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Abstract

Semi-supervised multi-label learning (SSMLL) aims to ad-
dress the challenge of limited labeled data in multi-label
learning (MLL) by leveraging unlabeled data to improve the
model performance. While pseudo-labeling has become a
dominant strategy in SSMLL, most existing methods assign
equal weights to all pseudo-labels regardless of their qual-
ity, which can amplify the impact of noisy or uncertain pre-
dictions and degrade the overall performance. In this paper,
we theoretically verify that the optimal weight for a pseudo-
label should reflect its correctness likelihood. Empirically,
we observe that on the same dataset, the correctness like-
lihood distribution of unlabeled data remains stable, even
as the number of labeled training samples varies. Building
on this insight, we propose Distribution-Calibrated Pseudo-
labeling (DiCaP), a correctness-aware framework that esti-
mates posterior precision to calibrate pseudo-label weights.
We further introduce a dual-thresholding mechanism to sepa-
rate confident and ambiguous regions: confident samples are
pseudo-labeled and weighted accordingly, while ambiguous
ones are explored by unsupervised contrastive learning. Ex-
periments conducted on multiple benchmark datasets verify
that our method achieves consistent improvements, surpass-
ing state-of-the-art methods by up to 4.27%.

Code — https://github.com/hb-studying/DiCaP

1 Introduction

Multi-label learning (MLL) addresses scenarios where each
instance may be associated with multiple labels, enabling
richer and more comprehensive predictions across complex
tasks (Liu et al. 2021b). It has been widely adopted in
various applications, such as image annotation (Chen et al.
2019a), text categorization (Shimura, Li, and Fukumoto
2018), and facial expression recognition (Li et al. 2022).
However, a major challenge in real-world scenarios is the
high cost associated with obtaining precise annotations for
every instance. To alleviate this burden, semi-supervised
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Figure 1: (a) Correctness likelihood distributions of labeled
and unlabeled data after warm-up under 5% labeled setting
on COCO. (b) Correctness likelihood distributions of unla-
beled data across models trained with varying amounts of
labeled data on COCO. (c) Estimated and true distributions
for unlabeled data under 5% labeled setting on VOC. (d)
Performance comparison between uniform and correctness-
weighted pseudo-labeling on COCO.

multi-label learning (SSMLL) has gained considerable
interest. Specifically, SSMLL aims to construct effective
models by utilizing a small portion of fully labeled data
together with a large pool of unlabeled samples. This
approach reduces reliance on costly annotations, therefore
enabling model to exploit the underlying structure of
unlabeled data (Li et al. 2024; Liu et al. 2024; Jia et al.
2023; Hou and Jia 2025; Hou et al. 2025; Kou et al. 2025).
Most existing SSMLL approaches rely on fixed or



class-wise thresholds to convert prediction of the unlabeled
samples into binary pseudo-labels, and use them to boost the
performance. For example, CAP (Xie et al. 2023) estimates
label-wise thresholds by analyzing the positive-to-negative
label ratio within the labeled data. Similarly, D2L (Xiao
et al. 2024) proposes a metric-adaptive thresholding
strategy that considers both the quantity and quality of
pseudo-labels. While these methods improve the decision
boundaries, they commonly apply uniform weights to all
pseudo-labels, regardless of their confidence levels. To be
specific, the uniform weighting fails to account for the
varying reliability of pseudo-labels, which ultimately limits
the performance in semi-supervised multi-label learning.
This motivates us to design a more adaptive weighting
strategy to better exploit unlabeled data.

To this end, we propose a correctness-aware weight-
ing strategy called Distribution-Calibrated Pseudo-
labeling (DiCaP). Our approach is grounded in a theoret-
ically justified insight: the optimal weight assigned to a
pseudo-label should reflect its correctness likelihood. For-
mally, for a pseudo-label identified as positive, its optimal
weight should be the proportion of true positives among all
predicted positives within the corresponding confidence bin,
i.e., TP/(TP + FP), where TP and FP denote the number of
true and false positive predictions, respectively. Please refer
to Section 3 for the detailed theoretical analysis.

However, accurately estimating the correctness likelihood
is a challenging task. First, as shown in Figure 1(a), modern
deep neural networks tend to produce overconfident
predictions, leading to poor calibration between predicted
confidence and actual correctness (Jia et al. 2025). Second,
Figure 1(a) also illustrates distinct correctness likelihood
distributions between labeled and unlabeled data due to the
difference in supervision signals during training, making
it unreliable to estimate the correctness likelihood based
on labeled data. Fortunately, we observe a consistent
phenomenon: on the same dataset, even when the number
of labeled training samples varies, the distribution of
pseudo-label correctness likelihood for the unlabeled data
remains remarkably stable (see Figure 1(b)).

This finding motivates a simple yet effective solution:
we can randomly split the labeled dataset, e.g., 80% for
supervised training and the remaining 20% as an estimation
set. This estimation subset is first treated as unlabeled and
merged with the actual unlabeled data. Since the estimation
set and the true unlabeled data are drawn from the same
distribution (satisfying the i.i.d. assumption) and are trained
under the same strategy, we can reliably estimate the
correctness likelihood distribution of pseudo-labels for the
unlabeled samples on this set, and dynamically update the
weights during training. Despite its simplicity, our esti-
mation strategy demonstrates high accuracy. As shown in
Figure 1(c), our estimation method produces a near-perfect
match to the true posterior distribution, even under severe
label scarcity scenarios (e.g., using only 57 samples for
estimation on VOC under 5% labeled setting). The accurate
estimation allows the model to assign appropriate weights to
pseudo-labels, significantly enhancing model performance,
as shown in Figure 1(d).
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To further mitigate the impact of ambiguous predictions
in pseudo-labeling, we introduce a dual-thresholding
strategy that separates class-wise predictions into con-
fident region and highly uncertain (ambiguous) region.
For predictions falling within the confident region, we
assign pseudo-labels and apply the corresponding estimated
weights. In contrast, for predictions that fall into the
ambiguous uncertain region, we refrain from applying hard
pseudo-labeling and instead apply a consistency-based
contrastive loss to regularize their representations in an
unsupervised manner. In addition, we repurpose the small
estimation subset of labeled data and apply supervised loss
during a fine-tuning stage. This final step enables the model
to leverage all labeled annotations and preserving accurate
pseudo-label calibration throughout the training.

Our main contributions are summarized as follows:

. We theoretically establish that, the optimal weight as-
signed to any pseudo-label equals to its correctness like-
lihood in SSMLL.

. We observe that on the same dataset, the correctness like-
lihood distribution of unlabeled samples remains con-
sistent, even under different numbers of labeled training
samples. Leveraging this insight, a simple data-splitting
approach was proposed to accurately estimate the weight
distribution of the unlabeled samples.

. We propose a dual-thresholding strategy that separates
predictions into confident and uncertain regions, and
adopts different strategies to handle each region.

. Extensive experimental results validate that our method
outperforms the current state-of-the-art (SOTA) methods
by a large margin, e.g., a 4.27% improvement on VOC
with limited labeled data.

2 Related Work

2.1 Multi-Label Learning

Multi-label learning addresses the problem where each in-
stance can be associated with multiple labels. Modeling la-
bel correlations has become a mainstream research direc-
tion in multi-label learning. To effectively model label de-
pendencies, neural networks with various architectures have
been proposed from various perspectives, including recur-
rent neural networks (Wang et al. 2016), graph convolutional
networks (Guo and Wang 2021), and Transformer architec-
tures (Liu et al. 2021a). On the other hand, many meth-
ods (Ridnik et al. 2021; Chen et al. 2019b) focus on address-
ing label imbalance issues in multi-label learning, including
both intra-class imbalance (i.e., imbalance between positive
and negative instances within each class) and inter-class im-
balance (i.e., long-tailed label distributions). For instance,
Ridnik et al. proposed Asymmetric Loss (ASL), which dy-
namically down-weights easy negatives samples and intro-
duces hard thresholding (Ridnik et al. 2021).

Given the high cost and effort required to obtain fully an-
notated labels for multi-label data, recent research has in-
creasingly focused on weakly supervised variants of MLL.
These include semi-supervised multi-label learning (Xiao
et al. 2024), multi-label learning with missing labels (Kim



et al. 2023), and partial multi-label learning (Li et al. 2025;
Yang et al. 2024), all aiming to reduce annotation burden
while maintaining competitive performance.

2.2 Semi-Supervised Multi-Label Learning

SSMLL tackles the challenge of learning with limited la-
beled data by leveraging additional unlabeled samples.
Various methods have been proposed to generate reli-
able pseudo-labels or effectively utilize unlabeled data in
SSMLL. For instance, Xie et al. adopted a class-specific
thresholding approach, where thresholds are dynamically
estimated from class priors to binarize predictions for unla-
beled instances (Xie et al. 2023). Liu et al. enhanced pseudo-
label quality by introducing a causality-guided label prior,
inferred via a Structural Causal Model, and incorporates
this prior into a variational inference framework to guide la-
bel enhancement (Liu et al. 2024). Li et al. addressed the
variance bias between positive and negative samples by ex-
tending the binary angular margin loss with Gaussian-based
feature angle transformations, and introduces a prototype-
aware negative sampling scheme to further stabilize train-
ing (Li et al. 2024). Xiao et al. adopted a dual-decoupling
strategy to jointly model discriminative and correlative in-
formation, and introduces a metric-adaptive thresholding
mechanism to dynamically refine pseudo-label assignment
throughout training (Xiao et al. 2024).

However, these methods assign uniform weights to all
pseudo-labels without considering their quality, causing
low-quality pseudo-labels to harm performance. Therefore,
studying how to obtain better pseudo-label weights is im-
portant. In the following section, we theoretically analyze
the optimal weighting scheme.

3 Theoretical Analysis

To further justify the design of our correctness-aware
weighting scheme, we theoretically characterize the impact
of pseudo-label noise on the learning objective in SSMLL.

3.1 Problem Formulation

We begin by formally defining the problem setting and no-
tation for SSMLL. Let x € X denote a feature vector and
y € Y denote the corresponding multi-label annotation,
where X C R? is the input space and ) = {0, 1}¢ is the la-
bel space consisting of C' possible categories. And, y;c = 1
indicates the relevance of the c-th label to the instance z;,
while y. = 0 signifies irrelevance.

In SSMLL, the training data consists of a labeled set
with N, training examples D; = {(z;,%;)}Y!, and an unla-
beled set with N, training instances D,, = {z; }jyz'“l, where
N; < N,. The primary objective is to train a multi-label
classifier by leveraging both labeled and unlabeled data,
where the unlabeled data are assigned pseudo-labels y. The
model, parameterized by @ and denoted as fp : X — [0, 1],
predicts a vector of class-wise relevance scores.

3.2 Derivation of the Optimal Weighting Strategy

In SSMLL, model training heavily depends on the pseudo-
labels ¢ assigned to the unlabeled data. However, these
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pseudo-labels are inevitably noisy. An effective strategy is
to assign a weight to the loss of each pseudo-labeled sample,
so that more reliable predictions are emphasized and less re-
liable ones are down-weighted. Intuitively, this weight w(p)
should be a function of the model’s confidence p.

To derive the optimal weighting function, we assume the
ground-truth labels of the unlabeled data are known. Let
I[§ = y] be a binary indicator denoting whether a pseudo-
label is correct. The goal is to assign higher weights to cor-
rect pseudo-labels and lower weights to incorrect ones. This
leads to formulating the optimization of w(p) as minimizing
the binary cross-entropy (BCE) loss between the weight and
the correctness indicator. For a pseudo-label g; with confi-
dence p; and ground-truth label y;, the loss is defined as:

—1[g; = yi]log(w(p;)) (1)

increase weight for correct samples
—I[g: # yi]log(1 — w(p;)) .

decrease weight for incorrect samples

lce (w(ps), 1[9: = yi])

Since a single confidence value p; typically corresponds
to multiple samples, we aim to minimize the expected BCE
loss over all samples with same confidence:

w*(p;) =arg min Ey,, [fser(w(pi), I[9 = y])]
w(p;) (2)

which shows that the optimal weighting function is ex-
actly the posterior correctness likelihood of the pseudo-label
given the confidence score p;.

However, estimating correctness likelihood at each indi-
vidual confidence value p; is inherently unreliable due to
data sparsity—especially under limited data, where only a
few samples may share the same confidence score. To ad-
dress this issue, we propose to approximate the optimal
weighting function by aggregating samples within simi-
lar confidence ranges. The continuous confidence interval
[0,1] is divided into K non-overlapping bins, denoted as
{Bi,...,Bk}. For each bin By, we compute the empiri-
cal correctness rate of pseudo-labels whose predicted con-
fidence scores fall within that bin. The optimal correctness
likelihood on unlabeled data is then given by:

wi(p) =Pl =vy|pe b, 3)

which serves as a practical approximation of the optimal
weight for any confidence value p € B.

4 Methods
4.1 Distribution-Calibrated Weight Estimation

Estimation Set Construction. As discussed earlier, the
optimal weight for a pseudo-label should reflect its correct-
ness likelihood. However, estimating this likelihood is in-
herently challenging without ground-truth labels for unla-
beled data. Moreover, due to overconfidence issue and the
different correctness distributions between labeled and un-
labeled data, it is unreliable to infer correctness likelihood
directly from the model’s predicted probabilities or based
on the labeled set. Fortunately, we observe that within the
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same dataset, the distribution of correctness likehood over
unlabeled data remains stable, even when the number of la-
beled training samples varies (see Figure 1(b)).

Motivated by this observation, we divide the labeled
dataset D; into two disjoint subsets: a supervised training
set Dy, for supervised training and an estimation set Deg
for estimating the weight, such that D; = Dgyp U Dey and
Dgyp N Degy = (). The estimation set D is treated as un-
labeled and merged with the original unlabeled data D,, to
form a unified pool:

Dunsup =D, U {xz ‘ (:Eiv yz) S Dest}~ “)

As shown in Figure 2, samples from Dy are handled
identically to those in D,,, ensuring distributional consis-
tency across the entire unsupervised pool. This design al-
lows us to reliably use Deg to estimate the correctness like-
lihood distribution over the unlabeled data.

Weight Estimation. As discussed above, we can empiri-
cally approximate the weight using the estimation set De.
Here, we introduce the specific implementation strategy for
distribution-calibrated weight estimation for Dygeup.

Following the theoretical analysis in Section 3, we uni-
formly partition the confidence interval [0, 1] into K = 20
non-overlapping bins, denoted as {31, . .., B }, where each
bin corresponds to the range By, = [k}_(l , %) For each pre-
diction score p and its associated ground-truth label y in
Dest, we count the number of true positives and true nega-
tives that fall into each confidence bin:

C
= Z Zﬂ(pcegkv yczl)a

(Iyy) €Dy c=1

c
ny s = Z Zﬂ(pc € Bk, y.=0).

(2,y) EDest =1

pos
Ny,

&)

We then compute the estimated positive and negative pro-
portions as:

pos

k
— _pos neg
ng, +ng,

pos

neg _
Tk

Tk

= 1= ©

+e
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where € is a small constant to avoid division by zero.

During training, for any predicted confidence p and cor-
responding pseudo-label § € {0, 1}, we assign a soft weight
based on linear interpolation between adjacent bins:

" k+1 k
w(pvy = 1) = ( K _p> TZOS + (p— K) ’I"gﬁl,
. k+1 ne kN e
w(p,y=0)= (K —P> Tkg+ (p— K) kap
k k+1

This correctness-based weight reflects the estimated prob-
ability that the pseudo-label is correct, and is directly used
to modulate the training loss.

4.2 Dual-Thresholding for Pseudo-Label

While correctness-based weighting alleviates the effect of
noisy pseudo-labels, there still exist highly ambiguous re-
gions where predictions are particularly unreliable, which
can negatively affect model training. To further mitigate
the impact of such uncertain predictions, we adopt a dual-
thresholding strategy to explicitly partition pseudo-labeled
data into confident and uncertain subsets.

Inspired by (Xu et al. 2025), we derive class-wise dy-
namic thresholds from the prediction statistics on the la-
beled training set. For each class ¢, we first collect the pre-
dicted confidence scores from positive and negative label in
Dsup- Let P2* = {pic | (xuyb) € Dsup: Yie = 1} and

e ® = {pic | (xi,9:) € Dsp, yic = 0}. We define the
thresholds as the mid-range of each group:

max(P5”) + min(PE”

)

pos __ c
c - 2 9
neg . neg (8)
nes _ max(Pe °) + min(Pe °)
p; )
2

Given an unlabeled sample z, and its predicted confi-
dence scores {p,.}$_,, we assign pseudo-labels by applying
the derived dual thresholds for each class. The pseudo-label
Juc 1s categorized into one of three types based on its confi-
dence score:

1, Puc > T8,
Yue = 4 0, Puc < Téleg’ )
713 Tgeg S DPuc S Tgos’

where the labels 1, 0, and —1 correspond to confident pos-
itive, confident negative, and uncertain predictions, respec-
tively. The samples assigned with 1 or 0 are aggregated into
the confident set D,on¢, While those assigned with —1 consti-
tute the uncertainty set Dypcer-

We retain only the confident samples (2., §ic) € Deont
for supervised training. Their pseudo-label loss is computed
as:

1
Do > wpicsGic) - Upics Gie),  (10)

yice{LO}

where w(-) denotes the correctness-based weight defined in
Eq. (7), and we use Asymmetric Loss (ASL) (Ridnik et al.
2021) for £(-, -).

Epseudo =



4.3 Robust Representation Learning for
Uncertain Samples

Uncertain samples, whose predictions lie within the ambigu-
ous confidence interval, are unsuitable for direct supervi-
sion. To exploit their representational value without intro-
ducing noisy gradients, we incorporate an unsupervised con-
trastive learning objective tailored to the multi-label setting.

Specifically, we extend the standard instance-level In-
foNCE loss (van den Oord, Li, and Vinyals 2019) into a
class-wise contrastive framework to suit the multi-label
setting. For each sample x;, we generate a weakly aug-
mented view 3’ and a strongly augmented view z7. A
shared encoder is used to extract class-wise feature embed-
dings {222}¢_, and {25, }<_, for the two views, respectively.
For all uncertain predictions (i.e., those with ;. = —1), we
collect the corresponding feature pairs (212, z7.) to construct
the contrastive training set.

We treat each pair ()2, z7.) as a positive pair and all other
class-wise features within the mini-batch as negatives. The
class-wise contrastive loss is defined as:

1 2B
[funcer =y Z IOg
DY

where B denotes the number of uncertain samples, z;" is the
positive counterpart of z;, and 7 is a temperature hyperpa-
rameter that controls the sharpness of the distribution. In-
spired by recent self-supervised learning study (Chen et al.
2020), we can also employ it to utilize all data during the
warm-up stage to improve representation generality.

Finally, the overall training objective during the pseudo-
labeling stage is defined as:

L= [rsup + £pseudo + Euncerv

where Ly, denotes the supervised loss on Dyyp, Lpseudo 18 the
weighted pseudo-label loss on confident samples, and L cer
represents the contrastive loss of uncertain samples.

exp(z; - Z:_/T)
Lizj exp(z; - 2;/7)

, (1D

2B
Jj=1

(12)

4.4 Fine-Tuning on Estimation Set

To fully utilize all labeled data, we introduce a final fine-
tuning stage on the estimation subset Deg. This subset was
previously treated as unlabeled to estimate pseudo-label reli-
ability, and its ground-truth annotations were excluded from
earlier supervised training. Leveraging its ground-truth an-
notations can thus further enhance the model’s generaliza-
tion on all labeled data.

To mitigate overfitting and reduce computational cost, we
freeze the backbone and fine-tune only the classification
head using D.y. The optimization objective is:

! ((fo(),v),

|DCSIL| (’I‘,y) EDeyt

L 13)

where £(-, -) denotes ASL. By incorporating previously un-
used annotations, this fine-tuning stage complements the
training process and ensures complete utilization of labeled
data.

For ease of understanding, we provide the algorithmic
process in Algorithm 1.
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Algorithm 1: Algorithm of DiCaP

Input: Labeled dataset D;, Unlabeled dataset D,,

Output: Trained multi-label classifier fy

: Split D; into Dgyp and Degt, Dunsup = Doy U Degy-

: Warm up on Dyyp U Dygeyp to initialize fy.

: for each epoch do
Estimate pseudo-label weights w(p) using Deg.
Derive thresholds {78, 72} from Dyy,.
Generate pseudo-labels for Dy, using Eq. (9).
Update model by minimizing the total loss Eq. (13).

end for

: Fine-tune the classification head on Dqy.

A AN A ol ey

S Experiments
5.1 Settings

Datasets. To validate our proposed approach, we con-
ducted experiments on four commonly used real-world
multi-label image datasets, including MS-COCO 2014
(COCO) (Lin et al. 2014), Pascal VOC 2007 (VOC) (Ever-
ingham et al. 2010), NUS-WIDE (NUS) (Chua et al. 2009),
and Animals with Attributes2 (AWA) (Lampert, Nickisch,
and Harmeling 2014). Following (Xie et al. 2023), we trans-
form these datasets into SSL versions. For each dataset, we
randomly select a proportion p of training samples as la-
beled ones, and the remaining as unlabeled ones. We set
p € {5%,10%, 15%, 20%}, to explore the performance of
our method under different data proportions.

Comparison Methods. We compare our model with 11
baseline methods, which are categorized into three groups.
BCE, ASL (Ridnik et al. 2021), and MLD (Ridnik et al.
2023) are classic multi-label learning methods. These meth-
ods only use the labeled data for training. Top-1, Top-
k, and IAT (Xie et al. 2023) are instance-based pseudo-
labeling methods. DRML (Wang et al. 2020), CAP (Xie
etal. 2023), PCLP (Liu et al. 2024), BBAM (Li et al. 2024),
and D2L (Xiao et al. 2024) represent the SOTA SSMLL
methods based on deep models.

Implementation Details. Following the experimental
setup in (Xie et al. 2023), we adopt a ResNet-50 (He et al.
2016) backbone pre-trained on ImageNet (Deng et al. 2009)
for feature extraction. For the decoder, we employ the ML-
Decoder framework (Ridnik et al. 2023) to produce class-
wise embeddings. All input images are resized to 224 X
224, and data augmentation is applied using RandAugment
(Cubuk et al. 2020) and Cutout (DeVries and Taylor 2017).
The optimizer is AdamW (Loshchilov and Hutter 2019) with
the weight decay of 1e—4, and we employ a one-cycle learn-
ing rate scheduler with a maximum learning rate of 1e—4. To
stabilize training, we apply an exponential moving average
(EMA) to the model parameters with a decay rate of 0.9997.
All experiments are conducted on NVIDIA GeForce RTX
3090 GPUs. To ensure reproducibility, the random seed is
fixed to 1 throughout all experiments. Consistent with prior
works (Xie et al. 2023), mean average precision (mAP) is
applied to evaluate models’ performance.



Method VOC COCO NUS AWA

5% 10% 15% 20% 5% 10% 15% 20% 5% 10% 15% 20% 5% 10% 15% 20%
BCE 65.40 75.48 77.87 79.00 57.09 62.34 65.55 67.31 40.12 45.04 47.04 48.29 61.33 63.35 62.51 63.00
ASL 71.41 77.81 79.12 79.84 57.87 62.95 65.73 67.43 42.04 46.07 48.04 49.55 60.40 63.06 62.88 63.31
MLD  74.18 81.10 82.74 84.29 62.45 67.27 69.95 71.22 39.78 44.31 47.02 49.06 62.28 63.57 63.17 63.94
Top-1 75.34 80.80 82.93 83.67 59.42 63.52 65.13 66.88 39.27 46.05 47.02 46.69 63.39 64.63 64.60 63.86
Top-k  73.62 80.20 82.17 83.03 59.83 64.02 65.21 67.45 39.18 46.15 46.98 46.70 63.87 64.41 64.81 64.49
IAT 71.88 80.18 82.87 83.99 60.76 65.60 65.31 69.29 40.10 46.45 47.39 47.15 62.93 64.17 63.57 63.57
DRML 61.75 70.97 72.97 74.44 53.59 57.02 58.62 59.18 30.57 35.03 37.93 40.01 61.60 62.46 63.77 63.38
CAP 75.90 81.83 83.10 84.32 62.88 67.18 68.99 70.43 44.98 47.81 49.04 51.37 63.90 64.15 64.40 64.51
PCLP 77.25 82.21 83.72 84.59 64.43 69.02 70.86 71.52 46.39 48.83 50.57 52.45 64.30 65.38 64.47 64.49
BBAM 78.66 83.45 84.54 84.58 63.54 67.41 68.86 70.23 33.15 39.12 41.26 42.52 64.19 64.63 64.16 64.76
D2L 79.26 84.06 86.25 87.16 69.30 73.06 74.63 75.70 46.86 50.25 51.61 52.64 64.66 65.57 64.95 65.06
Ours  83.53 87.92 88.40 88.48 70.07 73.55 75.06 75.90 48.37 51.24 52.30 53.61 66.32 66.48 66.49 66.78
A +4.27 +3.86 +2.15 +1.32 +0.77 +0.49 +0.43 +0.20 +1.51 +0.99 +0.69 +0.97 +1.66 +0.91 +1.54 +1.72

Table 1: Comparison of our model with other methods, with labeled rate 5%, 10%, 15% and 20%. mAP(%) is adopted as the
evaluation metric. Optimal values are denoted in bold, and the second-best values are underlined. A denotes the performance

gap between our method and the best compared method.

For all compared methods, we use their officially recom-
mended optimal hyperparameter settings. During the warm-
up phase of our method, we utilize 80% of the labeled data
for supervised learning. In contrast, all baseline methods fol-
low their original protocols and leverage the full set of la-
beled data during training. In the fine-tuning phase, the back-
bone is frozen, and only the classification head is updated.
We train for 20 epochs with a batch size of 32.

5.2 Comparison with SOTA Methods

As shown in Table 1, we conduct a comprehensive compar-
ison against SOTA methods across four benchmark datasets
under four different labeled data ratios. The results clearly
demonstrate that our proposed method consistently achieves
the best performance across all datasets and label-sparsity
settings. Specifically, our method surpasses the second-best
approach by an average margin of 2.9% on the VOC dataset.
Our method also remains robust in highly challenging sce-
narios where only 5% of the training data is labeled. Under
this limited supervision setting, we outperform the second-
best method by notable margins with 4.27%, 1.51%, and
1.67% on VOC, NUS-WIDE, and AWA, respectively, high-
lighting the effectiveness of our method.

Among the baselines, DRML, a two-stage semi-
supervised method, performs poorly on large-scale im-
age datasets. This is mainly due to its decoupled train-
ing scheme, which prevents end-to-end feature learning. As
a result, DRML performs worse than baselines BCE and
ASL. On the other hand, D2L achieves consistently com-
petitive results across datasets, securing the second-best per-
formance overall. This demonstrates the benefit of refining
pseudo-labels using model predictions. However, D2L ap-
plies uniform weights to all pseudo-labels, which limits its
performance. By comparison, our method explicitly models
the correctness likelihood of each pseudo-label and dynam-
ically adjusts their weights during training. This weighting
mechanism enables more effective use of pseudo-labels and
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COCO NUS

Ablations Avg.
5% 10% 5% 10%

Baseline 65.13 69.53 42.69 4591 55.82

+ DCW 69.18 7246 45.20 48.08 58.73 +2.91
+DTH 69.24 72.86 47.73 49.82  59.91 4118
+ URRL 69.79 7297 4786 50.38 60.25 +o.34
+ WCL 69.98 73.14 4796 50.51 60.40 +o.15
+ FTE 70.07 73.55 48.37 51.24 60.81 4o.41

Table 2: Ablation study of different components on COCO
and NUS. Baseline corresponds to training only on labeled
data. DCW denotes using the estimated correctness weights
as soft pseudo-labels. DTH refers to the dual-threshold con-
fidence partitioning strategy. URRL represents robust rep-
resentation learning for uncertain samples. WCL indicates
incorporating all data into the warm-up stage via class-wise
contrastive loss. FTE denotes fine-tuning on Deg,. mAP(%)
is adopted as metric.

leads to consistent performance improvements.

5.3 Further Analysis

All components contribute, with the distribution-
calibrated weighting providing the largest gain. In Ta-
ble 2, we evaluate the contribution of each component in Di-
CaP through ablation experiments on COCO and NUS under
5% and 10% labeled data. The results clearly demonstrate
that all modules contribute positively to the overall perfor-
mance. For instance, on COCO with 5% labeled data, incor-
porating the distribution-calibrated weighting (DCW) mod-
ule brings a notable improvement of 4.05%. On NUS, intro-
ducing the dual-thresholding strategy (DTH) yields an addi-
tional 2.14% gain. The benefit of the final fine-tuning step
becomes more evident as the proportion of labeled data in-
creases, providing a 0.73% improvement on NUS with 10%
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Figure 3: Comparison between estimated and optimal correctness likelihood distributions at early and late training stages on

COCO and NUS under 5% labeled setting.

Weighting policy Labeled rate Avg.
5% 10% 15% 20%

Uniform 67.97 7178 73.66 T4.73 72.04

Confidence 67.83 71.63 73.50 74.42 71.84

Labeled 68.47 72.26 74.09 7T4.88 72.42

Ours 69.24 7286 7444 7548 73.01

Optimal 69.32 7293 74.57 75.54 73.09

Table 3: Effectiveness of weighting policies on COCO with
various labeled rate. mAP(%) is adopted as metric.

labeled data. Among all components, the DCW module de-
livers the most significant overall contribution, with an aver-
age gain of 2.92%. These consistent improvements highlight
the importance of distribution-calibrated weighting strategy.

Our estimated correctness likelihoods are highly accu-
rate. To further validate the accuracy of our estimated
correctness-likelihood distributions, we visualize both the
estimated and optimal distributions at different training
stages on COCO and NUS datasets under 5% labeled set-
ting, as shown in Figure 3. Here, the optimal distributions
are computed using the true labels of the unlabeled data. The
comparison on VOC is already presented in Figure 1(c). As
illustrated, our estimated distributions closely match the op-
timal correctness curves across datasets and training stages,
demonstrating the reliability of our estimation strategy.

Our weighting strategy is highly effective. In Table 3,
we further evaluate the effectiveness of our estimated
weights by comparing with several weighting strategies: (1)
Uniform: assigns all pseudo-labels a constant weight of
1; (2) Confidence: uses the predicted probability p as the
weight; (3) Labeled: estimates weights from the labeled
data; (4) Optimal: computes ideal weights from ground-
truth correctness on the unlabeled data. As shown in Table 3,
our proposed method (denoted as Ours) consistently out-
performs all other weighting strategies. Notably, the Confi-
dence strategy, which directly uses predicted probabilities,
performs worse than the Uniform baseline due to the unre-
liability of raw confidence scores. Meanwhile, our method
achieves performance close to the Optimal setting, validat-
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Metrics Method VOC COCO NUS AWA
Time (min) D2L 1.85 2142 37.74 838
Ours 1.47 1829 29.38 6.61
D2L 734 1417 1413 14.12
Memory (GB) ¢, ¢ 298 444 443 4.44

Table 4: Time/memory comparison between D2L and our
method on single 24GB NVIDIA GeForce RTX 3090 GPU.
“Time” is the training time per epoch, including threshold
updating and weight estimating, “Memory” is the max GPU
memory allocated during training phase.

ing the accuracy of our estimated correctness likelihoods.

Our method is more efficient. As shown in Table 4, we
compare the time and GPU memory usage of our method
with the best compared method D2L under the 5% labeled
ratio setting. From results demonstrated in Table 4, D2L re-
quires significantly more GPU memory and has slower train-
ing speed due to its patch-wise image processing strategy.
In contrast, our method achieves much lower GPU memory
usage and faster training speed. Considering both the effi-
ciency gains and the superior classification performance re-
ported in Table 1, our method demonstrates clear advantages
in both effectiveness and computational cost.

6 Conclusion

In this paper, we propose DiCaP, a Distribution-Calibrated
Pseudo-labeling framework for SSMLL. We theoretically
derive the optimal pseudo-label weight as the posterior cor-
rectness likelihood conditioned on prediction confidence.
Motivated by the observation that correctness distributions
remain stable across varying labeled data, we introduce
a bin-based estimation scheme by partitioning the labeled
data to approximate this optimal weight. To further reduce
the impact of ambiguous predictions, we propose a dual-
thresholding strategy that separates pseudo-labels into con-
fident and uncertain regions. Finally, we introduce a fine-
tuning stage to fully exploit all annotated data. Extensive ex-
periments on multiple benchmarks validate the effectiveness
of our approach under different label sparsity conditions.
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