations for fair
comparison, and results are summarized in Table 2.

For clarity, results with accuracy below 10% are omitted.
In these cases, methods relying solely on VLM-generated
labels (i.e., VL-C, Only-C, Only-Q) perform poorly on chal-
lenging datasets such as Tiny-ImageNet and EuroSAT. This
indicates that raw VLM predictions, without human correc-
tion or filtering, are unreliable under domain shifts.

Across all datasets, HCL consistently outperforms exist-
ing weakly supervised baselines. On challenging datasets
like Tiny-ImageNet and EuroSAT, it achieves substantial im-
provements over DIRK and PaPi, illustrating the effective-
ness of combining VLM priors with targeted human correc-
tion. Moreover, HCL approaches the performance of fully
supervised models, narrowing the gap between weak and
full supervision while greatly reducing annotation cost.

In summary, HCL leverages VLM priors and selectively
applies human correction, providing reliable supervision at
low cost. By using label distributions as richer training sig-
nals, HCL captures finer category boundaries, making it a
scalable and practical approach for real-world weakly su-
pervised image classification.

Comparison of Training Cost

To assess the efficiency of HCL, we compare training
convergence across four datasets: CIFAR100, Caltech-101,
Food-101, and DTD. Figure 2 shows accuracy versus train-
ing epochs for HCL, CLIP linear probing, Only-Q probing,
DIRK, and PaPi.
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HCL achieves faster convergence and higher final ac-
curacy than all baselines. It stabilizes within 10 epochs,
whereas methods such as DIRK and PaPi require more it-
erations and converge to lower performance. These results
indicate that HCL enhances both training efficiency and ac-
curacy, providing a computationally efficient solution for
large-scale weakly supervised learning.

Influence of The Hyperparameter \

We examine how performance varies with A on Caltech-101,
EuroSAT and DTD. Figure 3 shows that as A increases, in-
troducing conditional probability distribution does not im-
prove HCL performance on Caltech-101 and EuroSAT; in-
stead, accuracy declines. This is expected, as CLIP al-
ready provides highly reliable supervision here, and addi-
tional self-predictions may introduce noise. However, on
DTD, distribution yields slight but consistent improvements
over standard HCL. These results indicate that on domain-
shifted or texture-centric datasets, where CLIP supervision
may have domain bias or uncertainty, incorporating adap-
tive model predictions refines and corrects noisy or biased
VLM-generated labels, enhancing supervision quality.

Impact of Various VLMs

To investigate how the choice and number of VLMs affect
the consistency-based filtering in HCL, we conduct research
by varying the VLM combinations used to assess predic-
tion agreement. Specifically, we consider three configura-
tions: (1) Case 1, the default setup using CLIP and Qwen,
(2) Case 2, an alternative using CLIP and LLaVA (Liu et al.
2023), and (3) Case 3, an extended configuration incorpo-
rating CLIP, Qwen, and LLaVA. In two-VLM settings, we
report the proportion of consistent predictions; in the three-
VLM setting, we report the proportion of fully inconsistent
cases (i.e., s; = 1), where all models disagree. For s; = 0,
we adopt the majority-agreed label as supervision.

As shown in Table 3, accuracy remains stable across CI-
FAR100 and DTD, indicating that HCLs is generally robust
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CIFAR100 Caltech-101 DTD

Case 1 82.48/44.02 94.68/64.36  70.76/48.04
Case 2 82.42/46.68 93.33/38.39  69.46/33.19
Case 3 82.42/33.02 74.16/28.73  70.70/36.61

Table 3: HCLs classification accuracy (left) and consistent
probability or full-model discrepancy rate (right) under dif-
ferent VLM configurations.

CIFAR100/VLM Caltech-101/VLM DTD/VLM

Prompt A 82.48/45.82 94.68/65.38 70.76/56.65
Prompt B 82.48/44.69 94.83/43.00 71.06/57.66
Prompt C 82.40/43.57 94.24/38.91 71.35/60.86

Table 4: HCLs classification accuracy (left) and correspond-
ing VLM-generated label accuracy (right) under different
prompts across datasets.

to the choice of VLMs. However, on Caltech-101, perfor-
mance declines under Case 3, likely due to the relatively
low proportion of fully inconsistent samples, meaning many
training samples rely on partially consistent predictions from
two VLMs. If the VLMs themselves make incorrect predic-
tions, this increases the likelihood of introducing noisy la-
bels. This suggests that while HCLs supports flexible VLM
integration, more models do not always yield better results.

Impact of Various Prompts

To evaluate the sensitivity of the HCLs setting to prompt
design when generating VLM-generated labels, we study the
use of different prompt variants. Specifically, we compare
three types: (1) Prompt A and Prompt B, same content in
different languages, and (2) Prompt C, a simplified English
version with concise phrasing. Detailed prompt descriptions
are shown in Appendix A.4.

As shown in Table 4, prompt choice affects pseudo-
label accuracy, but HCLs maintains stable final performance
across datasets. This robustness stems from its use of model
discrepancies and human correction, allowing tolerance to
prompt-induced noise. These results suggest HCLs reduces
the need for extensive prompt tuning when using general-
purpose VLMs.

Conclusion

In this paper, we investigate a novel weakly supervised
learning setting, Human-Corrected Labels (HCLs), which
strategically incorporates minimal human corrections to im-
prove the quality of noisy VLM-generated labels. We for-
mulate a risk-consistent learning method that leverages both
VLM predictions and human corrections by estimating con-
ditional label distributions, enabling effective learning under
label noise. Extensive experiments across standard and real-
world datasets demonstrate that our method achieves high
classification accuracy while substantially reducing annota-
tion cost, highlighting the practicality and robustness of the
proposed HCLs.
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