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Abstract—Deep learning models rely significantly on large
volumes of labeled data, the gathering of which is both costly and
time-intensive. To tackle this challenge, active learning, which
seeks to attain comparable results by selecting and labeling a
small portion of data, has attracted more interests. Traditionally,
most studies assessing sample importance have focused solely
on its individual features. Nonetheless, the relationship between
samples is also crucial. For instance, a sample is more likely
located around the decision boundary if its several closest
neighbors are from different classes. To incorporate this aspect,
we propose to explore the diversity of the predicted labels of
nearby samples. Specifically, we calculate the variance of the
class distribution among the K nearest neighbors, treating it
as an indicator of a sample’s significance. Those samples with
higher scores are selected for querying the oracle to obtain
annotations. Moreover, we employ a nearest neighbor classifier,
eventually enhancing generalization performance on unlabeled
samples. To evaluate this approach, we conduct experiments using
the CIFAR-10 and CIFAR-100 datasets, well-known for image
classification based on active learning. The results demonstrate
the effectiveness of the proposed approach.

Index Terms—Active learning, Sample importance, Decision
boundary, Nearest neighbor classifier

I. INTRODUCTION

Supervised deep learning has attained notable success across
almost all computer vision tasks. Despite its success, training a
powerful model requires a large amount of labeled data. Even
with well-known crowd-sourcing platforms, like the Amazon
Mechanical Turk, it is costly and time-consuming to construct
a large-scale dataset with accurate annotation. To address this
problem, active learning, which aims to identify a smaller set
of critical samples for annotation, has garnered great attention
recently [1], [2].

Based on the sample selection strategy, current active learn-
ing works consist of two primary streams: diversity-based
approaches and uncertainty-based approaches [2]. Diversity-
based methods devise strategies to select a subset of samples
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Fig. 1. An illustration of our motivation. Colored squares, triangles, and
circles represent the labeled samples, whereas gray stars denote the unlabeled
data. Compared to sample Xu

2 , the diversity of labels in the samples
surrounding Xu

1 is higher, indicating that it is closer to the decision boundary.

that best represents the true distribution of datasets [3]–
[5]. Nonetheless, they might choose samples that are not
particularly beneficial for model training. On the other hand,
uncertainty-based approaches target identifying some most
ambiguous samples, which provide more useful information
for future training cycles [6], [7]. They have been thoroughly
examined and demonstrated outstanding results. However, few
studies explored the correlation between relative positional
relationship of samples in feature space and predicted category
probability distribution.

This study seeks to identify samples that are proximate
to the classification boundary, as they offer more insights
into the boundary compared to other samples [8]. Although
the boundary is generally unknown, a sample is more likely
located near the boundary if its neighboring samples belong
to different categories. Moreover, the greater the difference
in categories of its neighbors, the closer the sample is to
the boundary. An example for classification is depicted in
Fig. 1, where the dotted lines represent the classification
boundary. The colored circulars, triangles, squares denote
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labeled samples from different categories respectively. The
gray star indicate unlabeled samples. As shown in this figure,
the variety of labels in the samples surrounding Xu

1 is greater
than that of Xu

2 and it is situated nearer to the boundary.
Inspired by the above observation, we propose to explore the

label diversity of a sample’s neighbors for selecting important
samples. Specifically, we first search K nearest neighbors for
each unlabeled sample by assessing the distance of samples.
Then, we calculate the variance of predicted labels of these
K nearest samples, whose results are regarded as their impor-
tance score. A higher score suggests an increased probability
that this sample is nearer the classification boundary. After
that, we select some samples with higher scores, which are
passed to the oracle for annotating. To address the distribution
discrepancy between the unlabeled and labeled sample sets, we
replace the softmax classifier with the nearest neighbor clas-
sifier inspired by [9]. To assess the efficacy of our approach,
we performed extensive evaluations using the CIFAR-10 and
CIFAR-100 benchmarks [10], both of which are popular for
active learning-based classification. And the results show the
superiority of this method.

II. RELATED WORKS

This part offers a brief summary of active learning. For a
comprehensive review, refer to [1], [2].

A. Diversity-based Active Learning

This direction seeks to pick samples which are maximally
different from the existing training data and the samples that
have already been selected. In the early stage, clustering
techniques like K-means and K-medoids were employed to
identify diverse and representative samples [11], [12]. For
example, Nguyen and Smeulders first [11] incorporated the
the K-medoid clustering technique into active learning. Then,
more effect criteria were proposed to enhance the diversity
of selected samples. Based on a general maximum mutual
information principle, [13] selected a set of samples that
best represents the dataset distribution. Sener and Savarese
[3] utilized the geometric attributes of data points within
the feature space to build a core set. To alleviate sampling
redundancy, Zhang et al. [14] introduced a heuristic clique
rescaling technique to identify the most valuable instances.
Lin et al. [15] emphasized the spatial and temporal diversity.

Although these methods tried to select representative and
diverse data, some selected samples may not provide much
information for model training.

B. Uncertainty-based Active Learning

Another direction is uncertainty-based methods, focusing on
choosing samples with higher uncertainty by current model.
Thus, how to measure the uncertainty is the core problem.
The confidence of a model’s prediction can serve as a reliable
metric. For instance, Xie et al. [6] proposed an energy-based
sampling strategy. Elenter et al. [16] adopted a Lagrangian
duality approach to selects samples with the highest predicted
dual variable. [7] leveraged the noise stability to estimate

data uncertainty. Gul et al. [17] proposed to label samples
with highest gradient norm of the entropy values. Moreover,
uncertainty can also be estimated through automated feature
learning models, referred to as data-driven uncertainty learn-
ing. According to [2], there exist three types, i.e. loss learning
[18], discriminate learning [19] and adversarial learning [20].
For instance, a module for predicting the loss of unlabeled
data was employed in [18]. Zhang et al. [21] identified the
most valuable instances by utilizing the state predicted from
a discriminator.

C. Hybrid Methods

To integrate the strengths of uncertainty and diversity crite-
ria, many methods have attempted to combine them, yielding
promising outcomes. Li and Guo [22] developed an adaptive
way to combine the uncertainty and information density mea-
sure. [23] considered both uncertainty and diversity through
evaluating the inconsistency of predictions over a random set
of data augmentations. Yan et al. [24] introduced a clustering-
based sampling technique that concurrently evaluate the rep-
resentativeness and informativeness of samples. Informative-
ness, diversity, and information density are fused in [25]. By
building a sequential graph convolution network, Caramulau
et al. [26] applied the existing sampling methods on the graph
embedding along with their confidence score.

Our model belongs to the uncertainty-based method. Dif-
ferent from the above works, we measure the sample’s uncer-
tainty by calculating its distance to the decision boundary.

III. THE PROPOSED METHOD

A. Formulation of Pool-based Active Learning

In the pool-based active learning paradigm, there exists a
large pool of unlabeled data U = {Xu

i }
Nu

i=1 and an initial
labeled dataset L0 =

{(
X l

j , Yj

)}Nl

j=1
. Generally, Nl is much

smaller than Nu, meaning that the labeled data is insufficient
for developing an effective model. In the t-th training cycle,
the old modelM is updated using the labeled set Lt−1, which
is obtained after previous cycle. Then, the new model is used
to select b samples from U , where b is the budget size for each
cycle. Next, these selected samples are annotated by oracles
and merged with Lt−1, leading to a new labeled set Lt for next
cycle. The above cycles will continue until the total labeled
budget B is exhausted or a satisfactory model is obtained. In
the end, the final model M is trained on all labeled samples
from initialization.

B. Sample Selection based on Label Diversity

As illustrated in introduction, we want to choose samples
located around the decision boundary. To accomplish this
objective, we propose to choose samples where the predicted
labels of their K nearest neighbors exhibit notable variations.
In the following, we will detail how to find the nearest
neighbors and measure the divergence of their predictions.

Authorized licensed use limited to: NORTHWESTERN POLYTECHNICAL UNIVERSITY. Downloaded on April 03,2026 at 06:34:18 UTC from IEEE Xplore.  Restrictions apply. 



1) Selection of the Top K Nearest Neighbors : To accu-
rately measure the distance of samples, we use a conventional
neural network to extract powerful feature. Specifically, the
output of its penultimate layer are used as the representation
of samples. Then, for the j-th unlabeled sample Xu

j , we search
for its K nearest labeled neighbors

{
X l

1, . . . , X
l
K

}
in the

feature space. Specifically, we compute the distance between
an unlabeled sample and each labeled sample using a metric
function d

(
f(Xu

j ), f(X
l
i)
)
, where f(Xu

j ), f(X
l
i) denote the

feature vector of unlabeled sample Xu
j and i-th labeled sample

X l
i , respectively. The distance metric function d() can be the

Euclidean distance or cosine distance function. After that,
we rank the distances of all labeled samples and select K
labeled samples with the smallest distance. Here, K is a hyper-
parameter, whose influence will be shown in the experimental
section.

2) Significant Score of Unlabeled Samples: After the above
process, we obtained a set of labeled samples for each unla-
beled sample. Intuitively, if these samples belong to different
categories, the unlabeled sample is likely located around the
classification boundary. Moreover, the greater the diversity in
the neighbors’ categories, the closer it is to the boundary.
Therefore, we regard the label variation of the K nearest
neighbors as the significant score for an unlabeled sample.

Specifically, we calculate the variation of predicted labels
by current model M between each unlabeled sample and
its selected K nearest neighbors

{
X l

1, . . . , X
l
K

}
. Instead of

the Kullback–Leibler divergence, we employ the variance
function, which is more efficient for measuring prediction
inconsistency across multiple categories. In detail, the calcu-
lation of the significant score can be represented as:

S(Xu
j ) =

C∑
c=1

Var[P (Ŷ = c | Xu
j ,M), P (Ŷ = c | X l

1,M),

. . . , P (Ŷ = c | X l
K ,M)], (1)

where P (Ŷ = c | X l
1) represents the predicted likelihood that

the sample X l
1 is classified as class c, C represents the total

number of categories.
After that, each unlabeled sample is given a significant

score. A higher score indicates a notable difference between
the predicted labels of an unlabeled sample and those of its
nearest neighbors, despite their proximity in the feature space.
In other words, this unlabeled sample is more likely located
around the decision boundary. Thus, we first rank the scores
of all unlabeled samples in descending order. Then, the top b
samples are selected and sent to oracles for annotation. After
obtaining these labels, they will be merged with old labeled
set Lt−1, leading to a new labeled set Lt for next cycle.

In theory, choosing such boundary samples is consistent
with the core principle of version space reduction. As per
our definition, samples with higher label variability are those
for which the model experiences the most uncertainty. La-
beling these samples provides the greatest information gain,
significantly restricting the model’s hypothesis space and re-
sulting in the quicker decrease in overall model uncertainty.

Algorithm 1 : An active learning method based on the label
diversity of nearest neighbors.
Input: An initial labeled dataset L0, unlabeled set U , total

budget B, label budget b for one cycle, the number of
classes C, the number of nearest neighbors K, random
initialized model M.

Output: well-trained classification network: M∗.
1: for t in (B / b) AL cycles
2: Update M using Lt−1

3: Calculate the feature vector f(X) for X ∈ Lt−1 ∪ U ;
4: for the j-th sample Xu

j ∈ U
5: Calculate d

(
f(Xu

j ), f(X
l)
)

for all X l ∈ Lt−1

6: Select K samples {X l
i}Ki=1 based on the distance;

7: Calculate P (Ŷ = c | X l
i ,M) for i = 1, 2, ...,K;

8: Calculate P (Ŷ = c | Xu,M);
9: Calculate the significant score S(Xu

j ) using Eq. (1);
10: end
11: Select b unlabeled samples Lq with the maximal scores;
12: Annotate all samples in Lq by oracle;
13: Lt ←− Lt−1 ∪ Lq;;
14: U ←− U \ Lq;
15: end
16: Train the model M∗ on Lt from random initialization;
17: return M∗;

Consequently, our criterion can effectively lower the total
labeling budget needed to reach a desired level of accuracy,
as confirmed by the experiments.

C. Nearest Neighbor Classifier
In active learning, the severe distribution bias between

labeled set and unlabeled set has a bad impact on the per-
formance. To solve this problem, Wan et al. [9] employed the
nearest neighbor classifier. Inspired by its success, we also
replace the traditional softmax with this classifier. Specifically,
this classifier first learns n prototype vectors for each class
using the set of labeled samples. Then, for an unlabeled
sample Xu

j , its likelihood for a class is calculated based on the
distance between this sample and its corresponding prototype
vectors:

P (Ŷ = c | Xu) = max
n

δ
(
−d

(
f(Xu

j ),mc,n

))
, (2)

where mc,n is the n-th prototype vector for a class c. δ is an
activate function which maps the distance between the feature
and prototype vector to the range of [0, 1]. As described in
Eq. (2), the smallest distance between a candidate sample and
all prototype vectors of a class c is considered as its likelihood
for belonging to this class.

To train the parameters, we employ the popular CE loss:

L =−
∑
c

Yc logP (Ŷ = c | X)

+ (1− Yc) log
(
1− P (Ŷ = c | X)

)
,

(3)

where Yc ∈ {0, 1} denotes the c-the component of the true
label Y using one-hot encoding. Compared with traditional
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Fig. 2. Comparison of accuracy curve over varying number of labeled images on the CIFAR-10 and CIFAR-100 dataset.

softmax classifier, the nearest neighbor classifier can output
more reliable probability prediction values. The reason behind
this phenomenon is that the decision boundary obtained by the
nearest neighbor classifier is closer to the real classification
boundary [9]. Consequently, the instances identified by our
method are situated in closer proximity to the true classifica-
tion boundary, thereby possessing higher informational value.
Thus, we use Eq. (2) to calculate the likelihood in Eq. (1).
The complete workflow of our proposed method is delineated
in Algorithm 1.

IV. EXPERIMENTS

A. Dataset and Implementation Details

Like previous works [20], [26], we employ two commonly
used datasets for active learning based image classification:
CIFAR-10 and CIFAR-100 [10]. The former comprises 10
distinct categories, each consisting of 6,000 color samples. The
latter divides the same images into 100 categories, with each
category comprising 600 images. Similar to earlier approaches,
50000 images are regarded as the unlabeled pool U while the
other images are used for testing.

Specifically, we first randomly sample 5000 images from
U as the labeled dataset L0. The total number of cycles is
set to 6. In each cycle, the budget size b is 2500. We execute
200 epochs with a batch size of 128. Furthermore, to maintain
consistency with prior baselines, we utilize ResNet-18 as the
backbone network. Horizontally flipping and random image
cropping are used to augment the dataset. Then, these images
are normalized using channel mean and standard deviation
vectors derived from the training set. The SGD optimizer
is utilized to update the network. The learning rate starts
at 0.1 and is subsequently decreased to 0.01 following the
completion of the 160th epoch. Furthermore, the momentum
and weight decay hyper-parameters are fixed at 0.9 and
5 × 10−4, respectively. To mitigate the impact of random
sampling, each experiment is conducted thrice, and we present

the mean accuracy. The experiments are conducted on a server
equipped with a single GeForce RTX 2080 Ti GPU.

B. Performance Comparison

We first compare our model with some typical methods,
whose results are shown in Fig. 2. In this figure, “Random”
means selecting samples randomly. “CoreSet” [3] is one of
the best performing geometric techniques. In “LLAL” [18],
the samples are chosen according to predicted loss value .
“SRAAL” [21] searched for the most valuable samples by
utilizing both the annotation data and the labeled/unlabeled
status. “VAAL” [20] is a variational adversarial active learn-
ing method. “CoreGCN” [26] uses the graph convolutional
network. “Full Training” means all training set are used.
The “Ours SOFTMAX” and “Ours NCE” are two proposed
methods with different classifier.

As shown in Fig. 2, our approach surpasses all other
methods on the two datasets. In any cycles, we obtain the best
performance. This means that our method is more practical
since the total annotation budget is various in real application.
And the gain is more obvious when the NCE classifier is
used. Besides, on the CIFAR-10 dataset, the proposed ap-
proach attains 94.12% accuracy using 20000 images (40% of
the whole training set), surpassing the accuracy of 93.02%
achieved when using the full set of images. We think this is
because not all data are useful for model learning and some
are even harmful, which is in accord with the observations in
[27]. Moreover, compared with other baselines, our method
requires fewer samples to achieve the same performance. For
instance, “SRAAL” and “LLAL” get 90.8% accuracy with
about 12500 annotated samples on CIFAR-10. To achieve
the similar accuracy, our method with NCE classifier only
requires about 10000 labeled images. All these demonstrate
the advantages of our proposed method.
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Fig. 3. T-SNE visualization of sample distributions on CIFAR-10. Black cross denotes the selected samples for annotation while other colored points represent
unlabeled samples from each category. The top line represents the results of our approach, whereas the bottom line indicates the outcomes of a baseline
method employing a random sampling strategy.

TABLE I
INFLUENCE OF THE K VALUE ON CIFAR-10

K Proportions of Labeled Samples

10% 15% 20% 25% 30% 35% 40%

10 81.68 87.21 90.00 92.20 93.22 93.64 93.70
15 81.20 87.67 90.63 92.07 93.23 93.71 93.54
20 81.90 87.35 90.37 92.18 93.19 93.89 93.00
30 81.09 87.59 90.34 92.23 93.04 93.41 94.20
40 81.41 87.88 89.89 92.19 93.29 93.50 94.12

TABLE II
INFLUENCE OF THE K VALUE ON CIFAR-100

K Proportions of Labeled Samples

10% 15% 20% 25% 30% 35% 40%

40 39.75 49.52 55.61 60.77 63.44 66.24 68.5
50 40.45 49.79 56.1 60.57 63.83 66.51 69.06
60 40.53 49.51 55.78 60.25 63.60 66.37 68.61
80 40.84 49.48 55.32 59.52 63.16 65.80 67.99

100 40.53 49.26 54.28 58.48 62.31 65.19 67.64

C. Ablation Studies

First, we show the influence of K, the number of the
nearest neighbors introduced in Section III-B1. To select the
best K, we conduct several experiments using different K on
CIFAR-10 and CIFAR-100, whose results are given in Table
I and II. The best value for CIFAR-10 is different for each
cycle. However, the discrepancy of accuracy is not obvious.
In contrast, the performance on CIFAR-100 achieves the best
when K equals to 50. When it continues to increase, the
accuracy become worse. If an unlabeled sample just locates
at the boundary, a larger K value does not affect its variance.
However, for a sample located around boundary, if a lager K
is used, more neighbors belonging to other categories may be
selected, which will lead to larger variance. In other words,
a large K means samples further from the boundary will be

TABLE III
IMPACT OF THE DEFINITIONS FOR NEAREST NEIGHBORS ON CIFAR-100

Neighbors Proportions of Labeled Samples

10% 15% 20% 25% 30% 35% 40%

Baseline 40.45 49.79 56.10 60.57 63.83 66.51 69.06
TrueLabel 40.43 49.98 55.94 60.50 63.71 66.31 68.49
NearestK 40.35 49.83 56.24 60.56 63.84 66.37 68.50

selected. However, they may be not the best for annotation
especially when the budget is limited. The varying impact
can be ascribed to the different quantity of image categories.
Since the CIFAR-10 includes less classes, its variance will not
become bigger when K keeps increasing. Therefore, we set
K to 30 and 50 for CIFAR-10 and CIFAR-100, respectively.

In Sec. III-B, only the labeled samples are employed to
calculate the label diversity. Actually, we have two different
choices for nearest neighbors selection: (1) select K nearest
labeled samples around a candidate sample; (2) select K
nearest samples, which may include labeled and unlabeled
samples. Besides, for labeled samples in case (1), we can use
the true label or the label predicted by the current model.
To demonstrate their impact, we conducted experiments on
CIFAR-100, with the outcomes presented in Table III. In this
table, the “Baseline” and “TrueLabel” denote the performance
using the predicted label and true label respectively. The
second case is denoted as the “NearestK”. From this table,
we can see that the performance of different choices has little
difference in most cases. We use the labeled samples and
predicted labels for other experiments since its average score
is a little higher.

To further verify the superiority of our sampling strategy,
we designed a model variant “Margin+NCE”. Specifically,
we just substitute the proposed strategy with a margin-based
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TABLE IV
INFLUENCE OF SAMPLING STRATEGY, WHERE C10 AND C100 DENOTES

THE CIFAR-10 AND CIFAR-100 RESPECTIVELY.

Data Method Proportions of Labeled Samples

10% 15% 20% 25% 30% 35% 40%

C10 Margin+NCE 81.20 87.44 89.79 91.38 92.55 92.87 93.35
Ours NCE 81.09 87.59 90.34 92.23 93.04 93.41 94.20

C100 Margin+NCE 37.88 49.10 55.46 60.07 63.13 65.65 67.37
Ours NCE 40.45 49.79 56.10 60.57 63.83 66.51 69.06

uncertainty sampling technique while other things are kept the
same. Table IV display the experimental results on CIFAR-
10 and CIFAR-100. Obviously, Ours NCE outperforms the
Margin+NCE across all labeling budgets, confirming that our
variance-based sampling strategy is superior to the classic
margin-based uncertainty approach.

D. Qualitative Comparison
Fig. 3 shows the distribution of selected samples via the t-

SNE technique [28]. From this figure, we can find the samples
selected by random sampling are evenly distributed, with only
a minor portion containing important information. In contrast,
most of our selected samples are in the boundary. In the
initial iteration, most of them locate at the junction of multiple
classification boundaries, which can make the model grasp the
main differences of samples. In the later stages, our method
pays more attention to the edges of different classes. This
coarse to fine strategy for sample selection enhances model
training.

V. CONCLUSION

We develop an effective sample selecting strategy for active
learning by exploring the diversity of the predicted labels of
nearby samples. Specifically, we compute the variance of class
distribution of nearest neighbors as the significant scores for
unlabeled samples. Besides, we replace the traditional soft-
max classifier with the nearest neighbor classifier. To evaluate
this method, we have done extensive experiments on two
popular dataset, demonstrating the efficacy of the proposed
methodology. In upcoming research, we intend to integrate
our uncertainty strategy with the diversity of selected samples
to further enhance the performance.
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