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Abstract

The accuracy of deep neural networks is significantly influ-
enced by the effectiveness of mini-batch construction dur-
ing training. In single-label scenarios, such as binary and
multi-class classification tasks, it has been demonstrated that
batch selection algorithms preferring samples with higher
uncertainty achieve better performance than difficulty-based
methods. Although there are two batch selection methods
tailored for multi-label data, none of them leverage impor-
tant uncertainty information. Adapting the concept of uncer-
tainty to multi-label data is not a trivial task, since there are
two issues that should be tackled. First, traditional variance
or entropy-based uncertainty measures ignore fluctuations of
predictions within sliding windows and the importance of the
current model state. Second, existing multi-label methods do
not explicitly exploit the label correlations, particularly the
uncertainty-based label correlations that evolve during the
training process. In this paper, we propose an uncertainty-
based multi-label batch selection algorithm. It assesses un-
certainty for each label by considering differences between
successive predictions and the confidence of current outputs,
and further leverages dynamic uncertainty-based label cor-
relations to emphasize instances whose uncertainty is syn-
ergistically expressed across multiple labels. Empirical stud-
ies demonstrate the effectiveness of our method in improving
the performance and accelerating the convergence of various
multi-label deep learning models.

Introduction
Multi-label classification (MLC) involves learning from in-
stances associated with multiple labels simultaneously. Its
goal is to derive a model capable of assigning a relevant set
of labels to unseen instances. For example, a news document
might cover various topics in text categorization (Chai et al.
2024; Jiang et al. 2021); an image could contain annotations
for different scenes (Zhou, Huang, and Xing 2021; Nguyen,
Vu, and Le 2021), and a video may consist of multiple differ-
ent clips (Gupta et al. 2023; You et al. 2020). For classifying
such complex scenarios, multi-label learning approaches are
seen as viable solutions for handling data with multiple la-
bels.
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Deep learning has recently proven successful in learning
from multi-label data (Liu et al. 2021). By forming appro-
priate latent embedding spaces, deep neural networks man-
age to unravel the complex dependencies between features
and labels in multi-label data (Yeh et al. 2017; Bai, Kong,
and Gomes 2021). Moreover, deep learning models can suc-
cessfully dissect and analyze label correlations (Hang and
Zhang 2021; Zhao et al. 2021). In addition, their inherent
strength in representation learning allows them to naturally
model label-specific features (Hang et al. 2022).

Recent studies highlight the critical role of mini-batch
sample selection in the performance of deep neural networks
(DNNs). Training with simple examples (Kumar, Packer,
and Koller 2010) can enhance robustness against outliers
and noisy labels, but their smaller loss and gradients lead
to slower model convergence. Conversely, focusing on in-
stances that are difficult to predict correctly (Liu et al. 2023;
Huang et al. 2020; Shrivastava, Gupta, and Girshick 2016)
accelerates training, but overemphasizing the losses of hard
examples may lead to overfitting on noisy data. Uncertainty-
based batch selection, exemplified by Active Bias (Chang,
Learned-Miller, and McCallum 2017), is a compromise so-
lution that prioritizes uncertain samples—those with un-
stable predictions, whether correct or incorrect, during the
training process—thereby expediting model convergence
while mitigating the risk of overfitting. Recency Bias (Song
et al. 2020a) evaluates instance uncertainty within recent ob-
servations rather than the entire history, offering a more dy-
namic assessment.

While batch selection methods are well-studied in single-
label tasks (binary or multi-class classification), their ef-
fectiveness in multi-label data is less explored. Balanced
(Hand, Castillo, and Chellappa 2018) is a multi-label batch
selection method that maintains label distributions in each
batch consistent with the whole dataset via a re-weighting
strategy. However, it only relies on the prior label distri-
bution, neglecting losses or predictions of instances within
each step of the training procedure. Hard Imbalance (Zhou
et al. 2024) prioritizes hard samples associated with more
highly imbalanced (low-frequency) labels during multi-label
batch selection, but it also suffers the risk of overfitting due
to overemphasizing difficult instances.

This paper adapts the uncertainty-based batch selection
strategy to multi-label data. To achieve this, there are two is-

The Thirty-Ninth AAAI Conference on Artificial Intelligence (AAAI-25)

22902



Figure 1: Sample 1 contains ”Messi” ”World Cup” and ”Adidas Golden Ball”.

sues that need to be addressed. First, traditional variance and
entropy-based measures (Chang, Learned-Miller, and Mc-
Callum 2017; Song et al. 2020a) for assessing label-wise un-
certainty ignore fluctuations within sliding windows, i.e., the
changes between successive predictions, and the confidence
of the current prediction. As the example shown in Fig 1. Ac-
tive Bias and Recent Bias fail to distinguish the uncertainty
of the labels ”World Cup” and ”Adidas Golden Ball” 1. Sec-
ondly, directly summing all label uncertainties overlooks the
correlation between labels. These inter-label uncertainties
contain valuable information, reflecting the model’s abil-
ity to collaboratively learn and predict highly correlated la-
bels. However, previous multi-label batch selection methods
have not accounted for these dynamic, uncertainty-based la-
bel correlations (Hand, Castillo, and Chellappa 2018; Zhou
et al. 2024).

To tackle the two issues, we proposed an uncertainty-
based multi-label batch selection method, which consid-
ers both current confidence and fine-grained variance in
sliding windows, and leverages dynamic label correlations
to emphasize the importance of uncertain samples dur-
ing the training. Specifically, we propose a new absolute
difference-based measure to average the changes between
adjacent predictions within the sliding window for each la-
bel, which reflects the reliabilities of the current predic-
tion and fine-grained fluctuations between successive pre-
dictions. Based on individual label uncertainty, we derive the
dynamic uncertainty-based label correlations in each epoch,
and prioritize samples whose uncertainty is synergistically
expressed in more labels for mini-batch selection.

The main contributions of this paper are as follows:
• Label Uncertainty Estimation: Our method provides a

comprehensive assessment that integrates both present
uncertainty and fine-grained changes in recent predic-
tions to evaluate uncertainty for each label.

• Sample Uncertainty Estimation: Our method leverages
dynamic uncertainty-based label correlations to guide the
sample uncertainty assessment, emphasizing instances
with higher uncertainty synergistically expressed in more
labels in each epoch.

• Effectiveness and Universality: Our method achieves
the most performance improvement compared with five
1Please refer to section 3.1 for an explanation of the reasons.

competitors. In addition, the superiority of our method
remains consistent across various deep multi-label learn-
ing models and datasets from different domains.

Related Work
Multi-Label Classification
Initially, multi-label classifiers adapt conventional machine
learning techniques, such as neighborhood-based classifier
(Zhang and Zhou 2007), decision tree (Wu et al. 2016), and
kernel method (Chen et al. 2016), to handle multi-label data.
Alternatively, another solution converts multi-label classifi-
cation into multiple single-label problems, which are solved
by well-studied single-label models (Zhang and Zhou 2013).
Representative strategies include individual label (Boutell
et al. 2004), label pair (Zhang et al. 2020), label subset
(Tsoumakas, Katakis, and Vlahavas 2010), and label chain
(Liu and Tsoumakas 2020)-based transformations.

Recently, deep neural networks (DNNs) have emerged as
a highly successful technique for solving multi-label classi-
fication tasks. Deep embedding-based methods effectively
align feature and label spaces using DNNs. C2AE (Yeh
et al. 2017) embeds features and labels into a deep latent
space with a label-correlation sensitive loss function. MP-
VAE (Bai, Kong, and Gomes 2021) aligns probabilistic em-
beddings of labels and features, using a decoder to model
their joint distribution. While others focus on capturing label
correlations or learning label-specific features. PACA (Hang
et al. 2022) learns label prototypes and metrics in a latent
space regulated by label correlations. HOT-VAE (Zhao et al.
2021) uses attention to capture high-order label correlations
adaptively. CLIF (Hang and Zhang 2021) integrates label se-
mantics with label-specific feature extraction using a graph
autoencoder, and DELA (Hang and Zhang 2022) employs
perturbation-based techniques for stable label-specific fea-
tures within a probabilistic framework. All deep multi-label
classification models utilize randomly selected mini-batches
to optimize the model, which fails to emphasize the crucial
instances during the learning procedure.

Batch Selection
Recent research emphasizes that the performance of DNNs
depends on the selection of mini-batch samples (Shrivastava,
Gupta, and Girshick 2016; Katharopoulos and Fleuret 2018;
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Method Criteria Uncertainty Measure Label correlation Datatype

Active Bias (Chang, Learned-Miller, and McCallum 2017) uncertainty variance of entire prediction history - single-label
Recent Bias (Song et al. 2020a) uncertainty entropy of recent predictions - single-label

Balance (Hand, Castillo, and Chellappa 2018) imbalance ✗ ✗ multi-label
Hard Imbalance (Zhou et al. 2024) hardness & imbalance ✗ ✗ multi-label

Ours uncertainty
fine-grained fluctuations of recent
windows and current prediction

✓ multi-label

Table 1: The summary of uncertainty-based batch selection methods for single-label and multi-label batch selection approaches.

Song et al. 2020b; Chang, Learned-Miller, and McCallum
2017). Batch selection has been used in various learning
strategies such as reinforcement learning (Fan et al. 2016),
curriculum learning (Bengio et al. 2009), and active learn-
ing (Chen et al. 2022; Chakraborty, Balasubramanian, and
Panchanathan 2011), as well as in different learning tasks
like classification (Loshchilov and Hutter 2016; Song et al.
2020b) and sample labeling (Chen et al. 2022).

Sample difficulty plays a crucial role in mini-batch se-
lection. Two opposing strategies—preferring easy or hard
samples—are effective in different scenarios. Prioritizing
easy samples helps resist outliers and noisy labels but may
slow training due to smaller gradients (Kumar, Packer, and
Koller 2010; Song, Kim, and Lee 2019). In contrast, fo-
cusing on hard samples accelerates training but can cause
overfitting and poor generalization (Loshchilov and Hutter
2016). Additionally, some heuristic batch selection meth-
ods have proven effective in single-label datasets. Ada-
Boundary (Song et al. 2020b) focuses on moderately chal-
lenging samples near the decision boundary to optimize
learning progress. Active Bias (Chang, Learned-Miller, and
McCallum 2017) uses uncertainty-based sampling, priori-
tizing uncertain samples for the next batch. It maintains a
history queue storing all previous predictions and measures
uncertainty by computing the prediction variance. Recency
Bias (Song et al. 2020a) also measures the variance of recent
predictions within a fixed-sized sliding window, eliminating
the impact of outdated predictions on the uncertainty esti-
mation. For multi-label data, Balance (Hand, Castillo, and
Chellappa 2018) adjusts batches to match desired label dis-
tributions, balancing over- and under-represented labels by
sampling and weighting instances. Hard Imbalance (Zhou
et al. 2024) prioritizes samples with high losses and imbal-
anced labels based on cross-entropy loss and label imbal-
ance. In Table 1, we summarize several SOTA batch selec-
tion methods in single-label or multi-label data.

Proposed Method

In this section, we first compute the uncertainty for each
label from both the current epoch and the recent histori-
cal window perspectives. Next, we derive the sample un-
certainty by considering the dynamic uncertainty-based la-
bel correlation. Finally, we select samples for the next batch
based on their uncertainty-based weights.

Problem Formulation

Let D = {(xi,yi)|ni=1} be a multi-label dataset containing
n instances, where xi ∈ Rd and yi = [yi1, yi2, . . . , yiq] ∈
{0, 1}q are the feature and label vectors of i-th instance, re-
spectively. Let Y = {l1, l2, . . . , lq} be the label set, yij = 1
indicates i-th instance relevant to lj and yij = 0 otherwise.
Formally, multi-label classifiers aim to learn from dataset D
a function f(·) : Rd → {0, 1}q that maps the input features
to output labels. For training deep multi-label learning mod-
els, selecting a mini-batch B =

{
(xi,yi)|bi=1

}
∈ D is nec-

essary to update their parameters (weights) due to efficiency
and machine memory constraints.

Label Uncertainty

For a sample xi, the probability of label lj given by the
model at epoch t is defined as ŷtij = P (yij = 1|xi, θt),
where ŷtij ∈ [0, 1] with larger values indicating xi is more
likely relevant to label lj , θt are the parameters of the deep
learning model at epoch t. We use entropy to measure the
uncertainty of each label prediction at the current epoch:

etij = −
(
ŷtij log2 ŷ

t
ij + (1− ŷtij) log2(1− ŷtij)

)
(1)

The value of etij is in the range of [0,1], with the maximum
value obtained when ŷij = 1/2. A larger etij indicates lower
confidence (higher uncertainty) of the prediction for lj label
at epoch t.

Merely considering the uncertainty at the current epoch
is not sufficient. As shown in Figure 2, the uncertainty ob-
tained by Eq. (1) is the same in three different cases. How-
ever, by tracing through several historical windows, we ob-
serve that three cases exhibit different historical predictive
trends. Inspired by (Song et al. 2020a), we consider the
uncertainty based on historical window prediction to ex-
plain the finer details that Eq .(1) cannot distinguish. Let
Ht

ij = {ŷt−T+1
ij , ŷt−T+2

ij , . . . , ŷtij} be a prediction history
queue corresponding to a sliding window of size T at epoch
t. There are two traditional measures to evaluate the uncer-
tainty of Ht

ij , namely prediction variance (Chang, Learned-
Miller, and McCallum 2017):

std(Ht
ij) =

√
var(Ht

ij) +
var(Ht

ij)
2∣∣Ht

ij

∣∣− 1
(2)

where var(Ht
ij) is the prediction variance estimated by his-
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tory Ht
ij , and entropy-based uncertainty (Song et al. 2020a):

ent(Ht
ij) = −

∑
c∈{0,1}

P (yij = c|xi) log2 P (yij = c|xi),

P (yij = c|xi) =

∑
ŷ∈Ht

ij
Jỹ = cK

T
(3)

where ỹ ∈ {0, 1} is the binary prediction based on its pre-
dicting probability ŷ, J·K is an indicator function that returns
1 if the input is true and 0 otherwise. As shown in Figure 2,
when considering the recent five predictions (i.e., T=5), for
the first two cases, if we use Eq. (2) or Eq. (3) to measure un-
certainty, the uncertainty in these two cases will be the same.
However, in case 1, the model’s predictions exhibit greater
volatility (indicating higher uncertainty), whereas case 2 can
be seen as a model prediction with a certain trend. There-

Figure 2: The different uncertainty measurement methods
across three cases for historical predictions of the label.

fore, to capture prediction fluctuations within the window at
a finer granularity, we decided to extract information from
the differences in queue Ht

ij . In detail, we define dtij as the
mean of the absolute differences between adjacent predic-
tions within Ht

ij , denoting the uncertainty of the historical
period:

dtij =
1

T − 1

T−1∑
h=1

∣∣ŷt−h+1
ij − ŷt−h

ij

∣∣ (4)

where the values of dtij range between 0 and 1. The larger
the value of dtij , the greater the uncertainty in the historical
period.

Based on Eq. (1) and Eq. (4), we define the uncertainty
ut
ij of xi regarding lj at epoch t that combines uncertainties

of the current prediction and recent variant trend:

ut
ij = λ1d

t
ij + (1− λ1)e

t
ij (5)

where λ1 is trade-off parameters determining the importance
of two factors. ut

ij of all training instances and labels com-
pose the uncertainty matrix Ut ∈ Rn×q 2

Label Correlation Guided Sample Uncertainty
Considering each sample, assuming each label is completely
independent, we can directly sum the uncertainties for ev-
ery label, i.e.,

∑q
j=1 u

t
ij , as a measure of the sample’s un-

certainty. However, a key characteristic of multi-label data

2In the following text, U without the superscript t indicates the
current value for readability.

is the existence of label correlations. During model train-
ing, the uncertainty of each label varies and changes dynam-
ically. Ideally, this uncertainty should gradually approach
zero. Furthermore, we hypothesize that there is a correlation
between the uncertainties of different labels. This correla-
tion may arise due to shared underlying factors that affect
multiple labels simultaneously. For instance, in a multi-label
classification problem, certain features might influence sev-
eral labels, leading to simultaneous high uncertainty when
these features are ambiguous or conflicting. This can occur
when different labels share common subspaces or dependen-
cies, where uncertainty in one label can imply uncertainty in
others. Understanding and quantifying this correlation can
provide valuable insights into the overall uncertainty of sam-
ples. For example, if we observe that high uncertainty in one
label often coincides with high uncertainty in others, we can
infer that these samples are inherently more challenging and
may require more attention during training or evaluation.

First, a discrete distribution is formed using each column
of U (denoted as u·j) by placing the uij in τ bins of width
1/τ . For two labels la and lb, mutual information Cab is de-
fined as:

Cab =
∑

uτ
·a∈u·a

∑
uτ
·b∈u·b

p(uτ
·a, u

τ
·b) log

(
p(uτ

·a, u
τ
·b)

p(uτ
·a)p(u

τ
·b)

)
(6)

where p(uτ
·a, u

τ
·b) represents the joint probability distribution

of uτ
·a and uτ

·b, where uτ
·a denotes the bin in which the value

uij from the u·j , with τ bins in total. Similarly, p(uτ
·a) and

p(uτ
·b) are the marginal probability distributions of the val-

ues in these bins for the labels la and lb, respectively 3. The
larger the mutual information Cab, the stronger the depen-
dency between the two labels, indicating more shared infor-
mation between them. Based on Eq. (6), we obtain the pos-
itive definite symmetric matrix C, where the diagonal ele-
ments are defined as 1. By combining label correlation with
uncertainty, we re-obtain an uncertainty matrix Ū:

Ū = U ·C (7)

Finally, we define the uncertainty weight vector w =
[w1, w2, . . . , wn] ∈ Rn. For the i-th sample, the uncertainty
weight wi is defined as:

wi =

q∑
j=1

uij (8)

For all samples, the w is normalized to the range [0, 1]. An
example demonstrating the importance of incorporating C
in sample uncertainty is provided in Appendix A.2.

Selection Probability
Motivated by (Song et al. 2020a,b), we exponentially de-
cay the sampling probability of the i-th sample based on its
uncertainty weight wi. In detail, we utilize a quantization
method to reduce sampling probabilities, with the quantiza-
tion index derived from a simple quantizer Q(z) as follows:

Q(z) = ⌊(1− z)/∆⌋ (9)

3The detailed calculation process can be found in Appendix A.
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Algorithm 1: Training by Uncertain Batch Selection
Input: training set D , epochs, batch size: b, initial

select presure: s0, warm period:γ, Model: Θ
1 Initialize the U,C,P ;
2 for t = 1 to epochs do
3 if t > γ then
4 st ← Decay Pressure(s0,t);
5 Update C by Eq. (6);
6 for i = 1 to n do
7 wi ← Compute uncertain weight;
8 P (xi)← Compute Prob(st,wi)

9 Model training;
10 for i = 1← n/b do
11 if t < γ then
12 B=

{
(xi, Yi)|bi=1

}
← Random selection

13 else
14 B=

{
(xi, Yi)|bi=1

}
← P (xi)

15 Forward;
16 Update U by Eq. (1) (4) (5) (6) (7);
17 Calculate loss and Backward;
18 Optimize Θ

where ∆ is the quantization step size, defined as 1/n, with
n representing the total number of samples. This ensures
that the quantization index is bounded by n. A crucial com-
ponent of our approach is the selection pressure st, which
controls the distribution of sampling probabilities over time.
The sampling probability P (xi|D, wi, n, st) is then defined
as:

P (xi|D, wi, n, st) =
1/ exp(log(st)/n)

Q(wi)∑n
i=1 1/ exp(log(st)/n)

Q(wi)
(10)

The higher the uncertainty, the smaller the quantization in-
dex. Therefore, a higher selection probability is assigned for
more uncertain samples by Eq. (10). For st, to mitigate over-
fitting caused by using only a portion of the training data, we
gradually increase the number of training samples as train-
ing progresses. This is achieved by exponentially decaying
the selection pressure st using

st = s0 (exp (log(1/s0)/(tend − tstart)))
tnow−tstart (11)

At each epoch tnow from tstart to tend, the selection pres-
sure st exponentially decreases from s0 to 1. Because this
technique gradually reduces the sampling probability gap
between the most and the least uncertain samples, more di-
verse samples are selected for the next mini-batch at a later
epoch. When the selection pressure st becomes 1, the most
and the least uncertain samples are sampled more uniformly.
The convergence guarantee of Algorithm 1 is discussed in
Appendix B.

Experiments and Analysis
Experiment Setup
Datasets The characteristics of these datasets are detailed
in Table 2, including Card, the mean labels per instance as-

name n d q Card Dens domain

scene 2407 294 6 1.07 0.18 images
yeast 2417 103 14 4.24 0.30 biology

Corel5k 5000 499 374 3.52 0.01 images
rcv1subset1 6000 944 101 2.88 0.03 text
rcv1subset2 6000 944 101 2.63 0.03 text
rcv1subset3 6000 944 101 2.61 0.03 text
yahoo-Arts 7484 2314 25 1.67 0.07 text

yahoo-Business 11214 2192 28 1.47 0.06 text
bibtex 7395 1836 159 2.40 0.02 text

tmc2007 28596 490 22 2.15 0.10 text
enron 1702 1001 53 3.38 0.06 text
cal500 502 68 174 26.04 0.15 music

LLOG-F 1460 1004 75 15.93 0.21 text

Table 2: Multi-label Datasets.

sociated, and Dens, the ratio of Card to the overall label
count.

Comparison method We compare the proposed method
with the following baselines: Random, Balance (Hand,
Castillo, and Chellappa 2018), Active (Chang, Learned-
Miller, and McCallum 2017), Recent (Song et al. 2020a) and
Hard (Zhou et al. 2024). Among them, Active and Recent are
originally designed for single-label scenarios. To adapt them
for multi-label data, we calculate the uncertainty of a sam-
ple by summing the uncertainty of each label. Details of the
batch selection methods and parameter settings can be found
in the related work and Appendix Section C.

Evaluation Metrics To evaluate the effectiveness of the
batch selection method in multi-label classification, we use
three common metrics: Macro-AUC, Ranking Loss, and
Hamming Loss. Please refer to (Zhang and Zhou 2013) for
detailed definitions of these metrics.

Base Classifier and Implementation Details We use
three multi-label deep models as base classifiers, namely
MPVAE (Bai, Kong, and Gomes 2021), CLIF (Hang and
Zhang 2021), and DELA (Hang and Zhang 2022). We con-
figure each model precisely according to the parameter spec-
ifications, encompassing layer sizes, activation functions,
and other intricate details, outlined in the corresponding
original research papers and source codes. In terms of op-
timization, we utilize the Adam optimizer with a batch size
of 128, a weight decay of 1e-4, and momentum values of
0.999 and 0.9. For the hyperparameter settings, we fix λ1 at
0.5, set the selection pressure st initially to 100, and use a
sliding window size T of 5. During the first 5 epochs, we em-
ploy a warm-up phase to initialize the historical predictions
for each instance’s label. For experiments, we adopt strat-
ified five-fold cross-validation (Sechidis, Tsoumakas, and
Vlahavas 2011) to evaluate the aforementioned models. In
each fold, we document the test set results achieved at the
epoch that yields the best performance on the validation set.
All experiments in this work are conducted on a machine
with NVIDIA A5000 GPU and Intel Xeon i9-10900 pro-
cessor. Our code is publicly available on GitHub repository
https://github.com/CquptZA/Uncertainty Batch.
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Dataset
CLIF DELA

Random Balance Active Recent Hard Ours Random Balance Active Recent Hard Ours

scene 0.9418(6) 0.9442(4) 0.9437(5) 0.9446(3) 0.9454(2) 0.9476(1) 0.9405(6) 0.9432(5) 0.9458(3) 0.9476(1) 0.9449(4) 0.9465(2)
yeast 0.7107(5) 0.7077(6) 0.7164(4) 0.7195(2) 0.7191(3) 0.7222(1) 0.7006(4) 0.6972(6) 0.6996(5) 0.7036(3) 0.7121(2) 0.7132(1)

Corel5k 0.7664(3) 0.7625(6) 0.7650(4) 0.7648(5) 0.7683(2) 0.7689(1) 0.7626(2) 0.7583(6) 0.7594(5) 0.7618(4) 0.7621(3) 0.7664(1)
rcv1subset1 0.9221(6) 0.9262(5) 0.9281(4) 0.9296(3) 0.9307(2) 0.9324(1) 0.9179(5) 0.9169(6) 0.9187(4) 0.9190(3) 0.9194(2) 0.9204(1)
rcv1subset2 0.9279(6) 0.9316(5) 0.9326(4) 0.9338(2) 0.9329(3) 0.9345(1) 0.9203(6) 0.9220(2) 0.9213(5) 0.9216(4) 0.9220(2) 0.9226(1)
rcv1subset3 0.9268(6) 0.9277(5) 0.9282(3) 0.9308(1) 0.9279(4) 0.9306(2) 0.9175(6) 0.9178(5) 0.9185(3) 0.9189(2) 0.9183(4) 0.9192(1)

yahoo-Business1 0.7801(6) 0.7926(3) 0.7862(5) 0.7884(4) 0.7940(2) 0.8077(1) 0.7979(5) 0.7972(6) 0.8026(3) 0.8039(2) 0.8010(4) 0.8086(1)
yahoo-Arts1 0.7580(4) 0.7591(3) 0.7598(2) 0.7599(1) 0.7535(6) 0.7562(5) 0.7407(5) 0.7395(6) 0.7422(4) 0.7460(2) 0.7444(3) 0.7480(1)

bibtex 0.9013(2) 0.8975(6) 0.8996(4) 0.8982(5) 0.9011(3) 0.9059(1) 0.9062(1) 0.8974(6) 0.9046(5) 0.9052(4) 0.9057(3) 0.9060(2)
tmc2007 0.9048(5) 0.9053(3) 0.9051(4) 0.9046(6) 0.9059(2) 0.9062(1) 0.9121(4) 0.9087(6) 0.9145(3) 0.9162(2) 0.9120(5) 0.9179(1)

enron 0.7700(6) 0.7744(5) 0.7753(4) 0.7782(1) 0.7763(3) 0.7764(2) 0.7727(6) 0.7732(5) 0.7748(3) 0.7806(1) 0.7748(3) 0.7754(2)
cal500 0.5901(4) 0.5949(2) 0.5843(6) 0.5885(5) 0.5932(3) 0.6054(1) 0.5933(2) 0.5761(6) 0.5872(5) 0.5914(4) 0.5927(3) 0.5954(1)

LLOG-F 0.7659(6) 0.7686(4) 0.7682(5) 0.7716(2) 0.7703(3) 0.7721(1) 0.7909(6) 0.7911(5) 0.7916(4) 0.7935(1) 0.7930(2) 0.7924(3)

Avg (Rank) 5.00 4.38 4.15 3.08 2.92 1.46 4.46 5.38 4.00 2.54 3.08 1.38

Table 3: The Macro-AUC results of batch selection methods under different models.

Experimental Results and Analysis
Results Table 3 presents the average Macro-AUC compar-
ison of six different batch selection methods within CLIF,
and DELA. The detailed results under MPVAE model and
in other metrics, along with the Wilcoxon signed-ranks test
are shown in Appendix Section D. Our batch selection
methods consistently achieve the best performance in most
datasets. This advantage is particularly evident in Corel5k,
rcv1subset1, cal500, and bibtex datasets with larger scales,
high label dimensions, or suffering significant imbalance is-
sues. Additionally, our batch selection method performs ex-
ceptionally well across different models, demonstrating their
versatility and robustness. Hard is usually the runner-up,
indicating that selecting samples based on their relevance
to the learning objectives and prioritizing more informative
and challenging samples is beneficial for the classifier. Ac-
tive batch selection, which considers uncertainty over the en-
tire cumulative history and directly accumulates the uncer-
tainty of all labels as the sample uncertainty, outperforms
the baseline in most datasets. Similarly, Recent batch se-
lection considers uncertainty within the latest sliding win-
dows and directly accumulates the uncertainty of all la-
bels as the sample uncertainty. While it generally outper-
forms the baseline across most datasets, it underperforms on
datasets with many labels. Although experiments on smaller
datasets (such as yeast and enron) indicate that the Balance
method outperforms the baseline, the effectiveness of Bal-
ance has not been sufficiently demonstrated on the majority
of datasets.

Analysis To conduct an in-depth analysis of the different
batch selections, we plot the convergence curves for five dif-
ferent batching methods across four datasets in Figure 3, and
plot the Macro-AUC for each epoch on the validation set
of the four datasets in Figure 4. Balance determines batch
assignments based on the label proportions in the original
training set. This can lead to underrepresentation or over-
representation of certain labels, which may cause overfit-
ting in later stages of training, as observed in the bibtex
and yahoo Business1 datasets. The Active method focuses

on moderately hard samples in the early stages of training,
with a loss distribution between random and online batches.
However, as the window continues to expand, predictions
become outdated, and the proportion of low-loss, easy sam-
ples increases in the later stages, which may slow down
the convergence. Similarly, the Recent method also empha-
sizes moderately hard samples, with a loss distribution sim-
ilar to Active. However, unlike Active, the Recent method
uses a sliding window to dynamically update its selection
of moderately hard samples throughout the training process.
We find that traditional uncertainty-based batch selection
methods exhibit less than ideal convergence speed and are
prone to overfitting in datasets with large sample sizes (e.g.,
yahoo-Business) or high-dimensional label spaces (e.g., bib-
tex). This may be because, as sample size or label dimen-
sions increase, identifying and prioritizing uncertain sam-
ples becomes more challenging, further complicating the
batch selection process. Hard prioritizes high-loss samples
associated with minority labels, resulting in more informa-
tive and challenging samples in each batch. This accelerates
the learning process and leads to better generalization, but
the Hard method shows overfitting on certain datasets, such
as yahoo-Business1. This could be due to the frequent selec-
tion of difficult samples in the later stages of training. Due
to its dynamic consideration of uncertainty using a sliding
window, Our batch selection typically results in better con-
vergence by providing the model with moderately hard sam-
ples and avoiding the frequent selection of certain samples
in the later stages through decaying selection pressure.

More detailed empirical analyses, including computa-
tional complexity, ablation studies, and parameter sensitiv-
ity, are detained in Appendices E, F and G, respectively.

Uncertainty based Label Correlation Drift The concept
of uncertainty-based label correlation drift explores how the
relationships between labels evolve during model training.
Figures 5(a) and 5(b) illustrate the label correlation matrices
at the 30th and 70th epochs, showing how the model’s per-
ception of label relationships, based on uncertainty, evolves
during training. The differences highlighted in Figure 5(c)
reveal that these correlations change dynamically, suggest-
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Figure 3: The convergence curves of five batch selection methods using CLIF.

Figure 4: The Macro-AUC on validation set of five batch selection methods using CLIF.

(a) 30-th epoch (b) 70-th epoch (c) difference

Figure 5: Visualization of label correlation matrix C change
in CLIF with Corel5k dataset.

ing that as the model learns, it adjusts its understanding of
these uncertainty-based label relationships.

Conclusion
This paper proposes an uncertainty-based multi-label batch
selection method, filling the gap in uncertainty-based multi-
label batch selection. We introduce two key components to
better adapt to the characteristics of multi-label data. First,
for each label, we consider both the confidence of the cur-
rent prediction and the changes between consecutive pre-
dictions within a sliding window, allowing for a more ac-
curate assessment of label uncertainty. Second, we lever-
age dynamic uncertainty-based label correlations to com-
prehensively evaluate each sample’s uncertainty, prioritiz-
ing samples that exhibit synergistic uncertainty across mul-
tiple labels during training. Experimental results show that

our method greatly enhances model performance, speeds up
convergence, and outperforms five other methods across di-
verse datasets and deep multi-label learning models.

In future work, temperature scaling can be explored to
improve the entropy-based uncertainty assessment in deep
learning models, and theoretical uncertainty methods based
on Bayesian averaging, such as Monte Carlo dropout, can be
considered.
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